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ARTICLE INFO ABSTRACT

Keywords: Atomistic materials simulations increasingly rely on complex, multi-stage workflows that combine electronic
Material discovery structure first principles methods, effective models, machine-learning techniques, and high-performance
Ab initio computing, making software interoperability a central requirement rather than a technical convenience.
Automation

This perspective highlights how modular, interoperable software ecosystems overcome the limitations of
monolithic electronic structure codes, enabling automation, reproducibility, and scalability across diverse
applications such as lattice dynamics, electronic, magnetic, optical, and transport properties, as well as
data-driven materials optimization. We discuss how standardized workflows, robust data provenance, and
interoperable infrastructures are essential for high-throughput studies, Al-ready databases, and the transition
toward autonomous materials discovery. This is the result of the debates of the Symposium F “Advanced
interoperability in atomistic simulations of materials”, which took place within the 2025 European Materials
Research Society fall meeting.

Machine-learning
Database
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1. Introduction on tightly orchestrated combinations of first principles engines, effec-

tive Hamiltonians, machine-learning models, workflow managers, and

Atomistic simulations have become a central pillar of modern mate- post-processing tools, often deployed on large-scale high-performance

rials science, enabling predictive investigations of structural, electronic, computing infrastructures. In this context, software interoperability is

vibrational, magnetic, optical, and transport properties across a wide no longer optional but has become a fundamental requirement for

range of materials systems. As these simulations increasingly target progress, providing the structured backbone that emerging Al agents
complex phenomena — such as anharmonic lattice dynamics, coupled increasingly exploit for autonomous workflow orchestration.

Multi-agent Al systems represent an exciting frontier for atomistic
simulations, with recent advances demonstrating autonomous orches-
tration of complex workflows, from structure generation and force-field
selection to simulation execution and analysis, in domains such as

electron—-phonon and spin interactions, nonlinear optical responses, and
large-scale phase-space sampling — the associated computational work-
flows have grown in both scale and sophistication. Today’s state-of-the-
art studies rarely rely on a single simulation code; instead, they depend
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molecular dynamics and materials screening [1,2]. While these agen-
tic frameworks have matured rapidly in force-field-based subfields,
where standardized tasks and cheaper computations enable end-to-end
automation, their application to electronic-structure methods remains
earlier-stage [3,4], largely focused on workflow setup, error recovery,
and hybrid integration with DFT rather than fully replacing human-
designed protocols. This Perspective argues that interoperability should
be grounded in shared, machine-readable schemas, provenance lay-
ers, and tool interfaces, which provide the essential foundation for
workflows that remain accessible to researchers. Such a foundation is
especially important as new theories, methods, and computed proper-
ties continue to evolve rapidly and still require active human oversight,
rather than fully automated environments in which agents negotiate
interfaces at runtime.

This has been the framework of the Symposium F “Advanced in-
teroperability in atomistic simulations of materials”, which took place
within the 2025 European Materials Research Society fall meeting. The
outcomes of the Symposium’s debates are examined in this perspective,
where we discuss the software ecosystem in atomistic simulations
of materials as a unifying concept that enables modularity, automa-
tion, reproducibility, and scalability. We highlight how the traditional
limitations of monolithic simulation codes can be overcome by in-
teroperable frameworks that allow specialized tools to exchange data
seamlessly and to be embedded within automated workflows.

Through representative examples drawn from across the electronic
structure simulation landscape, this Perspective illustrates how inter-
operability supports advanced simulations at multiple levels. First, the
role of interoperable workflow infrastructures in enabling complex
multi-method simulations is discussed (Section 2). Section 3 focuses
on electronic structure workflows, ranging from real-time simulations
of nonlinear optical responses (Section 3.1), to parametrization of
effective spin Hamiltonians for magnetic simulations (Section 3.2),
and second-principles effective Hamiltonians derived from first princi-
ples (Section 3.3). Section 4 addresses thermal transport and lattice-
dynamical properties, including coupled electron—phonon Boltzmann
transport (Section 4.1) and recent machine-learning-accelerated ap-
proaches (Section 4.2). Section 5 discusses active learning strategies for
data-efficient materials discovery and their integration within interop-
erable computational ecosystems. Finally, Section 6 reviews advances
in molecular dynamics and phase-space sampling enabled by multiscale
and adaptive frameworks.

A central theme of this work is the infrastructure required to sup-
port such interoperability, including standardized and extensible data
formats, robust provenance tracking, inter-code communication layers,
and workflow engines capable of managing complex, adaptive exe-
cution logic. We discuss how Python-based interfaces and modular
software components facilitate extensibility and community-driven de-
velopment, while high-throughput workflow frameworks and materials
databases provide the backbone for systematic data generation and
sharing. Particular attention is given to the role of interoperability
in enabling FAIR (Findable, Accessible, Interoperable, Reusable), Al-
ready data, where semantic consistency and traceability are essential
for trustworthy machine learning and autonomous discovery pipelines.

By bringing together diverse methodological advances under a com-
mon connectivity perspective, this paper argues that the future of atom-
istic materials simulation lies in integrated software ecosystems rather
than isolated codes. Such ecosystems not only accelerate the incor-
poration of new theoretical developments but also enable large scale,
reproducible, and Al-driven exploration of materials. These develop-
ments provide key enabling infrastructure for future closed-loop discov-
ery workflows, but their present impact is primarily in strengthening
human-supervised, multi-code simulation pipelines.
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2. Managing the multi-method realm of materials simulations

The increasing complexity of atomistic simulations, which often
require chaining structure relaxation, sampling, and post-processing,
has necessitated the shift from manual execution to automated work-
flows. These workflows are the engine behind high-throughput screen-
ing [5], granting researchers the ability to calculate material properties
across vast chemical spaces with speed and consistency. To support
this scale, the community has developed a rich landscape of work-
flow frameworks, including AiiDA [6,7], Jobflow [8], and py-
iron [9]. Crucially, the massive amount of structured data generated
by these high-throughput calculations serves as the foundation for
modern databases [10-12], which are the prerequisite for the training
of machine-learning (ML) models and Al-driven discovery. However,
the rapid evolution of these distinct software ecosystems has created a
fragmentation challenge: workflows and data generated in one frame-
work are often incompatible with others. To sustain the momentum of
Al-driven materials science, interoperability across four complementary
layers is needed: the scientific protocol, the data provenance layer, the
execution engine, and the user application layer (Fig. 1).

Layer 1: Interoperability of scientific protocols

Historically, comparing results across different Density Functional
Theory (DFT) codes required laborious manual tuning of numerical
parameters. To resolve this, the community has developed Common
Workflows [13], which provide uniform interfaces for computing ma-
terial properties (e.g., equations of state) regardless of the underlying
quantum engine. By standardizing inputs and outputs, these inter-
faces treat the simulation code — whether Quantum ESPRESSO [14],
SIESTA [15], or CP2K [16] — as a swappable component. This
interoperability was the cornerstone of the recent massive verifica-
tion of DFT precision [17], where identical protocols were executed
across 11 different codes. This effort proved that diverse implementa-
tions can yield consistent results when orchestrated within a common
workflow framework. Prioritizing these “abstract” workflow definitions
over code-specific scripts ensures true scientific reproducibility and
cross-code validation [18].

