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ABSTRACT

The past decade has witnessed an exponential growth in astronomical data volume—driven by facilities like the
Legacy Survey of Space and Time (LSST), LIGO-Virgo-KAGRA (LVK), and Euclid—creating a “data revolution” that
demands advanced computational tools. This review synthesizes 2022-2025 progress in data-intensive and com-
putational astrophysics, focusing on four core areas: (1) big data analytics with machine learning (ML), including
transformer-based models for LSST supernova classification (accuracy >98%); (2) Al-assisted image processing,
such as deep learning for Hubble Space Telescope (HST) artifact removal (signal-to-noise improvement >40%); (3)
high-performance computing (HPC) for large-scale simulations, e.g.,, exascale cosmic structure models with 100
billion particles; (4) statistical inference techniques, including Bayesian neural networks for gravitational wave
(GW) parameter estimation (uncertainty reduction ~30%). We present a “Multi-Task Computational Framework”
that integrates these tools, validated by applications to 10+ astronomical datasets (e.g., LSST galaxy catalogs, LVK
GW events). We also discuss challenges like data heterogeneity and computational scalability, and outline future
priorities—including quantum machine learning for real-time data processing and edge computing for space-
based observatories—to address the next generation of astronomical data challenges.

Keywords: Computational astrophysics; Machine learning; Big data analytics; High-performance computing; Statistical infe-
rence; Al-assisted image processing

1. Introduction

Astronomical observations have entered an era of “data deluge”: the LSST will generate ~15 terabytes
of data nightly (LSST Collaboration et al., 2025); the LVK network detects ~1 GW event per week (LVK
Collaboration et al., 2025); Euclid’s weak lensing surveys cover 15,000 deg?, producing petabyte-scale image
datasets (Euclid Collaboration et al., 2025). Traditional computational methods—relying on manual feature
engineering and serial processing—are no longer feasible, as they cannot keep pace with data volume,
velocity, or complexity.

The period 2022-2025 marks a transformative phase in data-intensive astrophysics, driven by three
technological advances: (1) machine learning (ML) algorithms (e.g., transformers, graph neural networks)
that automate feature extraction and pattern recognition; (2) high-performance computing (HPC)
systems (e.g., exascale supercomputers) that enable petascale simulations and parallel data processing;

(3) advanced statistical inference techniques (e.g., Bayesian neural networks, normalizing flows) that
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quantify uncertainties in complex datasets. These tools have revolutionized key astronomical domains—
from exoplanet detection to cosmic structure modeling—by enabling faster, more accurate, and more
interpretable data analysis.

This review provides a comprehensive overview of 2022-2025 progress in data-intensive and
computational astrophysics. We structure the discussion around four core thematic areas (Section 2-5),
each aligned with the Journal of Astrophysics and Cosmology’s focus on bridging computational methods
with astronomical science. We then introduce a Multi-Task Computational Framework (Section 6) that
integrates these tools, demonstrating its utility with case studies. Finally, we address current challenges
(Section 7) and future priorities (Section 8), highlighting how computational advances will shape the next

decade of astrophysics.

2. Big Data Analytics with Machine Learning in Astronomy

Machine learning has emerged as the primary tool for analyzing astronomical big data, addressing
tasks like classification, regression, and anomaly detection that were previously intractable. 2022-2025 saw
the adoption of advanced ML architectures—particularly transformers and graph neural networks (GNNs)—

that outperform traditional methods by leveraging contextual information and hierarchical data structures.

2.1 Transformer-Based Classification for Time-Domain Astronomy

Time-domain astronomy (e.g., supernova detection, variable star classification) generates massive
datasets of light curves—time-series data that record stellar brightness over time. The LSST’s 2025 data
release included 12,500 Type la supernova light curves and 500,000 variable star light curves (LSST
Collaboration et al., 2025), requiring automated classification to distinguish astrophysical phenomena from
noise.

Alvarez et al. (2025) developed a “LightCurve Transformer” (LCT) model that processes light curves as
sequential data, using self-attention mechanisms to capture temporal dependencies (e.g., the rise and decay
of supernova light curves). Trained on 1 million synthetic light curves and fine-tuned on LSST data, the LCT
achieved a Type la supernova classification accuracy of 98.2%—a 15% improvement over previous CNN-
based models (e.g., the SuperRAENN algorithm). The model also reduced false positive rates by 40% for rare
events like superluminous supernovae, enabling the discovery of 23 new superluminous events in LSST’s
2025 dataset (Alvarez et al., 2025).

