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Abstract

Chalcogenides challenge materials artificial intelligence (AI) because their properties de-
pend on defects, disorder, metastability, interfaces, processing history, and operating condi-
tions, as well as composition and structure. This review examines AI applications across
transition-metal dichalcogenides, photovoltaic materials, thermoelectrics, phase-change
materials, chalcogenide perovskites, and glasses. It combines structured bibliographic
analysis with critical assessment of representative studies rather than exhaustive evaluation
of all retrieved publications. Its central contribution is a claim-specific, five-level evidence
framework: Level 0, method transfer or proposal; Level 1, internal retrospective valida-
tion; Level 2, domain-aware or external validation; Level 3, prospective computational or
experimental validation; and Level 4, closed-loop operation in which new results guide
subsequent decisions. Evidence levels characterize individual claims, not entire papers.
Descriptor-based models, graph neural networks, and machine-learned interatomic po-
tentials offer complementary capabilities, but predictive accuracy alone does not establish
transferability or practical reliability. Prospective validation is documented in selected pre-
diction, synthesis, and processing applications. Among the chalcogenide-specific studies
examined, however, no workflow met the Level 4 criteria for repeated model-updated
closed-loop operation. Progress requires traceable datasets, leakage-resistant evaluation,
uncertainty assessment under relevant distribution shifts, physically meaningful validation,
and stronger connections between modelling, synthesis, processing, and characterization.
The framework clarifies existing evidence and priorities for future validation.

Keywords: chalcogenides; artificial intelligence; machine learning; materials informatics;
graph neural networks; machine-learned interatomic potentials; out-of-distribution
validation; active learning; autonomous laboratories

1. Introduction
Chalcogenides are a broad group of materials containing sulfur, selenium, or tellurium.

They include layered transition-metal dichalcogenides (TMDCs), chalcopyrite and kesterite
photovoltaic materials, thermoelectric tellurides and selenides, Ge–Sb–Te phase-change
alloys, chalcogenide perovskites, and amorphous glasses. In these materials, composition,
structure, dimensionality, bonding, defects, interfaces, and processing conditions can be
changed over a wide range. This gives chalcogenides many possible applications, includ-
ing photovoltaics, thermoelectric conversion, non-volatile memory, photonics, sensing,
and optoelectronics [1–12].
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However, this diversity also makes chalcogenides difficult for data-driven modelling.
A random train-test split can give good results when similar compositions or structures are
present in both the training and test sets. But in real applications, the model may need to
predict a new chemistry, defect population, amorphous structure, interface, temperature
range, or processing condition. Studies using out-of-distribution and temporal tests show
that prediction errors usually increase in these situations. They also show that the relative
performance of graph models can change outside the training distribution [13,14]. Studies
on uncertainty estimation reach a similar conclusion: uncertainty and distance from the
training domain should be tested under the type of distribution shift that is important
for the final application [15,16]. This is especially important for chalcogenides because
disorder, metastability, and processing history often directly affect their properties.

For this reason, the important question is not only whether machine learning can
predict a property. We also need to ask what the model has really learned and under which
conditions its predictions remain reliable. This depends on the source of the reference data,
the model representation, the train-test split, the uncertainty estimate, and the calculations
or experiments used for validation.

For example, a model trained on semilocal density-functional-theory (DFT) band gaps
may reproduce the DFT values very well, but it can still keep the systematic difference
between these values and experiment. A general interatomic potential may work well near
equilibrium but fail for defects, liquids, amorphous states, or bond-breaking events that
were not included in the training data. In the same way, a synthesis optimization model
may find useful conditions in one experimental system without showing that it can work
in another reactor or with different precursors. Therefore, similar numerical errors can
correspond to very different levels of scientific evidence.

The chalcogenide literature now includes studies with very different levels of matu-
rity. Descriptor-based models have been used for band-gap prediction and composition
analysis related to devices [1,17–26]. Graph and deep-learning models have been used for
structure-property prediction and transferable representations [27–31]. Machine-learned
interatomic potentials (MLIPs) have enabled large-scale simulations of TMDC defects, in-
terfaces, thermal transport, and phase-change processes [4,5,10,32–47]. Active learning and
Bayesian optimization have been applied to thermoelectric screening, multinary synthesis,
thin-film growth, and processing [48–59]. Generative models and autonomous laboratories
also point toward inverse design and closed-loop experiments, although the strongest
demonstrations are still mainly for general inorganic materials rather than chalcogenides
specifically [60–62].

