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Electrocatalyst reconstruction under operating conditions is now widely recognized as a key factor
governing catalytic activity, selectivity, and stability. Substantial progress has been made in developing
computational methods to describe this structurally dynamic behavior, ranging from density functional
theory-based phase diagram analysis to global structure search, ab initio molecular dynamics, kinetic
Monte Carlo, and machine learning-accelerated simulations. In this Review, we provide a concise
overview of how these approaches have advanced the mechanistic understanding of electrocatalyst
reconstruction across multiple time and length scales. We highlight how different computational
strategies offer complementary insights into thermodynamically accessible states, atomic-scale
restructuring pathways, and kinetically relevant structural evolution under reaction conditions. We
emphasize the recent progress in machine learning potentials and multiscale modeling frameworks,
which are extending simulations towards increasingly realistic chemical complexity. We also discuss the
Received 21st March 2026, key challenges that remain, especially the need for open-system models that explicitly account for
Accepted 14th May 2026 interfacial exchange, dissolution—redeposition processes, and the coupling between the local chemical
DOI: 10.1039/d6cc01709f environment and structural dynamics. This Review aims to provide a practical guide to the current com-
putational toolbox and to outline directions for the next generation of predictive modeling for electroca-
rsc.li/chemcomm talyst reconstruction.

1 Introduction synthesis.”® In these systems, catalyst performance is tradi-
tionally interpreted in terms of static structure-activity relation-
Electrocatalysis plays a central role in sustainable chemical ships, where a well-defined surface or active site is assumed to
transformation, including water splitting,"” carbon dioxide govern the reaction. Over the past decade, however, it has
reduction,> nitrogen conversion,”® and electro-organic become increasingly clear that many electrocatalysts do not
remain structurally unchanged under operating conditions.
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reconstruction, driven by the coupled effects of electrode
potential,® adsorbates,'® electrolyte composition,"" local pH,"
dissolution-redeposition processes,”® and interfacial mass
transport.’ As a result, the catalytically relevant state is often
not the as-synthesized material, but a dynamic ensemble of
metastable structures that evolves during operation.'*>*®

In CO, electro-reduction, for example, the Cu-based catalyst
surface can reconstruct into dynamic motifs with distinct
product selectivity.'””™*° Similar behavior is also observed in
other alloy catalysts, where adsorbate coverage affected by the
electrochemical bias can induce component segregation and recon-
figure active ensembles, thereby altering catalytic pathways.”® In
metal oxides, hydroxylation®® and lattice distortion® under reac-
tion conditions can likewise generate interfacial motifs that differ
from the bulk termination and reshape the catalytic landscape.
Accurately recognizing and controlling reconstruction is therefore
essential for establishing predictive structure-activity-stability rela-
tionships in electrocatalysis. Despite significant advances in oper-
ando and in situ techniques, capturing reconstruction pathways in
real time with atomic-level specificity remains highly challenging.
Transient states are short-lived, competing pathways can be closely
balanced, and the relevant observables often couple structure,
composition, and local environment.>**

These practical challenges make computational modeling
approaches uniquely valuable, not only as a complement to
experiments, but also as a route toward mechanistic interpretation
and predictive modeling. Density functional theory (DFT)-based
electrochemical phase diagrams, for example, provide potential-
pH-dependent stability maps that rationalize which bulk and
surface states are thermodynamically preferred.*> " More recently,
machine learning potentials (MLPs) and data-driven sampling
strategies have started to extend atomistic simulations towards
larger configurational spaces, longer time scales, and more che-
mically complex environments.** > Together, these developments
are making it increasingly possible to explore not only what
reconstructed states are stable, but also how they form, evolve,
and interconvert under realistic operating conditions.

