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A MODEL FOR MODULAR FAIR DESCRIPTION OF COMPUTATIONAL
WORKFLOWS IN MATERIALS SCIENCE

ABSTRACT. The aim of this study is to develop and demonstrate the applicability of a model for modular
FAIR description of multi-stage computational research in materials science. The methodology combines
analysis of existing metadata and provenance approaches, structural workflow decomposition, information
modelling, and a case-based demonstration. The proposed model separates dataset- and material-level meta-
data, DFT-, MLIP- and MD-specific metadata, workflow, provenance, and manifest information. Practical
applicability is demonstrated on a SiC DFT — MLIP — MD chain. The demonstration showed the value of
explicitly representing the DFT-to-MLIP and MLIP-to-MD transitions as distinct components of the mod-
el that capture digital-object transformations, provenance, and transfer conditions between computational
stages. The planned workflow is thereby separated from the actual execution history. Further work includes
schema formalisation, mapping to RO-Crate/W3C PROV, and broader testing.

KEYWORDS: FAIR principles; computational materials science; metadata, provenance; scientific workflows;
reproducibility.

INTRODUCTION. The creation of thematic EOSC nodes at the NAS of Ukraine as a development of
the Open Science infrastructure at the NAS of Ukraine was discussed in (Zagorodny et al., 2026). One of
the main provisions of Open Science is the implementation of the FAIR principles, which are among the
fundamental guidelines of modern research data management. They call for structured metadata, persistent
identifiers, and semantic relationships needed for the machine-based discovery, interpretation, and reuse of
digital objects (Wilkinson et al., 2016). At the same time, FAIR does not define a universal metadata set,
so domain communities develop their own profiles suited to the specifics of their methods and data types.
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For computational research, open access to final data or code alone does not guarantee reproducibility.
It 1s also necessary to document the software environment, versions of programs, libraries and packag-
es, execution parameters, intermediate digital objects, and the sequence of their transformations (Leipzig
et al., 2021). In computational materials science this problem is compounded by the multi-stage nature of
the calculations. In particular, modelling the thermomechanical properties of 3C- and 6H-SiC employed a
DFT — MLIP — MD sequence, in which DFT results form the reference dataset for training an interatomic
potential subsequently applied in molecular dynamics (Parfionov & Vasiliev, 2026). Such workflows com-
bine different data formats, software codes, and computational environments (Ghiringhelli et al., 2023).

The application of FAIR to computational workflows is actively developing in the context of their inter-
operability, reproducibility, and reuse (Wilkinson et al., 2025). AiiDA supports automated execution and
provenance capture (Huber et al., 2020), NOMAD provides a normalised description of materials-science
data (Scheidgen et al., 2023), and RO-Crate aggregates data, software, workflow, and execution context
into machine-readable research objects (Soiland-Reyes et al., 2022). Workflow Run RO-Crate further com-
bines the description of the planned process with the provenance of its actual execution (Leo et al., 2024).
At the same time, for heterogeneous DFT — MLIP — MD workflows, a domain-specific description of the
transitions between stages and their associated metadata remains an open issue. Provenance, in turn, en-
sures the traceability of the digital objects used and generated and of the computational actions performed
(Leo et al., 2024).

The aim of this work is to develop and demonstrate the applicability of a model for the modular FAIR
description of multi-stage computational workflows, using the DFT — MLIP — MD chain for SiC as an
example. The model was developed within the MATSCI-NASU pilot project with the support of EOSC
Gravity. Its purpose is to provide a domain-specific description and packaging of a multi-stage computa-
tional process, with the possibility of further alignment with RO-Crate, W3C PROV, NOMAD, and sys-
tems for automated provenance capture.

METHODS. The methodology of the work combines a comparative analysis of existing approaches, con-
ceptual information modelling, structural decomposition of the workflow, and demonstration of the model
on a specific scenario, following the logic of design science for information artefacts (Peffers et al., 2007).
First, the information components required to describe the dataset, the material system, stage-specific pa-
rameters, software/environment, workflow, provenance, and the physical composition of the package were
identified.