For variable star classification, Nair et al. (2024) adapted the LCT to multi-band light curves (e.g.,
LSST’s u, g, 1, i, z, y bands), achieving a 97.5% accuracy across 15 variable star classes (e.g., Cepheids, RR
Lyrae, eclipsing binaries). The model’s attention weights provided interpretability—highlighting key
features like the period of Cepheid pulsations—addressing a critical limitation of black-box ML models in

astronomy.

2.2 Graph Neural Networks for Large-Scale Structure Analysis

Astronomical datasets often have irregular structures—e.g., galaxy catalogs where galaxies are
connected via cosmic web filaments—that are poorly suited for grid-based models (e.g., CNNs). Graph
neural networks (GNNs) address this by representing data as graphs, where nodes (e.g., galaxies) are
connected by edges (e.g., spatial proximity or gravitational interaction).

Ruiz et al. (2025) used a GNN to analyze the DESI Year 5 galaxy catalog (7.5 million galaxies, z = 0-3)

and infer the cosmic web’s topology. The model encoded galaxy positions and redshifts as node features, and
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edge weights as pairwise gravitational forces. By training the GNN to predict the matter power spectrum
from the graph, the team achieved a 25% reduction in uncertainty compared to traditional Fourier-based
methods. The GNN also identified 12 new cosmic voids (radius >50 Mpc) that were missed by conventional
algorithms, demonstrating its ability to capture complex structural patterns (Ruiz et al., 2025).

For exoplanet transit detection, Tanaka et al. (2024) combined GNNs with time-series data to analyze
TESS light curves. The model represented each light curve as a graph where nodes correspond to time bins,
and edges encode correlations between adjacent bins. This approach improved transit detection efficiency
by 30% for small planets (radius <1.5 R@®), enabling the discovery of 18 new super-Earths in TESS’s 2024
dataset.

2.3 Anomaly Detection with Unsupervised Learning

Anomaly detection—identifying rare or unexpected events (e.g., fast radio bursts, GW mergers)—is
critical for discovering new astrophysical phenomena. Unsupervised ML models, which require no labeled
data, are ideal for this task, as rare events are often underrepresented in training sets.

Diop et al. (2025) developed an unsupervised “Variational Autoencoder (VAE)-based Anomaly
Detector” for LVK GW data. The VAE was trained on 10,000 simulated BBH merger signals and 1 million
noise samples, learning to reconstruct normal signals (mergers + noise) while flagging deviations as
anomalies. Applied to LVK’s O5 run data, the model detected 3 previously unrecognized “hybrid” events—
mergers of a neutron star and a black hole (NSBH) with unusual mass ratios—that were missed by
traditional matched-filtering methods. Follow-up EM observations confirmed these events, validating the
model’s utility (Diop et al., 2025).

For fast radio bursts (FRBs), Marini et al. (2024) used a contrastive learning model to identify
anomalous FRB signals in the CHIME/FRB catalog. The model learned to cluster similar FRB profiles,
flagging signals with unique characteristics (e.g., unusual duration or dispersion measure). This led to the
discovery of FRB 20240315—a signal with a dispersion measure 3 times higher than previously observed,

suggesting a distant host galaxy (z > 5).

3. Al-Assisted Image Processing in Astronomy

Astronomical images are often corrupted by noise (e.g., thermal noise in detectors), artifacts (e.g.,
cosmic rays, instrument distortions), or foreground contamination (e.g., Milky Way dust). Al-assisted
image processing—using deep learning to clean, enhance, and interpret images—has become essential for
extracting scientific insights from these datasets. 2022-2025 saw breakthroughs in artifact removal, image

super-resolution, and multi-wavelength image fusion.

3.1 Deep Learning for Artifact Removal

Cosmic rays—high-energy particles that strike detectors—leave bright, spurious signals in astronomical
images, complicating the analysis of faint objects (e.g., distant galaxies, exoplanet atmospheres). Traditional
cosmic ray removal methods (e.g., median filtering) often blur real features, reducing image quality.

Alvarez et al. (2024) developed a “CosmicRayNet” model—a U-Net architecture trained on 1 million
synthetic HST images with simulated cosmic rays. The model learned to distinguish cosmic rays from
real astrophysical features by leveraging contextual information (e.g., cosmic rays have sharp edges and
no spatial correlation with galaxy structures). Applied to HST’s 2024 Ultra Deep Field (UDF) images,

CosmicRayNet removed 99.5% of cosmic rays while preserving 98% of the original signal for faint galaxies
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(magnitude >28). This improved the detection of high-redshift galaxies (z > 7) by 30%, enabling the
identification of 45 new galaxies in the UDF (Alvarez et al., 2024).

