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 a b s t r a c t

Galactic rotation curves are crucial for understanding the distribution of mass in galaxies. Despite advances in 
precision observations, there are discrepancies between the inferred mass from luminosity and the observed rota-
tional velocities, often attributed to dark matter. While traditional parametric models provide valuable insights, 
they struggle with complex galactic features like prominent bulges and non-circular motions. In this study, we 
apply artificial neural networks to generate robust, data-driven models, tailored to each galaxy, for the rotation 
curves of spiral galaxies using high-quality observational data. Our approach demonstrates that neural networks 
can effectively capture the intricate structure of rotation curves without relying on predefined astrophysical 
assumptions. By comparing the data-based models with the Navarro-Frenk-White model under two different as-
sumptions for the stellar component, we classify galaxies based on the model that best fits their rotation curves, 
offering insights into the limitations and strengths of both theoretical and data-based methods. This work high-
lights the potential of machine learning techniques  in identifying galaxies whose dynamics are not well captured 
by standard theoretical models, pointing to the need for more refined physical descriptions.

1.  Introduction

Since the pioneering measurements of galactic rotation curves (RCs) 
[1], to the first precision observations [2], they have been an indispens-
able tool for determining the distribution of mass in galaxies. Although 
rotation curves of different types of galaxies exhibit their own distinct 
features, they share several common characteristics [3]. Notably, in 
most RCs the matter distribution inferred from luminosity shows a dis-
crepancy with that derived from the observed rotation velocities. An 
explanation for this inconsistency is that galaxies are embedded in ex-
tended Dark Matter (DM) halos, whose gravitational influence is appre-
ciated in the rotation velocities, not in the luminosity.

Galaxies can be classified into Low-Surface-Brightness (LSB) or 
High-Surface-Brightness (HSB) types based on their surface brightness,
irrespective of morphology. This classification has implications for their 
associated RCs. LSB galaxies contain more gas than HSB galaxies. How-
ever, they exhibit lower surface brightness due to their very low star 
formation rates, and they are DM-dominated at all radii, including their 
centers [4,5]. On the other hand, in addition to the gas component, 
the stellar component can significantly contribute to the dynamics of 
high surface brightness galaxies, particularly in the inner regions. Con-
sequently, the DM halo parameters become sensitive to the assumed 
mass-to-light ratio of the stellar disk, Υ⋆, which is used to convert the 
luminous mass into gravitational mass [6].  RCs in HSB galaxies may 
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show a faster increase in rotational velocities towards the center, in-
dicative of higher mass concentration.

Measurements of RCs in LSB and HSB galaxies present distinct chal-
lenges and considerations. For example, LSB galaxies require specialized 
techniques and longer exposure times for detection, particularly in their 
faint outer regions. Higher spatial resolution is crucial for studying the 
fine details of LSB galaxies [7]. In contrast, HSB galaxies are generally 
easier to detect, and lower spatial resolution suffices for central studies.

The inherent complexity of galactic dynamics, whether LSB or HSB, 
coupled with the limitations of observational methods, present chal-
lenges in obtaining precise and detailed RCs data. Even with perfect 
observations, obtaining sufficient information to construct a comprehen-
sive theoretical model that fully captures the mass distribution within 
these objects remains a significant challenge. Therefore, the simplifying 
assumptions about the mass distribution in current theoretical models 
limit their ability to reproduce the full dynamical complexity observed 
in galaxies. In response to these challenges, the use of various statistical 
and machine learning methods is increasing, offering valuable new tools 
for astrophysical data analysis [8–12]. In particular, machine learning 
methods have already been used in RCs data for curve fitting [13], and 
to model the contribution and density profile of DM [14].

In Fernández-Hernández et al. [8], the authors present an innova-
tive approach to modeling rotation curves using a non-parametric re-
construction based on Locally Weighted Scatterplot Smoothing (LOESS) 
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and Simulation and Extrapolation (SIMEX) regression. This method-
ology extracts information directly from observational data with
minimal prior assumptions about the underlying astrophysical model. 
Similar approaches have been developed for model-independent data 
analysis of astrophysical and cosmological observations, utilizing meth-
ods such as Principal Component Analysis [15,16], Gaussian processes 
[17–20], and, more recently, artificial neural networks [21,22]. These 
approaches share a common goal: to infer empirical relationships di-
rectly from data while minimizing dependence on explicit physical
parameterizations.