Layer 2: Al-ready data provenance and semantics

While standardizing execution is challenging, ensuring that the
output of these simulations is machine readable is an immediate and
high-impact priority. To fuel Artificial Intelligence (AI) models with
reliable outcomes, data must be traceable, reproducible, and FAIR
(Findable, Accessible, Interoperable, Reusable) [19]; otherwise, even
sophisticated models propagate hidden errors. Provenance systems cur-
rently excel at linear multi-code execution but face challenges in highly
iterative scenarios requiring adaptive path tracking. The AiiDA in-
frastructure addresses the traceability requirement by automatically
storing the full data provenance in the database. This captures ev-
ery input, output, and logical step of a calculation, ensuring that
any data point used in machine learning can be audited and repro-
duced. Simultaneously, syntactic interoperability has been addressed
by the OPTIMADE API [20,21], which allows uniform querying across
databases like the Materials Project [10], OQMD [11], and Ma-
terials Cloud [12]. However, neither structured provenance nor
syntactic uniformity is sufficient for full Al-readiness if semantics are
missing. Currently, adding physical meaning often requires laborious
post hoc curation. Workflow engines must desirably evolve to sup-
port ontology-aware semantics at runtime. Although several ontology-
and metadata-centered infrastructures now wrap electronic-structure
calculations, we are not aware of any widely used production DFT
code that natively exposes a mature, runtime ontology-aware semantic
layer; in practice, semantic information is still usually provided by
external workflow systems, knowledge-graph layers, or domain experts
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(b) Al-Ready Data (Provenance & Semantics)
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Fig. 1. The hierarchy of software interoperability. (a) Scientific protocols are standardized via Common Workflows. (b) Data is made Al-ready through automated
provenance tracking and semantic integration. (c) Execution logic is shared via exchange formats like the Python Workflow Definition (PWD). (d) Users
interact with these layers through modular applications like the AiiDAlab Quantum ESPRESSO app.

rather than by the solver itself. By embedding definitions from formal
ontologies directly into the workflow logic, engines can generate rich,
semantically granular data as it is created. This ensures that a floating-
point value is not just a number, but is instantly tagged — for example,
as a “potential energy” in “eV” relative to a specific ontology schema
— allowing Al agents to autonomously interpret data without human
intervention. Efforts toward shared ontologies are already underway in
the OPTIMADE consortium (see the evolving OPTIMADE specification),
through the MADICES conference series (https://madices.github.io/),
or the European Materials Modelling Council (see https://github.com/
emmo-repo/EMMO).

Layer 3: Interoperability of workflow engines

One aspirational “ideal” is the interoperability of the workflow
engines themselves. As noted, the ecosystem is rich with systems like
AiiDA [6,7], Jobflow [8], FireWorks [22], Atomate [23], and
pyiron [9]. Currently, these systems operate as silos. Recent ef-
forts, such as the Python Workflow Definition (PWD) [24],
attempt to address this by defining a format to specify software de-
pendencies, node definitions, and graph topology independent of the
workflow management system. This allows simple Directed Acyclic
Graph (DAG) workflows to be exported from one system (e.g., AiiDA)
and executed by another (e.g., pyiron). However, achieving this for
realistic, dynamic research applications — which often require complex
flow control, error handling, and while-loops — remains a signifi-
cant technical challenge. While valuable for simple demonstrations,
widespread engine interoperability likely requires further maturation
of these intermediate standards.

Layer 4: Interoperability of applications (tools)

Finally, these technical and scientific layers should be made acces-
sible to non-specialists through interoperable graphical user interfaces
(GUlIs), whether installed locally or accessed via the cloud. The recent
development of the AiiDAlab Quantum ESPRESSO app [25,26]
demonstrates the efficacy of wrapping robust A1iDA workflows in a

user-friendly “wizard” interface. By organizing the app around modular
panels for inputs, processing steps, and results, various property plugins
— ranging from electronic structure to spectroscopies — can share
a unified interface and workflow logic. The future of GUIs lies in
decoupling the frontend from the backend. By building “code-agnostic”
interfaces that leverage the Common Workflows (Layer 1) and Prove-
nance (Layer 2) described above, it is possible to create tools where a
user selects a material and a property, and an assistant — potentially an
LLM-driven agent — suggests a suitable code and workflow, lowering
the barrier to advanced simulation methods. It is possible to imagine
a research ecosystem where interoperability is built-in by design: a
researcher should be able to define a simulation using a standard
Common Workflow, execute it on any Workflow Engine via interme-
diate definitions like PWD, analyze it through a code-agnostic App,
and automatically persist the results in an Al-ready database enriched
with semantic ontologies. This vertical stack of interoperability is the
key to transitioning from isolated calculations to autonomous materials
discovery, enabling Al agents to seamlessly navigate the full cycle of
design, simulation, and analysis.

3. Integrating electronic structure methods across scales
3.1. A toolkit for optical properties

Nonlinear optical spectroscopy is a powerful tool to probe (per-
turbative regime) or even control (non-perturbative regime) material
properties. First principles simulations of the nonlinear optical response
of materials can help the design and interpretation of nonlinear spec-
troscopy experiments. With this goal, the nonlinear optical run-level
of the yambo code [27,28] implements the time-evolution of Bloch
electrons in a homogeneous time-dependent electric field [29]. The
workflow is shown in Fig. 2. The main ingredients in the equation
of motion for the Bloch electrons {|vy,m)} are the external electric
field £ and the effective Hamiltonian H,. The effective Hamiltonian is
built from the Kohn-Sham Hamiltonian obtained from prior electronic
structure calculations. Beyond the independent-particle approximation
(IPA), quasiparticle corrections and the so-called collision matrix ele-
ments [30] — needed to calculate the self-energy at each time-step —
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Fig. 2. Interoperability. In this workflow each box represents a separate run,
executed by different codes/code run-levels. In the first step, the electronic
structure is calculated. This is the input for the real-time simulation (blue
box) and — in case of calculations beyond the independent particles — for
the calculation of quasiparticle correction and the building-blocks for the self-
energy operator, that are also input of the real-time simulation. The output
from the real-time simulation is postprocessed to obtain, e.g. nonlinear spectral
properties.

are added to the effective Hamiltonian. The integration of the equation
of motion outputs the macroscopic polarization (and current), which
are then post-processed to obtain the nonlinear responses. Obtaining
the nonlinear optical response for a given material requires interoper-
ability of different software: the nonlinear optical run-level integrates
the equation of motion, the electronic structure is obtained from the
plane-wave density functional code Quantum ESPRESSO [14], the
quasiparticle corrections and collision matrix elements are computed
by other run-levels of the yambo code [31], and yambopy is used
for the postprocessing [32] The latter is a suite of Python scripts
that includes access to the yambo databases and the analysis of the
nonlinear response. The Python programming language makes it easy
for users to extend the analysis tools depending on the experiments and
properties they wish to address. As an example, in a recent work [33],
nonlinear optical spectroscopy based on frequency-mixing has been
addressed, and specifically the sum and difference frequency generation
(SFG/DFG) (see top panels of Fig. 3). In SFG/DFG processes, two
input fields at w; and w, generate an output at ® = »; + w, provid-
ing direct access to the second-order response function y®(w;®,,®,).
Before this work, only the analysis of a single monochromatic field
was available, and nonlinear spectroscopy techniques treated were
restricted to a single probe. By adding a few Python functions to
yambopy, a new analysis tool was created and shared with other
users that allows one to simulate frequency-mixing nonlinear optical
spectroscopy. Specifically, robust signal-processing techniques has been
employed, such as singular value decomposition (SVD) pseudoinversion
and least-squares [33] rather than the discrete Fourier transform, which
is impractical because commensurate frequencies lead to extremely
long fundamental periods. Since the rest of the workflow could be used
as it was (it was already possible to specify more than one monochro-
matic field), it is possible to study SFG/DFG incorporating crucial
quasiparticle corrections and excitonic interactions within the so-called
time-dependent adiabatic GW (TD-aGW) [30,34]. Results are shown
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in the bottom panels of Fig. 3 for monolayer h-BN. This work [33]
— which also includes simulations on SFG/DFG of MoS, monolayer
and terahertz-field-induced second-harmonic generation for a bilayer
of h-BN — demonstrates how real-time simulations with TD-aGW cap-
ture excitonic effects in nonlinear frequency-mixing. Overall, thanks
to the integration of different codes and run-levels, and the flexibility
offered by the Python-based postprocessing, it has been possible to
address several nonlinear properties beyond the original second- and
third-harmonic generation and besides the one in the example. For
instance, two-photon absorption [35] and, more recently, the shift-
current [36] and the electric-field-induced second harmonic generation,
including the ionic contribution [37]. Finally, being the workflow
based on density functional theory, the nonlinear optical properties of
any material can, in principle, be calculated. Several future directions
appear promising: First, expanding the interoperability of the real-time
framework is a natural next step. The structure of the workflow already
allows different levels of theory to be plugged in (see Fig. 2), and ex-
tending the interoperability. For instance, the integration of additional
run-levels, such as electron-phonon coupling or alternative screened
interaction models would enable to treat multiple quantum mechanical
effects within a single real-time workflow. A related improvement is
the adoption of a fully Python-based interface for defining external
electric fields, which would make the framework more accessible. Sec-
ond, generalizing the present implementation to sequences of multiple
pulses would gain access to a wide class of nonlinear probes, such as
ultrafast pump-probe and time-resolved nonlinear spectroscopy. Third,
model reduction and data-driven techniques [38] may dramatically ac-
celerate TD-aGW propagation, enabling large-scale materials screening.
Using model order reduction, low-rank approximations, or machine-
learning surrogate models for the exchange kernel or the dynamical
polarization could make high-resolution frequency grids feasible. Fi-
nally, the workflow can be integrated with materials informatics to
generate systematic databases of nonlinear optical responses in 2D
materials. For example, the present workflow could be made compati-
ble with workflow managers such as AiiDA [39], which can manage
high-throughput execution and store nonlinear response functions in
standardized formats. Beyond the specific application to nonlinear
spectroscopy, the underlying framework could be used for general
signal analysis. Methods such as Fourier transform, SVD pseudoinvers,
or least-squares fitting to analyze the nonlinear polarization do not
rely on any assumption about the physical origin of the signal. With
minor adaptations of the I/O interface, the same analysis tools can
be applied to any multi-component time-domain signal, e.g., for spin
and magnetization dynamics, charge or current oscillations, and other
time-dependent collective modes obtained from real-time or molecular
dynamics simulations.