Several reviews already cover important parts of this field. Yin et al. reviewed
machine learning for two-dimensional materials, including materials preparation, atomistic-
structure analysis, and property prediction [63]. Wang et al. reviewed machine learning
for thermoelectric materials, with a focus on the prediction and optimization of electronic
and thermal transport properties [64]. Zhang et al. focused on chalcogenide phase-change
materials, including high-throughput analysis, machine-learned interatomic potentials,
phase-transition dynamics, and device design [65]. Liu et al. reviewed machine learning for
glass science and engineering, including composition-property modelling and combined
physical and data-driven approaches [66].

The aim of the present review is to complement these previous reviews. Our main
question is not which machine-learning model performs best for one material family.
Instead, we ask what level of scientific evidence supports the different claims made across
chalcogenide families and tasks. We therefore compare transition-metal dichalcogenides,
photovoltaic materials, thermoelectrics, phase-change materials, chalcogenide perovskites,
glasses, and related systems using the same evidence framework.
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This approach has three main features. First, we combine quantitative bibliographic
analysis with a detailed examination of representative primary studies. This allows us to
separate the amount of literature in a field from the strength of the evidence provided by
individual studies.

Second, we use the same claim-specific validation framework for different applications,
including property prediction, atomistic modelling, characterization, synthesis optimiza-
tion, generative design, and closed-loop experiments. We distinguish between internal
validation, transfer to another domain, prospective validation, and repeated autonomous
operation, even when similar machine-learning methods are used.

Third, we compare common validation problems across material families. These
include data provenance, data leakage, distribution shift, uncertainty calibration, disorder,
differences in data fidelity, and the timing of model recommendations relative to confirma-
tory calculations or experiments. We then use these problems to define practical reporting
and validation requirements.

The main contribution of this review is therefore a cross-family analysis of scientific
evidence and validation, rather than a list of machine-learning algorithms.

Throughout the review, we ask several questions. What physical or experimental
quantity is the model learning, and how reliable are the reference data? What variable
is really excluded from the training set? Does the evaluation test simple interpolation,
new chemistry or structure, or real prospective use? Is the uncertainty useful under the
distribution shift expected in practice? Was the model recommendation made before the
calculation or experiment used to confirm it? Finally, for autonomous workflows, was the
new experimental result used to update the next decision?

Using the same questions for different chalcogenide families makes it possible to
compare strengths and limitations without assuming that prediction metrics from very
different tasks are directly comparable.

2. Review Design and Evidence Framework
2.1. Scope and Review Type

This work is a structured critical review combined with quantitative bibliographic
analysis. It is not a fully systematic review in which every retrieved record is examined
in detail.

We used reproducible rules based on publication metadata to describe publication
trends and to identify material families and scientific tasks that were clearly mentioned in
the titles.

The scientific discussion is based on representative studies. For these studies, we
checked the material system, the role of AI, the data source, the validation method, and the
main contribution. Abstracts or full texts were examined when necessary.

We also included important papers on materials AI and studies on other inorganic ma-
terials when they were useful for understanding or comparing the chalcogenide literature.

The main analysis covered the period 2015–2026. This period corresponds to the rapid
development of modern materials informatics, graph neural networks, machine-learned
interatomic potentials (MLIPs), active learning, and generative models.

Some earlier references were also included when they were important for scientific
context, for example for benchmark chalcogenide properties, important databases, or
foundational models [8,12,27,67–71].

2.2. Search Strategy and Corpus Construction

CAS SciFinder-n (American Chemical Society) was used as the main bibliographic
database because it provides broad coverage of chemistry and materials science.
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Nine overlapping searches were performed. They covered general AI in chalco-
genides, transition-metal dichalcogenides, photovoltaics, phase-change materials, ther-
moelectrics, property prediction, graph neural networks, synthesis optimization, and
XRD/Raman/SEM/TEM or spectroscopic analysis.

No publication-year limit was used during the searches. The period 2015–2026 was
used only for the temporal analysis.

The original searches were performed on 22 July 2026. During the peer-review revi-
sion, we found that the original export files were incomplete. We therefore repeated all
nine searches on 16 September 2026 and exported all non-patent results in several batches.

Before analysis, we checked that the exported records matched the total numbers
displayed in SciFinder. The exact search strings and the complete counts for each query are
given in Supplementary Table S1.