In this paper, we apply a data-driven artificial neural network (ANN) 
framework that integrates Monte Carlo dropout for regularization and 
uncertainty quantification, together with genetic algorithms for op-
timizing the network hyperparameters. These techniques are applied 
independently to each galaxy, yielding tailored data-driven models 
that capture the specific characteristics of each rotation curve. This 
pipeline, previously developed and validated in other cosmological con-
texts [22–24], is here employed to model the rotation curves of spiral 
galaxies. Our approach is conceptually similar to that of Fernández-
Hernández et al. [8], who used the LOESS+SIMEX interpolation method 
for dark-matter-dominated galaxies. However, unlike LOESS, which as-
sumes a local polynomial function while SIMEX applies a correction 
for bias, introduced by measurement errors in the data, our neural 
network framework does not rely on any predefined functional form. 
While LOESS+SIMEX performs well for smooth data, it remains limited 
by the choice of polynomial degree, smoothing parameters, and its in-
herently local nature, fitting the data piecewise rather than modeling 
the whole set of data points simultaneously. In contrast, ANNs learn a 
global, data-driven mapping that represents the full rotation-curve be-
havior of each galaxy by simultaneously modeling the three quantities 
present in the observational RCs datasets: radius, rotational velocity, 
and statistical uncertainty, treating the radius as the independent vari-
able and the other two as coupled dependent outputs. This distinction 
clarifies that ANNs do not merely interpolate the data but instead learn 
the underlying functional relationships, allowing them to model com-
plex, nonlinear, and irregular velocity structures without physical prior
assumptions.

In this work,  we consider 17 observed rotation curves of spiral galax-
ies from the high-quality data of The HI Nearby Galaxy Survey (THINGS) 
[25,26]. These galaxies are mostly spiral HSB galaxies whose mass pro-
file can be described by an empirical DM density profile [27–33], plus 
a stellar distribution along with a gas component. We recommend [34] 
for a historical context of this survey.

The mass models for the THINGS galaxies have been constructed by 
combining their HI RCs [26] with information about the gas and stel-
lar distribution within them, the latter obtained from 3.6 µm data from 
the Spitzer Infrared Nearby Galaxies Survey (SINGS) [35]. Through this 
combination, the value of Υ⋆ is derived. Then, the RC associated with 
the DM halo is obtained and fitted using a parametric density model, 
such that, in practice, with this procedure the total parametric RC fol-
lows directly from the observed baryons and the total measured velocity 
field, whereas the ANN model does not rely on any assumed Υ⋆ or den-
sity halo profile. 

For comparison purposes, we adopt a Navarro-Frenk-White (NFW) 
dark matter halo as a theoretical model, along with two different as-
sumptions for Υ⋆ (fixed and free), we carry out a detailed comparison 
of the mean squared error (MSE) between the theoretical models and 
the ANN reconstructions, and group the galaxies into three categories: 
those where the ANN performs better, those where it outperforms the 
fixed Υ⋆ model but not the free Υ⋆ model, and those where both para-
metric models outperform the ANN. This classification reveals important 
physical insights into the dynamics of galaxies and demonstrates the po-
tential of ANN-based methods. In this sense, our results highlight how 
non-parametric methods can probe the interplay between baryonic and 
dark matter distributions without relying on predefined astrophysical 
assumptions.

This paper is organized as follows. In Section 2, we present the statis-
tical basics to understand the method we apply in this manuscript. Sec-
tion 3 describes the sample of galaxies, providing specific details about 
their distribution profiles. In Section 4, we describe the methodology 
followed in this work to accurately reconstruct the RCs for the data sets 
employed, while in Section 5, we show the main results of our recon-
structions. In addition, we compare the performance of our approach 
with that of traditional parametric models. In Section 6 we give some 
final comments and conclusions.

2.  Deep learning framework

Deep learning provides a powerful framework for generating data-
driven models and capturing complex, non-linear relationships directly 
from observations. It is a field of machine learning that centers on the 
design and training of artificial neural networks to learn patterns and 
representations from data. Rather than relying on explicit analytical 
forms or astrophysical prescriptions, deep learning methods extract the 
underlying structure of the data itself, offering a flexible approach for 
modeling galaxy rotation curves.

Artificial neural networks have the theoretical ability to approximate 
any continuous non-linear function [36] and have been successfully ap-
plied to a wide variety of scientific problems, including regression, clas-
sification, and generative modeling. Their flexibility and capacity to rep-
resent complex data distributions make them particularly well-suited 
to astrophysical analyzes where the physical relationships are not fully 
constrained. For general overviews of neural network theory and appli-
cations, we refer the reader to Nielsen[37], Goodfellow et al. [38].

In this work, we employ feed-forward neural networks to model the 
rotation curves of spiral galaxies directly from observational data. The 
networks take the radial distance as input and predict the corresponding 
rotational velocity and its associated uncertainty, enabling a fully data-
driven reconstruction of the empirical relationship 𝑉 (𝑟).

To enhance the reliability of our results, we adopt the framework 
proposed by Gómez-Vargas et al. [22,23], Mitra et al. [24], which incor-
porates two complementary deep learning components:

• Monte Carlo Dropout (MC-DO). A probabilistic regularization 
method that estimates predictive uncertainties by performing mul-
tiple stochastic forward passes through the network [39,40]. This 
approach provides an efficient means of quantifying the uncertainty 
of the model while mitigating overfitting.

• Genetic Algorithms (GAs). A global optimization strategy used to 
automatically determine the hyperparameters of the neural network 
[23]. By exploring a broad configuration space of possible architec-
tures, GAs improve convergence and ensure robust model perfor-
mance.

