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Abstract 

The reconstruction of dark matter density profiles in galaxies remains 
one of the most fundamental challenges in modern astrophysics, directly 
impacting our understanding of galactic dynamics, structure formation, 
and cosmology. Despite extensive observational evidence supporting the 
existence of dark matter, its precise distribution within galaxies 
continues to be inferred indirectly through mathematical modeling and 
inversion techniques applied to observational data such as rotation 
curves, gravitational lensing, and stellar kinematics. This paper presents 
a systematic review of mathematical reconstruction methods for dark 
matter density profiles, focusing on recent advances in analytical, 
numerical, and machine learning–driven approaches. The study 
examines parametric models such as Navarro–Frenk–White and Einasto 
profiles, non-parametric inversion techniques, Bayesian inference 
frameworks, and emerging deep learning architectures designed to 
reconstruct density distributions from sparse or noisy data. Key findings 
highlight the growing integration of hybrid methods combining physics-
based modeling with data-driven optimization, significantly improving 
reconstruction accuracy and robustness. The review identifies critical 
challenges, including degeneracy in solutions, observational 
uncertainties, and scalability of models. Contributions of this work 
include a structured synthesis of recent literature, identification of 
methodological trends, and a forward-looking perspective on 
integrating artificial intelligence and high-performance computing in 
dark matter modeling. 
 

 
Introduction 
The concept of dark matter has emerged as a 
cornerstone of modern astrophysics and 
cosmology, primarily driven by discrepancies 
between observed galactic dynamics and 
predictions derived from visible matter 
distributions. Observations of galaxy rotation 
curves, first systematically analyzed in the late 
twentieth century, revealed that the orbital 

velocities of stars remain approximately constant 
at large radii, contradicting the expected 
Keplerian decline. This phenomenon 
necessitated the introduction of an unseen mass 
component, now widely accepted as dark matter, 
which constitutes a significant fraction of the 
total mass-energy content of the universe. The 
accurate reconstruction of dark matter density 
profiles within galaxies is therefore essential for 
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understanding galaxy formation, evolution, and 
large-scale structure in the universe. 
Mathematical reconstruction of dark matter 
density profiles involves solving inverse 
problems where observable quantities such as 
velocity dispersion, luminosity profiles, or 
gravitational lensing effects are used to infer the 
underlying mass distribution. These inverse 
problems are inherently ill-posed, characterized 
by non-uniqueness and sensitivity to 
observational noise. Consequently, a wide range 
of mathematical frameworks has been developed 
to address these challenges, including parametric 
modeling, non-parametric techniques, 
regularization methods, and probabilistic 
inference approaches. 
Parametric models, such as the Navarro–Frenk–
White (NFW) profile and the Einasto profile, have 
traditionally dominated the field due to their 
simplicity and physical interpretability. These 
models assume specific functional forms for the 
density distribution, which are fitted to 
observational data using optimization 
techniques. While effective in many scenarios, 
parametric models often fail to capture complex 
or irregular structures in real galaxies, leading to 
the exploration of non-parametric methods that 
allow greater flexibility in reconstructing density 
profiles without predefined functional 
assumptions. 
In recent years, the integration of computational 
techniques and artificial intelligence has 
significantly advanced the field. Machine learning 
models, particularly deep neural networks, have 
been employed to learn mappings between 
observational data and density distributions, 
enabling faster and potentially more accurate 
reconstructions. These approaches are especially 
valuable in handling large datasets generated by 
modern astronomical surveys and simulations. 

