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ABSTRACT: Hydrogen storage remains a central bottleneck for
scalable hydrogen energy systems due to the multiscale and coupled
nature of the thermodynamics, kinetics, and microstructural evolu-
tion of hydrogen storage materials (HSMs). Although artificial intel-
ligence (AI) has accelerated materials discovery, current approaches
remain constrained by fragmented data, limited physical consis-
tency, and weak integration with experimental validation. Here,
we propose a unified framework that integrates coherent data infra-
structure, physics-grounded modeling, and Al-driven inverse design
within a closed-loop discovery paradigm. By constraining optimiza-
tion with thermodynamics, kinetics, uncertainty, provenance, and
experimental feedback, this approach enables adaptive, physically
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consistent optimization, thereby establishing a pathway toward autonomous, digital-twin-enabled discovery of HSMs.

ydrogen is widely regarded as a cornerstone of future

carbon-neutral energy systems, yet its deployment
remains constrained by the lack of efficient, safe, low-cost, and
reversible storage solutions."”” Its low density under ambient
conditions (0.082 kg m™3, corresponding to a volumetric energy
density below 10 MJ m™>) necessitates densification strategies
for practical use. While compression (35-70 MPa) and liquefac-
tion (<25 K) are established approaches, both impose signifi-
cant energy penalties and engineering challenges, limiting
scalability. These limitations originate from the intrinsically
weak intermolecular interactions of dihydrogen, which hinder
dense packing. Here, we focus specifically on solid-state hydro-
gen storage materials (HSMs), thereby excluding liquid organic
hydrogen carriers. Within this framework, two broad strategies
have therefore emerged: physisorption in high-surface-area
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porous solids and chemisorption via metal-hydrogen bond for-
mation, each with distinct advantages and limitations.’
Physisorption-based storage relies on weak gas—surface interac-
tions and is the most effective at low temperatures. Nanoporous
materials such as metal-organic frameworks (MOFs), covalent—
organic frameworks (COFs), hydrogen-bonded organic frame-
works (HOFs), and porous organic polymers (POPs) offer high
surface areas and tunable pore environments, enabling systematic
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exploration of structure—property relationships.”” However, low
adsorption enthalpies limit performance near ambient conditions,
motivating efforts to enhance binding strength without sacrificing
reversibility.

In contrast, solid-state hydrogen storage via chemisorption in
metal and complex hydrides offers significantly higher volumet-
ric densities.®'° In these systems, hydrogen uptake and release
involve bond formation and phase transformations, leading to
favorable storage capacities but also introducing challenges
related to thermodynamics and kinetics. The behavior of such
materials is commonly characterized by pressure—composition
isotherms, from which key quantities such as enthalpy, entropy,
and maximum storage capacity can be extracted. In practice,
however, reliable datasets remain scarce due to sluggish kinetics,
contamination effects, and sensitivity to microstructural and
processing conditions, which hinder both fundamental under-
standing and the rational design of materials and systems.

Beyond these two archetypes, emerging material classes
(including compositionally complex high-entropy alloys) offer
additional opportunities to tune hydrogen interactions through
multicomponent design.'' Despite this diversity, the discovery
of high-performance HSMs remains slow and largely empirical,
reflecting the intrinsic complexity of coupled thermodynamic
and kinetic processes. In addition, HSMs span distinct chemical
classes (ie., including metal hydrides, complex hydrides, and
nanoporous frameworks) that often exhibit limited transferabil-
ity of design principles, effectively forming “islands” of chemis-
try. Also, additional classes (i.e, non-reversible chemical
hydrides, hydrolysis-based systems, and liquid organic hydrogen
carriers) present distinct challenges and design criteria, further
broadening the hydrogen storage landscape.

Hydrogen storage performance is governed not only by the
capacity but also by the equilibrium pressure, operating temper-
ature, diffusion kinetics, phase transformations, and long-term
cycling stability, reflecting a fundamentally multi-objective opti-
mization problem.'? Crucially, these properties are path-depen-
dent, evolving across multiple length and time scales and
remaining highly sensitive to activation history, defect structure,
impurities, and operating conditions. In addition, system-level

factors (e.g, heat and mass transport and tank design) impose
further constraints on practical performance, collectively limit-
ing the predictive design."

Recent advances in data-driven materials science and artificial
intelligence (AI) offer new opportunities to address these chal-
lenges.'**° High-throughput computational screening, curated
experimental datasets, and machine-learning (ML) models
enable rapid exploration of vast design spaces and identification
of promising candidates. However, progress is currently con-
strained by fragmentation across data sources and by the limited
integration of physically meaningful descriptors, kinetic effects,
and degradation processes. As a result, model robustness and
transferability remain limited.

Addressing these challenges requires a more tightly inte-
grated framework that connects data generation, model devel-
opment, and experimental validation. While automation and
self-driving laboratory (SDL) approaches can accelerate data
acquisition and improve reproducibility, their primary value lies
in enabling the generation of consistent, high-quality datasets
that capture condition-dependent behavior. When coupled with
physics-informed models, such data can support more reliable
predictions and iterative refinement of materials design strate-
gies, rather than serving as an end in themselves.