In our method, MC-DO and GAs play complementary roles. MC-DO 
acts as a regularizer during training; keeping dropout active during in-
ference and performing repeated stochastic forward passes yields a pre-
dictive distribution whose variance reflects epistemic uncertainty, while 
the mean provides a robust prediction. The GA performs a global search 
over network architectures and training hyperparameters that control 
model capacity, such as the number of hidden layers, the number of 
neurons per layer, the batch size, and the learning rate. Because each 
candidate configuration is evaluated based on its performance on vali-
dation data, the selected model is the one that best generalizes instead 
of the one that best fits the training set. Together, these components 
facilitate a proper balance between bias and variance: MC-DO avoids 
overfitting within a given architecture, while GA selects a level of com-
plexity justified by the validation performance. In this way, our deep 
learning framework can balance flexibility, interpretability, and statis-
tical rigor, enabling us to model galactic rotation curves directly from 
the data while providing meaningful uncertainty estimates. 
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3.  Galaxy sample for a parametric description

The observed rotation curves in the THINGS sample correspond to 
circular orbits in the equatorial plane and, in general, have contributions 
from three different mass distributions: gas (𝑉gas), stars (𝑉⋆), and a DM 
halo (𝑉halo). The individual velocities of the stars and gas, calculated 
from the observed baryonic mass within the galaxy, represent the speeds 
that each of these components would induce on a test particle if they 
were isolated and unaffected by external influences. On the other hand, 
the halo contribution is introduced to fit the total observed velocity.

These individual contributions are taken into account in the calcula-
tion of the total parametric RC as follows:
𝑉 2 = 𝑉 2

gas + Υ⋆𝑉
2
⋆ + 𝑉 2

halo, (1)

where Υ⋆ modulates the stellar contribution to the total velocity; 𝑉⋆
has units km/s(𝐿⊙∕𝑀⊙

)1∕2. Theoretically, this is a parametric equation 
with parameters associated with specific models of the stellar disk and 
the DM model. Considering that the main goal of this paper is to com-
pare the fit provided by theoretical models with non-parametric recon-
structions, we use the theoretical parametric results from Tables 3 to 6 
of de Blok et al. [26]. Both models assume an NFW distribution for the 
dark matter halo but with different assumptions regarding Υ⋆. In the fol-
lowing subsections, we outline these assumptions related to each mass 
component on which the utilized data is based. More specific details on 
galaxies can be found in Walter et al. [25], de Blok et al. [26].

3.1.  Gas distribution

The neutral gas is one of the baryonic components that contribute to 
the total mass of a galaxy, and the circular velocity that it induces on a 
test particle is required as an input to Eq. (1). For this sample of galax-
ies, the rotation curve was derived in Walter et al. [25] using integrated 
hydrogen (HI) emission maps to initially obtain the surface density pro-
files, which were then corrected by a factor of 1.4 to take into account the 
contribution of helium and metals. Finally, the corresponding rotation 
curve, 𝑉gas, was calculated assuming an isolated thin disk distribution.

3.2.  Stellar distribution

The circular velocity derived from this component, Υ⋆𝑉 2
⋆ , which will 

be an input of Eq. (1), requires that one previously know its mass dis-
tribution. However, the stellar density profile is not directly measured; 
measurements are based on the observed surface brightness profile, 𝐼(𝑟). 
In some galaxies within the sample, this component can be further de-
composed into central (bulge, inner) and outer brightness profiles, each 
one considered to reside in an isolated thick disk, whose radial distribu-
tion is characterized by an exponential profile [41]:
Σ(𝑟) = Υ3.6

⋆ 𝐼3.60 exp−𝑟∕𝑅d , (2)

where 𝐼0 is the surface brightness at 𝑟 = 0 and 𝑅d is the characteristic 
scale of the bulge/outer component.1 Observationally, it has been deter-
mined that the distribution along the 𝑧 axis follows a sech2(𝑧∕2𝑧𝑑 ), with 
𝑧𝑑 = 𝑅𝑑∕5, such that the volumetric density is the separable product 
of Σ(𝑟) and sech2(𝑧∕2𝑧𝑑 ). This is the assumption taken for the THINGS 
galaxies, whose parameter values can be found in Oh et al. [42] and 
were determined by observations in the 3.6 µm band, assuming an ini-
tial mass function (IMF) of scaled-down Salpeter, also known as ‘diet 
Salpeter’ [43]. This model assumption is referred to as Υf ix

⋆  in this pa-
per.

Although Υf ix
⋆  is determined by the observed brightness profile, it 

carries the biggest uncertainties in the modeling of baryonic compo-

1 If both components are present, the associated circular velocity should be: 
Υ⋆𝑉 2

⋆ = Υbulge⋆ 𝑉 2
⋆,bulge + Υouter⋆ 𝑉 2

⋆,outer, reflecting two luminosity profiles, each one 
with its parameters.

Fig. 1. ANNs general architecture for the rotation curves. The number of hidden 
layers and their number of neurons depend on each galaxy because for each case 
a different neural network model is generated. In all the cases, the input is the 
values of the radius, and the output is the velocity and the statistical error.