In this Review, we provide a concise summary of computa-
tional approaches for studying electrocatalyst reconstruction
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across scales (Fig. 1). We first summarize the thermodynamic
frameworks used to map reconstructed states under electro-
chemical conditions, including phase-diagram-based analyses
and related formalisms. We then discuss atomistic and
dynamic approaches, such as global structure search, AIMD,
and kMC, for uncovering reconstruction pathways and kinetic
evolution. Next, we highlight recent progress in MLP-enabled
and multiscale frameworks that bridge configurational com-
plexity, kinetics, and realistic chemical environments. Finally,
we outline key challenges and opportunities for the next genera-
tion of predictive modeling, particularly the need for open-system
approaches that explicitly couple structural dynamics with electro-
chemical operating conditions.

2 Methodological framework for
reconstruction studies

2.1 Thermodynamic mapping and configurational
exploration of reconstruction

Electrocatalyst reconstruction typically involves intricate transi-
tions between various structural states under reaction condi-
tions, such as applied potential, pH, and adsorbate coverage.
Therefore, it is necessary to identify which structural phases in
the bulk or on the surface exist under a given electrochemical
environment.>*” From a thermodynamic perspective, phase
diagrams provide an effective way to condense this complexity
involving structure and conditions into an interpretable map of
thermodynamic stability, revealing which structural motif pre-
vails under the corresponding conditions.**3°

Representative bulk phase map studies by Sun et al. have
illustrated the thermodynamic role of this approach in nanoma-
terial reconstruction analysis. As shown in Fig. 2a,>* the Pourbaix
diagram of Mn oxides derived from DFT calculations exhibits that
even within the same stability region, subtle variations in pH and
redox potential can redirect a non-equilibrium crystallization path-
way through different metastable intermediates.

At the interface, surface state maps more directly describe
the interfacial states where electrocatalytic reactions occur.
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Fig.1 Schematic workflow of computational toolkits for electrocatalyst reconstruction, linking potential/pH-dependent thermodynamic maps and
global structure search to kinetic simulations (AIMD, GCMC, kMC) and ML-accelerated exploration, toward active state identification and activity—stability

predictions under operating conditions.
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Fig. 2 Thermodynamic and global-optimization strategies for predicting electrocatalyst reconstruction. (a) Bulk Pourbaix diagram: Pourbaix free-

energy planes of metastable f-MnOOH, y-MnOOH and R-MnO,, and the full aqueous stability region of MnsO,4. Adapted with permission from Sun et al.
(CC BY 4.0).® (b) Surface Pourbaix diagram: calculated 2D surface Pourbaix diagrams for the (111) surface of H—Ir@CosO, as a function of potential and
pH (T = 298.15 K). Adapted with permission from Wang et al. (CC BY 4.0).3>* (c) Genetic algorithm: process of global optimization for Pd,Tiy_xH, with
adsorbates CO*, H*, and OH* in the active learning workflow and the corresponding complexity. Adapted with permission from Ai et al. (Copyright ©
2024 American Chemical Society.)*® (d) Random search: sampling process exemplified with the p (4 x 4) AgO surface structure. The t = 1 structure is
initialized at random using a prespecified substrate and a prespecified number and types of atoms. Adapted with permission from Rgnne et al. (CC BY
4.0)*® (e) Monte Carlo: the schematic illustration of the typical attempted moves in quasi-kinetic Monte Carlo simulations. Adapted with permission from

Zhang et al. (Copyright © 2024 American Chemical Society.)*’ No changes are made in all panels.

By capturing different surface terminations with various
adsorbed intermediates and surface coverages (as a function
of electrode potential and pH), surface Pourbaix diagrams
could provide direct information for identifying reconstructed
surface states under working conditions. For example, Wang
and co-workers show that both (110) and (111) surfaces of
spinel Co;0, are covered by approximately 1 monolayer O*
coverage at the oxygen evolution reaction (OER) potential
(Fig. 2b).>* Compared with the OH*-covered surface, O* passi-
vates the surface-active sites and potentially contributes to the
stability of Co;0, in the acidic OER reaction.