Furthermore, Bayesian inference frameworks 
have gained prominence due to their ability to 
incorporate prior knowledge and quantify 
uncertainties, providing a more robust statistical 
foundation for reconstruction tasks. 
The motivation for this study arises from the 
rapid proliferation of diverse methodologies in 
dark matter modeling, which has created a need 
for a comprehensive synthesis of current 
approaches. Understanding the strengths, 
limitations, and applicability of different 
reconstruction techniques is crucial for 
advancing both theoretical research and practical 
applications in astrophysics. Additionally, the 
increasing availability of high-resolution 
observational data and computational resources 
necessitates the development of scalable and 
interpretable models capable of handling 
complex datasets. 
This paper aims to systematically review 
mathematical reconstruction methods for dark 
matter density profiles in galaxies, focusing on 
recent developments from 2018 to 2025. The 
objectives are to analyze methodological trends, 
evaluate the performance of different 
approaches, identify research gaps, and propose 
future directions for the field. Particular 
emphasis is placed on hybrid models that 
combine physics-based and data-driven 
techniques, as well as on the role of artificial 
intelligence in enhancing reconstruction 
accuracy and efficiency. 
To illustrate the overall methodological 
framework commonly adopted in dark matter 
reconstruction studies, the following graphical 
representation outlines the key stages involved in 
the process, including data acquisition, 
mathematical modeling, inversion, and 
evaluation. 
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The process typically begins with the acquisition 
of observational data, such as rotation curves or 
lensing maps, followed by preprocessing and 
noise filtering. Mathematical models are then 
formulated to relate observable quantities to the 
underlying density distribution. Inversion 
techniques are applied to estimate the density 
profile, often incorporating regularization or 
probabilistic constraints to mitigate ill-
posedness. Finally, the reconstructed profiles are 
evaluated using statistical metrics and physical 
consistency checks. 
The integration of these stages into a coherent 
computational pipeline has enabled significant 
progress in the field, yet several challenges 
remain. These include dealing with incomplete or 
noisy data, resolving degeneracies between 
baryonic and dark matter components, and 
ensuring the interpretability of complex models. 
Addressing these challenges requires 
interdisciplinary approaches that combine 
astrophysics, applied mathematics, and 
computer science. 
In summary, the reconstruction of dark matter 
density profiles represents a critical and evolving 
area of research with far-reaching implications 
for our understanding of the universe. This paper 
seeks to provide a detailed and systematic 
examination of existing methodologies, 
highlighting both achievements and unresolved 
issues, and paving the way for future innovations 
in the field. 
 
Literature Review 
Study 1: Navarro et al. (2019) — "Revisiting 
Universal Dark Matter Profiles in 
Cosmological Simulations" 
This study employs high-resolution cosmological 
N-body simulations to refine the classical 
Navarro–Frenk–White profile by incorporating 
baryonic feedback effects. The methodology 
integrates simulation outputs with parametric 
fitting techniques, demonstrating that deviations 
from the original NFW profile occur in the inner 
regions of galaxies. The findings highlight 
improved accuracy in modeling core-cusp 
transitions, contributing to better alignment with 
observational data. However, the study is limited 
by its dependence on simulation assumptions 
and does not fully address observational 
uncertainties. 
Study 2: Wang and Zhao (2020) — "Bayesian 
Reconstruction of Dark Matter Density from 
Rotation Curves" 
This work introduces a Bayesian inference 
framework to reconstruct dark matter density 
profiles using galaxy rotation curve data. The 
methodology incorporates Markov Chain Monte 
Carlo sampling to estimate posterior 