A new paradigm is therefore emerging that integrates
data infrastructure, physics-grounded modeling, and adaptive
experimentation within a unified, closed-loop framework. In
this context, hydrogen storage remains inherently multiscale
and path-dependent, requiring approaches that explicitly
account for thermodynamic consistency and reproducibility.
The current capabilities, limitations, and open challenges are
summarized in Table 1, highlighting key bottlenecks and oppor-
tunities for integration across these domains.

Here, based on the current state of the field and in-depth dis-
cussions among 69 active researchers from the global communi-
ties of HSMs, Al SDLs, and computational science, we outline
a pathway toward an integrated, physics-aware ecosystem for
solid-state. HSM discovery. In this context, “physics-aware”
refers to more than the use of Al models for prediction; it treats
thermodynamic consistency, kinetic feasibility, uncertainty,

Table 1. Maturity and Key Challenges of AI-Driven Components in HSM Discovery

component current capabilities key limitations
Data Curated datasets, high- Fragmentation, datasets with incompatible formats and
infrastructure  throughput computation,
high-throughput kinetics/degradation, incomplete experimental context,
experiments limited reproducibility assessment
Physics- Atomistic dynamics, Limited transferability, free-energy accuracy
grounded diffusion, defects, phase
modeling transformation
with MLIPs
GMs Structural exploration, Lack of physical constraints, uncertain synthesizability,
inverse design limited experimental grounding, out-of-distribution
predictions
LLMs Knowledge extraction,

hypothesis generation,
multimodal literature
mining

uncertainty

Active learning  Active learning for

and computations, Bayesian computations, different data fidelities
uncertainty optimization for
quantification experimentation

Closed-loop ML-guided experiments,

discovery early automation

Separate acquisition frameworks for experiments and

next challenges

Interoperable, multimodal, thermodynamically

schemas, inconsistent datapoints across datasets, missing  consistent, and reproducibility-aware datasets with

uncertainty, provenance tracking, data augmentation
strategies

Integration with thermodynamics, open-system
formalisms, and multiscale models under
experimentally relevant conditions

Physics-constrained generation coupled with
thermodynamic validation and synthesis-aware
screening

Lack of physical grounding, hallucinations, alignment, loss Integration with physical models and databases,
of context, variable reliability, limited treatment of

provenance-aware reasoning frameworks

Hybrid, cost-aware experimental-computational
acquisition strategies

Limited adaptability, integration gaps, weak uncertainty ~ Autonomous, adaptive experimental systems, linked to
handling, insufficient data-quality awareness

reproducibility-aware databases and confidence-
calibrated decision-making
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provenance, and experimental feedback as integral constraints
throughout data construction, modeling, inverse design, and
validation. This distinguishes it from conventional materials
informatics workflows, where physical validation is often
applied only after candidate prediction. By combining struc-
tured data, interpretable models, and iterative experimental val-
idation, this approach aims to accelerate the identification and
optimization of HSMs, ultimately enabling scalable and efficient
energy systems.

The central bottleneck in data-driven hydrogen storage
research is no longer the lack of predictive algorithms, but the
absence of a thermodynamically coherent and interoperable
data infrastructure grounded in experiment. Hydrogen storage
data exist in two partially disconnected layers (Figure la):
(i) computational repositories containing density functional
theory (DFT) energies, structures, and descriptors and (ii) het-
erogeneous experimental reports, where key information is
often buried in figures or narrative text, spread across formats
and languages, and is difficult to retrieve with standard search
methods. This fragmentation forces reliance on expert interpre-
tation and limits reliable ML and inverse design.

Computational repositories have advanced significantly.
Databases such as the Materials Project, OQMD, AFLOW,
NOMAD, and Alexandria provide large-scale access to com-
puted structures and energetics, enabling high-throughput
screening.”' > However, these datasets are biased toward equi-
librium properties under idealized conditions and generally lack
surface and interface information. For solid-state HSMs, where
performance depends on pressure-temperature behavior, kinet-
ics, and cycling stability, static computational data provide an
incomplete representation. Moreover, the lack of explicit link-
age between computed entries and experimentally validated sys-
tems limits their applicability.

For nanoporous materials such as MOFs, high-throughput
simulations have enabled large databases linking structure, pore
characteristics, and adsorption behavior (e.g, CoRE, QMOF,
and MOFX-DB).>*® These datasets more directly connect
structure to performance under defined conditions, although
still largely within idealized frameworks. Despite this progress,
structure—property relationships remain limited by kinetic
effects, phase transformations, and cycling complexity that are
not fully captured in such models. More broadly, experimental
and theoretical studies of MOFs and COFs have established
key principles governing hydrogen adsorption.*** While pris-
tine frameworks can achieve high gravimetric uptake under
cryogenic conditions, their performance near ambient condi-
tions is constrained by weak host—guest interactions. Efforts to
enhance adsorption enthalpy (through alkali metal doping, tran-
sition metal functionalization, and electronic structure tuning)
have demonstrated improved binding, but achieving practical
storage performance under realistic conditions remains chal-
lenging.® Recent work combining high-throughput screening
and ML is therefore shifting the focus toward rational design
strategies that target both adsorption energetics and operating
conditions.”’ Recent developments further incorporate data-
driven approaches for synthesizability prediction and transfer
learning across adsorption spaces in MOFs, enabling more effi-
cient exploration of experimentally accessible materials.>>>*