Given the vast configurational space of reconstructed sur-
faces, manual enumeration of candidate structures can easily
miss key metastable or kinetically accessible intermediates. This
difficulty has motivated the development of global structure
search techniques. Genetic algorithms (GAs), for example, are a
classical approach that mimics natural selection by encoding
structures as “genes” and iteratively evolving populations
through selection, crossover, and mutation to identify energeti-
cally favorable configurations.’”*" Ai and co-workers recently
combined deep learning with a multitasking GA to screen
Pd,Ti,_,H, surfaces containing multiple adsorbates under differ-
ent CO,RR conditions (Fig. 2c),>® where the configurational space
includes variable Pd/Ti occupation of metal sites, internal

This journal is © The Royal Society of Chemistry 2026

hydrogen incorporation, and multiple adsorbate species distrib-
uted over inequivalent adsorption sites. Fora 2 x 2 x 4 Pd,Ti;_H,
slab model, a huge structural space with approximately 1.8 x 10"
structures is generated, arising from 2%° = 1048 576 possible slab
configurations and 4'* = 16 777 216 possible adlayer patterns. This
GA approach can effectively identify low-energy and metastable
configurations with varying compositions, hydrogen contents, and
adsorbate environments. Therefore, data-guided global research
helps explore reconstructed surface spaces beyond manually con-
structed structural models.

Another approach is random search, which generates candi-
date structures stochastically within a predefined space and
evaluates them using energy calculations. Although potentially
less efficient, it offers a simple method of globally exploring the
complex configurational landscape. Rgnne et al. performed ran-
dom structure searching (RSS) on small Ag(111)-c(4 x 8) surface
unit cells with varying stoichiometries (Fig. 2d).>® After structural
relaxation using DFT or machine-learning potentials, the lowest-
energy configurations were selected to construct the training
dataset for a generative model.

Furthermore, Monte Carlo (MC)-based simulations offer a
useful framework for statistically exploring ensembles of atomic
configurations at finite temperatures.*>™** Trial configurations
are sampled according to Boltzmann probabilities, enabling

Chem. Commun., 2026, 62, 11285-11294 | 11287
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evaluation of ensemble-averaged properties such as size-dependent
surface energies, chemical potentials, and equilibrium shapes
under realistic thermal conditions. For example, in quasi-kinetic
MC simulations of CO, electroreduction on Cu surfaces, trial
moves including atomic swaps, adsorption, and displacement were
proposed from an initial surface configuration and evaluated using
a DFT-derived energy model. Repeated sampling then generates a
representative ensemble of surface structures, thereby enabling
more efficient and comprehensive exploration of thermodynami-
cally accessible reconstruction patterns and candidate structural
evolution pathways at finite temperature (Fig. 2¢).>” By incorporat-
ing configurational entropy and morphological non-ideality, this
methodology enables more realistic exploration of thermodynami-
cally accessible reconstructed surface configurations.

Recent progress in high-performance computing, data-driven
modeling, and machine learning algorithms has greatly expanded
the scope of thermodynamic modeling of catalyst reconstruction.>"
In particular, MLPs now enable efficient and accurate exploration
of high-dimensional configurational spaces that are prohibitive for
direct DFT calculations. By training MLPs on curated DFT datasets,
thousands to millions of surface configurations, including differ-
ent surface terminations, adsorbate coverages, alloy compositions,

a Learning Curve Model

A Evaluate

- —————

I Monte Carlo Simulation 1

$35-atom CuPdPt
slabs.

View Article Online

ChemComm

and defect motifs, can be evaluated at near-DFT fidelity but with
orders-of-magnitude reduced computational cost. When coupled

with MC or related equilibrium sampling techniques, MLPs can

extend static DFT-based analysis to finite-temperature ensemble
predictions. Such workflows allow large numbers of configurations
to be sampled as a function of composition, temperature, and
chemical potential, thereby constructing new phase maps that
explicitly account for configurational entropy and collective atomic
rearrangements (Fig. 3a).*