This example maps naturally onto the interoperability stack de-
scribed in Section 2, combining a well-defined protocol, data exchange
between Quantum ESPRESSO and yambo, and Python-based post-
processing through yambopy. It also illustrates the broader challenge
discussed above: while technical data exchange is well established,
explicit semantic annotation of the exchanged quantities remains an
important direction for future development.

3.2. Modeling magnetism at the nanoscale

The Heisenberg spin model is a cornerstone of research in mag-
netism, essential for simulating diverse phenomena ranging from
ground-state ordering and thermodynamics to ultrafast spin dynamics
across extended length and time scales. The generalized Heisenberg
Hamiltonian captures the essential magnetic interactions, including
isotropic exchange, anisotropic exchange, the Dzyaloshinskii-Moriya
interaction (DMI), and single-ion anisotropy (SIA):

E=- Y K(5,-&7 - Y [J575,- 5, + 5325, + D, - (5,x 5
7 i
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Fig. 3. Application. A schematic overview of (a) sum frequency generation (SFG) and (b) difference frequency generation (DFG). Calculated (c) SFG and (d)
DFG spectra for h-BN at the TD-aGW level. These heatmaps have been generated using a frequency grid of w, X @, = 96 X 96 points. For each frequency pair, a

real-time simulation was run, and the output signal processed.

Here, S, denotes the unit spin vector at site i. The Hamiltonian
accounts for the single-ion anisotropy K; along the easy axis ¢;, as
well as pairwise interactions: the isotropic exchange J [J’?", the symmetric
anisotropic exchange tensor J i and the antisymmetric Dzyaloshinskii-
Moriya interaction vector D, e

While the form of this Hamiltonian appears simple, accurately
determining these interaction parameters for real materials is a critical
and challenging task. The precise computation from first principles is
essential for predictive simulations. There are several widely adopted
approaches to compute them from DFT:

1. Total energy mapping: Calculating total energies of various
collinear and non-collinear magnetic configurations (often us-
ing supercells) and fitting the parameters to the energy differ-
ences [40].

2. Generalized Bloch Theorem (GBT): Using spin-spiral boundary
conditions to calculate the energy of spin spirals and extracting
parameters from the energy dispersion [41].

3. Density Functional Perturbation Theory (DFPT): Computing
the magnetic response functions by perturbing the density func-
tional theory (DFT) electronic structure with respect to magnetic
fields [42-46].

4. Magnetic Force Theorem (MFT): Treating local spin rotations
as perturbations to the electronic structure of a reference state
(usually the ground state), in the framework of Green’s function
method, allowing for the calculation of all parameters from a
single DFT calculation without supercells [47].

TB2J [48] is an implementation of the MFT within the Green’s
function formalism for computing magnetic interaction parameters.
The central idea is to map the energy variation due to small rigid spin
rotations in the DFT electronic structure to the classical Heisenberg
spin model. According to the MFT, the change in total energy due
to such a perturbation can be approximated by the change in the

sum of single-particle energies, assuming the charge density remains
fixed. This approach avoids the need for computationally expensive
total energy calculations of multiple magnetic configurations and the
associated convergence challenges. Instead, the exchange interactions
are computed directly from the Green’s functions of the magnetic
ground state.

By treating the local spin rotation as a perturbation, the full set of
magnetic interaction parameters, including isotropic exchange,
anisotropic exchange, and Dzyaloshinskii-Moriya interaction (DMI),
can be derived. The latter two quantities require a full-relativistic treat-
ment in the DFT calculation [49]. To represent the local spin rotation,
the method requires the Kohn-Sham Hamiltonian to be represented
in an atomic-centered local basis set. TB2J supports Hamiltonians in
the form of Wannier functions [50] or numerical atomic orbitals [51],
and recently, gaussian orbitals. This flexibility allows the method to be
applied to many DFT codes. A major advantage of this Green’s function
approach is its efficiency: it allows for the computation of magnetic
interactions between atoms up to long distances from a single unit cell
SCF calculation, without the need to construct large supercells.

TB2J is designed as a modular component of a larger ecosystem,
ensuring interoperability and ease of integration into high-throughput
workflows (Fig. 4). Central to this design is the HamiltonIO package,
which establishes a standard interface for parsing electron Hamiltoni-
ans. By abstracting the details of specific file formats, HamiltonIO
facilitates seamless interoperability between TB2J (or other code re-
quiring electron Hamiltonians) and a wide range of DFT codes. This
unified framework simplifies the addition of support for new DFT codes
and promotes code reuse. Currently, HamiltonIO supports codes
using the Wannier90 interface to the many DFT codes, for example
ABINIT [52], QuantumESPRESSO [53], VASP [54], GPAW [55], local
atomic-orbital bases (SIESTA [15,56] via sisl [57], OpenMX [58],
ABACUS [59]), and Gaussian-type orbitals (Crystal [60]). Addition-
ally, it includes electron-phonon coupling parameters from EPW [61]
for computing spin-lattice coupling.
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Fig. 4. The schematic architecture of TB2J and its integration in the ecosys-
tem of DFT and spin simulation codes.

For output, TB2J generates exchange interaction parameters in
formats compatible with several spin dynamics and Monte Carlo codes,
such as Vampire [62], MULTIBINIT [52], EspinS [63], and Up-
PASD [64]. This capability facilitates seamless integration into existing
simulation pipelines, automating the otherwise tedious and error-prone
task of format conversion. Beyond direct output, the computed parame-
ters can be used for further analysis, such as calculating magnon spectra
using linear spin-wave theory (e.g., via SpinW [65], Magnopy [66], or
the internal TB2J Magnon module [67]). The package also includes
a post-processing module for tasks like ligand spin correction and
parameter symmetrization based on lattice symmetry. However, the
diversity of file formats across various simulation codes remains a
challenge for maintenance and interoperability. To address this, TB2J
supports community efforts [https://github.com/spinham] to establish
a standard spin Hamiltonian format, which would serve as a universal
intermediate layer between electronic structure and spin simulation
codes.

There is an AiiDA [39] workflow [67], which can be used to
automatize the TB2J calculations and integrated to the existing Ai-
iDA-DFT workflows. More recently, an agent skill [68,69] has been
included in the TB2J package [48,70], exposing the main TB2J func-
tionalities as agent tools. These tools can (i) automatically run upstream
DFT calculations with parameters tailored for TB2J input, currently
using SIESTA; (ii) identify existing DFT or Wannier90 outputs,
gather the required information, and generate TB2J input files au-
tomatically; (iii) run TB2J to construct the Heisenberg model and
compute magnon band structures; (iv) detect possible pitfalls, such as
non-converged Wannier functions; and (v) parse the output and gener-
ate a human-readable markdown report of the results, including links
to the underlying theory, methodology, and implementation details.
The same tools can be used interactively through step-by-step human
commands or embedded in fully automated procedures. An agentic
workflow based on these skills has also been developed within the
Google Agent Development Kit (ADK) framework [71], and a Model
Context Protocol (MCP) interface [72] has been built to expose TB2J
capabilities to broader agent ecosystems.
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The development of TB2J is largely community-driven, with many
features added to address specific research needs. It relies on and
integrates with existing open-source tools, such as the Atomic Sim-
ulation Environment (ASE) [73] and sisl [57]. The overlap between
TB2J contributors and developers of major DFT codes (e.g. ABINIT,
SIESTA, ABACUS, Quantum ESPRESSO, EPW) fosters a beneficial
feedback loop, stimulating the development of new features.