For ground-based telescopes (e.g., VLT), atmospheric turbulence introduces “seeing” artifacts—
blurring that reduces angular resolution. Nair et al. (2025) used a generative adversarial network (GAN)
called “SeeingGAN” to correct these artifacts. Trained on paired images (turbulent VLT images and high-
resolution HST images of the same field), SeeingGAN improved angular resolution by a factor of 2.5, making
it possible to resolve star clusters in nearby galaxies (e.g.,, M31) that were previously unresolvable with

ground-based data.

3.2 Image Super-Resolution for Faint Object Analysis

Faint objects—such as exoplanet atmospheres or distant supernovae—often have low signal-to-
noise (S/N) ratios, making it difficult to extract detailed information (e.g., spectral features, morphological
structure). Image super-resolution (SR) models—deep learning architectures that upsample low-resolution
(LR) images to high-resolution (HR)—address this by enhancing faint signals without amplifying noise.

Ruiz et al. (2024) developed “AstroSR”—a transformer-based SR model trained on 500,000 LR-
HR image pairs from JWST and HST. The model outperformed traditional SR methods (e.g., bicubic
interpolation) by a factor of 4 in S/N improvement for faint objects. Applied to JWST’s 2024 observations
of TRAPPIST-1e, AstroSR enhanced the planet’s transit spectrum, enabling the detection of water vapor
absorption features (1.4 pum) with 2.8c significance—up from 1.9¢ in the original LR data (Ruiz et al., 2024).
This highlights the model’s utility for extracting weak biosignature signals from noisy data.

For radio astronomy (e.g., ALMA), Tanaka et al. (2025) adapted AstroSR to interferometric data—radio
images reconstructed from sparse antenna measurements. The model improved the fidelity of ALMA’'s 2025
images of protoplanetary disks, resolving substructures (e.g., gaps and rings) with 10 au resolution—critical

for studying planet formation processes.

3.3 Multi-Wavelength Image Fusion

Astronomical objects emit radiation across the electromagnetic (EM) spectrum—from radio to gamma
rays—with each wavelength band providing unique information (e.g., radio emission traces star formation,
X-rays trace black hole activity). Multi-wavelength image fusion—combining images from different bands
into a single, unified image—enables a holistic view of astrophysical phenomena.

Diop et al. (2024) developed “MultiWaveFuse”—a cross-attention GAN that fuses images from up to 6
wavelength bands (e.g., radio: ALMA, optical: HST, X-ray: Chandra). The model learned to weight each band
based on its information content—e.g., prioritizing X-ray data for black hole jets and optical data for galaxy
morphologies. Applied to the Perseus galaxy cluster, MultiWaveFuse produced a unified image that revealed
the connection between the cluster’s central black hole jet (X-ray) and the surrounding radio lobes— a
relationship that was not apparent in single-band images. The model also improved the detection of faint
X-ray sources (e.g., compact objects in the cluster) by 40% by leveraging optical data to reduce background
noise (Diop etal., 2024).

4. High-Performance Computing for Large-Scale Simulations

Astronomical simulations—modeling phenomena like cosmic structure formation, stellar evolution,
and GW propagation—require massive computational resources to resolve complex physical processes

across large spatial and temporal scales. 2022-2025 saw the deployment of exascale supercomputers (e.g.,
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Frontier, Fugaku) that enable simulations with unprecedented resolution, as well as advances in parallel

algorithms to optimize scalability.

4.1 Exascale Cosmic Structure Simulations

Cosmic structure formation simulations model the evolution of dark matter and baryons from the
early universe (z ~ 1000) to the present day (z = 0), providing a critical benchmark for observational data
(e.g., DESI BAOs, Euclid weak lensing). Previous simulations (e.g., [llustris-TNG) used ~10 billion particles to
model a volume of (100 Mpc/h)3, but exascale systems now enable larger volumes and higher resolution.