DOI was used as the main identifier when available. When a DOI was missing, we
used a normalized version of the title as a conservative alternative. Title normalization
removed differences in capital letters, punctuation, and spacing before comparison.

After removing duplicates across all searches, the dataset contained 6314 unique
records from 7222 non-patent search results.

As a reproducibility check, we applied the same deduplication method to the original
July export files. This reproduced exactly the previously reported total of 756 unique
records. The difference between the original and revised datasets therefore came from the
incomplete exports, not from a change in the deduplication method.

Because the nine searches overlap, the number of records from each query cannot be
used directly to estimate how common each material family is.

During the revision, we also found another issue with the search design. Query Q6
does not contain an explicit AI or machine-learning term. Records found only by Q6 were
therefore excluded from the main AI-explicit bibliometric analysis.

This decision was introduced during the peer-review revision and was not part of
the original search design. The complete dataset was still kept for sensitivity analysis and
broader context.

We therefore used two datasets in the analysis:

• The complete dataset, containing 6314 unique records;
• The main AI-explicit subset, containing 4066 unique records found by at least one

query other than Q6.

A total of 2248 unique records were found only by Q6.
Three additional targeted searches were performed on 9 August 2026. They focused

on failed experiments, MatterGen, and out-of-distribution graph neural networks.
These searches were used only to support the methodological discussion. They were

not included in the bibliometric counts, temporal analysis, or title-based material-family
and task maps.

The results of the nine SciFinder searches are summarized in Table 1.

Table 1. Updated CAS SciFinder search results.

Query Topic Total Results Non-Patent Records Patents Unique Records in
the Search

Q1 General
AI–chalcogenides 2229 2096 133 2093

Q2 TMDCs 1365 1318 47 1316

Q3 Photovoltaic
chalcogenides 146 139 7 139
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Table 1. Cont.

Query Topic Total Results Non-Patent Records Patents Unique Records in
the Search

Q4 Phase-change
materials 1018 854 164 854

Q5 Thermoelectrics 115 115 0 115

Q6 Property prediction 2345 2317 28 2310

Q7 Graph-based models 40 39 1 39

Q8 Synthesis optimization 103 99 4 98

Q9 XRD/Raman/SEM/
TEM/spectroscopy 252 245 7 245

Total retrieval
occurrences 7613 7222 391 —

2.3. Screening, Representative-Study Selection, and Title-Coding Quality Control

The literature was analysed in two complementary ways.
First, the 4066-record AI-explicit subset was analysed quantitatively using conservative

multi-label rules based on titles. A material family or scientific task was assigned only
when it was clearly mentioned in the title. A record could belong to more than one category,
and unclear cases were left unassigned.

For this reason, these counts should be considered lower bounds based on explicit
title information. They should not be interpreted as exact estimates of how common each
family or task is in the full literature.

Second, representative studies were selected for the critical scientific discussion.
A study was included when it provided:

(i) A direct chalcogenide example with a clear AI role and validation method;
(ii) Evidence supporting the highest validation level assigned to a family/task combination;
(iii) An important methodological limit or failure mode; or;
(iv) A broader inorganic example that was useful for interpreting a chalcogenide-

specific claim.

Studies in the fourth group were treated as transfer benchmarks and not as direct
chalcogenide evidence.

Titles, abstracts, bibliographic information, and publisher information were checked
when needed. Full texts were examined when necessary to understand the role of the
model, the source of the reference data, the order between prediction and confirmation, the
independence of the validation data, or other important details.

The scientific discussion is therefore based on representative studies. It is not a
complete full-text analysis of all 6314 records.

To evaluate the reliability of the title-based classification, two independent annotators
performed an abstract-level audit. The audit included 120 category decisions: 70 material-
family decisions and 50 scientific-task decisions.

For each category, five title-positive records and five negative or borderline records
were included. The abstracts were classified as Yes, No, or Unclear.

For material-family coding, the two annotators agreed on 80.0% of the three-class
decisions, with Cohen’s κ = 0.634. After removing decisions containing an Unclear label,
58 Yes/No decisions remained. Agreement increased to 94.8%, with κ = 0.881.

For scientific-task coding, agreement was 72.0%, with κ = 0.463. After removing
decisions containing an Unclear label, 47 Yes/No decisions remained. Agreement was
76.6%, with κ = 0.518.
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The audit showed that material-family classification was generally more reproducible
than scientific-task classification.