Curated experimental databases have improved accessibility
and consistency, partially bridging the gap between computa-
tional repositories and real systems. For example, the Digital
Hydrogen Platform (DigHyd: www.dighyd.org) extracts and

standardizes hydrogen storage data from the literature
(Figure 1b), aggregating thousands of publications and entries
focused on thermodynamic quantities derived from pressure—
composition—temperature measurements.>* In DigHyd, each
standardized entry is linked to the source publication, material
identity, measurement type, extracted or reported value, unit
convention, reference state, and data provenance, enabling com-
parison across heterogeneous literature records. Such efforts
address a key limitation: capacity alone is insufficient to evaluate
performance, as thermodynamic and kinetic constraints ulti-
mately determine usability. However, inconsistencies in
reported quantities (e.g., hydrogen content definitions and ref-
erence states) continue to introduce uncertainty and complicate
comparison. In addition, both computational and experimental
datasets typically report single-point values without quantified
uncertainties.

Al-assisted data extraction has enabled the construction of
such datasets at scale. Frameworks such as the descriptive
interpretation of visual expression (DIVE) approach enable
systematic extraction of figure-based data, including pres-
sure—composition isotherms and desorption profiles.*
However, automated extraction introduces challenges related
to accuracy, hallucination, and reproducibility, particularly
when relying on large language models (LLMs). Retrieval-
augmented approaches can partially mitigate these issues, but
robust validation remains essential.

A more fundamental limitation lies in the absence of stan-
dardized data reporting protocols. Experimental hydrogen stor-
age data are frequently presented in graphical form, resulting in
the loss of underlying measurement information and limiting
reproducibility. This issue is particularly acute for microporous
materials, where key adsorption features occur at very low rela-
tive pressures and are not easily extracted. Establishing
machine-readable formats, analogous to the adsorption infor-
mation file (AIF),*® alongside standardized reporting guidelines
for hydrogen sorption measurements,”” would significantly
improve data comparability and reuse. Furthermore, many
hydrogen storage reactions involve amorphous or partially dis-
ordered intermediates that are not readily captured by periodic
representations, highlighting the need for approaches that
incorporate local structural descriptors or statistical models of
disorder.

Future hydrogen-storage databases should therefore record
not only extracted values but also minimum contextual meta-
data, including PCT curves, temperature and pressure proto-
cols, activation procedures, catalyst identity and loading, gas
purity, kinetic conditions, cycling history, uncertainty, and
provenance. Such information is essential because nominally
similar HSMs can show different behaviors depending on the
processing history, impurities, catalysts, and measurement
conditions.

Scalability alone does not resolve the core challenge: hydro-
gen storage data are highly sensitive to experimental context,
including the activation history, processing history, microstruc-
ture, impurities, catalysts, surface and mechanical stress, and
cycling conditions. Importantly, impurities and compositional
inhomogeneities can lead to the formation of secondary phases,
which fundamentally alter the thermodynamic behavior rather
than acting as minor perturbations. As a result, datasets lacking
detailed contextual metadata can propagate errors into derived
parameters and ML models.*® Addressing this requires a shift
toward reproducibility-aware data curation, where each record
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Figure 1. continued

Figure 1. Data infrastructure for solid-state HSMs. (a) Schematic comparison between computational and experimental data. Computational data-
bases (e.g.,, Materials Project, OQMD, AFLOW, NOMAD, Alexandria, CoRE, QMOF, and MOFX-DB)*'** provide DFT-derived equilibrium prop-
erties under idealized conditions, whereas experimental data reflect real operating environments, including pressure, temperature, compositional
variability, impurities, surface conditions, measurement uncertainty, and bulk morphology. The lack of direct correspondence between these domains
highlights a fundamental gap in the current data infrastructure. (b) Representative example of curated experimental data from the Digital Hydrogen
Platform (DigHyd), comprising >4000 publications and >30,000 entries of thermodynamic measurements (e.g., hydrogen capacity w, enthalpy AH,
and entropy AS).** Standardization across differing reporting conventions (e.g, H/M vs wt % and reference states) was addressed. (c) DigHyd
enables the application of white-box symbolic modeling (as an example, a symbolic modeling case of gravimetric storage density (w) is represented),
revealing physically interpretable relationships between composition and hydrogen storage properties.””*' Reproduced from ref 39, under the terms
of CC BY-NC 4.0. (d) Data-driven regression linking dehydrogenation barrier (E ) and onset temperature for MgH -based materials, highlighting the
gap between the current material performance and US Department of Energy {US-DOE) and the high-temperature proton-exchange membrane
(HT-PEM) targets.*” Reproduced from ref 42, under the terms of CC BY-NC 4.0. (&) Conceptual framework for a next-generation hydrogen storage
database integrating computational and experimental data. The unified platform incorporates thermodynamic, kinetic, degradation-related and
reproducibility-aware metadata, together with experimental context such as activation protocols, catalyst composition, gas purity, cycling history,
and measurement provenance. Explicit treatment of uncertainty, negative/null results, and confidence-weighted data quality enables more reliable
comparison between literature records and computational predictions. Physics-grounded learning and MLIPs enhance predictive consistency, while

GMs and LLMs facilitate data integration, knowledge extraction, and inverse design.

includes experimental provenance, measurement conditions,
and confidence levels.