Table 1 
Best hyperparameter combinations for the 17 ANN mod-
els founded by genetic algorithms, each one correspond-
ing to a different galaxy.
 Galaxy  # hidden layers  # neurons  batch size
 NGC4736  4  200  8
 NGC2841  3  150  8
 NGC925.  4  200  4
 NGC2903  4  150  8
 DDO154.  4  200  4
 NGC6946  4  200  8
 NGC7793  4  150  4
 NGC2976  4  200  4
 NGC7331  3  200  4
 NGC3198  3  150  4
 NGC3621  4  200  4
 NGC3521  3  200  4
 NGC5055  4  100  4
 NGC2366  4  200  8
 NGC2403  3  150  8
 NGC3031  3  200  4
 IC2574.  3  200  4

nents. Therefore, in de Blok et al. [26], the authors consider an alterna-
tive model in which the mass-to-light ratio is left as a free parameter 
through the relation Υf ree

⋆ = 𝑓𝐷Υf ix
⋆ , where 𝑓𝐷 has to be obtained as-

suming a particular DM distribution to fit the total RC, as implied by 
Eq 1. In this paper, we refer to this assumption as Υf ree

⋆ .

3.3.  Dark matter distribution

According to the standard cosmological model, we assume the dark 
matter halo distribution with the NFW profile [28], featuring the char-
acteristic density 𝜌𝑖 (which is related to the density at the time of the 
halo collapse), and a characteristic scale, 𝑅𝑠:

𝜌NFW(𝑟) =
𝜌𝑖

(

𝑟∕𝑅𝑠
)(

1 + 𝑟∕𝑅𝑠
)2

. (3)

Generally, the two free parameters 𝜌𝑖 and 𝑅𝑠 are used to define new 
parameters, for example, the radius 𝑟200, at which the enclosed density 
is 200 times the critical density. In addition, a concentration parameter 
𝑐 = 𝑟200∕𝑅𝑠 is introduced, and the reference velocity 𝑉200 is measured at 
𝑟200. Consequently, the new set of free parameters for this parametric 
model becomes 𝑐 and 𝑉200. For the galaxies analyzed in this work, these 
values have been extracted from Tables 3 to 6 of de Blok et al. [26].

4.  Methodology

Throughout this work, we employ data-driven modeling with arti-
ficial neural networks to reconstruct rotation curves. As discussed in 

Physics of the Dark Universe 52 (2026) 102240 

3 



G. Garcia-Arroyo et al.

the Introduction and Section 2, this approach enables the generation of 
computational models directly from the data, without relying on specific 
astrophysical or statistical assumptions. However, the accuracy and re-
liability of such models are inherently constrained by the quality and 
range of the training data, in our case, the observed radii and veloci-
ties. Therefore, careful training and regularization of the networks are 
essential to ensure robust and physically meaningful reconstructions.

We follow the methodology proposed in Gómez-Vargas et al. [22], 
combined with the hyperparameter optimization scheme based on ge-
netic algorithms developed in Gómez-Vargas et al. [23]. In this frame-
work, the ANN receives the radius as input and returns two outputs: 
the rotational velocity 𝑉 (𝑟) and its associated statistical error (Fig. 1). 
The use of Monte Carlo dropout (MCDO) introduces a Bayesian behav-
ior in the predictions, providing uncertainty estimates for each predic-
tion [39,40]. While conventional Machine Learning models do not pro-
vide intrinsic uncertainty estimates-the loss function only quantifies the 
discrepancy between predictions and observations and does not cap-
ture epistemic uncertainty, the MCDO technique enables an estimation 
of predictive variance. By keeping dropout active during inference and 
performing multiple stochastic forward passes, we obtain both a mean 
prediction (the expected output) and a variance that reflects the con-
fidence of the model. This procedure yields more reliable predictions, 
particularly in regions where the observational data are sparse or noisy.

Given the relatively small number of observational points available 
for each galaxy’s rotation curve (typically on the order of hundreds), 
our primary objective is to balance model accuracy with generalization 
capability while avoiding overfitting. Traditional interpolation methods 
might fit the data more tightly but lack the ability to capture underlying 
physical trends. By contrast, our framework employs both MCDO and 
GAs to ensure that the networks are flexible yet well-trained, with a bal-
ance between bias and variance, and without underfitting or overfitting.

After initial exploration of the data and preliminary training, we de-
fine the hyperparameter space with the number of hidden layers ∈ [3, 4], 
neurons per layer ∈ [50, 100, 150, 200], and batch size ∈ [4, 8, 16, 32]. We 
then use the nnogada code [23], based on a genetic algorithm from the 
DEAP library [44], to optimize the neural network architecture for each 
galaxy. Candidate configurations are evaluated using the mean squared 
error in the validation set, such that the selected architecture balances 
model complexity and generalization, mitigating both underfitting and 
overfitting. The resulting neural network architectures are listed in Ta-
ble 1.