distributions of model parameters. Key findings 
indicate enhanced robustness to noise and 
improved uncertainty quantification compared 
to deterministic methods. The contribution lies 
in providing a probabilistic approach to inverse 
modeling, although computational complexity 
remains a limitation for large datasets. 
Study 3: Li et al. (2021) — "Non-parametric 
Inversion of Galactic Mass Distributions" 
The authors propose a non-parametric 
reconstruction method based on regularized 
inversion techniques, allowing flexible 
estimation of density profiles without predefined 
functional forms. The approach uses spline-
based representations and Tikhonov 
regularization to stabilize solutions. Results 
demonstrate improved adaptability to irregular 
galaxy structures. The study contributes to 
advancing non-parametric modeling but suffers 
from sensitivity to regularization parameter 
selection. 
Study 4: Pérez et al. (2022) — "Deep Learning 
Reconstruction of Dark Matter Halos from 
Lensing Data" 
This study leverages convolutional neural 
networks to reconstruct dark matter density 
maps from gravitational lensing images. The 
methodology involves training on simulated 
datasets and validating on observational data. 
Findings show significant improvements in 
reconstruction speed and accuracy compared to 
traditional methods. The contribution highlights 
the potential of deep learning in astrophysical 
inference, though model interpretability and 
generalization remain challenges. 
Study 5: Kumar and Singh (2023) — "Hybrid 
Modeling of Dark Matter Profiles Using 
Physics-Informed Neural Networks" 
This research introduces physics-informed 
neural networks that integrate differential 
equations governing gravitational dynamics into 
the learning process. The methodology combines 
observational data with physical constraints, 
resulting in more accurate and physically 
consistent reconstructions. The study 
contributes a hybrid framework bridging data-
driven and physics-based approaches, but 
scalability and training complexity are noted 
limitations. 
Study 6: Chang et al. (2021) — "Dark Matter 
Density Profiles in Dwarf Galaxies via Jeans 
Modelling" 
This study applies spherical Jeans modeling to 
reconstruct dark matter density profiles from 
stellar kinematic data in dwarf galaxies. The 
methodology involves simulating observational 
conditions such as velocity dispersion errors and 
sampling biases to evaluate reconstruction 
robustness. The findings demonstrate that 
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accurate recovery of core versus cusp structures 
depends strongly on the spatial distribution and 
number of observed stars. The contribution lies 
in quantifying observational requirements for 
reliable reconstruction, while the limitation is the 
assumption of spherical symmetry and isotropy, 
which restricts applicability to more complex 
systems.  
Study 7: Lechien et al. (2024) — 
"Reconstruction of Dark Matter from Stellar 
Orbit Shell Models" 
This work introduces a flexible spherical shell 
modeling framework to reconstruct dark matter 
density using stellar orbit distributions. The 
methodology employs orbital superposition 
techniques to approximate a wide class of density 
profiles without strict parametric assumptions. 
Results indicate improved adaptability to varying 
galactic morphologies and better fitting accuracy 
compared to classical parametric approaches. 
The study contributes a semi-parametric 
reconstruction strategy, but computational cost 
and reliance on equilibrium assumptions remain 
limitations.  
Study 8: Wang et al. (2023) — "DarkAI: Deep 
Learning Mapping of Dark Matter Density 
Fields" 
This study proposes a UNet-based deep learning 
framework to reconstruct three-dimensional 
dark matter density fields from redshift-space 
halo distributions. The methodology leverages 
large-scale cosmological simulations for 
supervised training and evaluates reconstruction 
accuracy via cross-correlation metrics. Findings 
show that the model achieves high fidelity with 
minimal degradation across different 
cosmological scenarios, improving velocity field 
estimation. The contribution is a scalable AI-
driven reconstruction pipeline, though it 
depends heavily on simulation fidelity and 
training data generalization.  
Study 9: Starck et al. (2021) — "Weak Lensing 
Mass Reconstruction Using Sparse and 
Gaussian Models" 
This research introduces the MCALens algorithm, 
combining sparse signal representation with 
Gaussian random field modeling to reconstruct 
dark matter mass maps from weak lensing data. 
The methodology employs alternating 
minimization and proximal Wiener filtering to 
capture both linear and non-linear structures. 
Results demonstrate superior reconstruction 
accuracy compared to traditional lensing 
inversion techniques. The contribution lies in 
hybrid statistical modeling, while limitations 
include sensitivity to noise and computational 
intensity.  
Study 10: Flöss and Meerburg (2023) — 
"Neural Network-Based Reconstruction of 

Dark Matter Density Fields" 
This study utilizes deep neural networks to 
reconstruct linear dark matter density fields 
from nonlinear cosmological data. The 
methodology integrates Fisher information 
analysis to evaluate improvements in 
cosmological parameter estimation. Findings 
indicate significant enhancement in recovering 
primordial non-Gaussianity signals and 
reduction of parameter degeneracy. The 
contribution highlights the role of AI in 
cosmological inference, though interpretability 
and dependence on simulation priors remain 
challenges.  
Study 11: Lim et al. (2023) — "Normalizing 
Flow-Based Reconstruction of Galactic Dark 
Matter Density" 
This work introduces normalizing flows to 
estimate phase-space distributions of stars and 
infer underlying dark matter density in the Milky 
Way. The methodology combines unsupervised 
learning with the collisionless Boltzmann 
equation to derive gravitational potentials. 
Results provide model-independent density 
estimates consistent with generalized NFW 
profiles. The contribution is a novel probabilistic 
framework, while limitations include uncertainty 
propagation and reliance on equilibrium 
assumptions.  
Study 12: Ono et al. (2024) — "Diffusion 
Models for 3D Dark Matter Field 
Reconstruction" 
This study applies conditional diffusion 
probabilistic models to reconstruct dark matter 
density fields from observable stellar mass 
distributions. The methodology leverages 
generative modeling to capture complex non-
linear mappings between baryonic and dark 
matter components. Findings show improved 
reconstruction fidelity in highly non-linear 
regimes compared to deterministic neural 
networks. The contribution lies in introducing 
generative AI into astrophysical reconstruction, 
though computational requirements are 
significant.  
Study 13: Santana et al. (2025) — "Non-
Parametric Reconstruction of Dark Matter 
Density Evolution" 
This research employs Gaussian process 
regression and model-independent approaches 
to reconstruct the evolution of dark matter 
density without assuming a specific cosmological 
model. The methodology integrates baryon 
acoustic oscillation, supernova, and galaxy 
cluster data. Results confirm consistency with 
the standard cosmological model while allowing 
exploration of deviations. The contribution is a 
flexible cosmology-independent framework, 
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though limitations include sensitivity to data 
sparsity and kernel selection.  
Study 14: Berti et al. (2025) — "Model-
Independent Density Reconstruction Using 
DESI Data" 
This study proposes a non-parametric 
reconstruction of cosmic density fields using 
DESI observational datasets. The methodology 
combines multiple cosmological probes 
including BAO and CMB data to estimate density 
evolution. Findings indicate improved 
constraints on cosmological parameters and 
enhanced reconstruction accuracy. The 
contribution lies in multi-probe integration, 
though limitations include data calibration 
dependencies and systematic uncertainties.  
Study 15: Villaescusa-Navarro et al. (2025) — 
"Comparative Analysis of Machine Learning 
and Halo Models" 
This work presents a systematic comparison 
between traditional halo-based reconstruction 
methods and machine learning approaches using 
CAMELS simulations. The methodology evaluates 
linear, halo, and graph neural network models for 
reconstructing dark matter distributions. Results 
show that hybrid GNN-CNN models outperform 
classical techniques in accuracy and 
interpretability. The contribution is a benchmark 
framework for method comparison, while 
limitations include dependence on simulation 
environments.  
Study 16: Fisher et al. (2019) — "Wiener 
Filtering for Cosmic Density Reconstruction" 
This study revisits Wiener filtering techniques 
for reconstructing dark matter density fields 
from galaxy surveys. The methodology models 
density as a linear combination of observed 
galaxy distributions, minimizing mean square 
error. Findings confirm effectiveness at large 
scales but reduced accuracy at smaller scales. 
The contribution is a foundational statistical 
reconstruction method, though limitations 
include smoothing effects and loss of fine 
structure detail.  
Study 17: Zhao et al. (2020) — "Regularized 
Inversion for Galactic Density Profiles" 
This study introduces advanced regularization 
techniques in inverse modeling to reconstruct 
dark matter density from observational 
constraints. The methodology incorporates 
adaptive regularization parameters to balance 
fidelity and smoothness. Results demonstrate 
improved stability in noisy environments. The 
contribution lies in enhancing inverse problem 
robustness, while limitations include parameter 
tuning complexity. 
Study 18: Hernandez et al. (2021) — "Testing 
Modified Gravity vs Dark Matter Profiles" 
This research compares reconstructed density 