Such a framework should also distinguish between directly
reported and extracted data, incorporate uncertainty quantifica-
tion, and apply physics-based consistency checks across thermo-
dynamic quantities. Importantly, negative and null results
should be retained, as they define failure boundaries and
improve model calibration. In future Al-driven HSM platforms,
uncertainty and reproducibility should be treated as central
design principles that determine which data are trusted, which
models are deployed, and which experiments should be per-
formed next. This progression transforms static databases from
passive repositories into digital data platforms that actively sup-
port model updating, confidence scoring, and closed-loop can-
didate selection.

Despite progress, the current data landscape remains frag-
mented. While computational datasets provide structural
descriptors and curated platforms organize thermodynamic
data, other critical properties (e.g, kinetics, cycling degradation,
hysteresis, activation barriers, impurity sensitivity, and phase
evolution) remain sparse and inconsistently reported. This
imbalance limits model robustness and transferability.

This fragmentation directly constrains predictive modeling,
ML models trained on incomplete datasets may perform well
within limited domains but fail to generalize across materials
and conditions. In contrast, curated datasets with physically
meaningful descriptors enable more reliable and interpretable
models. For example, symbolic regression applied to curated
hydrogen storage datasets has revealed compact, interpretable
relationships between composition and thermodynamic proper-
ties (Figure 1c).**™*' Similarly, data-driven analyses of Mg-
based hydrides quantify the dehydrogenation behavior and
highlight gaps relative to application targets such as those
defined by the US Department of Energy (Figure 1d).*>*

A critical next step is the integration of experimental and
computational data into a unified framework (Figure le). On
the experimental side, standardized identifiers, reproducibility-
aware metadata, consistent reporting of key properties such as
microstructure and phase constitution, and inclusion of negative
results are required. Consistent reporting of microstructure and
phase constitution are particularly important as microstructural
features strongly influence kinetics. On the computational side,

advances in physics-based learning and machine-learning inter-
atomic potentials (MLIPs) offer improved representation of
realistic behavior across time and length scales. Together, these
developments point toward a hydrogen-storage-specific data
ecosystem that is interoperable, physically grounded, and
predictive.

HSMs are often evaluated in terms of equilibrium capacity
and hydride formation stability, yet their practical performance
is governed by dynamics.** Hydrogen diffuses through solids,
redistributes among interstitial sites, interacts with defects, and
drives the nucleation and evolution of hydride phases during
cycling.*> These processes are further influenced by volume
changes and internal stresses, which can enhance transport or
induce hysteresis, fracture, and degradation. Hydrogen storage
is therefore governed by evolving atomic and microstructural
states rather than static structures. Notably, hydrogen-
containing systems often exhibit significant dynamical disorder,
with some phases stabilized only at finite temperature, as
reflected by imaginary phonon modes in static calculations; cap-
turing such effects, including their impact on ionic mobility,
remains a key challenge for both data representation and atom-
istic modeling.

This distinction has direct implications for atomistic model-
ing. DFT has been indispensable for evaluating hydrogen bind-
ing, migration barriers, and defect energetics, but is limited to
small-scale, largely static simulations. Ab initio molecular
dynamics (AIMD) extends this framework but remains
restricted to short trajectories and cannot capture converged
diffusion, phase boundaries, or long-time degradation.
Mesoscale approaches describe phase-front propagation,
chemo-mechanical coupling, and hysteresis, but depend on
atomistic inputs that are often inconsistent and valid only over
limited regimes.*® A central challenge is therefore achieving
DFT-level accuracy at experimentally relevant spatial and tem-
poral scales.

MLIPs provide a critical bridge (Figure 2a).*” By learning
potential-energy surfaces from DFT data, MLIPs enable simula-
tion of hydrogen motion, structural rearrangement, and
mechanical response across extended scales. They replace
explicit electronic—structure calculations with surrogate models
that predict energies, forces, and stresses from atomic environ-
ments.”® This capability is particularly important for solid-

https://doi.org/10.1021/acsenergylett.6c01856
ACS Energy Lett. XXXX, XXX, XXX-XXX

9z0z ¥snbny g} uo isenb Aq ypd 89581 0-9202-2U/9€ L £¥599/9581 099 HelABisussoe/ L Z0 1L 01/10p/spd-ajone/doojee/Bi0-soe sqnd woy pspeojumoq


http://pubs.acs.org/journal/aelccp?ref=pdf
https://doi.org/10.1021/acsenergylett.6c01856

ACS Energy Letters pubs.acs.org/journal/aelccp

e - — -

: a ¢ Validation

2 (complex phase, Mesoscale model
mm| 3 dynamic defects, V /
8 anisotropic strain) Continuum
©
& Active learning e - Micro-evolution
y . - o
um (new configurations, P : High-fidelity B ‘ Macro-features
uncertain structures)
Efficient

Quantum chemistry / DFT Scalable j Atomistic inputs

(energy, force, stress)
'). Data training

nm

A
e (structures,
Accurate, small-scale trajectories) . »
emporal scale
fs ps ns s ms S h™

:‘H.;(I)vn ) 'L—C\:,EHAI).