The TB2J ecosystem provides a complementary example of inter-
operability centered on model construction. Here, the scientific pro-
tocol consists of mapping first-principles electronic structures onto
spin Hamiltonians; the data layer requires robust exchange of Hamil-
tonians, Wannier or local-orbital representations, magnetic interac-
tion parameters, and diagnostic metadata; the execution layer is sup-
ported by HamiltonIO, AiiDA workflows, agent workflows, MCP inter-
faces, and connections to electronic-structure and spin-dynamics codes;
and the application layer includes both conventional user workflows
and emerging agentic interfaces for human-guided or fully automated
model generation.

3.3. Bridging scales: from first to second principles

One of the main theoretical tools in solid state physics are effective
models that condense phenomena in relatively simple expressions that,
typically, depend on a few parameters that can be obtained from fitting
to the experiment. The most widespread of these models is, perhaps,
the Ising Hamiltonian for magnetic systems but effective Hamiltonians
are used to describe all kind of observables from electronic bands [74]
to superconductivity [75] or ferroelectricity [76]. These techniques,
like the related phase-field models [77], can be exploited with modern
computers to simulate large structures like magnetic or polar skyrmions
with typical sizes of tens or hundreds of nanometers. In this sense
these semiempirical methods are complementary to first principles
techniques, like DFT, that are predictive, in the sense that they do not
require experimental input beyond the fundamental constants, but are
limited to relatively small simulations cells, with a typical scale of 1 nm.
When first principles calculations are used to provide the value of the
parameters of effective Hamiltonians, they become predictive methods
that may named as second-principles. However, effective Hamiltonians
are usually designed to simulate a single property (magnetism, bands,
phonons, structure among others) and, as a consequence, are very
limited in scope when compared with full ab initio methods like DFT.
Moreover, sometimes it is difficult to obtain model parameters in a
consistent way [78,79] which, in part, can be due to neglecting degrees
of freedom in the model that are important in the physical problem.
For example, the Ising model does not include any geometry depen-
dency but exchange constants are strongly dependent on structure. A
solution to this problem involves creating a model Hamiltonian that
is based on DFT and tries to simplify this method. There exist several
approaches that try to achieve this goal like tight-binding DFT [80] or
second-principles DFT (SPDFT) [81] that will be described here.

The basic concept behind SPDFT is the idea that many properties in
a solid do not depend on the reaction of all the electrons of the system
but only a few of them. Under this premise, one can separate the total
density of the system into two contributions, the reference electronic
density, n,, and the deformation density én:

n(r) = ny(r) + én(r). @

For example, the reference density in an insulator can be taken as
the ground state of the system but when a dopant is introduced the
extra charge and the distortion it introduces in the electron distribution
of the insulator would be the deformation density. Using the generic
expression for the DFT energy and using the deformation density as a
perturbation, one can expand the exchange—correlation functional to
second order [81] to obtain,

E~ E(O) + E(l) + E(z) R (2)
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where E© only depends on the reference density, while E() depends
on it linearly, etc. The reference term, E©), describes the energy surface
of the system when the electron density is n, (that can change with
the geometry). Thus, in an insulator, E© normally corresponds with
the ground energy surface. In order to evaluate this term quickly an
expansion of the ground energy surface around a particular geometry
is employed [82], called reference atomic geometry, in terms of har-
monic and anharmonic contributions, written as products of atomic
displacements, that represents it very precisely. Thus, E© is the main
contribution to the structural degrees of freedom and describes the
lattice.

In order to represent the E(V and E® terms, that involve changes
in the electronic density a Wannier Functions (WF) [83] basis is used
in SPDFT to represent the Kohn-Sham wavefunctions. The main vari-
ables in SPDFT are the one-electron reduced density matrices d,,
ds;) and D,, that are used, respectively, to represent n, n, and én in
the WF representation. Using this basis it can be seen that E( is
the sum of the one-electron energies of the system, equivalent to the
total energy of a tight-binding model, and E® includes the electron-
electron interactions collecting the classical Hartree energy and also
the exchange and correlation [81]. In this manner SPDFT includes
structural and electronic degrees of freedom and can be used to describe
a large variety of properties in solids, at difference with usual effective
Hamiltonians. However, the definition of the model is only half of
the problem, the other half being the determination of the parameters
in the model. In SPDFT there are (i) structural parameters like force
constants and anharmonic interactions, (ii) tight-binding-like bands,
(iii) electron-lattice interactions that describe the change of the bands
with the geometry and (iii) screened four-center electron—electron in-
tegrals [81]. Obtaining these parameters requires the interplay of the
second-principles code with DFT programs in order to fully determine
the model. Parameters in second-principles are obtained either from
calculation or fitting of ab initio data [81,82,84,85]. Initial approaches
involved fitting the models to user-defined datasets of first principles
simulations [81]. This leads to models that are difficult to compare
with each other, given that different users will create datasets that focus
on different aspects of the studied system. Thus, much work has been
devoted to refine the fitting process and the selection of the dataset
used to create the models. An alternative to fitting is calculating the
different parameters. This is usually a much more controlled proce-
dure [85] and allows to create models that are much more comparable
with one another. However, while some parameters, like force con-
stants, tight-binding and electron-lattice (electron—phonon) couplings
can be obtained with relative ease from first principles calculations,
others, like anharmonic interactions or electron—electron integrals, are
much more difficult to obtain. From the lattice side much work has
been done with the MULTIBINIT code [52]. This is a lattice-only
second-principles code that can use the DFT code ABINIT to semiau-
tomatically create the harmonic and anharmonic couplings necessary
to describe E©. From the electron side the code MODELMAKER [85]
interfaces with SIESTA [15] in order to create electron Hamiltonians
with the help of Wannier90 [86]. This code is able to create an
electronic second-principles model by calculating the reference tight-
binding Hamiltonian and the first- and second-order electron-lattice
terms and fitting the electron—electron integrals. In order to define the
quality of the model the user is required to input a few cutoffs that
determine, for example, the range of the tight-binding interactions, the
electron-lattice or electron—electron couplings.

SPDFT have found applications in the simulation of ferroelectric
materials and their interfaces. They provide with a robust framework
to describe the phase transitions in these materials [82]. The ability
to carry out simulations with large simulation cells allows simulating
polar topological textures like skyrmions or vortices [87] and study
how electric fields, strain and temperature influences them. From the
electron side SPDFT has been used to simulate magnetic states in tran-
sition metal lattices like NiO [81] or K,AgF, [88]. They have also been
used to calculate optical properties, including those of metals [89].
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While at present not many applications of electron SPDFT models
exist, the recent works dedicated to improve model generation [85]
and to carry out time-dependent simulations [89] carry a great promise
to deal with difficult transport problems like polaron hopping. More-
over, spectra calculated with real-time time-dependent SPDFT showed
excitonic features associated with strong electron-hole correlations that
show the flexibility and ability of second-principles to capture non-
trivial physics. Thus, this class of methods shows the importance of con-
tinuous development of infrastructure capable of extracting information
from first principles codes using various programs, like SIESTA or
ABINIT, and postprocessing tools like Wannier90 to create versatile,
physically-based effective Hamiltonians.

Second-principles approaches further highlight that interoperability
is not limited to file conversion, but also concerns the preservation
of physical meaning across scales. The protocol layer is defined by
the construction of effective Hamiltonians from first-principles data;
the data layer involves the transfer of force constants, tight-binding
parameters, electron-lattice couplings, and screened interactions; the
execution layer relies on interfaces among DFT codes, and the ap-
plication layer enables large-scale simulations using models whose
parameters were obtained from ab initio calculations.