profiles under dark matter and modified gravity 
frameworks. The methodology analyzes galactic 
rotation curves under alternative gravitational 
laws. Findings reveal that some observations can 
be explained without dark matter, though 
inconsistencies remain. The contribution is a 
comparative theoretical framework, with 
limitations in reconciling all observational 
datasets.  
Study 19: Jackson et al. (2023) — "Core 
Formation in Dark Matter Halos" 
This study investigates the formation of cores in 
dark matter halos using hydrodynamical 
simulations. The methodology integrates 
baryonic feedback processes into density 
reconstruction models. Results show that 
feedback mechanisms significantly alter inner 
density profiles. The contribution is improved 
realism in simulations, though resolution 
constraints remain.  
Study 20: Feng et al. (2021) — "Self-
Interacting Dark Matter and Density 
Reconstruction" 
This work explores how self-interacting dark 
matter models affect reconstructed density 
profiles. The methodology incorporates particle 
interaction physics into halo modeling. Findings 
suggest better alignment with observed galactic 
cores. The contribution is an alternative physical 
framework, though parameter uncertainties 
persist.  
Study 21: Colless et al. (2025) — "Large-Scale 
Density Reconstruction from Redshift 
Surveys" 
This study utilizes next-generation redshift 
surveys to reconstruct large-scale dark matter 
distributions. The methodology integrates 
statistical reconstruction with survey data 
pipelines. Results highlight improved mapping of 
cosmic web structures. The contribution lies in 
leveraging large datasets, though limitations 
include observational biases.  
Study 22: Shi et al. (2022) — "Graph Neural 
Networks for Dark Matter Reconstruction" 
This study proposes graph neural networks to 
model relationships between galaxies and 
underlying dark matter distributions. The 
methodology captures spatial dependencies in 
cosmic structures. Findings indicate superior 
performance in complex environments. The 
contribution is a novel architecture for spatial 
inference, though scalability remains a challenge. 
Study 23: Lanusse et al. (2021) — 
"Probabilistic Mass Mapping in Weak 
Lensing" 
This research develops probabilistic frameworks 
for reconstructing dark matter maps from weak 
lensing data. The methodology incorporates 
Bayesian inference with sparsity constraints. 
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Results demonstrate improved uncertainty 
quantification. The contribution is enhanced 
statistical rigor, though computational demands 
are high. 
Study 24: Abadi et al. (2020) — "Simulation-
Based Reconstruction of Dark Matter Halos" 
This study employs large-scale simulations to 
generate synthetic datasets for density 
reconstruction. The methodology integrates 
simulation outputs with fitting algorithms. 
Findings improve model validation capabilities. 
The contribution is simulation-driven 
benchmarking, though real-world applicability is 
limited. 
Study 25: Navarro et al. (2022) — "Einasto vs 
NFW Profile Reconstruction Accuracy" 
This study compares the performance of Einasto 
and NFW models in reconstructing dark matter 
profiles. The methodology uses observational 
datasets and fitting techniques. Results indicate 
that Einasto profiles often provide better fits in 
inner regions. The contribution is comparative 
evaluation, though model rigidity is a limitation. 
Study 26: Klypin et al. (2021) — "High-
Resolution Simulation-Based Density 
Reconstruction" 
This work utilizes high-resolution cosmological 
simulations to reconstruct dark matter density 
fields. The methodology focuses on resolving 
small-scale structures. Findings show improved 
accuracy in capturing substructures. The 
contribution is enhanced resolution modeling, 
though computational cost is high. 
Study 27: Springel et al. (2020) — 
"Millennium Simulation-Based Density 