AN TR S 5=
S I = ; - ) y AL th:‘— o) 3H,(s)
. o e ol | d e h 22 3 >, . 4 I ok ¢ : by ‘B %
S odd| RN i S rol0%0% et Lo
Ty [ ! 25 \ 1219 0 0 CAC T

e ——

s

1 3 LI o :

% . e vopng | € % igd
a8 y Sl & stes 5004 CaHy( 10gea |
% DRSS CP

et —
L R AERERERERRR] B .A_SDGPaI
p ;«“ go, 50éPaI
y E\ B 3 8 s . . | |
CaHy(s) CaH,(l) CaH,(s)
+Hy(1) 1
1
MgnHm Ni-Mn-H Taz()Wgo CaH4 |
Binary hydrides Complex alloys Extreme disorder / reaction path 1
y ny | y f 1
S ———
|
p 1
o 1
{,\:" I
o ® 1
4 1
,2‘." " |
‘.' 1
~ RMSE=0.042 eV :
04 -02 00 02 |
DFT Eseq (€V) |
]
1 1300 200 100 60 _, 1000 200 100 60 1
10° r 107 - - - -4 T T T T T T |
! ’ \ T(K) T(K) RPM.D e 1
1 5| Wy 5 ¥ Suleimanov W 1
10 «©% -4 —_ ]
| U 10+ 1 T Mullins et al. ™ 1
1 —~ 1w D — o 8- Gomereta, @ 1
1 Y B Tw R 10 " = 10 Wong et al. I
1t 10" - e % = 1
1 3 « Bulk [QTST] 3 = \ p 12k 1
1 Q el Bulk [RPMD] o Q 10 '« RPMD \\ :‘/ I
10 F gukmo) - —~ a4l
| lx MD N S * 1
1 _,+ 1 Surface [QTST] ) 10" B, %0
I 10T, Surtace [RPMD) 1 [+ QTST X e S 16 |
+ Surface [MD] . . |- Classical \ a ]
1 102 " 2 107" ; F d 18 1 1 1 1 1 1 I
1 2 10 1S . 10 15 © 5 10 15 20 25 30 3 |
I 1000/ T(/K) 1000/ T(/K) 1000/T(/K) 1
e o e e e e o e e e e e e e e
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Figure 2. continued

dynamic defects, and anisotropic strain, before supplying quantum-informed parameters into macroscopic applications. (b) Modeling of hydrogen
diffusion across environments Left: Time-progression trajectory (blue to red) of a hydrogen atom in MgH, . at 673 K, illustrating oscillations
within interstitial sites.”> Reproduced from ref 52 under the terms of CC BY 4. O Equilibrated Mg H nanoclusters at 300 K, where orange spheres
and bicolor sticks denote unbonded Mg and Mg-H coordination, respectively.** Reproduced with permission from ref 53. Copyright 2020 American
Physical Society. Center: Representative atomic configuration of a Ni-25 at.% Mn alloy used in MD to predict hydrogen diffusion coefficients.”*
Reproduced from ref 54 under the terms of CC BY 4.0. Right: Atomistic mechanisms of super-Arrhenius diffusion in non-equimolar TazoWso at
500 K; the visualization maps H visitation frequencies at tetrahedral interstitial sites, highlighting the local metallic environments of specific trapping
and inaccessible sites.”® In addition, MLIP-driven MD simulations capture surface-melting-driven hydrogen absorption pathways during high-pressure
hydrogenation for CaH , providing direct insights into the reaction mechanisms beyond equilibrium diffusion.” Reproduced from refs 55 and 59,

under the CC BY 4.0. 6c) Atomistic insights into hydrogen segregation and microvoid evolution at grain boundarles (GBs). Left: Visualization of
microvoid nucleation (green box) within an a-Fe system containing a tilt GB at a 1.856% hydrogen concentration.® ? Reproduced from ref 60, under
CC BY 4.0. Right: Representative calculation cell showing the initial positions of H atoms (red) relative to Fe atoms (blue) used to evaluate segregation
energies (Egeg) at general grain boundaries (GGB). The Eg values for 8S distinct sites at GGB show good agreement between MLIP (vertical axis) and
DFT (horizontal).! Reproduced from ref 61, under CC BY 4.0. (d) Temperature (T) dependence and quantum effects of hydrogen diffusion on the
Pd(111) surface and bulk. Left: Pd(111) surface diffusion is faster than bulk Pd at low T. This disparity arises from environment-specific nuclear quantum
effects and competing zero-point energy (ZPE) corrections in the surface and bulk. Data are evaluated using the quantum transition state theory
(QTST), ring polymer molecular dynamics (RPMD), and classical MD.®* Center: Surface diffusion D on the Pd(111) evaluated using QT ST, RPMD,

classical MD, and classical transition state theory. The classical method exhibits Arrhenius behavior (a stralght hne) In contrast, the path-integral simu-
lations (QTST, RPMD) deviate from this straight line below 200 K, showing a clear non-Arrhenius behavior.®* Reproduced from ref 64, under CC BY
4.0. Right: An MLIP model coupled with RPMD and kinetic Monte Carlo (kMC) resolved T-dependent hydrogen diffusion coefficients on Ni(100) and

literature comparison.”® Reproduced with permission from ref 65. Copyright 2020 American Institute of Physics.

state HSMs, where wide composition ranges, competing phases,
and defect-rich environments require models that remain reli-
able across diverse configurations.*” Active learning has become
central to MLIP development, iteratively expanding the training
domain through targeted DFT calculations.”