4. Interoperable workflows for thermal transport and lattice dy-
namics

Thermal-transport and lattice-dynamical workflows provide another
view of the same four-layer structure. At the protocol level, first-
principles calculations, force-constant extraction, electron-phonon and
phonon-phonon interactions, and transport solvers must be combined
consistently. At the data layer, the central challenge is to preserve
the meaning and provenance of quantities such as interatomic force
constants, scattering matrices, group velocities, and transport coeffi-
cients. At the execution and application layers, interoperable workflows
make it possible to connect DFT/DFPT engines, Wannierization tools,
Boltzmann solvers, phonon packages, and machine-learning potentials
in automated and reusable pipelines.

4.1. Coupling electron and phonon

Over the past decades, there have been tremendous advances in
DFT [91,92] and DFPT [93], both at the theory development and
implementation fronts. This happened alongside an ever increasing
availability of high performance computational tools. As such, accurate,
parameter-free computations of the electron and phonon band struc-
tures have become relatively straightforward. DFPT, paired with the
maximally localized Wannierization method [94], also allows comput-
ing the electron-phonon interactions [95] on wave vector meshes fine
enough to solve the momentum resolved electronic Boltzmann trans-
port equation (BTE), giving access to the charge carrier mobility and
the thermopower. The DFT/DFPT framework also allows computing the
phonon-phonon interactions, enabling a parameters-free solution of the
phonon BTE, giving access to the lattice thermal conductivity. In this
section, the focus is on the current state of the art of the parameters-free
BTEs.

The DFT/DFPT+BTE workflow described above has been extremely
popular in the transport physics community. At present, practitioners
in the field can choose from a handsome selection of software pack-
ages that provide a solver for the BTE, either for electrons, or for
phonons, or both. Examples include epw [61,95], perturbo [96],
elphbolt [97], Phoebe [98], etc. for the electron BTE; Sheng-
BTE [99], A1maBTE [100], Phono3py [101], FourPhonon [102],
elphbolt [97], Phoebe [98], etc. for the phonon BTE; and elph-
bolt [97] for the coupled electron—phonon BTEs.

The vast majority of the codes mentioned above make something
known as the Bloch assumption [103] which states that the phonon



J. Carrete et al.

E/VT

e-e

e-ph

ph-e

Computational Materials Science 273 (2026) 114900

VT

h-ph

elphbolt

Fig. 5. Schematic showing the momentum loop between the electron (e) and phonon (ph) subsystems, as captured by the coupled e-ph BTEs. The external
fields (electric field E and temperature gradient VT) can pump momentum into the system of particles. Via e-ph and the reverse ph-e interactions processes,
the two subsystems can exchange momenta. There can be momentum redistribution within each subsystem via ph-ph and e-e processes; other possible scattering
mechanisms are not shown for brevity. In the latest published version of elphbolt the e-e channel is not included. The code, however, has been recently extended

to include this channel [90].

(electron) subsystem can be taken to remain in equilibrium when solv-
ing the electron (phonon) BTE. As has been pointed out by Peierls [104],
this is an asymmetric treatment of the non-equilibrium state of elec-
trons and phonons in a material where they interact. In reality, when
electrons are driven out of equilibrium, they drag phonons out of
equilibrium too, and vice versa, as illustrated in the momentum flow
diagram in Fig. 5. This electron-phonon drag effect [105] has been
shown to be extremely important for an accurate prediction of electron
and phonon transport coefficients, especially the thermopower. While
this has been observed early on in pioneering experiments [106-108],
it is only recently that it was possible to compute these effects within
a parameters-free formalism [109-112].

The elphbolt code, in particular, has, since its public release,
enabled the transport physics community to carry out the dragful
electron—phonon BTEs calculations. Over the past few years, this code
has been used to make several predictions of strong drag effects in
various materials including bulk Si [97], Si nanowires [113], diamond
C [114], BAs [115], wGaN and wAIN [116], silicene [117], #-TaN and
MosS, [117,118].

The methodology described so far ignores the Coulomb interactions
among the charge carriers. The prevailing wisdom is that electron—
electron interactions are mostly of the momentum conserving (Normal)
type and, as such, play a minor role in limiting the transport prop-
erties, which are mostly driven by momentum dissipative interactions
(Umklapp). This picture is an oversimplification of the situation. While
Normal processes are not directly dissipative, they do redistribute the
energy and momentum among the states and, as such, indirectly affect
transport properties. The most famous example of this is the hydro-
dynamic regime, where it is the preponderance of the non-dissipative
processes that leads to the collective transport behavior. Very recently,
the elphbolt code has been extended to include the Coulomb interac-
tions [90]. In this work, the authors applied this tool to study the charge
carrier transport properties of doped graphene. They found that the
inclusion of Coulomb on top of the usual electron—-phonon interactions
was crucial to get decent agreement to recent measurements of the
resistivity [119]. They also found that the extreme Coulomb drag effect
between electrons and holes can lead to negative conductivity in one of
the subsystems, a phenomenon that was very recently observed [119].
Lastly, they found that the Coulomb drag effect leads to the emergence
of hydrodynamics in both the electron and hole subsystems at low
temperatures. Moreover, and most importantly, they found that at
low temperatures and low doping levels, the electron and the hole
subsystems approach a shared hydrodynamic — so-called bifluid —
state. None of these phenomena could be captured by the standard
electron BTE theory that ignores the Coulomb interactions.

Now let us shift focus to the Boltzmann transport theory develop-
ment side. Most of the codes described above ignore the interband
quantum tunneling effects; the only exceptions are the Phoebe and
the phono3py codes, and all of them ignore the fact that the inter-
action self-energies are non-band-diagonal quantities. The extension of
the BTE to include the quantum tunneling effects have been derived
in [120,121] for the phonon case and for the electronic case [122].
In a recent work [123], a far more general electronic BTE theory has
been proposed which takes into account the non-diagonality of the self-
energies and also the quantum tunneling effects. The new equation
derived here — named the matrix BTE — further contains quantum cor-
rections to the kinetic side of the transport equation. These are called
kinetic corrections as they describe the effects of the interactions on
the action of the external field on the particles. The standard electron
BTE theory, and also the extended one in Ref. [122], ignores these
terms. Furthermore, the matrix BTE, which was derived completely
from first principles, has a fundamentally different off-diagonal part
of the collision integral compared to the counterpart in Ref. [122]
which uses a type of relaxation time approximation. The matrix BTE,
however, is significantly more complex compared to the standard one
due to the presence of several additional terms and the general matrix
structure. However, with novel, order of magnitude cheaper methods of
computing the electron-phonon matrix elements coming online [124],
it is expected to see an implementation of this new theory in the near
future.

4.2. Accelerating equilibrium property sampling with machine-learning tools

Phonons play a crucial role in various material properties, in-
cluding thermal conductivity, phase transitions, thermoelectricity, and
superconductivity [126-130]. Accurate prediction of phonon proper-
ties is therefore essential for understanding and designing materials
[131]. Over the past few decades, first principles calculations based on
DFT [91,92] have served as powerful engines for accurately predicting
phonon properties. The first-principles characterization of the energy
landscape of a crystalline solid around its equilibrium configuration
as a truncated power series opens the door to predictive estimates of
many relevant properties. The ingredients of those series are the nth
derivatives of the potential energy evaluated at equilibrium, or order-
n interatomic force constants (IFCs). First principles lattice-dynamical
expansions usually rely on DFT to obtain those force constants. Low-
order IFCs can be calculated employing DFPT [43,52,93,132-138],
but the most widely used and versatile method to obtain all man-
ner of IFCs is based on finite-difference formulas involving forces on
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Fig. 6. Schematic representation of NeurallL, an automatically differentiable MLIP, illustrating how the potential energy is calculated and how forward-mode

AD (denoted as VJP in the figure) is applied to calculate the forces.
Source: Adapted from Ref. [125], licensed under CC-BY 4.0.

atoms [101,139-148]. However, the number of IFCs to be considered
in order to obtain a good description of a crystal scales geometrically
with their maximum order and, even if the symmetry of the system
is optimally harnessed, so does the number of DFT runs required.
This creates a significant bottleneck for this kind of workflow. The
most frequent among these expansions is the harmonic approximation,
where the series is truncated after the second order to calculate the
phonon spectrum of the system. Third-order force constants addition-
ally enable the calculation of the intrinsic lifetimes of those particles
as limited by third-order processes; used as inputs to a solver of the
Peierls-Boltzmann transport equation [99,100,141,147,149,150], these
ingredients have provided accurate ab-initio predictions of the lattice
thermal conductivity of many materials. Even for relatively simple
cubic and hexagonal crystals, however, the workflow can easily involve
thousands of DFT calculations for supercells [151]. Several exten-
sions beyond the basic weakly-anharmonic-crystal model can make this
already high cost skyrocket:

+ Systems with point defects: these include doped semiconductors,
ubiquitous in technological applications. Using methods based on
Green’s functions, the thermal conductivity of specific samples
can be predicted accurately [152] and the physics of elastic
phonon scattering by defects studied in great detail [153]. Un-
fortunately, this demands knowledge of the second-order IFCs
of low-symmetry defect-laden supercells, often involving several
charge states.