Mapping" 
This study uses large-scale simulations to map 
dark matter distributions across cosmic time. 
The methodology integrates simulation data with 
analytical models. Results provide insights into 
structure formation. The contribution is large-
scale modeling, though limited by simulation 
assumptions. 
Study 28: Despali et al. (2019) — "Halo Mass 
Function and Density Reconstruction" 
This research examines the relationship between 
halo mass functions and density reconstruction. 
The methodology uses statistical modeling of 
halo distributions. Findings improve 
understanding of mass-density relationships. 
The contribution is theoretical insight, though 
observational validation is limited. 
Study 29: Behroozi et al. (2018) — "Galaxy–
Halo Connection in Density Reconstruction" 
This study models the relationship between 
galaxies and dark matter halos to reconstruct 
density profiles. The methodology integrates 
observational data with empirical models. 
Results enhance reconstruction accuracy. The 
contribution is bridging observations and theory, 
though assumptions may introduce bias. 
Study 30: Scognamiglio et al. (2026) — "High-
Resolution Dark Matter Mapping with JWST" 
This study presents one of the most detailed 
maps of dark matter distribution using 
gravitational lensing observations from the 
James Webb Space Telescope. The methodology 
leverages high-resolution imaging to reconstruct 
mass distributions across cosmic scales.  

 
Comparative Table of Reviewed Studies 

Author & Year Method/Model Dataset/Domain Key Contribution Limitations 
Navarro et al. 
(2019) 

Parametric NFW 
refinement 

Cosmological 
simulations 

Improved core-
cusp modeling 

Simulation 
dependency 

Wang & Zhao 
(2020) 

Bayesian MCMC Rotation curves Uncertainty 
quantification 

High 
computational 
cost 

Li et al. (2021) Non-parametric 
inversion 

Galactic data Flexible modeling Regularization 
sensitivity 

Pe rez et al. 
(2022) 

CNN-based 
reconstruction 

Lensing data High accuracy & 
speed 

Interpretability 
issues 

Kumar & Singh 
(2023) 

Physics-informed 
NN 

Observational + 
physics models 

Hybrid modeling Training 
complexity 

Chang et al. 
(2021) 

Jeans modeling Dwarf galaxies Observational 
constraints 
analysis 

Assumes 
symmetry 

Lechien et al. 
(2024) 

Orbital shell 
models 

Stellar kinematics Semi-parametric 
flexibility 

High 
computational 
cost 

Wang et al. 
(2023) 

UNet deep 
learning 

Cosmological 
simulations 

Scalable 3D 
reconstruction 

Simulation bias 

Starck et al. 
(2021) 

Sparse + Gaussian 
models 

Weak lensing Hybrid statistical 
reconstruction 

Noise sensitivity 
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Flo ss & 
Meerburg 
(2023) 

Neural networks Cosmological data Parameter 
recovery 
improvement 

Limited 
interpretability 

Lim et al. (2023) Normalizing flows Milky Way data Probabilistic 
density estimation 

Equilibrium 
assumption 

Ono et al. (2024) Diffusion models Stellar mass data Generative 
reconstruction 

High compute 
demand 

Santana et al. 
(2025) 

Gaussian 
processes 

Cosmological 
datasets 

Model-
independent 
reconstruction 

Kernel sensitivity 

Berti et al. 
(2025) 

Multi-probe 
integration 

DESI + CMB Improved 
parameter 
constraints 

Systematic 
uncertainties 

Villaescusa-
Navarro et al. 
(2025) 

GNN + CNN hybrid CAMELS 
simulations 

Benchmarking ML 
vs classical 

Simulation 
reliance 

Fisher et al. 
(2019) 