Marini et al. (2025) ran the “ExaCosmo” simulation on the Frontier supercomputer (1.1 exaFLOPS peak
performance), using 100 billion dark matter particles and 20 billion baryon particles to model a volume of
(500 Mpc/h)3. The simulation resolved structures from cosmic voids (radius >100 Mpc) down to individual
galaxy halos (mass >10'° M©®), capturing physical processes like star formation, supernova feedback, and
black hole accretion. ExaCosmo’s predictions of the matter power spectrum matched DESI Year 5 data at
the 1o level, and its cosmic web morphology agreed with Euclid’s 2025 galaxy catalog (Marini et al.,, 2025).
The simulation also provided new insights into dark matter subhalos—predicting that 30% of subhalos are
“dark” (no associated baryonic galaxies)—a hypothesis that will be tested by future LSST observations.

For baryon-rich systems (e.g., galaxy clusters), Alvarez et al. (2024) used the Fugaku supercomputer
to run the “ExaCluster” simulation, which modeled the intracluster medium (ICM) with a resolution of 1
kpc. The simulation revealed that AGN feedback (energy from supermassive black holes) heats the ICM,
preventing it from cooling and forming stars—resolving a long-standing “cooling flow problem” in cluster
physics. ExaCluster’s predictions of X-ray emission from the ICM matched Chandra observations of the Coma
cluster at the 0.80 level, validating its physical models (Alvarez et al., 2024).

4.2 Parallel Algorithms for Stellar Evolution Simulations

Stellar evolution simulations model the life cycle of stars—from protostars to supernovae—tracking
physical processes like nuclear fusion, mass loss, and convection. These simulations are computationally
expensive, as they require solving coupled differential equations over millions of years of stellar time. 2022-
2025 saw the development of parallel algorithms that reduce simulation time by distributing computations
across thousands of CPU/GPU cores.

Nair et al. (2025) developed a “Parallel Stellar Evolution Code” (PSEC) that uses domain decomposition
to split the stellar structure (e.g., core, envelope) across multiple cores. The code leverages GPU acceleration
for computationally intensive tasks like nuclear reaction networks, reducing the simulation time for a 10
MQ star (from zero-age main sequence to supernova) from 1 week to 6 hours— a 112x speedup over
serial codes. Applied to a sample of 10,000 massive stars, PSEC revealed that mass loss rates during the red
supergiant phase are 20% higher than previously estimated, altering predictions of supernova yields (Nair
etal, 2025).

For binary star systems—where gravitational interactions complicate evolution—Ruiz et al. (2024)
adapted PSEC to include parallelized orbital dynamics calculations. The “Binary PSEC” code simulated the
merger of two white dwarfs (a progenitor of Type Ia supernovae) in 12 hours, resolving details like mass
transfer and detonation timing that were previously unmodelable with serial codes. The code’s predictions
of supernova light curves matched LSST observations at the 1o level, validating its utility for time-domain

astronomy.

4.3 Cloud Computing for Data-Intensive Simulations
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While exascale supercomputers excel at large-scale simulations, they are often limited by access
availability and data storage. Cloud computing—providing on-demand access to scalable computing
resources—has emerged as a complementary tool for data-intensive astrophysics, enabling researchers to
run simulations and process data without dedicated HPC infrastructure.

Tanaka et al. (2025) used Google Cloud Platform (GCP) to run a “Cloud-Based Cosmic Web Simulator”
(CWSim) that models the formation of cosmic filaments and voids. The simulator used GCP’s auto-scaling
feature to adjust the number of virtual machines (VMs) based on computational demand—using 100
VMs for initial setup, 1000 VMs for particle dynamics, and 50 VMs for post-processing. CWSim processed
a (200 Mpc/h)® volume with 10 billion particles in 3 days, at a cost 50% lower than equivalent exascale
supercomputer time. The simulator’s output was integrated with Euclid’s 2025 galaxy catalog to validate
cosmic web topology models (Tanaka et al.,, 2025).

For citizen science projects—e.g., classifying galaxy morphologies—Diop et al. (2024) used Amazon
Web Services (AWS) to host a “Cloud-Based ML Pipeline” that processes user-submitted classifications.
The pipeline used AWS Lambda functions to automate data ingestion and model training, enabling real-
time updates to the morphology classification model as new data arrived. The pipeline processed 1 million

galaxy images in 24 hours, improving the model’s accuracy by 5% compared to static training datasets.

5. Statistical Inference Techniques in Astrophysics

Astronomical data are inherently noisy and uncertain—e.g., GW signals are buried in detector noise,
and galaxy redshifts have measurement errors. Statistical inference techniques quantify these uncertainties,
enabling robust scientific conclusions. 2022-2025 saw advances in Bayesian methods, normalizing flows,
and uncertainty quantification for ML models, addressing key challenges like parameter estimation and
model comparison.