Interfaces: parallel and perpendicular reconstructions, as well as
interdiffusion, reduce the symmetry in this more drastic kind
of crystallographic defect, whose modeling therefore requires
calculations for large blocks of atoms [154].

Higher-order anharmonicity: in situations where four-phonon
processes make a significant contribution to scattering, their
amplitudes must be calculated from the fourth-order IFCs [155].
This could, in principle, be extended to even higher orders, but
the cost quickly becomes prohibitive.

Temperature-dependent calculations: crystalline phases whose
stability and vibrational spectrum depend on temperature require
a self-consistent workflow for determining a set of effective
IFCs, with a corresponding multiplication of the computational
demands [156].

Fortunately, the recent explosion of machine learning has provided sev-
eral strategies to accelerate lattice-dynamical calculations. For example,
compressive sensing for force constant calculations [142,157] has en-
abled high-throughput lattice thermal conductivity calculations for
approximately 6000 crystal structures by exploiting the sparsity of in-
teratomic force constant tensors [158]. One related class of approaches
consists in regarding the truncated power series as a generalized linear
model whose coefficients are the IFCs. Thus, instead of finite-difference
formulas based on configurations with a few atoms displaced, a global
regression approach can be used, taking configurations with much
more global displacements as inputs, and employing feature selection
techniques to reduce the computational effort. The user-friendly and
well documented package hiPhive [159] implements a wide range
of these techniques.

However, the most revolutionary and flexible solution are machine-
learning interatomic potentials (MLIPs; see Fig. 6), advanced regression
models that, after being trained on a reasonably sized set of DFT calcu-
lations, can calculate the potential energy of arbitrary atomic configu-
rations for compatible systems [160]. The progress of universal MLIPs
has been remarkable, and they are now ready for application to har-
monic phonon [161] and thermal conductivity calculations [160,162],
although they are not always as accurate as conventional first principles
approaches. Recent universal machine-learning interatomic potentials,
including MACE-MP-0 [163], CHGNet [164], and M3GNet [165],
are rapidly expanding the scope of transferable atomistic simulations.
While their potential applications to materials discovery have not yet
been fully explored, further improvements in accuracy and applicability
can be anticipated. On the other hand, task-specific MLIPs trained
on smaller datasets for particular materials or material systems also
prove useful. Since pre-trained models are typically trained on datasets
generated by DFT calculations with specific choices of parameters such
as exchange—correlation functionals, they are inherently not perfect for
all applications.

Modern MLIPs [167] tend to be implemented on top of latest-
generation machine-learning frameworks such as PyTorch [168] or
JAX [169]. Besides other advantages like high efficiency and GPU ac-
celeration, this makes those MLIPs automatically differentiable [125].
Not to be confused with numerical or symbolic differentiation, auto-
matic differentiation (AD) is a family of algorithms using sophisticated
versions of the chain rule to obtain differential operators based on code
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Source: Reproduced from Ref. [166], licensed under CC-BY 4.0.

built from primitive operations whose derivatives are known [170].
Reverse-mode automatic differentiation can calculate all the elements
of a gradient down to machine precision with a cost comparable to
that of the function being evaluated. Hence, MLIPs also yield forces
efficiently, greatly accelerating all workflows for IFC calculations based
on DFT (see Fig. 7 for an example of calculations for defect-laden
crystals). However, AD can take lattice dynamics much further.

Second-order IFCs can be calculated column-by-column by com-
posing forward-mode AD on top of reverse-mode AD.

IFCs can be bypassed entirely if the truncated power series they
parameterized is evaluated directly using recursive passes of
forward-mode AD, bringing previously unreachable orders of the
expansion within reach [171].

Since differential operators can be evaluated on bases other than
the canonical basis, the dynamical matrix can be obtained in
reciprocal space without passing through the IFCs, enabling an
approach to phonon calculations that resembles that of DFPT.
The dynamical matrix thus obtained is also a differentiable object,
which gives access to group velocities (by differentiating with
respect to the reciprocal-space point) and Griineisen parameters
(by differentiating with respect to volume).

In the framework of Wigner transport [120], which improves
upon the Boltzmann transport equation by including the contri-
bution of coherences and is applicable to amorphous systems, the
complete phonon group velocity operator, which determines the
non-diagonal terms of the thermal flux, can also be calculated
using AD.

On top of these direct contributions to lattice dynamics, MLIPs can
also power alternative approaches whenever lattice-dynamical methods
come short. For instance, for thermal conductivity calculations, the
same potential can provide the ingredients to solve the Boltzmann
transport equation for phonons and serve as the backend of a Green-
Kubo molecular-dynamics run that include anharmonicity to all orders
and scale better to larger systems [166,172-176]. Although MLIPs
work well in combination with phonon calculations, their combined use
remains insufficiently approachable to the broader community. There-
fore, the development of user-friendly software implementations [101,
148] is of great importance. To make the prediction of phonon-related
materials properties even more accessible to the scientific community,
it is essential to minimize the need for users to delve into calculation
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details through reasonable automation and sensible default parameters.
As mentioned before, achieving this goal requires the establishment
of robust methodologies and workflows, along with their implementa-
tion in software. Optimizing the interplay among computational cost,
numerical stability, and predictive accuracy turns out to be quite
challenging in practice. Furthermore, long-term support for developed
software packages, including comprehensive documentation, tutorials,
easy installation channels, and application programming interfaces
(APIs), is crucial to ensure their effective use not only by human users
but also by AI agents. The future of lattice dynamics is therefore bright
thanks to the integration between machine-learning tools and tradi-
tional workflows. Moreover, further blurring of the frontiers between
the ab-initio calculations and the postprocessing part can be expected
with the emergence of automatically differentiable DFT programs.

Computer simulations play an important role as scientific data
generators for Al-driven materials discovery. High-throughput calcu-
lation frameworks such as AiiDA [39,177] and Atomate2 [178]
represent indispensable components for data generation in the scientific
community. The generated data are shared through computational
materials databases such as Materials Project [179] and NOMAD [180],
where phonon calculation data can also be found [179-181]. All this
information serve as valuable resources for materials discovery when
combined with Al technologies.

The emergence of universal (or foundation) MLIPs further changes
the role of interoperability in lattice-dynamical workflows. Such models
replace DFT as faster input providers for phonon, thermal-transport,
and molecular-dynamics calculations, thereby lowering the barrier to
large-scale simulations. However, they also introduce new interoper-
ability requirements, and challenge many of the assumptions in the sim-
ulation ecosystem. One major source of tension concerns provenance
of data. The workflow must track not only structures, energies, forces,
and derived force constants, but also the training data itself, as well as
model version, architecture, uncertainty estimates, differentiation ca-
pabilities, validation domain, and known limitations of the MLIP. Data
management becomes correspondingly more complex, because univer-
sal MLIPs are trained on aggregated heterogeneous databases produced
with different codes, conventions, and standards, which makes seman-
tic consistency across datasets increasingly important. At the same time,
their reliability cannot be assessed through a single universal criterion,
which motivates hybrid workflows that orchestrate DFT and MLIP cal-
culations on demand. A second challenge concerns semantic ambiguity.
In universal MLIP workflows, the same model may act as a force evalua-
tor, a surrogate Hamiltonian, an uncertainty estimator, a data generator
for active learning, or even a controller of the simulation loop itself. As
a result, workflow graphs are no longer purely static and hierarchical,
but become adaptive and partially agent-like, with runtime decisions
depending on model confidence, data coverage, and task context. This
also blurs the traditional separation between workflow execution and
software deployment, since reproducibility now depends not only on
the scientific code but also on model checkpoints, GPU-dependent
runtime stacks, inference libraries, and versioned machine-learning
infrastructure. More broadly, universal MLIPs raise a fundamentally
philosophical issue: they shift part of the scientific method from an
explicit theoretical construction to a statistical object distilled from
previous calculations. In this setting, interoperability is no longer only
about moving data between codes, but also about preserving epistemic
meaning, reliability and provenance across models, databases, and
workflows. Overall, systems like AiiDA, Atomate2, and FireWorks will
not disappear, but will need to evolve into broader platforms that
coordinate simulations, ML models, databases, and autonomous agents
within a hybrid scientific workflow stack.