The computational process was then decomposed into interrelated stages and digital entities (Fig. 1).
For each stage, the input data, computational action, software, parameters, and output data were defined.
Transitions between computational stages, which describe the preparation, transformation, and transfer of
digital objects to the next stage of the workflow, were identified as separate components. For the demon-
stration scenario these components are DFT-to-MLIP, which covers the collection and screening of DFT
results, the formation of the dataset.extxyz set, and its split into training, validation, and test subsets, and
MLIP-to-MD, which describes the transformation of the trained model into a form suitable for use at the
molecular-dynamics stage. Data provenance was described through entities, activities, and agents with
explicit used/generated/derived relationships, conceptually aligned with W3C PROV. The planned process
structure and the actual execution history were separated into a prospective workflow and a retrospective
provenance record.

The practical applicability of the model was verified on an assembled package of SiC simulation results,
organised into five functionally related parts: dft/, dft to_mlip/, mlip/, mlip_to_md/, and md/. For each
stage, configuration files, a description of the software environment, input and output data, scripts, and
results were preserved; in particular, training/validation/test data are additionally provided for MLIP, and
simulation parameters, execution logs, results, and trajectories are provided for MD. The consistency of
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Fig. 1. Modular architecture of a FAIR-oriented research object for a multi-stage workflow in computational
materials science

the model was assessed not only in terms of directory structure, but also in terms of the correspondence
between the actual files, stage-specific metadata, workflow, provenance, and manifest.

RESULTS AND DISCUSSION. The result of the structural analysis is a proposed modular architecture
of a research digital object (the DFT — MLIP — MD workflow), in which different levels of research
information have distinct functions. Machine-readable files were produced describing: dataset.json — the
dataset as a whole; material.json — the material system; dft.json, mlip.json, and md.json — the metadata
of the respective computational stages; workflow.json — the logic of the workflow; provenance.json — the
actual history of the origin of the digital objects; and manifest.json — the composition of the package and
control of its integrity. This separation minimises duplication and allows the model to be extended with
new stages without restructuring the entire architecture.

The practical implementation of the proposed model on the SiC compound (Fig. 2) refined the initial
DFT — MLIP — MD workflow scenario. Instead of a simple three-block sequence, five functional pack-
ages were identified: DFT — DFT-to-MLIP — MLIP — MLIP-to-MD — MD.

At the DFT stage, Quantum ESPRESSO generated reference data for the 3C-SiC and 6H-SiC polytypes
using a single set of parameters (PBE-PAW pseudopotentials, ecutwfc = 100 Ry, ecutrho = 800 Ry). The
dataset contains 1604 configurations and 66,248 atomic environments, with each configuration storing
geometry, energy, forces, and the stress tensor. A deterministic split based on structure hashing produced
1349 training, 167 validation, and 88 test configurations.

At the MLIP stage, the NequlP framework was used to train a machine-learning interatomic potential,
with the following set of key hyperparameters: r_max = 4.5 A, three interaction layers, 1_max = 2, 64 fea-
tures. On an independent test set, the following MAE values were obtained: 3.617 meV/atom for energy,
25.99 meV/A for forces, and 0.2823 GPa for stresses. This study prioritizes the structural role of the met-
rics within the package over their specific values: the validation results exist as a separate machine-read-
able object linked to the test set, the checkpoint, the training configuration, and the deployable artefact.
This closes a traceable chain from the DFT dataset to the validated model and confirms that it was actually
executed, rather than merely declared.
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Fig. 2. Structure of the research package for the multi-stage DFT — MLIP — MD workflow, highlighting the
DFT-to-MLIP and MLIP-to-MD transition components

The MD component contains the input structures for 3C- and 6H-SiC, simulation parameters, a description
of the software environment, NPT-run logs, sample trajectories, and the results of elastic-property and
thermal-expansion calculations. Thus, the package structure covers not only the preparation of the MLIP
model for use in MD, but also the digital artefacts of the executed molecular-dynamics stage.

One of the significant innovations of the proposed modular FAIR-description model is the finding that a
transition between computational stages cannot be reduced to a simple file transfer. It is precisely at the
boundary between stages that format transformations, data selection and filtering, formation of dataset sub-
sets, model compilation, and changes of software environment occur. Accordingly, two separate transition
packages were introduced into the structure: dft to_mlip and mlip_to_md. The first package captures the
transformation of raw DFT outputs into a training dataset. A key decision was to store geometry, energy,
forces, and stresses in a single extxyz representation at the level of an individual configuration. Splitting
these labels across parallel directories would create an implicit dependence on file or row order; after
filtering or partial regeneration this could lead to an undetected mismatch between the structure and its
corresponding labels. Thus, the practical implementation led to a deviation from a formally possible file
structure in favour of preserving the semantic integrity of the research object.