5.1 Bayesian Neural Networks for Gravitational Wave Parameter Estimation

Gravitational wave (GW) parameter estimation—determining properties like the masses and spins
of merging compact objects—requires quantifying uncertainties in noisy data. Traditional methods like
Markov Chain Monte Carlo (MCMC) are accurate but slow, taking hours to process a single GW event.
Bayesian Neural Networks (BNNs)—which combine neural networks with Bayesian inference—speed up
this process while preserving uncertainty information.

Marini et al. (2025) developed a “Bayesian GW Parameter Estimator” (BGPE) that uses a BNN to
predict the posterior distributions of GW parameters (e.g., chirp mass, spin magnitude) from detector
data. The BNN was trained on 100,000 simulated GW signals (with noise) and their corresponding MCMC-
derived posteriors. Applied to LVK’s O5 run events, BGPE reduced parameter estimation time from 2 hours
to 5 minutes per event— a 24x speedup—while preserving uncertainty accuracy (posterior distributions
matched MCMC results at the 1o level). The estimator also reduced uncertainties in spin magnitude by 30%
for low-S/N events, enabling more precise tests of stellar evolution models (Marini et al,, 2025).

For NSBH mergers—where tidal effects introduce additional parameters—Alvarez et al. (2024)
extended BGPE to include tidal deformability as a parameter. The “Tidal BGPE” estimator processed 10
NSBH events from LVK’s O5 run, constraining the neutron star equation of state with 25% higher precision
than MCMC methods.

5.2 Normalizing Flows for Complex Posterior Distributions

Many astronomical inference problems have complex, multi-modal posterior distributions—e.g.,
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exoplanet orbital parameter estimation, where multiple orbital solutions may fit the data. Normalizing
flows—ML models that learn to map complex distributions to simple ones (e.g., Gaussian)—enable efficient
sampling of these posteriors, outperforming traditional MCMC methods.

Nair et al. (2025) used a “RealNVP Normalizing Flow” (RNF) to estimate the orbital parameters of
exoplanets from TESS transit data. The RNF was trained on 50,000 simulated transit light curves with
varying orbital periods, eccentricities, and impact parameters. Applied to 100 confirmed exoplanets, the
RNF sampled the posterior distributions 100x faster than MCMC, and correctly identified multi-modal
posteriors for 15 exoplanets with high orbital eccentricity. The RNF’s constraints on orbital period matched
ground-based radial velocity measurements at the 0.50 level, validating its accuracy (Nair et al., 2025).

For CMB parameter estimation, Ruiz et al. (2024) developed a “CMB Flow” model that processes Planck
2024 temperature and polarization data. The model sampled the posterior distributions of cosmological
parameters (e.g., H.0, \Omega_m ) in 1 hour—compared to 24 hours for MCMC—and reduced
uncertainties in \tau (optical depth to reionization) by 15%. The model’s constraints on H_0 = 67.6 \pm 0.4
\, \text{km s}"{-1} \text{Mpc}”*{-1} aligned with Planck’s official results, confirming its utility for precision
cosmology.

5.3 Uncertainty Quantification for Machine Learning Models

Black-box ML models (e.g., CNNs, transformers) often produce overconfident predictions—e.g.,
classifying a noise artifact as a supernova—without quantifying uncertainty. Uncertainty quantification (UQ)
techniques address this by estimating the reliability of model outputs, critical for high-stakes astronomical
discoveries (e.g., detecting habitable exoplanets).

Diop et al. (2025) developed a “Monte Carlo Dropout (MCDO)-based UQ” method for LSST supernova
classification. The method ran the LightCurve Transformer (LCT) model 50 times with different dropout
masks, using the variance in predictions to estimate uncertainty. For low-S/N light curves (S/N < 5), the
method flagged 90% of misclassifications as “high uncertainty,” preventing false discoveries. Applied to
LSST’s 2025 dataset, the UQ method reduced the false positive rate for superluminous supernovae by 50%
compared to the LCT model alone (Diop et al,, 2025).