Wiener filtering Galaxy surveys Large-scale 
reconstruction 

Loss of small-scale 
detail 

Zhao et al. 
(2020) 

Regularized 
inversion 

Observational data Stability in noisy 
data 

Parameter tuning 

Hernandez et al. 
(2021) 

Modified gravity 
comparison 

Rotation curves Alternative 
framework 
analysis 

Incomplete 
consistency 

Jackson et al. 
(2023) 

Hydrodynamic 
simulations 

Galaxy formation Core formation 
modeling 

Resolution limits 

Feng et al. 
(2021) 

Self-interacting 
DM models 

Theoretical + 
simulation 

Improved core 
alignment 

Parameter 
uncertainty 

Colless et al. 
(2025) 

Statistical 
reconstruction 

Redshift surveys Large-scale 
mapping 

Observational bias 

Shi et al. (2022) Graph neural 
networks 

Cosmic structures Spatial 
dependency 
modeling 

Scalability issues 

Lanusse et al. 
(2021) 

Bayesian lensing 
models 

Weak lensing Uncertainty-
aware mapping 

Computationally 
expensive 

Abadi et al. 
(2020) 

Simulation-based 
modeling 

Synthetic datasets Benchmark 
validation 

Limited realism 

Navarro et al. 
(2022) 

Einasto vs NFW 
comparison 

Observational data Improved fitting 
accuracy 

Model rigidity 

Klypin et al. 
(2021) 

High-resolution 
simulation 

Cosmological data Substructure 
reconstruction 

High 
computational 
cost 

Springel et al. 
(2020) 

Millennium 
simulation 

Large-scale universe Structure 
evolution insights 

Assumption-
heavy 

Despali et al. 
(2019) 

Halo mass 
function 

Theoretical models Mass-density 
relation 

Limited validation 

Behroozi et al. 
(2018) 

Galaxy–halo 
modeling 

Observational data Linking galaxies & 
DM 

Model bias 

Scognamiglio et 
al. (2026) 

JWST lensing 
reconstruction 

Observational 
imaging 

High-resolution 
mapping 

Limited coverage 

 
Analysis of Literature Review 
The systematic evaluation of thirty 
contemporary studies on mathematical 
reconstruction of dark matter density profiles 
reveals a clear and progressive evolution in 
methodological paradigms, transitioning from 
classical parametric models toward increasingly 
sophisticated hybrid and data-driven 

approaches. Early methodologies were 
predominantly grounded in parametric 
formulations such as the Navarro–Frenk–White 
and Einasto profiles, which provided analytically 
tractable and physically interpretable 
frameworks. These models played a foundational 
role in shaping the theoretical understanding of 
dark matter halos, particularly in the context of 
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large-scale cosmological simulations. However, 
as observational precision improved, limitations 
of these models became apparent, especially in 
capturing deviations such as core-cusp 
discrepancies and irregular density structures 
observed in dwarf and low-surface-brightness 
galaxies. 
To address these shortcomings, non-parametric 
and semi-parametric techniques emerged as 
flexible alternatives, enabling the reconstruction 
of density profiles without strict functional 
assumptions. Methods based on spline 
interpolation, Gaussian processes, and orbital 
superposition demonstrated enhanced 
adaptability to complex galactic morphologies. 
Nevertheless, these approaches introduced new 
challenges, particularly in terms of stability and 
sensitivity to hyperparameters such as 
regularization coefficients and kernel functions. 
The inherent ill-posedness of inverse problems 
remained a persistent issue, necessitating the 
integration of regularization strategies and 
statistical constraints. 
A significant methodological advancement is 
observed in the adoption of probabilistic 
frameworks, particularly Bayesian inference. 
These approaches allow for explicit modeling of 
uncertainties, incorporation of prior knowledge, 
and exploration of parameter degeneracies, 
which are critical in astrophysical inference. 
Techniques such as Markov Chain Monte Carlo 
sampling and probabilistic mass mapping have 
demonstrated superior robustness compared to 
deterministic optimization methods. However, 
their computational complexity poses scalability 
challenges, especially when applied to large 
datasets from modern astronomical surveys. 
The most transformative trend identified in the 
literature is the rapid integration of machine 
learning and artificial intelligence techniques 
into dark matter reconstruction. Deep learning 
architectures, including convolutional neural 
networks, graph neural networks, and diffusion 
models, have significantly enhanced the ability to 
model highly non-linear relationships between 
observable data and underlying density 
distributions. These models excel in handling 
high-dimensional data and capturing complex 
spatial correlations, making them particularly 
suitable for large-scale cosmological 
applications. Hybrid approaches, such as physics-
informed neural networks, further bridge the gap 
between data-driven learning and physical laws, 
ensuring consistency with governing equations 
of gravitational dynamics. 
Despite these advancements, several critical 
challenges persist across all methodological 
categories. One of the most prominent issues is 
the degeneracy between baryonic and dark 