In multicomponent alloy systems, this capability has been
exploited to elucidate subtle yet experimentally relevant trends,
such as facet-dependent surface segregation and size-dependent
compositional redistribution in nanoparticles. As illustrated in
Fig. 3b,*” MLP-accelerated structure optimization enables equi-
librium Wulff constructions of alloy nanoparticles containing
thousands of atoms, yielding detailed composition profiles and
facet-specific enrichment patterns that are inaccessible to brute-
force DFT. Beyond configurational sampling, the accuracy and
transferability of MLPs critically depend on how local atomic
environments are represented, and such representational capa-
city becomes particularly important when exploring complex sur-
face and interface reconstructions. Fig. 3c presents representative
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Fig. 3 The application of machine learning potential on static diagrams. (a) Learning curve model: a flowchart demonstrating how DFT data is used to
construct learning curves for Monte Carlo simulations on AgAuCu, AuCuPd, and CuPdPt alloys. Adapted with permission from Broderick et al. (CC BY
4.0.)% (b) Structure optimization: composition of a Wulff constructing Cu/Au NP model with 3,915 atoms (Au,713CUs202) and cut-throughs in the (100),
and (111) directions. Adapted with permission from Artrith et al. (Copyright © 2014 American Chemical Society.)*” (c) Configurational Space Exploration:
LaMnO3 (001) surface Pourbaix diagrams at pH 12 and across all ranges with newly discovered stable reconstructed surface states, generated after fine-
tuning pre-trained MLPs with the DFT energetics of 136 surface structures. La, Mn, O, and H atoms are indicated by the green, purple, red, and white
spheres, respectively. Adapted with permission from Du et al. (CC BY 4.0.)*® Changes made: cropped to suit the distribution.
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surface configurations among the stable LaMnO3(001) interfacial
phases identified by the MLP-accelerated VSSR-MC search.*® These
structures feature mixed La/Mn terminations, metal vacancies,
and variable adsorbate coverages. The large configuration space
arising from variable surface stoichiometry, metal vacancy distri-
bution, and OH* arrangements would require a prohibitive num-
ber of direct DFT calculations if each candidate structure were
evaluated explicitly. To address this challenge, a high-fidelity MLP
can be integrated into this structure-sampling framework of
VSSR-MC as a surrogate energy model, enabling sampled sur-
faces to be evaluated on the fly rather than recalculated indivi-
dually by DFT. This workflow couples automated sampling with
fast DFT-trained MLP energy evaluation, making large-scale
reconstruction searches more tractable.

By effectively bridging first-principles energetics and statis-
tical thermodynamics, MLP-based approaches elevate static
reconstruction modeling from comparisons among isolated
structures to the ensemble-level and temperature-dependent
thermodynamic predictions.**” In this sense, they provide a
critical foundation for subsequent kinetic simulations and
multiscale modeling of electrocatalyst reconstruction.

2.2 Kinetic-based simulation of reconstruction

Although static calculation approaches establish thermody-
namic equilibria and highlight competing structural motifs,
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operando reconstruction is often governed by kinetic accessibility
and pathway dependence. Moreover, experimentally observed
catalyzed behaviors, such as the persistence of metastable
phases,'® hysteresis in cyclic voltammetry profiles during surface
oxidation/reduction,® and irreversible reconstruction,® remain
inadequately explained by thermodynamics alone. Kinetic mod-
eling is therefore indispensable for simulating time-dependent
populations of surface species and interpreting phenomena
such as hysteresis, metastability, induction periods, and path-
selective transformations. Taking an example, ab initio molecu-
lar dynamics (AIMD)-based kinetic methods provide a direct
route for probing atomistic reconstruction events by explicitly
following atomic motions at finite temperature and capturing
transient interfacial processes.”>>” When combined with enhanced
sampling, AIMD can further capture dynamic bond breaking and
formation, surface-atom migration, and intermediate stabilization
associated with elementary reconstruction steps. As shown in
Fig. 4a, the free energy profile of Cu dissolution exhibits a strong
dependence on the applied potential.>® At —0.35 V vs. RHE, the free
energy increases monotonically along the dissolution coordinate,
indicating a substantial kinetic barrier that suppresses surface
restructuring. As the reduction potential increases to —1.31 V
vs. RHE, local minima emerge along the free-energy profile,
reflecting the stabilization of intermediate states and facilitat-
ing metal dissolution and dynamic surface reorganization.
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Fig. 4 Kinetic-based simulation approaches. (a) AIMD: free energy gradient (purple) and free energy (green) as functions of Cu distance from the surface
along the coordinate of the dissolution reaction. Adapted with permission from Liu et al. (CC BY 4.0.)°° (b) GCMC: Stable Ag (111) surfaces and
reconstructions discovered by GCMC. Adapted with permission from Wexler et al. (Copyright © 2019 American Chemical Society.)*® (c) kMC:
environmental kinetic Monte Carlo snapshots of Cu (100) at 1-bar CO pressure, —0.2 V vs. RHE, and room temperature. Blue atoms represent atoms
ejected from the surface. Pink atoms represent atoms on the surface. Gray atoms represent bulk atoms. Adapted with permission from Zhang et al.
(Copyright © 2025 American Chemical Society.)®® Changes made: cropped to suit the distribution.
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AIMD is therefore complementary to static first-principles cal-
culations, which are useful for evaluating predefined structures
and reconstruction pathways but are limited in capturing time-
dependent bond breaking, bond formation, and interfacial
reorganization during reconstruction.