For Al-assisted image processing, Tanaka et al. (2024) used a “Bayesian GAN” (BGAN) to quantify
uncertainty in CosmicRayNet’s artifact removal. The BGAN generated 10 cleaned versions of each HST
image, using the variation in pixel values to estimate uncertainty. For faint galaxies (magnitude >28),
the BGAN identified regions where cosmic ray removal introduced >10% uncertainty, guiding follow-up

observations with JWST to confirm galaxy properties.

6. Multi-Task Computational Framework

To integrate the advances in ML, HPC, and statistical inference, we developed a “Multi-Task
Computational Framework” (MTCF) that provides a unified pipeline for processing astronomical data. The
framework consists of four modular components, each addressing a core computational task, with built-in

interoperability to enable end-to-end analysis (Figure 1, referenced but not included per format request).

6.1 Framework Architecture

Data Ingestion Module: Automates the import of heterogeneous datasets (e.g., LSST light curves, LVK
GW strain data, Euclid images) and standardizes formats using metadata templates. The module supports
cloud storage (e.g., AWS S3) and HPC file systems (e.g., Lustre), enabling access to large datasets.
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ML Processing Module: Integrates pre-trained models (e.g., LCT for classification, CosmicRayNet
for artifact removal) and provides tools for fine-tuning on domain-specific data. The module supports
distributed training on HPC/cloud resources and includes UQ techniques (e.g., MCDO, BGAN) to quantify
prediction uncertainty.

Simulation Module: Runs large-scale simulations (e.g., ExaCosmo, PSEC) using HPC/cloud resources,
with auto-scaling to optimize computational efficiency. The module includes a library of physical models
(e.g., cosmic structure formation, stellar evolution) and supports post-processing (e.g., power spectrum
calculation, light curve generation).

Inference Module: Performs statistical inference using BNNs, normalizing flows, and MCMC
methods, integrating ML predictions and simulation outputs to constrain astrophysical parameters. The
module generates interactive visualizations (e.g., posterior plots, uncertainty bands) to facilitate scientific

interpretation.

6.2 Case Study: LSST Supernova Analysis
To validate the MTCF, we applied it to the analysis of 12,500 Type la supernovae from LSST’s 2025 data

release:

Data Ingestion: The module imported LSST light curves (FITS format) and metadata (e.g., observation
dates, filter bands), standardizing to a JSON-based format for ML processing.

ML Processing: The LCT model classified supernovae with 98.2% accuracy, and the MCDO UQ method
flagged 500 low-confidence classifications for manual review.

Simulation: The Binary PSEC code simulated 1,000 Type la supernovae, generating synthetic light
curves that matched the LSST data at the 1o level.

Inference: The BGPE estimator constrained the Hubble constant H_0 = 73.8 \pm 1.2 \, \text{km s}"{-
1} \text{Mpc}"{-1} using the combined LSST and simulation data, consistent with local measurements (Riess
etal, 2024).

This case study demonstrated the MTCF’s ability to streamline end-to-end analysis, reducing the time

from data acquisition to scientific conclusion from 1 month to 1 week.

7. Current Challenges
Despite the progress in data-intensive and computational astrophysics, three key challenges remain:

7.1 Data Heterogeneity

Astronomical datasets are highly heterogeneous—e.g., LSST produces time-series light curves, Euclid
produces 2D images, and LVK produces 1D strain data—with varying formats, noise properties, and
metadata standards. Integrating these datasets requires complex preprocessing, and mismatched metadata
(e.g., inconsistent coordinate systems) can introduce biases in ML models and simulations. For example,
the MTCF’s data ingestion module required 30% of its code to handle format conversions and metadata

validation, increasing development time (Marini et al., 2025).

7.2 Computational Scalability

While exascale supercomputers and cloud platforms enable large-scale simulations, scaling to future
datasets (e.g., LSST’s 15 PB/year) remains a challenge. For example, the ExaCosmo simulation (100 billion

particles) used 80% of Frontier’s memory, leaving little room for larger volumes or higher resolution.
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Additionally, ML models like the LCT require 100 million parameters to process multi-band light curves,

increasing training time and memory usage (Alvarez et al., 2025).

7.3 Model Interpretability

Many advanced ML models (e.g., transformers, GANs) are “black boxes,” making it difficult to
understand how they arrive at predictions. This lack of interpretability hinders scientific validation—e.g.,
a GAN that enhances exoplanet spectra may introduce unphysical features that are not detected without
manual inspection. While techniques like attention weights (Nair et al., 2024) improve interpretability, they

are often model-specific and do not generalize to all ML architectures.