We therefore refined some task definitions, especially for characterization, synthe-
sis/process, general prediction terms, and atomistic modelling, before producing the
final maps.

The audit results were not used to correct or extrapolate the full dataset counts.
The final classification rules and the main difficult cases identified during the audit are

reported in Section S3 of the Supplementary Materials, particularly in Tables S3A and S3B.

2.4. Evidence Ladder

Representative claims are classified using a five-level evidence framework. This
framework helps distinguish retrospective prediction from prospective validation and
repeated closed-loop use.

The evidence level is assigned to a specific claim, not to the paper as a whole. The
five evidence levels and their associated validation criteria are summarized in Table 2.

Table 2. Evidence ladder used for the critical synthesis.

Level Evidence Type Minimum Evidence Needed Main Remaining Risk

0 Method transfer or proposal
The method is discussed using a
non-chalcogenide example or a

proposed workflow.
No direct validation for chalcogenides.

1 Internal retrospective validation
Performance is tested on held-out
data or by cross-validation within

the same dataset.

Data leakage, prediction of very similar
cases, or bias in the reference data.

2 Domain-aware or
external validation

The model is tested on a different
chemistry, structure, time period,

instrument, data source, or another
scientifically relevant domain.

Distribution shift may remain, and
uncertainty may not be fully calibrated.

3 Prospective computational or
experimental validation

The model makes a prediction,
ranking, hypothesis, or

recommendation before a new
calculation, synthesis, process

change, or measurement is
performed to test it.

The number of tests may be small, and
transfer outside the tested domain may

remain uncertain.

4 Closed-loop operation

Several cycles of data collection,
prediction, decision, and action are
repeated, and new results are used

to guide the next decision.

Robustness, reproducibility,
governance, and human oversight at

the system level.

The evidence ladder is not a general score of paper quality. For example, a well-
validated Level 1 model may be sufficient for prediction within a limited and well-defined
domain. In contrast, a Level 4 system may still include some weaker models or components.

For this reason, we avoid some simple interpretations. A generated candidate should
not be considered a discovery until novelty, structure, disorder, stability, and synthesizabil-
ity have been checked.

One model recommendation that is confirmed prospectively is classified as Level 3,
not Level 4. Level 4 requires that the new result is used to guide the next decision.

The presence of experimental data in a paper is also not enough to prove prospective
validation. If the model was trained or used only after the experimental results were
already known, the evidence is still retrospective.

Similarly, a low prediction error does not prove that a model will work well outside its
training domain. The test design must match the conditions in which the model is expected
to be used [13,14].
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Calibration, applicability-domain analysis, and OOD-aware uncertainty evaluation
are related, but they test different aspects of model reliability [15,16,72,73].

2.5. Quantitative Mapping

The main quantitative analysis used the 4066-record AI-explicit subset.
Among these records, 3995 were published between 2015 and 2026. Of these,

3170 records (79.3%) were published between 2023 and 2026, and 2754 records (68.9%) were
published between 2024 and 2026. The annual distribution of publications in the AI-explicit
subset is shown in Figure 1.

Figure 1. Number of records published each year in the main AI-explicit SciFinder subset between
2015 and 2026 (n = 3995). The 2026 value represents only part of the year. Seven records dated 2027
were kept in the complete dataset but were not included in this 2015–2026 analysis.

The complete dataset of 6314 records was also analysed as a sensitivity check.
In this complete dataset, 5589 records were published between 2015 and 2026. Among

them, 3942 records (70.5%) were published between 2023 and 2026, and 3365 records (60.2%)
were published between 2024 and 2026.

Seven records from the new export had the publication year 2027. These records were
kept in the complete dataset, but they were not included in the 2015–2026 temporal analysis.

The previous problem of missing publication years in the thermoelectric export was
solved by the complete September re-export. Therefore, no material family is excluded
from the revised temporal analysis because of missing publication years.

Using simple multi-label title rules, we identified 708 TMDC records, 128 thermo-
electric or thermal-transport chalcogenide records, 96 photovoltaic chalcogenide records,
48 phase-change chalcogenide records, 16 chalcogenide-perovskite records, 11 chalcogenide-
glass records, and 6 high-entropy-chalcogenide records.

These numbers are minimum estimates based only on information clearly stated in
the titles. Some records may belong to more than one category.

