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Abstract

The journey from computational "bits" to physical "atoms" transforms
nanomaterial discovery, bridging high-throughput virtual screening with
robotic synthesis and experimental validation. This review charts the
revolution driven by Al surrogates, multiscale Modeling, and self-driving
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laboratories that screen billions of candidates, predict properties like Curie

temperatures exceeding 400 K, and synthesize novel structures such as 18
new solid-state electrolytes from 32 million screened. Methodologies evolve
from DFT and MD via CHARMM-GUI to GNN-accelerated workflows like
GNOoME, achieving 11 meV /atom accuracy across 2.2 million stable crystals.
Discussions highlight case studies in 2D ferromagnets, nanoporous gas
storage, and protein-nanoparticle interactions, addressing challenges in
disordered alloys, data scarcity, and nanotoxicity ethics. Opportunities in
sustainable energy and biomedicine promise accelerated timelines from
simulation to scalable production by 2026.

Keywords: computational nanomaterials, high-throughput screening, Al
surrogates, self-driving labs, multiscale Modeling.

Introduction pipeline: virtual labs simulate thousands of

Nanomaterial development historically nanostructures daily on supercomputers, with

hinges on trial-and-error synthesis, navigating GPU  docking yielding 350x  speedups over

. . . billions of compounds. Databases like Materials
immense  design  spaces  limited by

characterization bottlenecks. Computational Project enable stability filtering, while tools such

insight revolutionizes this '"bits-to-atoms" as VINAS-Pro generate bioactivity-predicted

libraries.
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Pivotal advances include DFT-MC
screening 786 2D materials to identify 26 high-Tc
ferromagnets (>400 K), validated

experimentally. Cloud HPC processes 32 million
electrolyte candidates, predicting 500,000 stables
and guiding 18 syntheses. CHARMM-GUI
automates MD models for protein-NP coronae,
and nanoHUB

mechanics.

simulates drug delivery

Soft computing hybrids—ML, genetic

property
prediction and optimization, as seen in recent

algorithms, fuzzy logic—tackle
reviews on nanophotonics and energy storage.
By January 2026, closed-loop automation merges
computation with robotics,

cycles 70%.  This

synthesizes workflows, benchmarks impacts,

reducing
experimental review
and forecasts scalable revolutions in green
materials [1-6].

Methodology

Bits-to-atoms pipelines integrate

generation, prediction, optimization, and

synthesis in iterative loops.

e Hierarchical Filters: Classical proxies
(pore volume for MOFs) precede DFT for
electronics; ML surrogates (RF, GNNs)
handle billions.

e Property Prediction: DFT (PBE) for
Heisenberg  MC  for
magnetism in 2D lattices.

bandgaps;

Atomistic and Multiscale Simulations

CHARMM-GUI builds all-atom MD systems
with  solvation/force fields for

QM/MM  hybrids
interfaces; machine learning force fields (MLFFs)

periodic

nanostructures. model

extend timescales 10°6-fold for supercapacitors.

Optimization and Active Learning

e (lassical ML: RF/SVM for CO2 uptake
(R?=0.85); GPR uncertainty guides DFT
queries.

o Deep ML:GNoME GNNs
energies; VAEs inverse-design; genetic

predict

algorithms multi-objective tuning.

Computational Generation and Screening * Robotic  Closure: Self-driving  labs
(LUMI) synthesize/test ML-
e Structure Libraries: Hypothetical recommended candidates
enumerators plus Materials autonomously.
Project/OQMD data; VINAS-Pro adds
bioactivity forecasts.
Stage Bits (Compute) Atoms (Experiment) Acceleration
Screening 1079 candidates/day 10”2 syntheses/month 10"4x
Prediction GNN %1 meV/atom XRD/EXAFS 100x
Optimization Active learning Trial-error 70% cycles
Deployments leverage cloud HPC with Bayesian e 2D Ferromagnets: From 786 screened via

DFT-MC, 26 achieve Tc>400 K; ML
surrogates cut compute 10x.

hyperparameter tuning [1-6].

Discussion
e Nanoporous Storage: Multi-fidelity

screening optimizes CH4/CO2 in MOFs,
with DFT

Computational revolutions manifest in validated

discoveries, revealing synergies and hurdles.

balancing pore metrics

Transformative Case Studies

validation.
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e Electrolytes: 32M—500K
MLFFs
intercalation realistically.

stables—18

syntheses; model ion

e Biomedicine
NPs: nanoHUB/ CHARMM-GUI
predicts coronae; TuNa-Al engineers
42% better drug delivery.

e Supercapacitors: QM/MM + ML
polarizable electrodes reveal co-ion
effects missed by classics.

GNoME's 2.2M crystals exemplify scaling laws:
accuracy improves with dataset size. Soft
computing hybrids (ML+GA+FL) excel in

catalysis/energy.
Emerging Insights
e Multiscale Bridging: CG-MD feeds all-

e Data-Driven Design: Nano-QSAR

predicts cytotoxicity; active loops

address scarcity.

e Autonomy: Robotic platforms execute
bit-derived recipes end-to-end.

Critical Challenges

e Disordered Alloys: Site

defies predictions; MLFFs + physics

occupancy

constraints help.

e Rare Properties: High-Tc events demand
targeted sampling.

e False Positives: Protein prep errors in
virtual screening.

e Scalability/Interpretability: Black-box
risks; hybrids (SHAP+GNN) balance.

atom  refinement for NP-protein e Ethics: Nanotoxicity via HTS, but
dynamics. validation gaps persist.
Challenge Computational Fix Experimental Bridge
Data Scarcity Transfer/active learning Shared databases
Accuracy Gaps MLFFs/QM/MM Closed-loop robotics
Interpretability Hybrid models Uncertainty propagation
Industry  scales  for  batteries/catalysts; Comput.Appl. https:/ /www.osti.gov/page

conferences signal quantum-nano futures [1-7].
Conclusion

From bits to atoms, computational insight
revolutionizes nanomaterials, slashing discovery
timelines from years to months via Al-multiscale
synergies. Validated hits in ferromagnets,
electrolytes, and therapeutics prove the
paradigm, with self-driving labs closing the loop.
Overcoming data/accuracy hurdles through
hybrids and ethics will unlock sustainable
revolutions. By 2027, routine inverse design will
yield designer materials, cementing computation

as the vanguard of nanoscience.
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