For training, we used Adam optimizer [45]with a fixed learning rate 
of 5 × 10−4, ReLU activation functions in hidden layers, and linear acti-
vation in the output layer. All models were trained for 1000 epochs. As 
in Gómez-Vargas et al. [22], we used the Monte Carlo dropout method 
[39] with a fixed dropout rate of 0.3 to ensure robust models. The learn-
ing rate and number of epochs were fixed rather than included in the 
GA search to ensure comparability and stability across different galax-
ies. Including them in the optimization would increase the search space. 
Moreover, extensive testing showed that a learning rate of 5 × 10−4 pro-
vided a good balance between convergence speed and stability, while 
1000 epochs were sufficient for all models to reach a plateau in valida-
tion loss without signs of overfitting. Thus, fixing these values ensures 
consistent training behavior and allows the GA to focus on structural 
hyperparameters that most strongly affect model complexity and gener-
alization.

Once the neural networks were trained, we performed predictions 
across different radii within the range of the original rotation curve data, 
yielding a data-based model of 𝑉 (𝑟). These reconstructions incorporated 
both the statistical errors of the original data and the uncertainty in the 
predictions of the neural network. The results of these reconstructions 
are discussed in the next section.

To compare neural network reconstructions with theoretical para-
metric models (NFW fixed and free), we used the mean square error 

Table 2 
Mean squared errors. First column: Between the NFW with Υf ix

⋆  ver-
sus the observational data. Second column: NFW with Υfree

⋆  versus 
the observational data. Third column: Neural network reconstruc-
tion versus the observational data.
 Galaxy  MSE(fix, data)  MSE(free, data)  MSE(neural, data)
 DDO154  2.83  2.91  3.50
 NGC2903  10.04  6.85  17.38
 NGC3621  12.24  10.17  22.10
 NGC2403  11.56  11.35  12.34
 NGC3031  144.49  103.98  105.42
 NGC2841  32.43  21.50  27.68
 NGC3198  100.39  7.98  26.03
 NGC5055  239.95  42.84  124.15
 NGC4736  46.66  43.68  42.66
 NGC925  66.52  34.65  25.11
 NGC6946  119.78  51.66  26.71
 NGC7793  59.74  53.47  21.39
 NGC2976  25.88  11.15  3.10
 NGC7331  309.23  19.78  12.64
 NGC3521  335.01  225.37  62.68
 NGC2366  15.75  7.60  2.97
 IC2574  14.59  8.55  2.47
 Means  91.01  39.03  31.67

(MSE) as the evaluation metric:

MSE = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2, (4)

where 𝑛 is the number of samples, 𝑦𝑖 represents the observed value, and 
𝑦̂𝑖 is the predicted value. This comparison allowed to classify galaxies 
based on which model (ANN, NFW fixed, or NFW free) provided the 
best fit to the observed data. The MSE-based classification helps iden-
tify trends in the data and analyze the strengths and limitations of both 
parametric and neural network models, offering insights into the com-
plex mass distribution and galaxy dynamics.

For complete reproducibility, all training notebooks, reconstruc-
tion plots, and hyperparameter configurations are publicly available on 
GitHub.2

5.  Results

As described above, we performed the neural network reconstruc-
tions for RCs of 17 different galaxies. Fig. 2 contains all the neural re-
constructions for each galaxy. The green lines show the ANN model pre-
dictions for 𝑉 (𝑟) (first output in Fig. 1), while the yellow bands indicate 
the total uncertainties, given by the quadratic sum of the predicted sta-
tistical error (second output in Fig. 1) and the predictive uncertainty 
estimated through Monte Carlo dropout. The red points represent the 
observational data.

To enhance our analysis, we include two well-known theoretical 
models, both considering an NFW dark matter halo, but the assumption 
regarding the mass-to-light ratio is different. In all the panels of Fig. 2, 
the black lines represent the fitting of Υf ix

⋆  as a fixed parameter, while 
the blue lines correspond to Υf ree

⋆  as a free parameter. The parameter 
estimation using these same datasets for both models was performed in 
de Blok et al. [26] to reproduce the total observed rotation curve.

In Fig. 2 we notice that the observational data points do not follow a 
smooth pattern. Instead, they show peaks and lows that are difficult to 
model accurately using parametric profiles. For this reason, it is interest-
ing to generate a model based on the data that it is able to capture local 
variations and/or reveal regions that deviate from the overall trend, and 
perhaps make more reliable interpolations, or at least complement the 
predictions of the theoretical models.

2 https://github.com/igomezv/Reconstructing-RC-with-ANN
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Fig. 2. Neural network models for the 17 galaxies in comparison with the observational data and the NFW profiles Υ𝑓𝑟𝑒𝑒
⋆  and Υ𝑓𝑖𝑥

⋆ . The rotation velocity (𝑦-axis) is 
given in km/s, whereas the radius (𝑥-axis) is given in Kpc.
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Fig. 3. Parametric mass contributions inferred from observed (Obs) and data-driven (ANN) rotation curves for three representative galaxies of groups A, B, and C. 
For each system, the upper panel shows the halo and stellar contributions obtained from independent NFW fits with free stellar mass-to-light ratio, while the lower 
panel displays the differences between the ANN and observation based components, Δ𝑉 (𝑟) ≡ 𝑉ANN(𝑟) − 𝑉obs(𝑟). Blue curves correspond to the dark matter halo, red 
curves to the stellar components, while solid and dashed lines indicate fits to the observed and data-driven rotation curves, respectively. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 3 
Classification of the galaxies considering the performance of the neural network reconstructions in comparison with the two considered NFW 
profiles.