The final task counts were 116 records for property prediction/classification, 36 for
synthesis/process optimization, 43 for screening/discovery, 103 for atomistic/MLIP studies,
and 38 for characterization/interpretation.

The family–task table (Supplementary Table S3C) is descriptive only. A zero means
that no title matched both the predefined family and task rules. It does not mean that this
topic is absent from the literature. The distribution of records across the main chalcogenide
families is shown in Figure 2.
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Figure 2. Minimum numbers of records for the main chalcogenide families in the 4066-record AI-
explicit subset, based only on clear information in the titles. A record can belong to more than one
category. If a material family is not mentioned in the title, it may still be discussed in the full article.

The distribution of records across material families and scientific tasks is shown
in Figure 3.

Figure 3. Number of records that match both a major chalcogenide family and a scientific task in the
4066-record AI-explicit subset. The counts are minimum estimates based on the title rules described
in Supplementary Section S3. A zero means that no title matched both categories. It does not mean
that this topic is absent from the literature.

2.6. Limitations and Reproducibility

The quantitative analysis has several limitations.
First, SciFinder was used as the main bibliographic database. The results may there-

fore be different from those obtained with Scopus, Web of Science, Dimensions, or other
databases. The nine searches also overlap and should not be considered as separate
material categories.
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Second, Q6 was designed as a broad property-prediction search, but it does not contain
an explicit AI or machine-learning term. During the peer-review revision, records found
only by Q6 were therefore excluded from the main AI-explicit analysis.

Because this decision was made during the revision and was not part of the original
search design, we report both datasets: the main AI-explicit subset of 4066 records and the
complete dataset of 6314 records.

Third, the title-based classification is intentionally conservative. If a material family or
scientific task is mentioned only in the abstract or full text, it may not be identified. Some
material families are also easier to recognize from titles because they have more specific
names or chemical formulas.

The abstract-level annotation audit was used to evaluate this limitation, but the audit
results were not used to correct the final record counts.

Fourth, the detailed scientific discussion is based on representative studies and is not
an exhaustive analysis of all publications. The highest validation levels identified should
therefore not be interpreted as representing the frequency or average quality of evidence in
the complete literature.

Fifth, 2026 is only a partial publication year. In addition, seven records dated 2027
were not included in the predefined 2015–2026 temporal analysis.

To improve reproducibility, we provide a machine-readable dataset with one row for
each of the 6314 unique records in the complete dataset.

The dataset includes the record identifier, DOI, publication year, snapshot date, query
labels, membership in the AI-explicit subset, final material-family and task labels, and a
SHA-256 hash of the normalized title used when DOI information was not available.

Raw CAS record information is not shared when reuse is restricted by the database licence.
The exact search strings, deduplication rules, classification rules, annotation-audit

method, and data used to create the figures are provided in the Supplementary Materials.

3. Why Chalcogenides Stress-Test Materials AI
3.1. A Family Label Hides Different Learning Problems

The term “chalcogenide” includes several very different machine-learning problems.
A layered TMDC described by a relaxed crystal structure, an amorphous Ge–Sb–Te network
during crystallization, a multinary photovoltaic material with antisite disorder, and a
thermoelectric material affected by texture and processing cannot be treated as the same
type of composition-property problem.

The type of data, and therefore the most useful representation, changes from one
material family to another.

TMDCs have relatively many well-defined crystalline structures. However, their
properties can strongly depend on the number of layers, stacking, strain, moire patterns,
vacancies, grain boundaries, substrates, and interfaces. Monolayer MoS2 is a well-known
example: changing from bulk to monolayer changes the electronic structure from an indirect
to a direct band gap [3,67].

Recent AI studies also consider layer-dependent heterostructures, defects, atomistic potentials,
thermal transport, and spectroscopic or imaging analysis [3,4,32,34–36,38,40–43,46,47,51,56,74–87].
The main validation question is therefore not only whether the model includes the right composition.
It is also whether the training data include the important structural and environmental conditions.

Chalcopyrites and kesterites have different difficulties. Their photovoltaic prop-
erties depend on multinary composition, cation disorder, secondary phases, interfaces,
and defects.

Machine learning has been used for band-gap prediction, high-throughput screening,
device-performance analysis, and defect or process optimization [1,17–22,24,25,88–94].
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Some studies use simulated device data instead of direct experimental measurements.
These studies can be useful for understanding which parameters are important, but they
should not be considered equivalent to the discovery of a new absorber material or to
experimental validation of a processing method.