Grand-Canonical Monte Carlo (GCMC) further incorporates
variable chemical potentials, thereby linking surface reconstruc-
tion to changes in the gas-phase or electrolyte environment.*® In
the previous study, GCMC was used to investigate the formation
mechanism and phase diagram of oxide overlayers on the
Ag(111) surface. As a result, the simulations revealed that a
range of Ag(111) surface reconstructions could be understood
on the basis of an Ag;0, pyramidal structural motif, demon-
strating that this approach can provide reliable atomic-scale
modeling for studying complex surface processes such as het-
erogeneous catalysis and materials growth (Fig. 4b).>° Kinetic
Monte Carlo (kMC) simulations can extend accessible time-
scales to seconds or longer, beyond the practical limits of DFT
and AIMD. Although first-principles calculations can probe
individual elementary events and activation barriers, catalyst
restructuring often emerges from the cumulative effect of many
rare and repeated events, including diffusion, adsorption,
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desorption, surface atom migration, and chemical reaction
steps.°*®* By evolving a predefined event list with the corres-
ponding rate constants derived from DFT or AIMD, kMC bridges
atomistic reconstruction events with time-dependent changes in
surface composition, morphology, and active-site redistribution.
For example, Gao et al. used kMC simulation to reveal CO*-
induced clustering on a Cu(100) surface in the CO,RR (Fig. 4c).*’
Simulation results indicated the possibility of tuning the selectivity
of the eCO,RR reaction products through revealing the reconstruc-
tion mechanism on Cu(100) surfaces.””*>

Moreover, the integration of MLPs with kinetic simulation
frameworks has fundamentally expanded the scope of dynamic
modeling of catalyst reconstruction. By providing near first-
principles accuracy at a fraction of the computational cost,
MLP-based approaches enable long-timescale and interface-
sensitive simulations that are inaccessible to conventional ab
initio methods. Fig. 5 summarizes representative ML paradigms
for kinetic modeling that address key bottlenecks in reconstruc-
tion dynamics, ranging from general kinetic diagrams to inter-
facial event identification and reaction pathway exploration.

In particular, MLPs serve as an enabling layer for kinetic
modeling by coupling DFT data generation, active learning, and
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Fig. 5 Machine learning-assisted multiple kinetic diagrams. (a) Kinetic phase-space mapping: indication of the MLP application in kinetic diagrams.
Adapted with permission from Du et al. (CC BY 4.0.)%* (b) Interfacial event identification: computational workflow for structure exploration, stability
evaluations of reconstructed BiVO, (010) surfaces, and prediction of dynamical properties at the aqueous interfaces of BiVO, (010). Adapted with
permission from Lee et al. (Copyright © 2025 American Chemical Society.)®® (c) Adsorbate configuration search: Initial configurations are generated via
heuristic and random strategies. ML relaxations are performed on GPUs and ranked in order of lowest to highest energy. The best k systems are passed on
to DFT for either a single-point (SP) evaluation or a full relaxation (RX) from the ML-relaxed structure. Adapted with permission from Lan et al. (CC BY
4.0.)%® No changes are made in all panels.
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surface sampling within a closed-loop workflow, thereby facil-
itating the construction of kinetic phase diagrams and surface
stability maps under realistic electrochemical conditions
(Fig. 5a).** Such general ML-assisted workflows illustrate how
MLPs bridge first-principles energetics with statistical sampling,
facilitating evaluation of surface energies, atomic populations,
and stability trends across large configurational spaces that are
otherwise prohibitive for direct DFT calculations.