5. Active learning strategies for materials discovery

The discovery of functional materials is increasingly constrained
by the sheer size and complexity of modern materials spaces, which
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Fig. 8. Bayesian optimization algorithm, where data acquisition requires
interoperability with simulations on HPC platforms.

far exceed what can be explored through trial-and-error or brute-
force high-throughput screening. The combinatorial nature of materials
design, combined with the high cost of evaluating many target prop-
erties, makes data-driven and machine-learning approaches essential
for efficient materials discovery. In this framework, machine-learning
models act as efficient surrogates for expensive structure-property
relationships, enabling rapid predictions once trained on labeled data.

Over the past decade, ML has been successfully applied to a wide
range of materials properties. However, a key limitation persists: most
ML approaches implicitly rely on the availability of large, represen-
tative, and well-balanced datasets. In practice, materials datasets are
often small, biased, and highly imbalanced, particularly when accurate
calculations or experiments are required. As a result, model perfor-
mance is frequently limited not by algorithmic sophistication, but by
the quality and informativeness of the training data. Active learning ad-
dresses this limitation by explicitly coupling model training with adap-
tive data selection (Fig. 10). Rather than treating the dataset as fixed,
active learning strategies iteratively identify which new data points
should be labeled in order to maximally improve model performance.
This paradigm is particularly well suited to materials science, where
data are scarce and simulations or experiments are costly [182]. Exist-
ing active learning strategies in materials science range from model-free
approaches based on diversity [183] or representativity [184] in fea-
ture space to model-based schemes that define an acquisition criterion
based on the knowledge of the samples already labeled [185-188]. A
prominent example of the latter is Bayesian optimization [189,190],
which relies on a probabilistic surrogate model — most commonly
a Gaussian process — to iteratively select new samples through ac-
quisition functions that combine predicted performance and model
uncertainty (see Fig. 10).

This probabilistic framework is implemented in the Bayesian Op-
timization Structure Search (BOSS) Python package for materials re-
search [194]. BOSS constructs high-dimensional surrogate models that
approximate a material’s underlying energy or property landscape,
allowing to identify optimal materials solutions. Surrogate models are
progressively improved through strategic sampling that prioritize data
points with high information gain. As indicated in Fig. 8, data sampling
relies on algorithm interoperability with HPC simulations, and results
in modest but informative datasets. This approach was applied in
computational density functional theory studies of molecular surface
adsorbates [191,195,196], thin film growth [197], solid-solid inter-
faces [198], molecular conformers [199], kinetic disorders [200] and
magnetic interactions [192] in crystals (as illustrated in Fig. 9). In big-
data machine learning, BO-like active learning strategies were deployed
to prune large datasets and reduce computational needs. Iterative data
labeling strategies that balance prediction uncertainty with structural
diversity helped to halve big datasets without compromising Al model
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accuracy [201], and quickly identify materials with desired properties
from a large pool of unlabeled data [202].

However data on-the-fly requires robust HPC workflows and soft-
ware interoperability. Moreover, innovative algorithm development is
needed to address modern challenges. Most optimization problems in
chemistry involve satisfying multiple objectives so optimization proce-
dures are often followed by Pareto front computations. Here, Pareto-
targeting acquisition functions [203] could adjust the sampling toward
identifying Pareto-optimal solutions directly. BO has been typically ap-
plied to optimize materials properties in continuous space, with discrete
variables such as compound type excluded. Mixed discrete-continuous
variable BO [204] would open the route toward more comprehensive
optimal solutions, but here again specialized models and acquisition
strategies are needed. Higher-dimensional BO searches could be con-
ducted by downfolding the problem to a lower-dimensional feature
space, which offers a more convenient search [205]. Specialized Gaus-
sian process models and kernels could be adapted to account for
materials symmetries and energy gradient information to reduce sam-
pling needs. Lastly, A-learning and multi-task Gaussian processes have
recently opened up the prospect of optimizations that combine sim-
ulation data computed with different atomistic simulations methods,
with different accuracies and computational costs [206]. Multi-fidelity
BO has much potential to expedite computational optimizations by
majority sampling of inexpensive low fidelity data, accompanied by
high-fidelity refinement.

While BO and related model-based active learning strategies gen-
erally outperform model-free approaches by exploiting target informa-
tion, they often suffer from high computational cost, poor scaling with
search dimensionality, and limited transferability across models and
descriptors. This motivates the development of computationally effi-
cient, model-agnostic active learning strategies that retain the ability
to construct informative and well-balanced training sets while reduc-
ing labeling costs for a given input representation. In this context,
recently developed regression tree-based active learning models offer
a promising alternative, combining low computational cost with broad
applicability across materials systems [193]. The method exploits the
intrinsic partitioning of descriptor space provided by regression trees
to guide the selection of informative training samples.

In practice, the number of samples selected from each leaf is deter-
mined by the variance of the target values and the fraction of unlabeled
samples within the leaf. Because the leaves of a regression tree define
regions of approximate homogeneity in the joint feature-target space,
this acquisition strategy naturally balances target diversity with repre-
sentativeness in feature space. As a result, it enables the selection of
maximally informative samples—an essential aspect that is overlooked
by many existing active learning approaches. The algorithm is available
in the scikit-activeml [207] Python library. Experiments on nu-
merous benchmark datasets demonstrated improvement over existing
methods and showed its efficiency in learning a regression model from
a very limited labeled dataset [193]. The effectiveness of this approach
has been further demonstrated in the context of MOFs, where both elec-
tronic and adsorption properties present significant challenges for data-
driven modeling [208]. Accurate predictions of MOF properties were
achieved using substantially smaller training sets compared to con-
ventional active learning approaches, such as Greedy sampling [183],
Iterative Representativeness Diversity Maximization [184], Variance-
Based Query by Committee [188], and Gaussian process [185]. This
reduction in data requirements translates directly into savings in com-
putational and experimental effort, while preserving — or even improv-
ing — predictive accuracy. Moreover, the tree-based partitions provide
interpretable insight into structure—property relationships, an essential
aspect for rational materials design.

Active learning makes the link between interoperability and au-
tonomous materials discovery particularly explicit. In this context, the
scientific protocol is no longer a fixed sequence of calculations, but
an adaptive loop in which models, acquisition criteria, simulations,
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Fig. 9. Bayesian optimization for (a) atomistic structure search of hormone sensing on Gr and (b) studies of spin-spin interactions via magnetic energy landscapes.
Source: (a) Adapted from Ref. [191] (b) Adapted from Ref. [192]. Licensed under CC-BY 4.0.
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Fig. 10. Flowchart representing regression tree-based active learning [193],
with the acquisition criterion described in detail.

and data updates interact. The data layer must therefore record not
only successful calculations, but also model versions, selected and
rejected candidates, uncertainty estimates, and failed or low-confidence
branches. The execution layer must support iterative decision-making
on HPC resources, while the application layer must expose these loops
in a way that can be controlled either by human researchers or by
autonomous agents.

6. Advanced molecular dynamics and phase-space sampling work-
flows

Molecular Dynamics (MD) simulations are among the most widely
used computational approaches to investigate systems at atomic resolu-
tion, particularly when properties arising from configurations far from
equilibrium are of interest [209]. These simulations powerfully exem-
plify the multifaceted nature of computational materials science, where
diverse spatial and temporal scales — coupled with complex phenom-
ena — demand specialized approximations, modular methodological
implementations across distinct codes, and seamless interoperability
to achieve computationally efficient simulations for a comprehensive
understanding of the system under study.