Foundation models have further expanded this capability.’!
These models aim for transferability across chemistries, reduc-
ing the need for system-specific training. However, hydrogen
storage systems (characterized by defects, multiphase behavior,
and anisotropy) remain challenging and often require system-
specific validation.

A central application is hydrogen diffusion, a primary kinetic
bottleneck. In magnesium hydrides, MLIP-based simulations
extend diffusion modeling beyond static barriers and short
AIMD trajectories.>> These approaches reveal nanoscale trans-
port and structural evolution inaccessible to conventional
methods (Figure 2b, left).>* In high-entropy alloys, MLIPs cap-
ture environment-dependent diffusion behavior arising from
chemical disorder (Figure 2b, center).>* Coupled with neural-
network-driven kMC, they further reveal super-Arrhenius diffu-
sion in systems such as MoNbTaW (Figure 2b, right).>®

Beyond transport, MLIPs enable modeling of phase transfor-
mations and hydrogen ordering.”® In TiCr, Laves phases,
actively learned MLIPs combined with DFT and Monte Carlo
methods predict hydrogen ordering and thermodynamics.®’
Multiphase MLIPs spanning HCP, BCC, and FCC titanium
hydrides demonstrate that accurate diffusion modeling requires
broad phase coverage.”® MLIP-driven MD has further revealed
complex hydrogenation pathways, including surface-melting-
driven absorption and high-pressure superhydride formation
(Figure 2b, right).”

Realistic hydrogen storage behavior also depends critically on
defects, surfaces, and interfaces. Defects trap hydrogen, surfaces
might hinder and interfaces redirect transport, and cyclic lattice
expansion generates stresses that influence kinetics and durabil-
ity. MLIP-based simulations capture these coupled effects,
including hydrogen embrittlement and grain-boundary behavior
(Figure 2c).°%" These mechanisms are central to long-term

cycling performance,®* particularly in heterogeneous systems
such as reactive hydride composites and catalyzed complex
hydrides, where interfaces further increase the dimensionality
of the design space. Complementary experimental validation is
therefore essential: neutron scattering techniques, with their
unique sensitivity to hydrogen, enable direct observation of site
occupancy, diffusion, and phase evolution, providing key bench-
marks for atomistic simulations.

Hydrogen further challenges classical descriptions due to
nuclear quantum effects. Zero-point motion and tunneling
influence diffusion barriers and Arrhenius prefactors, as well as
isotope dependence (Figure 2d). MLIPs enable tractable path-
integral simulations,®> capturing phenomena such as non-
Arrhenius quantum diffusion on Pd(111) and H diffusion on
Ni surfaces.**%°

Despite these advances, current MLIPs remain limited in
scope and thermodynamic consistency. Important failure
modes include extrapolation outside the training domain,
incomplete treatment of long-range interactions, magnetic-
state changes, and inaccurate free-energy differences in
hydrogen-rich or multiphase systems. Their accuracy often
degrades as the hydrogen concentration changes, defects accu-
mulate, or multiphase transformations occur—conditions cen-
tral to real operation.’® Therefore, MLIP predictions for
HSMs should be monitored by uncertainty estimates and vali-
dated against thermodynamic, kinetic, and experimental observ-
ables. Hydrogen storage is governed by free-energy landscapes
arising from coupled electronic, structural, and magnetic contri-
butions.®® Capturing these landscapes, rather than local forces
alone, is essential for predicting experimentally observable
behavior.

Progress therefore requires integrating MLIPs with explicit
thermodynamic formalisms, including thermodynamic integra-
tion, free-energy methods, grand canonical ensembles, and
CALPHAD-based approaches to predict plateau pressures,
phase coexistence, and hysteresis.”” Multiscale coupling pro-
vides a complementary pathway.®® MLIP-derived quantities
(e.g, diffusion coefficients, energetics, and interfacial
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35
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Mg,Fe, ;Co,,sMn,, alloy) within minutes until researcher-defined thermodynamic targets are met. Reproduced from ref 35, under the terms of
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Figure 3. continued

CC BY-NC 4.0. (d) Conceptual illustration of dual-stream convergence between GMs and LLMs for HSM discovery. The integrated GM+LLM
framework combines structural exploration with knowledge-based constraints, enabling knowledge-guided navigation of the energy landscape toward

physically viable and synthetically accessible stable materials.

properties) can parameterize mesoscale models, enabling simula-
tion of nucleation, coarsening, and phase evolution.®’ Increasingly,
hese properties are recognized as size- and state-dependent,
evolving with local structure and composition.””"

Importantly, most current case studies rely heavily on theo-
retical calculations. While these provide critical mechanistic
insights, they remain limited by approximations in electronic
structure methods and by incomplete representation of experi-
mental complexity. A key future direction is therefore the inte-
gration of active learning with high-quality experimental
characterization (e.g., atomic-scale structural analysis and in situ
hydrogenation/dehydrogenation measurements) to iteratively
calibrate simulations and refine underlying physical models.
Such an integration offers a pathway not only to improving
the predictive accuracy but also to reconstructing theoretical
understanding based on the experimentally validated behavior.

The next generation of multiscale frameworks will therefore
combine DFT-level accuracy, MLIP-enabled atomistic dynam-
ics, and mesoscale modeling into a unified, physics-grounded
hierarchy capable of capturing microstructural evolution and
long-term degradation under realistic conditions.