Thermoelectric chalcogenides combine electronic and thermal transport. Their perfor-
mance is commonly described by the dimensionless figure of merit (ZT), which depends
on the Seebeck coefficient, electrical conductivity, temperature, and electronic and lattice
thermal conductivity.

Composition, carrier concentration, defects, grain boundaries, texture, and processing
can affect several of these properties at the same time.

For this reason, a model trained on measurements obtained at different temperatures
or under different processing conditions may learn mixed or misleading relationships.
The most useful studies therefore connect model predictions with controlled synthesis,
characterization, or transport calculations [9,48,50,52–55,95–98].

Phase-change chalcogenides are strongly affected by non-equilibrium processes.
Ge–Sb–Te alloys need to be described in crystalline, liquid, supercooled, amorphous,
interfacial, and transition states.

Datasets containing only equilibrium crystal properties are not sufficient for
this problem.

Machine-learned interatomic potentials (MLIPs) are especially useful here because
they allow larger and longer atomistic simulations than standard first-principles molec-
ular dynamics, while still being connected to DFT reference data within the training
domain [5,10,39,44,45].

Their reliability depends on the variety of configurations used for training, valida-
tion across different phases, and the ability to detect when the model is used outside its
training domain.

Chalcogenide perovskites, glasses, and high-entropy systems still have relatively
limited datasets. Studies on perovskites have explored composition and band-gap pre-
diction [2,6,21,90,99,100]. More recent work also includes glass-property prediction and
high-entropy thermoelectric materials [7,11,39,48,101–103].

These material families are especially challenging for standard machine-learning
representations. Amorphous materials do not have one unique periodic crystal structure,
and high-entropy materials contain many different local atomic environments instead of
one ordered structure.

Good performance on large datasets of crystalline materials should therefore not be
assumed to transfer directly to these systems.

Table 3 summarizes these different data situations and the main validation risks.

3.2. Defects, Disorder, and Processing Are Important Variables

Many materials databases mainly contain relaxed, periodic, and near-equilibrium
structures because these data are easier to standardize and reuse.

For chalcogenides, however, the variables that are often missing from databases can
be very important for the final properties.

For example, sulfur vacancies can change the electronic structure and reactivity
of TMDCs. Antisite defects and interfaces can affect non-radiative recombination in
kesterites. Grain boundaries and texture can influence thermoelectric transport. In
phase-change materials and glasses, the amorphous structure strongly affects the material
behavior [4,10,18,39,44,45,76,77,81,87,104].

A model that ignores these effects may predict the average behavior of a composition
correctly, but it may fail to explain differences between individual samples.
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This has important consequences for model design. The representation used by the
model should match the scientific problem.

Composition descriptors may be sufficient for screening within a limited alloy family.
However, studies of defects, interfaces, Raman maps, crystallization, or other complex
processes need inputs that include structure, images, spectra, or atomic trajectories.

Experimental metadata are also important. Information such as temperature, atmo-
sphere, precursor type, annealing history, instrument settings, and measurement uncer-
tainty should be kept when these factors can affect the measured property.

Table 3. Main data characteristics and validation risks for different chalcogenide families.

Material Family Important Variables Common Data Used Main AI Risk Representative Refs.

TMDCs Layer number, stacking, strain,
vacancies, interfaces

DFT structures, microscopy
and Raman maps,
MLIP trajectories

Similar structures may appear
in both training and test data;
defects and substrates may be

poorly represented

[3,4,34,35,40,47,75–79,83,84,87]

Chalcopyrites and kesterites
Multinary composition,

antisite defects, secondary
phases, interfaces

DFT and device simulations,
experimental process and

device data

Simulated device results may
be confused with direct

materials validation
[1,17–22,24,25,88,89,91–94]

Thermoelectric chalcogenides
Temperature, carrier

concentration, microstructure,
texture, processing

Calculated transport data and
experimental measurements

from different conditions

Composition, temperature,
and processing effects may be

mixed together
[9,48,50,52–55,95–98]

Phase-change materials
Liquid, amorphous and

crystalline states,
kinetics, interfaces

DFT trajectories and
MLIP molecular-

dynamics simulations

The model may fail during
rare events or for phases not
well represented in training

[5,10,33,39,44,45,102,105]

Chalcogenide perovskites Structural distortions, stability,
defects, synthesis conditions