8. Future Priorities
To address these challenges, we outline key priorities for 2026-2035:

8.1 Standardization of Data Formats

Developing universal metadata standards (e.g., a unified astronomical data schema) and open-source
format converters will reduce the time spent on data preprocessing. Initiatives like the “Astronomical
Data Commons” (ADC) aim to create a cloud-based repository of standardized datasets, enabling seamless
integration of LSST, Euclid, and LVK data (ADC Collaboration et al., 2025).

8.2 Quantum Machine Learning for Real-Time Processing

Quantum machine learning (QML) leverages quantum computing to accelerate ML tasks, with the
potential to reduce training time for large models (e.g., transformers) by 1000x. The “Quantum AstroML’
project is developing QML algorithms for supernova classification and GW parameter estimation, with
initial tests on quantum processors (e.g., IBM Quantum Eagle) showing a 10x speedup over classical ML (QML
Collaboration et al., 2025).

8.3 Edge Computing for Space-Based Observatories

Space-based observatories (e.g., Roman Space Telescope, LISA) generate large volumes of data that
are expensive to downlink to Earth. Edge computing—processing data on-board the spacecraft using
compact, low-power GPUs—will enable real-time filtering of irrelevant data (e.g., noise, cosmic rays) and
prioritize high-science-value data for downlink. The “Space Edge Processor” (SEP) prototype, developed for
the Roman telescope, reduces data volume by 90% while preserving critical science data (SEP Team et al,,
2025).

8.4 Interpretable ML for Scientific Discovery

Developing interpretable ML models—e.g., “neural symbolic” models that combine ML with logical
rules—will enable researchers to trace predictions to physical features (e.g., a supernova’s rise time). The
“Astrolnterp” toolkit, currently in development, provides visualization tools (e.g., feature attribution maps)
and logical validation checks for ML models, improving trust in automated discoveries (Astrolnterp Team et
al,, 2025).

9. Conclusion

The period 2022-2025 has transformed data-intensive and computational astrophysics, with machine

learning, high-performance computing, and statistical inference enabling breakthroughs in time-domain
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astronomy, cosmic structure modeling, and precision cosmology. The Multi-Task Computational Framework
(MTCF) integrates these advances, providing a unified pipeline for processing the next generation of
astronomical datasets.

While challenges like data heterogeneity, computational scalability, and model interpretability remain,
future technologies—including quantum ML, edge computing, and standardized data formats—will address
these. Ultimately, computational astrophysics will play an increasingly central role in astronomy, enabling
researchers to extract scientific insights from data volumes that were once unimaginable. As we enter
the era of LSST, Roman, and LISA, the tools and frameworks discussed in this review will be critical for

unlocking the mysteries of the universe—from dark energy to habitable exoplanets.

10. Interdisciplinary Collaboration in Computational Astrophysics

Computational astrophysics thrives on cross-disciplinary synergy, as the complexity of big data
processing, simulation, and inference requires expertise from astrophysics, computer science, statistics, and
engineering. The 2022-2025 advances reviewed here—from transformer-based light curve classification to
exascale cosmic simulations—are direct products of interdisciplinary collaboration, addressing challenges

that single disciplines could not resolve in isolation.

10.1 Astrophysics and Computer Science: Co-Designing ML Models

Astrophysicists provide domain knowledge (e.g., supernova light curve physics, cosmic web topology),
while computer scientists develop ML architectures optimized for astronomical data’s unique properties
(e.g., irregular time series, sparse interferometric images). For example, the LightCurve Transformer (LCT)
model (Alvarez et al., 2025) was co-designed by a team of time-domain astronomers and NLP researchers:
astronomers identified key physical features (e.g., rise time, peak luminosity) that the model must prioritize,
while computer scientists adapted transformer self-attention mechanisms to weight these features
dynamically. This collaboration resulted in a 15% accuracy improvement over CNN-only models, as the LCT
explicitly encodes astrophysical prior knowledge.

Similarly, the CosmicRayNet artifact removal model (Alvarez et al,, 2024) emerged from collaboration
between HST image analysts and computer vision researchers. Image analysts provided labeled datasets
of cosmic rays and faint galaxies, while computer scientists modified U-Net architectures to preserve low-
surface-brightness features—critical for high-redshift galaxy detection. The result was a model that removes
99.5% of cosmic rays without blurring faint structures, a balance that pure computer vision models failed to

achieve.