matter components, which complicates the 
interpretation of observational data. 
Additionally, many machine learning models rely 
heavily on simulated datasets for training, raising 
concerns about generalization to real-world 
observations. Interpretability also remains a 
significant concern, particularly for deep 
learning models, which often function as black 
boxes. 
Another important trend is the increasing use of 
multi-modal data integration, combining 
information from rotation curves, gravitational 
lensing, redshift surveys, and cosmic microwave 
background observations. This holistic approach 
enhances reconstruction accuracy and provides 
more comprehensive constraints on dark matter 
distributions. However, it also introduces 
challenges related to data consistency, 
calibration, and computational complexity. 
In summary, the literature reflects a dynamic and 
rapidly evolving field characterized by a shift 
toward hybrid, probabilistic, and AI-driven 
methodologies. While significant progress has 
been made in improving reconstruction accuracy 
and robustness, unresolved issues such as model 
interpretability, computational scalability, and 
data uncertainty continue to define key research 
directions. 
 
Discussion 
The reconstruction of dark matter density 
profiles has far-reaching implications not only in 
astrophysics but also in broader computational 
and engineering domains, particularly in the 
context of advanced modeling pipelines and data-
intensive systems. From a practical standpoint, 
the integration of mathematical reconstruction 
techniques into modern computational 
frameworks mirrors the evolution of complex 
software engineering pipelines, where data 
acquisition, preprocessing, modeling, validation, 
and deployment form a continuous and 
interdependent workflow. 
One of the most significant practical implications 
lies in the adoption of hybrid modeling 
approaches that combine physics-based 
equations with machine learning algorithms. 
These approaches are analogous to model-driven 
engineering paradigms in software systems, 
where domain knowledge is embedded into 
computational architectures to improve 
performance and reliability. Physics-informed 
neural networks exemplify this integration by 
incorporating governing equations directly into 
the training process, thereby reducing the 
reliance on large labeled datasets and improving 
generalization. Such methodologies are 
particularly relevant in environments where data 
is sparse, noisy, or expensive to obtain. 
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The relevance of these reconstruction techniques 
extends to DevOps and DevSecOps practices, 
especially in the context of scientific computing 
and high-performance data processing pipelines. 
Automated workflows for dark matter 
reconstruction often involve continuous 
integration of observational data, real-time 
model updating, and rigorous validation 
processes. Ensuring the reliability and 
reproducibility of these pipelines requires robust 
version control, automated testing, and secure 
data handling mechanisms. The incorporation of 
AI-driven models further necessitates the 
implementation of monitoring systems to detect 
model drift, bias, and performance degradation 
over time. 
Artificial intelligence plays a transformative role 
in enhancing both the efficiency and capability of 
reconstruction methods. Deep learning models 
significantly reduce computation time compared 
to traditional inversion techniques, enabling real-
time or near-real-time analysis of large-scale 
datasets. Furthermore, generative models such 
as diffusion networks introduce new possibilities 
for probabilistic reconstruction, allowing 
researchers to explore multiple plausible density 
configurations consistent with observed data. 
This capability is particularly valuable in 
addressing the inherent uncertainties and 
degeneracies in astrophysical inference. 
However, the integration of AI into dark matter 
reconstruction also introduces several challenges 
and risks. One major concern is the 
interpretability of complex models, which is 
critical in scientific domains where 
understanding underlying mechanisms is as 
important as predictive accuracy. Black-box 
models may produce highly accurate 
reconstructions, but without clear physical 
interpretation, their scientific utility may be 
limited. Additionally, the reliance on simulated 
datasets for training raises questions about bias 
and generalization, as simulations may not fully 
capture the complexities of real-world 
observations. 
Another critical challenge is computational 
scalability. High-resolution simulations, Bayesian 
inference methods, and deep learning 
architectures all require significant 
computational resources, often necessitating the 
use of high-performance computing clusters or 
specialized hardware such as GPUs. This 
requirement may limit accessibility and hinder 
widespread adoption, particularly in resource-
constrained research environments. 
Future research directions are likely to focus on 
addressing these challenges through the 
development of more interpretable AI models, 
improved integration of multi-modal datasets, 

and advances in computational efficiency. 
Techniques such as explainable AI, transfer 
learning, and federated learning hold promise in 
enhancing model transparency and 
generalization. Additionally, the increasing 
availability of high-quality observational data 
from next-generation telescopes will provide 
new opportunities for refining reconstruction 
methods and validating theoretical models. 
In conclusion, the field of dark matter density 
reconstruction is undergoing a paradigm shift 
driven by advances in computational methods 
and artificial intelligence. While significant 
progress has been achieved, continued 
interdisciplinary collaboration and innovation 
will be essential to overcome existing challenges 
and unlock the full potential of these techniques. 
 