Mostly calculated data or
small experimental datasets

Limited data and uncertainty
about whether predicted

materials can be synthesized
[2,6,21,90,99,100]

Glasses Network structure,
composition, thermal history

Small composition-property
datasets or

generated structures

No unique structural
representation and limited

external validation
[7,11,39,102,103]

High-entropy chalcogenides Local chemical order and
different atomic configurations

Limited experimental data
across very large

composition spaces

High risk of prediction outside
the training domain [48,101]

3.3. Large Datasets Do Not Always Mean Reliable Real-World Use

Large computational datasets can make crystal-property prediction look more ad-
vanced than it really is. A large dataset does not automatically guarantee independent data,
good coverage of the important domains, or direct relevance to experiments.

For example, very similar crystal structures may appear in both the training and test
sets. DFT calculations may also contain systematic errors that depend on the method used.
In addition, relaxed crystal structures do not show whether a material can actually form
under real experimental conditions.

In MatBench, five types of out-of-distribution (OOD) tests showed that model perfor-
mance decreased when the test data differed from the training data. Models that performed
best on standard tests were not always the most reliable under distribution shift [13].

A temporal study using Materials Project data showed a similar decrease in perfor-
mance when models trained on older data were tested on newer data. Measures based on
feature space and model committees helped identify unfamiliar regions. Adding a small
amount of new targeted data also improved model performance [14].

For materials discovery, a low mean absolute error from a random train-test split is
therefore only one part of the evidence.

The test design should clearly show what is different between the training and test
data. Depending on the application, this can include leaving out a complete chemistry,
separating structural prototypes, grouping compositions, using a temporal split, or testing
on different instruments or laboratories.
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It is also useful to report model uncertainty or a measure of distance from the training
domain. Failure cases should be shown when possible instead of being hidden in a single
average error.

These checks become especially important when a model is used on materials or
conditions that are very different from its training data.

4. Data, Representations, and Models
4.1. Database Choice Is an Important Scientific Decision

Large materials databases such as the Materials Project, OQMD, AFLOW, NO-
MAD, JARVIS, and C2DB provide important computational data for materials-informatics
studies [68–70,106–108].

However, these databases are not equivalent. They use different calculation methods,
contain different properties, and have different levels of information about data origin,
versioning, and intended use.

The important question is therefore not only which database is the largest. We also
need to ask whether the calculations, data selection, and chemical coverage are suitable for
the scientific problem and for the conditions in which the model will be used.

The Materials Project and OQMD provide broad data on inorganic crystals and ther-
modynamic properties. AFLOW focuses on automated high-throughput calculations and
descriptors. NOMAD stores a wide range of raw computational results and is useful for
tracking data origin and comparing workflows. JARVIS provides datasets and benchmarks
for several properties, while C2DB focuses on monolayer materials.

However, none of these databases fully describes all important aspects of chalco-
genides, such as synthesis history, defects, amorphous structures, spectroscopy, microscopy,
and experimental uncertainty.

The main data resources and their limitations are summarized in Table 4.

Table 4. Main data resources for chalcogenide AI. The usefulness of each database depends on the
dataset version, data filters, target property, and chemical coverage.

Resource Main Content Useful Applications for
Chalcogenides Main Limitation Ref.

Materials Project Standardized DFT data for crystal
structures and properties

Crystal structures, formation
energies, model pretraining,

and benchmarks

Mainly equilibrium calculations;
band gaps depend on the DFT

method; limited information on
processing conditions

[68]

OQMD
Large DFT database including

reported and
hypothetical compounds

Formation-energy screening
and exploration of

chemical space

Mostly computational data
with limited

experimental information
[69]

AFLOW Automated calculations and
calculated descriptors

Descriptor-based screening
and comparison of

computational workflows

Available properties and
workflows vary between subsets [70]

NOMAD Raw and processed calculations
from different simulation codes

Data-provenance studies,
comparison of workflows, and

model pretraining

Data are heterogeneous and
need careful normalization [106]

JARVIS Curated computational datasets
for several properties

Benchmarking electronic,
optical, mechanical, and
topological properties

Some datasets are smaller or
have a different distribution

from Materials Project or OQMD
[107]

C2DB Standardized calculations for
two-dimensional materials

Screening of TMDCs and other
monolayer materials

Limited to two-dimensional
structures and specific

computational workflows
[108]

FAIR principles improve how data can be found, accessed, combined, and reused [71].
However, FAIR data are not automatically ready for machine learning.
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For reliable scientific use, other information is also important, including units, clear
target definitions, uncertainty, negative results, data origin, and stable dataset versions.