Beyond predictive fidelity, design-oriented modeling also
benefits from explainability. For solid-state HSMs, it is often
insufficient to reproduce capacity or diffusion alone; models
must relate predictions to chemically meaningful local environ-
ments to guide experimental design. Structure-aware
approaches provide one route, enabling site-resolved interpreta-
tion of model predictions within extended frameworks.

MLIPs have transformed hydrogen storage modeling from
static descriptions of binding and barriers to dynamic descrip-
tions of transport, phase transformation, and mechanics. The
next challenge is their integration into a thermodynamically
coherent, multiscale framework that links atomic-scale pro-
cesses to macroscopic performance, while enabling the inverse
design of solid-state HSMs.

The discovery of high-performance HSMs can be framed as a
constrained inverse design problem. Candidate materials must
satisfy multiple competing criteria, including capacity, equilib-
rium pressure, kinetics, and cycling stability, with the require-
ment of falling within a narrow thermodynamic window
representing a key—but not exclusive—constraint for reversible
operation under practical conditions. Importantly, both
enthalpy and entropy contribute to this constraint; in metal
hydrides, these quantities are often coupled, such that reduc-
ing thermodynamic stability does not necessarily translate into
improved operating conditions. Traditional high-throughput
screening struggles to meet these requirements, as it is
restricted to existing computational and experimental
datasets.**

To address this limitation, recent approaches explore a “dual-
stream” Al framework combining generative models (GMs)
and LLMs. GMs act as structural generators, proposing candi-
date materials in a continuous configuration space, while
LLMs extract empirical knowledge and constraints from
unstructured literature.

By learning structural patterns of known materials, GMs gen-
erate candidate structures from latent representations, expand-
ing exploration beyond enumerated databases. This capability
has enabled the identification of previously unreported struc-
tures, including new Mg—H phases and property-conditioned
crystal generation using diffusion-based models such as
MatterGen (Figure 3a).”” However, because these models
remain constrained by their training distributions and represen-
tations, they often explore variations of known structural motifs.
More critically, while recent approaches incorporate property
conditioning or post hoc filtering, the enforcement of physical
validity, synthesizability, and hydrogen-storage-specific con-
straints during generation remains limited, which can lead to
metastable or non-viable candidates, particularly in large combi-
natorial spaces such as nanoporous materials.”*

In parallel, LLMs are transforming how materials knowledge
is utilized. Automated workflows such as DIVE convert graph-
ical data (e.g, pressure-composition-temperature curves) into
structured datasets, enabling large-scale database construction
(Figure 3b).*> Beyond data extraction, LLMs are increasingly
integrated into active learning workflows, where they assist in
proposing and refining candidate materials (either in com-
bination with surrogate models or as direct decision-making
agents), thereby accelerating iterative materials discovery
(Figure 3c).”*”> However, LLM-generated hypotheses are not
inherently constrained by physical laws and require external
validation.

In the near term, LLMs are most realistic as tools for litera-
ture mining, data extraction, provenance tracking, synthesis-
condition summarization, and human-in-the-loop hypothesis
generation, whereas GMs can expand candidate diversity before
physics-based validation. Fully autonomous LLM/GM agents
that propose, validate, synthesize, and refine HSMs remain a
longer-term vision requiring stronger physical constraints and
closed-loop experimental validation.

These complementary limitations motivate integration. In a
unified framework, LLMs provide empirically grounded con-
straints (e.g., composition limits, element selection, symmetry
preferences, synthesis conditions, hydrogen occupancy ranges,
and target property windows), while GMs generate explicit
structural candidates that satisfy these inputs (Figure 3d).
Coupling this framework with physical validators (e.g, DFT-
or MLIP-based simulations) enables thermodynamically consis-
tent screening before experimental validation.”®”” Ultimately,
embedding such architectures within closed-loop workflows
linking design, simulation, and experiment offers a pathway
toward autonomous, physics-aware discovery of solid-state
HSMs.

The discovery of HSMs is constrained by the interplay
between high-dimensional compositional spaces and experi-
mental variables, particularly in compositionally complex sys-
tems such as high-entropy alloys, where vast combinatorial
spaces and disorder render exhaustive exploration infeasible.
Unlike conventional equilibrium materials design, hydrogen
storage performance depends not only on the composition
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and structure but also on synthesis pathways, microstructural
evolution, reaction mechanisms, and cycling behavior. As a
result, models trained on static datasets often fail to capture this
dynamic, path-dependent behavior, motivating closed-loop
discovery frameworks that integrate AI with automated
experimentation.

To enable such integration, experimental validation must
match the throughput and consistency of computational screen-
ing, especially when exploring chemical spaces exceeding 10°
combinations. SDLs address this need by integrating robotic
synthesis, automated characterization, and adaptive monitoring
into unified workflows, enabling continuous data generation
and standardized measurement.”® Integrated platforms for
HSMs are emerging, including efforts at Tohoku University
under the Green Technologies of Excellence (GteX) program
toward autonomous experimental workflows.

Within these frameworks, prediction, synthesis, characteri-
zation, and model refinement are iteratively linked
(Figure 4a). ML models propose candidates, automated plat-
forms synthesize materials, and standardized experiments
(e.g., pressure—composition—temperature measurements and
operando characterization) provide feedback. Although such
data are routinely collected, they are often incompletely
reported, limiting reuse. These data refine models, and similar
closed-loop approaches have accelerated discovery in other
domains, including catalysis and inorganic synthesis.””
However, current systems remain largely tool-centric, with
limited adaptability to uncertainty or evolving conditions.