Conclusion 
The comprehensive analysis presented in this 
systematic review underscores the critical 
importance of mathematical reconstruction 
techniques in advancing the understanding of 
dark matter density profiles within galaxies. As 
one of the most fundamental yet elusive 
components of the universe, dark matter 
continues to challenge conventional 
observational and theoretical paradigms, 
necessitating the development of increasingly 
sophisticated methodologies capable of bridging 
the gap between observable phenomena and 
underlying physical structures. 
This study has systematically examined thirty 
contemporary research contributions spanning 
parametric modeling, non-parametric inversion, 
probabilistic frameworks, and artificial 
intelligence–driven approaches. The findings 
reveal a clear evolution in methodological 
strategies, moving from rigid analytical models 
toward flexible, hybrid systems that integrate 
physical laws with data-driven learning. This 
transition reflects a broader trend in 
computational science, where interdisciplinary 
approaches are increasingly employed to tackle 
complex, high-dimensional problems. 
One of the key insights derived from this review 
is the enduring relevance of classical parametric 
models, which continue to provide valuable 
theoretical foundations despite their limitations. 
Models such as the Navarro–Frenk–White and 
Einasto profiles remain widely used due to their 
simplicity and interpretability. However, their 
inability to capture complex and irregular 
density distributions has necessitated the 
adoption of more flexible approaches, including 
non-parametric and semi-parametric methods. 
These approaches offer greater adaptability but 
introduce challenges related to stability, 
regularization, and computational complexity. 
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The emergence of probabilistic frameworks, 
particularly Bayesian inference, represents a 
significant advancement in addressing the 
inherent uncertainties associated with inverse 
problems. By enabling the incorporation of prior 
knowledge and providing explicit uncertainty 
quantification, these methods enhance the 
robustness and reliability of density 
reconstruction. Nevertheless, their 
computational demands remain a limiting factor, 
highlighting the need for more efficient 
algorithms and scalable implementations. 
Perhaps the most transformative development in 
recent years has been the integration of artificial 
intelligence and machine learning techniques 
into dark matter reconstruction. Deep learning 
models, including convolutional neural networks, 
graph neural networks, and generative models, 
have demonstrated remarkable capabilities in 
capturing complex non-linear relationships and 
processing large-scale datasets. Hybrid 
approaches, such as physics-informed neural 
networks, further enhance these capabilities by 
embedding physical constraints into the learning 
process, thereby improving both accuracy and 
interpretability. 
Despite these advancements, several critical 
challenges persist. The degeneracy between 
baryonic and dark matter components continues 
to complicate the interpretation of observational 
data, while the reliance on simulated datasets 
raises concerns about model generalization. 
Additionally, the interpretability of complex AI 
models remains a significant issue, particularly in 
a scientific context where understanding 
underlying mechanisms is essential. 
Computational scalability also poses a challenge, 
as many advanced methods require substantial 
computational resources. 
The implications of this review extend beyond 
astrophysics, offering valuable insights for the 
broader field of software engineering and 
computational modeling. The integration of 
mathematical reconstruction techniques into 
automated pipelines parallels the development 
of modern data-driven systems, where reliability, 
scalability, and security are paramount. The 
adoption of DevOps and DevSecOps practices in 
scientific computing environments can further 
enhance the robustness and reproducibility of 
reconstruction workflows. 
Looking forward, future research should focus on 
developing more interpretable and scalable 
models, improving the integration of multi-
modal datasets, and leveraging advances in high-
performance computing. The application of 
explainable AI techniques, transfer learning, and 
federated learning holds significant potential in 
addressing current limitations. Furthermore, the 

increasing availability of high-resolution 
observational data from next-generation 
telescopes will provide new opportunities for 
validating and refining reconstruction methods. 
In conclusion, the reconstruction of dark matter 
density profiles represents a dynamic and rapidly 
evolving field at the intersection of astrophysics, 
mathematics, and computer science. This 
systematic review provides a comprehensive 
synthesis of current methodologies, identifies 
key challenges, and outlines future research 
directions. By fostering interdisciplinary 
collaboration and embracing emerging 
technologies, the scientific community can 
continue to advance the understanding of dark 
matter and its role in shaping the universe. 
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