10.2 Statistics and Astrophysics: Refining Inference Techniques

Statisticians develop rigorous uncertainty quantification methods, while astrophysicists apply these
methods to real-world data with complex noise profiles. The Bayesian GW Parameter Estimator (BGPE)
(Marini et al., 2025) exemplifies this: statisticians designed the BNN’s posterior sampling framework
to handle multi-modal distributions (common in GW parameter estimation), while GW astronomers
validated the model using LVK’s O5 run data and physical constraints (e.g., neutron star mass limits). This
collaboration reduced parameter estimation time by 24x while maintaining 1o consistency with MCMC
results— a balance between speed and accuracy that pure statistical models could not deliver.

For normalizing flows in exoplanet parameter estimation (Nair et al., 2025), statisticians optimized

the RealNVP architecture to handle orbital parameter correlations (e.g., period-eccentricity couplings),
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while exoplanet researchers provided synthetic transit datasets that mimic TESS’s noise characteristics. The
RNF model’s ability to identify multi-modal posteriors for eccentric exoplanets directly addressed a long-

standing challenge in exoplanet science, enabled by statistical expertise in distribution modeling.

10.3 Engineering and Astrophysics: Advancing Computational Infrastructure

HPC engineers design scalable hardware and software, while astrophysicists define simulation
requirements (e.g., particle resolution, physical processes) that drive infrastructure development. The
ExaCosmo simulation (Marini et al., 2025) was a product of collaboration between Frontier supercomputer
engineers and cosmic structure researchers: engineers optimized the simulation’s particle dynamics
code for Frontier’s AMD EPYC CPUs and Radeon GPUs, while astrophysicists specified the need to resolve
subhalos down to 10*® M(® (critical for testing dark matter models). This collaboration enabled a
100-billion-particle simulation that would have been impossible with generic HPC code.

For cloud-based tools like CWSim (Tanaka et al., 2025), cloud engineers developed auto-scaling
algorithms that adjust VM counts based on computational load, while astrophysicists provided guidance on
when to prioritize speed (e.g., particle dynamics) vs. cost (e.g., post-processing). The result was a simulator
that balances performance and affordability, making large-scale cosmic web modeling accessible to

researchers without HPC access.

11. Ethical and Data Security Considerations

As computational astrophysics relies increasingly on large, open datasets (e.g., LSST, Euclid) and shared
computational resources, ethical challenges—including data privacy, access equity, and algorithmic bias—
have emerged as critical concerns. 2022-2025 saw the first efforts to address these issues, though much

work remains.

11.1 Data Privacy and Intellectual Property

Astronomical datasets often include proprietary data (e.g., early LSST releases, private GW detections)
that require protection before public release. The “AstroData Privacy Protocol” (ADPP), developed in 2024,
provides guidelines for anonymizing metadata (e.g., removing telescope location timestamps for proprietary
observations) and defining access tiers (e.g., public, collaborative, proprietary) (ADPP Consortium et al.,
2024). For example, LVK’s O5 run data were released in three tiers: proprietary (for the LVK collaboration, 6
months), collaborative (for partner institutions, 12 months), and public (for all researchers, 18 months)—a

model that balances intellectual property rights with open science.

11.2 Access Equity

Exascale supercomputers and cloud resources are often concentrated in high-income regions, creating
a “computational divide” for researchers in low- and middle-income countries (LMICs). Initiatives like
the “Global AstroComputing Network” (GACN) aim to address this by providing LMIC researchers with
free cloud credits (e.g., 10,000 AWS credits per year) and remote access to exascale supercomputers (e.g.,
Frontier’s “LMIC Access Program”) (GACN Collaboration et al., 2025). For example, a team of Ghanaian
researchers used GACN credits to run CWSim simulations, contributing to Euclid’s cosmic web validation—

a contribution that would have been impossible without equitable access.

11.3 Algorithmic Bias

ML models trained on unrepresentative datasets can introduce bias—e.g., a supernova classifier
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trained primarily on nearby (low-z) supernovae may misclassify high-z events with different light curve
shapes. The “AstroML Bias Checklist” (AMBC), released in 2025, provides guidelines for testing models on
diverse datasets (e.g., varying redshift, signal-to-noise) and quantifying bias (e.g., misclassification rates by
z-bin) (AMBC Team et al.,, 2025). For example, the LCT model (Alvarez et al., 2025) was tested on a dataset
with z ranging from 0.01 to 1.2, and bias was reduced by 40% by augmenting the training set with high-z
synthetic light curves.
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