 Group  Galaxies  Criterion
 A  DDO154, NGC2903, NGC3621, NGC2403  ANNs are worst versus both NFW+Υ⋆ profiles.
 B  NGC3031, NGC2841, NGC3198, NGC5055  ANNs are better than Υf ix

⋆  and worst than Υf ree
⋆ .

 C  NGC4736, NGC925, NGC6946, NGC7793, NGC2976, NGC7331, NGC3521, NGC2366, IC2574  ANNs are best versus both NFW+Υ⋆ profiles.

The cosmological parametric models and the neural network recon-
structions are developed independently. The parametric models have a 
physical basis and can be constrained using observational data, whereas 
the neural reconstructions are purely data-driven and do not incorporate 
any physical principles. Using the mean squared error as a metric, we 
can obtain a systematic comparison, providing insights into the relative 
performance of each model in capturing the observed data.

Table 2 summarizes the MSE values for each model and the obser-
vational data. The MSE provides a quantitative measure of how well 
each model (NFW free, NFW fixed, and the ANN) fits the observed ro-
tation curves. By analyzing the MSE values, we evaluate how well the 
theoretical models and ANN reconstructions fit the observed data. This 
comparison highlights the strengths and limitations of each approach in 
capturing the complexity of galactic structures.

Concerning parametric models, we can notice that the MSE indicates 
that the one with Υf ree

⋆  is closer to the data than the one with Υf ix
⋆ . This 

is not conclusive for preferring one model over the other, particularly 
because Υf ree

⋆  has an additional parameter and this criterion does not 
penalize it. However, an exception is noted for the galaxy DDO154, the 
galaxy with the lowest luminosity in the sample, where the opposite 
happens, although the difference is minimal, which suggests that both 
parametric models provide a similar overall fit to the observed data, 
despite differing individual contributions from DM and stars. For in-
stance, the Υf ree

⋆  model predicts a higher stellar contribution, which must 
be counteracted by a lower DM contribution to accurately describe the 
data, which results in an overestimation of the stellar luminosity of this 
galaxy, penalized by a higher MSE value, indicating that, unlike other 
galaxies, the observational Υ⋆ value is particularly precise for DDO154, 
suggesting that no additional stellar mass is required.

On the other hand, comparing the parametric NFW+Υ⋆ models with 
the neural reconstruction, our findings indicate that there are three 
different groups, summarized in Table 3. Group A comprising galax-
ies DDO154, NGC2903, NGC3621, and NGC2403, for which the neural 
reconstruction is farther from the data than both parametric models, 
whereas in Group B, the MSE of the non-parametric reconstruction falls 
between the models, specifically, it is greater than the corresponding 

to Υf ree
⋆  but lower than Υf ix

⋆ , the galaxies included in this group are 
NGC3031, NGC2841, NGC3198, and NGC5055. Finally, in Group C, 
comprising the remaining nine galaxies, the non-parametric reconstruc-
tion can describe the data more closely than the parametric models used 
for comparison, as indicated by the lower mean squared error associated 
with the reconstruction. In these galaxies, the transition between stellar 
and dark matter dominance is not smooth, with irregular variations that 
make them especially difficult to capture with parametric profiles. This 
suggests that for these galaxies, fitting the data well with parametric 
models is more difficult, indicating that there could be localized vari-
ations in the mass distribution arising from clumps of dark matter or 
stellar substructures.

To highlight the peculiar characteristics of the previously reported 
groups, we examined a galaxy from each one of them.

• The galaxy NGC3621, from Group A, exhibits an HI distribution char-
acterized by a regularly rotating disk, with its stellar distribution 
modeled using a single disk. Both parametric models (considered in 
this work) and neural reconstruction effectively capture the overall 
shape of the rotation curve, showing the expected behavior of a reg-
ular system. Nevertheless, discrepancies arise in the innermost parts 
of the galaxy, where the velocity is predominantly influenced by the 
stellar component. In this region, the neural reconstruction tends to 
over-predict the velocity, resulting in a greater deviation from the 
data compared to the corresponding parametric models.

• From Group B, we select the galaxy NGC5055, for which the para-
metric models suggest the existence of two exponential disks to ac-
curately describe its stellar luminosity. This assumption is fully sat-
isfied when Υ⋆ is fixed, resulting in two different values: the first for 
the inner region and the second for the outer region, which overesti-
mates the RC in the inner region. However, when considering para-
metric models with two free Υ⋆ parameters, undesirable values are 
obtained for the outer component, so its value is set to zero by hand. 
This discrepancy explains the significant difference between the MSE 
of these models. In contrast, the neural reconstruction captures the 
overall trend of the global rotation curve,  but remains slightly
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below the observed data across most radii, after overshooting at the 
very center. Consequently, its MSE with the data increases in this 
region. This behavior may indicate that the disk-halo decomposition 
in NGC5055 is not uniquely defined, since the ANN reproduces the 
curve without resorting to either unphysical stellar contributions or 
an excessively massive dark halo.