The second transition, mlip _to md, revealed a different category of problems. The trained checkpoint
and the model ready for use in MD turned out to be different digital objects. The AOT-compiled NequlP
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artefact depends on the PyTorch/CUDA versions and the hardware environment, while recompiling the
checkpoint in the configuration used requires access to the training dataset via the path recorded during
training. Consequently, simply storing the model weights does not ensure full transferability. Reuse there-
fore also requires describing the compilation activity, the execution environment, dataset statistics, and the
interdependence between the checkpoint and the training data.

This result shows that, for the FAIR description of computational workflows, it is appropriate to model data
handover as part of workflow provenance. In a multi-stage workflow, reproducibility can be lost precisely
between two correctly documented computational stages if the transformation of the object between them
remains undescribed (Fig. 3).

COMPUTATIONAL PIPELINE

e DFT - MLIP: DATA PREPARATION AND MODEL TRAINING

DFT STAGE TRANSITION MLIP STAGE
I QE input collect / screen F} dataset.extxyz deterministic NegulP training
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m + environment - + dataset statistics model. nequip. pt2 trajectories - properties

Fig. 3. Transfer of digital objects between computational stages and the role of transition packages

The practical implementation of the modular FAIR-description model confirmed the value of separating
two informational representations: workflow, as the plan of the study, and provenance, as the record of
the computational actions actually performed. This separation corresponds to the distinction between pro-
spective workflow description and retrospective execution provenance used in contemporary models of
computational workflows (Leo et al., 2024).

In workflow. json, the process is represented at two levels. The abstract level contains five functional
stages: DFT generation, dataset preparation, MLIP training, model preparation, and MD simulation. The
concrete level details these into a sequence of operations including generation of DFT inputs, execution of
DFT, dataset formation, its split into the corresponding subdatasets, MLIP training and evaluation, model
compilation, and MD calculations for both SiC polytypes.

In contrast, provenance.json describes the actual execution history through related activities, entities, and
agents. During validation, it was compared with the digital objects actually present in the package, includ-
ing DFT results, the resulting dataset, training/validation/test subsets, MLIP training and model-compila-
tion outputs, and digital artefacts of the MD stage. This comparison confirmed consistency between the
performed computational stages, the generated digital objects, and their provenance representation.
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The separation of prospective workflow and retrospective provenance is important for the practical use of
the model: the former defines the structure and dependencies of the computational process, whereas the
latter documents its actual execution. Their joint analysis makes it possible to verify the correspondence
between planned stages, computational activities actually performed, and generated digital results, thereby
supporting the traceability of the multi-stage study (Fig. 4).
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Fig. 4. Separation of prospective workflow and retrospective provenance in the proposed model

This approach is conceptually compatible with the development of workflow-oriented Research Objects
and Workflow Run RO-Crate, in which process execution is considered together with its inputs, outputs,
software, and workflow definition (Soiland-Reyes et al., 2022; Leo et al., 2024). At the same time, the
proposed model is independent of any specific workflow management system, which is particularly im-
portant in computational materials science, where individual stages may be performed using Quantum
ESPRESSO, Python scripts, machine-learning frameworks, and molecular-dynamics environments that
do not belong to a single orchestration system. Unlike approaches in which provenance is generated
automatically within a particular infrastructure, such as AiiDA (Huber et al., 2020), the proposed scheme
is intended for packaging a heterogeneous, already established computational research process. These
approaches should therefore be regarded not as mutually exclusive, but as complementary. In the pro-
posed model, "workflow. json" defines the sequence and dependencies between the stages of the computa-
tional process, "provenance.json’ records the activities actually performed and the origin of the resulting
objects, while the transition components provide traceability of digital-object transformations between
successive stages.