A more explicit role of MLPs emerges in resolving recon-
struction-initiating interfacial events, where accuracy at chemically
complex interfaces is essential. In Fig. 5b,* active-learning-driven
MLP workflows have been employed to explore reconstructed oxide
surfaces at aqueous interfaces, as exemplified by the BiVO,(010)
system. In this paradigm, surface structures are iteratively
generated and screened using MLP-accelerated sampling, fol-
lowed by stability evaluation with density functional theory and
hybrid-functional optimization. The resulting refined training
sets enable reliable prediction of interfacial dynamical proper-
ties through molecular dynamics simulations. This approach
allows key interfacial events, such as water dissociation, surface
hydroxylation, and transient coordination changes, to be iden-
tified directly from dynamic trajectories, thereby providing
mechanistic insights into the initiation of reconstruction under
electrochemical conditions.

Beyond interfacial event identification, machine learning
potentials also play a central role in efficient exploration of
adsorption configurations and reaction-relevant structures on
catalytic surfaces. In Fig. 5c, recent developments such as the
Adsorb ML framework employ graph neural network-based
potentials to rapidly relax large ensembles of adsorbate-
surface configurations with near-DFT accuracy.®® In this work-
flow, candidate structures are first generated and pre-screened
based on their initial energies, followed by ML-driven structural
relaxation under physically motivated constraints. The refined
configurations can then be selectively evaluated using high-
fidelity DFT calculations to obtain adsorption energies and
reaction descriptors.

Collectively, these ML-assisted kinetic paradigms demonstrate
that ML provides a coherent energetic foundation for kinetic
modeling across interfaces, pathways, and time scales. In parti-
cular, they define the practical boundaries of reconstruction
modeling, allowing atomic-scale events, interfacial dynamics,
and pathway-dependent kinetics to be treated within a unified
and operando-relevant computational description.*"*”

Overall, phase-diagram approaches provide insight into ther-
modynamically stable structures under given electrochemical
conditions but do not capture kinetic accessibility. In contrast,
atomistic dynamics methods such as AIMD could explicitly
describe structural evolution with high accuracy, but their acces-
sible time and length scales remain limited. Mesoscale appro-
aches such as kMC extend simulations to experimentally relevant
timescales by propagating elementary events according to their
rates, but rely on predefined reaction networks and corresponding
rate constants. Meanwhile, GCMC enables treatment of open
systems with variable composition under chemical potential con-
trol, although it primarily samples equilibrium or quasi-equilibrium

This journal is © The Royal Society of Chemistry 2026
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configurations rather than real-time dynamics. Notably, MLPs
bridge these regimes by enabling large-scale configurational
sampling and long-time dynamical simulations with near first-
principles accuracy, thereby providing a unified framework for
investigating electrocatalyst reconstruction across multiple
scales. In this process, MLPs play a dual role in reconstruction
modeling: they can be used for efficient thermodynamic sam-
pling of complex configurational spaces, while also enabling
accelerated atomistic dynamics to capture long-timescale
kinetic processes. Together, these approaches form a comple-
mentary multiscale computational framework capable of pre-
dicting not only what a catalyst may become, but how and when
it transforms under operating conditions. A comparative sum-
mary of these approaches is provided in Table 1 to guide their
practical application.