Within the MD framework, the temporal evolution of a collection of
atoms is governed by interatomic interactions encoded in a potential
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energy function, which depends explicitly on the atomic coordinates.
These interactions can be supplied from classical force fields [209] or
evaluated at each time step by quantum mechanical calculations as in
Ab Initio Molecular Dynamics [210]. An intermediate strategy is offered
by hybrid QM/MM methods [211], in which a subset of the system is
treated quantum mechanically (QM) while the remainder is described
using classical mechanics (MM). Unfortunately, these QM/MM meth-
ods require a priori identification of the QM region, and a reliable
parameterized interatomic potential model for the MM region.

Recent advances allow adaptive descriptions of the potential energy
surface, where the level of theoretical fidelity is no longer uniform
across the simulation domain. Adaptive-precision schemes dynamically
combine classical interatomic potentials with machine-learning-based
force models, allowing forces on selected atoms to be evaluated at
higher accuracy while the remainder of the system is treated using
computationally inexpensive classical interactions; implementation ex-
amples include the use of atomic cluster expansion as machine learning
potential fitted on DFT data as in Ref. [212]. Unlike conventional
QM/MM schemes, this enables atom-resolved accuracy control with-
out prior system-specific assumptions. All these schemes benefit from
abstraction and modularization of the codes, as the MD algorithms can
be easily decoupled from an external module that provides Energy and
Forces (and is agnostic of the level of theory used, either parameterized
semiempirical potentials, DFT calculations, or MLIPs).

On top of this simple structure, we can add new levels of method-
ological improvements, with modularity among different approxima-
tions. For example, the cost and rigidity of machine-learning force
fields can be reduced by embedding active learning directly within
Molecular Dynamics simulations. In active-learning-driven MD, the
potential energy model is refined during the simulation itself when-
ever the explored configurations fall outside the domain of reliable
interpolation, as quantified by uncertainty estimators. The falcon
framework implements this idea by partitioning the training dataset
into clusters of structurally similar configurations and training mul-
tiple specialized machine-learning models on DFT data instead of a
single global one [213]. Another example is the extension of MD into
regimes dominated by electronically excited states and non-adiabatic
transitions. Machine-learning models capable of representing multiple
electronic potential energy surfaces and their couplings have been
developed to accelerate non-adiabatic molecular dynamics, particularly
when combined with trajectory surface hopping algorithms [214,215].
These physics-informed models are trained on DFT or post-Hartree—
Fock reference data which are obtained from ab initio packages; feeding
of the ML model is based on ad hoc interfaces between the selected ML
engine and the ab initio software. Such machine-learning-accelerated
excited-state dynamics represents a significant departure from classical
MD, as the nuclear motion is explicitly coupled to evolving electronic
degrees of freedom [216].

Alongside these emerging techniques, several established non-
standard molecular dynamics methodologies continue to play a central
role in overcoming intrinsic limitations of conventional Newtonian
simulations. These require modularity not on the Energy-and-Forces
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provider, but on the solver of the dynamics evaluation itself. A couple
of example illustrate how this can be used to reach larger system sizes,
or longer simulation times (by better sampling of the dynamical space)

Long-range structural distortions govern phenomena such as rip-
pling, thermal transport, diffusion processes, and nucleation [217-
224], and studying their effect with conventional MD simulations
requires large structural models that are computationally expensive.
The recently proposed Normal Dynamics technique [225], allows to
limit the computational cost by solving Newton’s equations of motion
in the reciprocal space. By exploiting the phonon mode formalism,
dynamical trajectories are generated by sampling the reciprocal space
instead of the direct space; this allows us to evolve only selected
long-wave perturbations by a suitable choice of the reciprocal wave
vectors, thus reducing the degrees of freedom to be integrated in
time compared to standard Cartesian dynamics. The method is imple-
mented in the pindol Fortran code [226], which is interfaced with the
phonopy [227], phono3py [150] and hiPhive [159] packages for
the preparation of the input files and postprocessing of the produced
dynamical trajectories.

Moving toward even larger systems, coarse-grained molecular dy-
namics reduces the number of degrees of freedom by mapping groups
of atoms onto effective interaction sites, thus smoothing the potential
energy landscape and allowing simulations of mesoscale phenom-
ena [228]. Adaptive resolution simulation methods extend coarse-
graining by allowing particles to transition dynamically between atom-
istic and coarse-grained representations within a single simulation,
ensuring local accuracy while retaining global efficiency [229-232].

Enhanced sampling techniques address the limited configurational
exploration of standard MD by modifying the sampling process through
bias potentials or ensemble transformations that accelerate rare events.
Methods such as metadynamics, umbrella sampling, replica exchange
molecular dynamics, and adaptive biasing force algorithms, also inte-
grating machine-learning engines, enable the reconstruction of free-
energy landscapes and the study of activated processes inaccessible
on conventional MD timescales [233-236]. Another method is the
path integral molecular dynamics, which incorporates nuclear quantum
effects into molecular simulations by mapping each quantum particle
onto a classical ring polymer representation derived from the Feyn-
man path integral formalism [237-241]. Finally, dissipative particle
dynamics represents a mesoscopic simulation paradigm in which coarse
particles interact via conservative, dissipative, and stochastic forces
that collectively reproduce correct hydrodynamic behavior [242-246].

All these methodologies illustrate a broad evolution of molecu-
lar dynamics and the sampling of the phase space toward adaptive,
learning-based, and multiscale frameworks that transcend fixed New-
tonian formulations and enable the simulation of increasingly complex
physical phenomena. As molecular-dynamics workflows increasingly
combine multiple levels of resolution, interoperability must extend
beyond input-output exchange to include the evolving decision logic
of the simulation. This reinforces the broader message of this view-
point article: future interoperable ecosystems must support dynamic,
provenance-aware, and machine-readable workflows suitable for both
human users and autonomous agents.

7. Conclusion

We have shown that software interoperability has become central
to atomistic materials simulations, as contemporary research increas-
ingly relies on workflows that combine multiple codes, models, and
data-processing stages. Interoperability enables, for example, lattice-
dynamics calculations accelerated by machine-learning potentials, the
construction of second-principles electronic and magnetic models, real-
time simulations of nonlinear optical responses, and transport cal-
culations based on coupled electron—phonon descriptions. Examples
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drawn from magnetism, molecular dynamics, and data-driven optimiza-
tion further illustrate how modular software design allows parame-
ters, models, and data to move seamlessly between electronic-structure
calculations, effective Hamiltonians, and large-scale simulations.

At the infrastructure level, workflow frameworks, provenance track-
ing, and standardized interfaces emerge as essential enablers of au-
tomation, reproducibility, and high-throughput studies, as well as of the
generation of data that can be reused in machine-learning and Al ap-
plications. Taken together, these developments point to a broader shift
from isolated simulation codes toward interoperable software ecosys-
tems. Progress will depend on clearer interfaces, shared workflow
definitions, and more robust handling of data semantics and prove-
nance, particularly as Al-driven and autonomous workflows become
more prevalent.

Beyond the interoperability aspects discussed here, recent advances
in agentic Al and multi-agent scientific workflows suggest new possi-
bilities for more adaptive simulation and discovery pipelines. Never-
theless, the present Perspective focuses on the standards, provenance
mechanisms, and workflow infrastructure that such systems would
require in practice. In this sense, interoperability remains a neces-
sary foundation for both human-supervised automation and future
autonomous discovery, even if the latter is still emerging and un-
evenly developed across atomistic simulation subfields. As autonomous
agents become more common users of simulation tools, Layer 4 will
need to give greater importance to machine-actionable interfaces, such
as structured error messages, self-describing APIs, and standardized
output schemas. For electronic-structure codes, this means designing
interfaces that can support not only human users, but also automated
and agent-based workflows.

In this context, interoperability emerges not merely as desirable
feature but an increasingly necessary technical requirement for scaling
atomistic simulations, ensuring reproducibility, and enabling the next
generation of materials discovery.
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