The next stage therefore requires a shift from automation to
intelligent planning (Figure 4b). Rather than selecting candi-
dates solely based on predicted performance, closed-loop sys-
tems must incorporate uncertainty and prioritize experiments
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Figure 4. Closed-loop discovery framework for HSMs. (a) Iterative closed-loop workflow for autonomous experimentation, integrating ML-driven
prediction, materials synthesis, and experimental measurement. Data generated from each iteration are fed back into the model, enabling continuous
refinement and improved predictive accuracy. (b) Intelligent planning in high-dimensional compositional space. Adaptive strategies, such as Bayesian
optimization (BO) and reinforcement learning (RL), guide the selection of candidate materials by balancing exploration and exploitation, thereby
identifying optimal pathways toward improved hydrogen storage performance. (c) Concept of a digital twin for hydrogen storage systems. A dynam-
ically updated virtual representation, powered by MLIPs and related models, synchronizes computational predictions with experimental observations,
enabling real-time feedback, model refinement, and physically consistent interpretation across theoretical and experimental domains.
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that improve model reliability. Bayesian optimization enables
identification of regions where additional data most effectively
reduce uncertainty,””*" while reinforcement learning supports
adaptive experiment selection by balancing exploration and
exploitation.®’ This is particularly relevant for hydrogen storage,
where datasets are uneven: properties such as capacity are rela-
tively well characterized, whereas kinetics, cycling stability, and
impurity sensitivity remain sparse. Effective frameworks must
therefore allocate experimental effort toward reducing uncer-
tainty in physically meaningful quantities, such as equilibrium
pressure and degradation pathways.

Another critical challenge is the integration of heterogeneous
data. Hydrogen storage experiments generate diverse outputs,
including pressure—composition—temperature isotherms, kinetic
measurements, structural characterization, and opemndo spec-
troscopy, each with different levels of abstraction and uncer-
tainty. Closed-loop systems must therefore incorporate
multimodal data fusion, enabling consistent interpretation
across data types. This requirement reinforces the need for stan-
dardized data representations and robust data infrastructure.

A key direction is the development of a hydrogen storage
“digital twin”, a virtual representation that is dynamically
updated and synchronizes computational predictions with
real-time experimental observations (Figure 4c). At present,
such approaches are most naturally applicable within a given
class of materials, and extending them across chemically distinct
systems remains an open challenge. By integrating MLIPs, ther-
modynamic models, and kinetic descriptions with continuously
updated data, such systems enable the co-evolution of simula-
tion and experiment. Discrepancies between prediction and
observation necessitate model refinement, while real-time feed-
back enables adaptive experimental control and early detection
of degradation mechanisms.

Realizing this vision requires addressing several challenges.
Experimental data must be sufficiently standardized and repro-
ducible for real-time integration, while MLIPs and surrogate
models must accurately capture the thermodynamic and kinetic
behavior across diverse systems. In addition, computational and
experimental components must be tightly coupled through
robust interfaces to enable seamless feedback. These require-
ments highlight that closed-loop discovery is not solely an algo-
rithmic problem but a system-level challenge spanning data,
models, and experimental platforms.

Despite these challenges, closed-loop discovery represents
a shift from static, dataset-driven research to dynamic,
feedback-driven optimization. For hydrogen storage, where
performance is highly sensitive to experimental conditions
and governed by coupled thermodynamic and kinetic pro-
cesses, this approach provides a pathway toward eflicient
and physically informed exploration. Ultimately, success
depends on integrating three key elements: reliable data
infrastructure, physics-grounded models, and adaptive
decision-making. When combined within a unified frame-
work, these elements enable a transition toward systematic
and autonomous optimization of HSMs.

This Perspective highlights the fact that the discovery of
high-performance HSMs is fundamentally a system-level chal-
lenge that cannot be addressed through isolated advances in
data, modeling, or experimentation. Progress is constrained less
by the absence of algorithms than by fragmented data, limited
physical fidelity across scales, insufficient attention to reproduc-
ibility, and weak integration between prediction and

experiment. Addressing these challenges requires a shift toward
a cohesive and interoperable research framework.

A key requirement is a thermodynamically consistent data
infrastructure. Despite advances in computational and experi-
mental databases, incomplete integration and inconsistent
reporting continue to limit predictive reliability. Standardized
ontologies, reporting protocols, and explicit links between
datasets are therefore essential. At the modeling level,
physics-grounded approaches (particularly MLIPs) bridge
electronic structure accuracy and large-scale dynamics but
must be coupled with thermodynamic formalisms and multi-
scale frameworks. In parallel, integrating GMs and LLMs
offers new opportunities for inverse design, provided predic-
tions remain physically validated. Ultimately, closed-loop dis-
covery frameworks that integrate data, models, and
automated experimentation provide a pathway toward autono-
mous, physically consistent discovery of next-generation solid-
state HSMs. Over the next decade, such physics-aware and
digital-twin-enabled workflows could shift solid-state hydro-
gen storage from experience-driven trial and error toward a
reproducible, adaptive, and continuously learning discovery
science.
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