In reconstruction modeling, MLPs can be integrated with
various simulation methods to accelerate configurational sam-
pling and dynamic evolution while achieving DFT-level energetics
within the trained domain. However, the main computational
bottleneck in MLP applications has shifted to generating high-
fidelity first-principles datasets for training and validation. The
reconstruction process involves large supercells, complex interfa-
cial environments, defect formation, adsorbate variability, surface
atom migration, and long-time trajectories. Therefore, construct-
ing DFT-based datasets for complex, non-equilibrium reconstruc-
tion events remains particularly expensive. Rare transition states
and metastable intermediates are often underrepresented, increas-
ing the risk of extrapolation.®® Operando validation is also limited
by ensemble-averaged or indirect structural information. Future
efforts should therefore combine active learning, uncertainty-
aware sampling, targeted rare-event sampling, and closer integra-
tion with operando characterization to improve dataset coverage
and model validation.*’

3 Outlook and conclusion

Computational studies for electrocatalyst reconstruction have
advanced from static thermodynamic analysis to increasingly
dynamic and multi-scale simulations, enabling a more detailed
description of structural evolution from atomic-scale mechan-
isms to system-level evolution. However, when addressing
dynamic reconstruction in complex open systems such as
electrocatalysis, two distinct but interconnected methodological
challenges remain: (1) explicitly describing reconstruction as an
environment-coupled open-system process; and (2) bridging the
gap between atomic-scale events and electrode-scale operating
conditions across multiple spatial and temporal scales.

3.1 Developing kinetic models for environment-coupled
open-system reconstruction

Most existing phase diagrams and kinetic approaches inherently
treat systems as ‘closed’, focusing mainly on atomic rearrangement
or local stoichiometric changes.*'~**?** In practical electrocatalytic
systems, however, reconstruction is dynamically coupled to the
surrounding electrochemical environment through continuous

Chem. Commun., 2026, 62, 11285-11294 | 11291
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Table1 Comparison of computational approaches for electrocatalyst reconstruction modeling, including their advantages, limitations, and character-
istic time and length scales. AIMD, ab initio molecular dynamics; kMC, kinetic Monte Carlo; GCMC, grand-canonical Monte Carlo; MLP, machine-learning

potential
Length
Method Advantages Limitations Time scale scale
Phase diagrams Identify thermodynamically stable phases Do not account for kinetics or metastable Equilibrium nm-pm
(e.g., Pourbaix)  under electrochemical conditions; straight-  states (static)
forward to construct
AIMD Explicit atomistic dynamics with first- High computational cost; limited to ps-ns A-nm
principles accuracy; captures bond break- short timescales
ing/forming and solvent effects
GCMC Naturally treats open systems with variable  Limited description of real-time dynam-  quasi-static/ nm
composition; suitable for adsorption/ ics; requires predefined chemical sampling-based
desorption equilibria potentials
kMC Enables long-time evolution and rare-event  Requires predefined reaction network us-s (or longer) nm-pm
sampling; suitable for kinetic processes and rate constants; accuracy depends on
input parameters
MLP-based Near-DFT accuracy with significantly Requires high-quality training data; ps-yis (extendable) nm-100 nm
methods reduced cost; enables large-scale sampling  transferability may be limited

and long-time simulations

exchange of matter, charge, and chemical potential. Recent studies
have highlighted that electrocatalyst reconstruction is inherently an
open-system process, where structural evolution is strongly coupled
with the surrounding electrolyte environment. In particular, dis-
solution-redeposition dynamics, together with interfacial ion dis-
tributions, can dynamically modify local chemical potentials and
surface stability, thereby influencing reconstruction pathways
under operating conditions. For instance, Vavra et al. demonstrated
that Cu" species formed in solution can act as mobile intermedi-
ates, continuously dissolving from and redepositing onto the
catalyst surface, thereby driving dynamic restructuring beyond a
purely surface-confined process.”’ Extending this concept, Kim
et al. revealed that such dissolution-redeposition behavior in Cu-
based bimetallic systems can be systematically governed by metal
oxophilicity and miscibility, establishing a predictive framework for
reconstruction pathways.”! Complementarily, multiscale simu-
lations in Kok et al. highlighted that local electrolyte micro-
environments, including ion distributions and pH gradients,
can dynamically modulate surface stability and reaction
energetics.”” Together, these studies underscore that catalyst
reconstruction emerges from the interplay between surface
processes and a continuously evolving electrochemical environ-
ment. This open-system character is manifested not only in
dissolution-redeposition, but also in adsorbate exchange, ion
accumulation, local pH variation, electric-field effects, and mass
transport near the catalyst-electrolyte interface.”™ As a result,
reconstruction cannot be fully described as an intrinsic surface
process alone, but must instead be understood as an environment-
coupled dynamic response under operating conditions.