• From Group C, we select the galaxy NGC3521, whose mass profiles 
indicate that its stellar component, characterized by a single expo-
nential disk (Eqn. 2), significantly contributes to the total distribu-
tion of matter and, consequently, to the overall RC. Regarding para-
metric models, when Υ⋆ is fixed, the stellar component prominently 
dominates and dictates the global shape of the RC, the high value 
of this mass-to-light ratio leads to an over-prediction in the velocity 
in the inner part, which is what causes the high MSE value of this 
model. On the other hand, the parametric model with Υ⋆ free does 
not over-predict the inner region; instead, it requires dark matter to 
fit the data at all radii. This causes the DM, whose contribution does 
not decay, to dominate the global trend of the RC at a radius of ap-
proximately 10 kpc. As a result, beyond this radius, the parametric 
curve remains relatively constant. However, for this model, a slight 
overprediction is observed at large radii, which although not as dra-
matic, still contributes to the high MSE of this model. On the other 
hand, given the availability of data points at various distances for 
this galaxy, neural reconstruction achieves high accuracy in mim-
icking the observational data at all different radii without needing 
to make assumptions regarding the mass profiles. This results in a 
small MSE between the non-parametric reconstruction and the ob-
servational data.

A noticeable difference between the previously reported groups is 
that the effectiveness of the non-parametric reconstruction improves 
with a more evenly distributed set of data points. On closer inspection, 
the galaxies NGC2366 and IC2574 stand out as having the lowest mean 
squared error (MSE < 3) between the neural network (ANN) predictions 
and the observed data. These galaxies are classified as dwarfs and are 
characterized by a lower stellar contribution compared to their neutral 
gas content, being LSB. As for the parametric models, a discrepancy in 
both galaxies is that the Υ⋆ free model imposes a null stellar contri-
bution; otherwise, the predicted value becomes non-physical, because 
it is negative. Moreover, the ANN’s superior performance in modeling 
these galaxies suggests that this potential variability in Υ⋆ needs to be
better understood to provide a more accurate description of dark matter, 
which is evidently influenced by this consideration.

The groups shown in Table 3 not only highlights the flexibility of 
the ANN in capturing complex galactic features but also allows us to 
investigate the limitations of parametric models in certain cases. The 
results indicate that, for galaxies with more intricate mass distributions 
or structural features, the ANN offers a superior fit, whereas simpler 
systems align more closely with the NFW models (groups A and B). For 
instance galaxies with the smallest MSE (fix, data) values correspond to 
group A, where the fixed Υ⋆ model already reproduces the data accu-
rately even if it is slightly improved by the Υ𝑓𝑟𝑒𝑒

⋆  assumption. 

6.  Conclusions

Our study compares the performance of theoretical and data-based 
neural network models in characterizing galactic rotation curves. While 
theoretical parametric models, the combination of the Navarro-Frenk-
White profile with Υ⋆, offer detailed insights into the influence of stel-
lar and dark matter components on galactic dynamics, neural network 
models stand out due to their flexibility. ANNs can adapt to the complex-
ity of rotation curves without requiring prior assumptions about mass 
profiles. This comparative analysis underscores the importance of em-
ploying diverse methodological approaches to thoroughly understand 
galaxy dynamics in modern astrophysics.

Even with a limited number of data points for each galaxy’s rota-
tion curve, the ANN models generate robust reconstructions that cap-
ture the essential dynamics of these systems. The results are consistent 
with trends suggested by traditional theoretical models, namely the rise 
at small radii and the nearly flat outer plateau, consistent with galax-
ies embedded in extended dark matter halos. At the same time, they 
demonstrate that ANNs can handle sparse data while maintaining ac-
curacy. This highlights the potential of machine learning techniques as 
complementary tools in astrophysical data analysis.

Modeling galaxies with a very bright bulge component and/or with 
non-circular motions in the inner and outer regions represents chal-
lenges for parametric approaches to accurately describe the observa-
tional data, especially because taking a Υ⋆ value fully determines the 
profile of the velocities associated with the stellar component. This can 
lead to an overestimation of the velocity at the galactic center, partic-
ularly if the bulge is prominent, as indicated by the MSE calculated in 
Table 2; in such cases, the model deviates significantly from the ob-
served data. In the context of parametric models, the consideration to 
mitigate the overestimation is to treat Υ⋆ as a free parameter, avoid-
ing maximum disk scenarios. Frequently, this modification brings the 
new model closer to the data. However, as also indicated in Table 2, the 
model may still not be closely aligned with the data, and in addition, 
this assumption influences the DM distribution. Also, it is important to 
note that in this work we are not penalizing the addition of the extra 
parameters.

In contrast, when the description provided by theoretical models is 
left out, neural reconstruction presents a promising alternative by cap-
turing overall trends in the rotation curve, albeit with slight deviations 
in specific regions where the amount of data is poor, which is an ex-
pected issue given the small size of the datasets. However, neural re-
constructions offer interesting alternative models for the rotation curves 
within the range of the radius of the observed data points.