Findability is supported by structured metadata describing the workflow and its individual stages, as well
as by the identification of digital objects and the relationships between them. Accessibility is ensured
through human- and machine-readable descriptions of the workflow, computational parameters, software
environment, and provenance, together with stable repository-level access. Interoperability is achieved
through the use of JSON/JSON Schema, controlled stage types, explicit inter-module relationships, and
the Entity—Activity—Agent model, with the possibility of further mapping to RO-Crate and W3C PROV.
Reusability is supported by the traceability of the inputs — activities — outputs chain, the recording of
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software parameters and versions, and the explicit description of the DFT-to-MLIP and MLIP-to-MD
inter-stage transformations.

CONCLUSIONS. This work proposes a model for the modular FAIR description of multi-stage compu-
tational workflows in materials science. Rather than introducing a new data format, the proposed approach
differentiates and interlinks different levels of research information: general dataset- and material-lev-
el metadata, the metadata of individual computational stages, workflow, provenance, and manifest. This
approach enables the representation of the results of a computational study as a coherent research object
while preserving the specific character of its individual stages.

Demonstration on the DFT — MLIP — MD scenario for SiC showed that, for reproducibility, not only the
individual computational stages matter, but also the transitions between them. Identifying DFT-to-MLIP
and MLIP-to-MD as independent components facilitates the formalisation of digital objects transforma-
tions, the conditions of their transfer, and the relationships between the results of successive methods. The
separation of prospective workflow and retrospective provenance, in turn, ensures the representation of the
logic of the planned process and of the actual history of its execution.

The demonstration also outlined the limits of the current version of the model. In particular, inter-stage
transformations do not yet have a separate Transition type in the controlled vocabulary, and the JSON
Schema formalisation for material, workflow, provenance, and manifest still needs to be completed. Fur-
ther development also envisages mapping to RO-Crate and W3C PROYV, as well as testing the model on
branched, cyclic, and active-learning workflows. The proposed approach is not intended as an alternative
to NOMAD, AiiDA, or other platforms, but as a domain-specific level of description that can be aligned
with them.

The results obtained suggest that the object of FAIR description in computational materials science can be
not only the final dataset, but also a system of interrelated digital objects, computational actions, and in-
ter-stage transformations formed over the course of a study. At the same time, the conclusions of this work
are based on a linear SiC scenario, so further testing on other materials, software tools, and more complex
workflows is necessary to assess the transferability of the model.
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MOJIEJIb MOAYJIBbHOI'O FAIR-OIIMCY OBYUCJ/IIOBAJIBHUX POBOYHUX ITPOLECIB
Y MATEPIAJIO3HABCTBI

AHOTALIA. Mema pobomu — po3pobumu ma npoOeMOHCMPY8amu 3ACMOCOBHICMb MOOeli MOOYIbHO20
FAIR-onucy bazamocmaditinux oouucaoganvuux 00caiodcensv y mamepianosnascmsi. Memooonoeis noeouye ana-
23 iCHytouUx nioxodie 00 MemaoaHux i provenance, cmpykmypHy Oekomno3suyiro workflow, ingpopmayiiine mo-
0eno6antss ma anpobayiio Ha OKPemomy OOCAIOHUYbKOMY CYeHapii. 3anpononosana mooeib po30iisac 3a2abHi
Memaodani Habopy danux i mamepiany, memaoani DFT-, MLIP- ma MD-emanis, workflow, provenance i manifest.
Ipaxmuumny 3acmocognicme npodemoncmpogaro na SiC-nranyroocky DFT — MLIP — MD. Anpobayia noxasana
Odoyinbricme 5181020 npedcmasienis nepexodie DFT-to-MLIP i MLIP-to-MD sk okpemux KOMNOHeHmMI8 MOOeIi,
wo ¢hicyromv nepemeoperis yudposux 0b 'ekmie, ix nOXOONHCeHHA Ma YMOBU NEPeOdA8ANHS MidiC 0OYUCTIOBATbHU-
mu emanamu. 3annanosanuti workflow npu yvomy gidokpemnero 6i0 ¢paxkmuunoi icmopii 6uxoHauHs. Busnaueno
Hanpamu nodaneuioi popmanizayii cxem, mapping 0o RO-Crate/W3C PROV ma poswupenns anpobayii.

K/IFOYOBI CJIIOBA: npunyunu FAIR; obuucnosanvie Mamepiaio3Haécmeo; Memaodani, provenance; HayKosi
Ppoboui npoyecu, 8i0MEOPHOBAHICMD.
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