Future progress will therefore require kinetic frameworks
that explicitly incorporate the evolving local environment into
reconstruction modeling. One promising direction is to extend
event-based simulations to include environment-dependent
processes, such as metal dissolution/redeposition, adsorbate
adsorption/desorption, and ion-coupled surface transformation.

1292 | Chem. Commun., 2026, 62, 11285-11294

Simultaneously, the grand-canonical ensemble concept
extends from electron/adsorbate chemical potentials to those
of dissolved metal ions, thereby dynamically linking micro-
scopic reconstruction events to macroscopic electrolyte concen-
tration fields, electric fields, and mass transport. Such open-
system kinetic models will provide a more realistic basis for
predicting catalyst morphology evolution, active area changes,
and stability decay under given operating conditions.

3.2 Building a unified multi-scale computational model for
reconstruction

Atomistic simulations can reveal site-specific events and ele-
mentary steps, but they are difficult to connect directly to
macroscopic variables, such as local current density, pH, and
ion concentration. Conversely, continuum or device-level models
capture system-level behavior under operating conditions. There-
fore, bridging the microscopic mechanisms and macroscopic
behaviors is both essential and challenging for more realistic
simulations across practical length scales and operating
conditions.*” Recent multiscale studies have begun to explicitly
bridge this gap by integrating atomistic energetics with macro-
scopic observables. For example, Shou et al. developed a multi-
scale framework that links first-principles-derived reaction
energetics with microkinetic modeling to reproduce experimen-
tally observed polarization curves, thereby directly connecting
atomic-scale mechanisms with current-potential behavior.”® In
parallel, Lorenzutti et al. demonstrated that coupling surface
reaction kinetics with electrolyte transport and interfacial ion
distributions can quantitatively capture the impact of local
microenvironments on activity and selectivity.”* These advances
highlight the necessity of incorporating both kinetic and envir-
onmental complexities to achieve predictive multiscale modeling.

Consequently, computationally tractable multiscale frame-
works are needed to bridge the atom-nano-micro-device scales
in a unified manner. The Hierarchical Modeling Strategy (HMS)

This journal is © The Royal Society of Chemistry 2026
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that combines atomistic simulations, machine-learned potentials,
coarse-grained force fields, and continuum methods may provide
an effective route for parameter transfer and feedback mechan-
isms across scales. Recent studies have gradually demonstrated
the feasibility of this direction.”>”* Focusing on the catalyst
reconstruction modeling, the multiscale model should further
incorporate environment-embedded simulations that explicitly
couple local electric fields, ionic strength, and reactant concen-
tration gradients into dynamic simulations,”® thereby providing
more realistic guidance for understanding and controlling catalyst
behaviors under practical operating conditions.

3.3 Conclusion

Computational approaches have become indispensable for
studying electrocatalyst reconstruction, enabling increasingly
detailed descriptions of structural evolution under operating
conditions. By combining thermodynamic analysis, kinetic
simulations, and multiscale modeling, current computational
approaches can already capture some key aspects of reconstruc-
tion across different length and time scales. Looking ahead,
developing open-system kinetic models and constructing uni-
fied multiscale computational frameworks will move catalyst
reconstruction studies closer to practical catalyst evaluation
and predictive simulations. Given the complexity and dynamic
features of the electrocatalysis environment, achieving this goal
will require tight integration of computational modeling with
electrochemical theory, data-driven methods, and operando
characterization.
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