The success of neural reconstruction in accurately reproducing ob-
servational data is evident in Group C of galaxies, such as the rotation 
curve of NGC3521, which is difficult to model and where parametric 
models fail. In contrast, Groups A and B can still be captured by para-
metric models, whereas Group C highlights the galaxies where univer-
sal profiles break down and where even the transition between baryon 
and halo domination becomes uncertain. This highlights the potential of 
machine learning techniques to improve our understanding of galactic 
dynamics, as they reflect the underlying astrophysical complexities and 
properties of the galaxies in the THINGS catalog, providing a window 
into the interplay between baryonic matter, dark matter, and galaxy 
dynamics.

The ANN framework presented in this work provides consistent and 
reliable modeling of galactic rotation curves, capturing the main sta-
tistical patterns of the observations without assuming any predefined 
functional form and relying exclusively on observational data. This ap-
proach reveals where standard parametric profiles fail and helps identify 
differences in the complex, non-linear dynamical behavior across galax-
ies. It offers a complementary, data-driven perspective for studying the 
interplay between baryonic and dark matter components in spiral galax-
ies.
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Appendix A.  Parametric mass modeling of data-driven rotation 
curves

In this work, we derive data-driven rotation-curve models for each 
galaxy, which provide predictions for both the rotation velocity and its 
associated uncertainty at the same radii as the observational data. This 
feature enables the application of the same parametric mass modeling 
procedure to both the observational data and the ANN predictions, using 
the mass decomposition described in Section 3.

In this appendix, parametric fits to both the ANN-based and ob-
servational datasets are performed within a Bayesian framework using 
the emcee sampler. The total rotation curve is modeled according to 
Eq. (1), with a fixed gas contribution derived from the HI rotation curve, 
free stellar mass-to-light ratios for the disk and bulge, and a NFW dark 
matter halo. The goodness of fit is quantified using the reduced chi-
squared statistic, 𝜒2

𝜈 = 𝜒2∕(𝑁data −𝑁par ), where 𝑁data is the number of 
data points and 𝑁par is the number of free parameters.

Fig. 3 shows the halo and stellar contributions inferred from para-
metric fits to the observed and ANN-based rotation curves of three repre-
sentative galaxies: NGC3621 from group A, NGC5055 from group B, and 
NGC3521 from group C. For each system, the upper panel displays the 
contribution of each mass component to the total rotation curve, while 
the lower panel shows the differences between the ANN and observation 
based inferences.

In the case of NGC3621 (left panel), the inferred stellar contributions 
from the observed and data-driven rotation curves are nearly identi-
cal. The ANN-based fit, however, requires a slightly larger halo contri-
bution, of around ∼ 4 km s−1. This reflects the mild overprediction of 
the rotation curve by the data-driven reconstruction already noted in 
Section 5, which, in the parametric decomposition, is accommodated 
through a correspondingly higher inferred dark matter contribution. For 
this galaxy both datasets are well described by the parametric model, 
with reduced chi-squared values of 𝜒2

𝜈 = 0.18 for the ANN-based fit and 
𝜒2
𝜈 = 0.53 for the observational fit.
For NGC5055 (middle panel), allowing for free stellar mass-to-light 

ratios for both the disk and bulge components drives the disk contri-
bution to formally negative values in both the observational and ANN-
based fits, consistent with previous results [26]. This behavior therefore 
does not originate from either the observational or the ANN-based rota-
tion curves themselves.

As a result, the stellar contribution becomes effectively dominated 
by the bulge, and the disk mass-to-light ratio is set to zero in both cases. 
For this galaxy, the ANN-based fit favors a larger disk contribution 
and a correspondingly smaller dark matter halo contribution compared 
to the fit obtained from the observed rotation curve. Quantitatively, 
both datasets are well described by the adopted parametric model, 

with reduced chi-squared values of 𝜒2
𝜈 ≃ 0.15 for the ANN-based fit and 

𝜒2
𝜈 ≃ 0.56 for the observational fit.

For NGC3521 (right panel), the inner regions of the galaxy are 
strongly dominated by the stellar disk in both cases. However, the ANN-
based decomposition favors a slightly reduced stellar contribution in the 
central region, compensated by a correspondingly larger dark matter 
halo contribution. At larger radii, beyond ∼ 10, kpc, the stellar contribu-
tion in the ANN-based fit remains lower than in the observational case, 
while the inferred halo contribution no longer is above and instead falls 
slightly below that obtained from the observed rotation curve. This be-
havior highlights a radial redistribution between stellar and dark matter 
components in the ANN-based fit, rather than a uniform shift in the rel-
ative importance of the two components. In this case, the difference be-
tween the ANN-based and observational fits is particularly pronounced, 
with reduced chi-squared values of 𝜒2

𝜈 ≃ 0.14 and 𝜒2
𝜈 ≃ 5.5, respectively.

Overall, applying the same parametric assumptions to the rotation 
curves reconstructed by our data-driven models shows that these curves 
can be consistently described by the adopted mass components, as re-
flected by their reduced chi-squared values. For NGC3521, this compar-
ison highlights the sensitivity of the parametric fits to the quality of the 
input rotation curve.
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