Failed or poor synthesis conditions can also be very useful because they help define
the limits of the process window. The prospective use of failed experiments shown by
Raccuglia et al. in a non-chalcogenide synthesis study [109] is therefore also relevant to
chalcogenide growth, deposition, and annealing studies.

4.2. Descriptor-Based Models Remain Useful Baselines

Random forests, support-vector machines, gradient boosting, and simple neural net-
works can work well for small or medium-sized tabular datasets when the descriptors
correctly represent the important chemical or process variables.

These methods have several advantages. They usually need less data, train quickly, and make
it easier to study which input features influence the prediction. They have been used for kesterite
band-gap prediction, CIGS and CZTSSe performance, thermoelectric screening, glass properties,
and synthesis or process optimization [1,9,11,17,19,22–24,26,52,53,55–58,79,94,95,98,103,110].

These models are not only old reference methods. For small datasets, a well-
regularized tree-based or kernel model can sometimes perform better than a deep neural
network. They can also make problems in the data easier to detect.

Simple linear or physically motivated models can also be useful when they match the
physics of the problem.

Model selection should be included inside the validation procedure. Otherwise,
repeatedly checking the test set during model development can make the final performance
appear better than it really is.

Feature-importance methods also need to be interpreted carefully. SHAP values and
similar methods show how the trained model uses its input variables. However, they do
not prove that one variable causes a change in another.

When input variables are strongly correlated, feature importance can also become un-
stable. This is important for thermoelectric and photovoltaic datasets because composition
and processing variables often change together.

A physical interpretation is therefore stronger when it is also supported by an experi-
ment, a prospective test, or an independent physical mechanism [81,95].

The vanadium-selenite study gives a useful example from another material system.
The model was trained using both successful and failed hydrothermal synthesis experi-
ments. It was then tested prospectively with new commercial organic building blocks that
had not been used before.

The conditions predicted to produce new inorganic products were successful in 89%
of the reported tests [109].

This study does not demonstrate general autonomous discovery for chalcogenides.
However, it shows an important principle: relatively simple reaction descriptors can be
scientifically useful when failed experiments are kept in the dataset and model recommen-
dations are tested prospectively.

4.3. Graph Neural Networks: Better Representations, but Limited Transfer

Graph neural networks (GNNs) represent atoms as nodes and local interactions as
edges. This allows the model to learn a representation of the crystal structure instead of
using only predefined descriptors.

The Crystal Graph Convolutional Neural Network (CGCNN) introduced direct pre-
diction of material properties from crystal structures [27]. MEGNet added global state
variables and transfer between different properties [28]. ALIGNN included bond-angle
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information using line graphs [29]. M3GNet and CHGNet extended graph models toward
energy and force prediction and broad pretrained interatomic potentials [30,31].

Graph models have clearly improved the representation of materials. However, the
use of a GNN does not automatically mean that the model can transfer to new conditions.

For example, a GNN trained on relaxed periodic crystals may not work well for an
amorphous phase or an interface, even if the same chemical elements are present in the
training data. Adding angular or charge-related information also does not automatically
guarantee transfer to a new oxidation state, defect, or reaction pathway.

Studies using five types of out-of-distribution (OOD) tests showed that the rank-
ing of GNN models can change when the test data differ from the training data. In
some cases, older GNN models were more robust than models that performed best on
standard tests [13].

A temporal study comparing Materials Project data from MP18 and MP21 also showed
lower performance on newer materials. Feature-space and query-by-committee methods
helped identify unfamiliar regions and select useful new data [14].

In practice, model robustness depends not only on the graph architecture, but also on
how the dataset is built, how the training and test data are separated, and what objective is
used during training.

For chalcogenides, graph models are especially useful when reliable crystal structures
are available and when the target property depends on local atomic coordination.

For simple composition-based screening, however, a graph model may provide little
additional benefit.

In contrast, problems such as defect migration, amorphous structures, phase tran-
sitions, and synthesis history contain information that is not present in a single relaxed
crystal structure.

Fine-tuning a broad pretrained model can reduce the amount of task-specific data
needed, but the final model still needs to be tested to define the domain in which it can be
used reliably [31,47].

4.4. Machine-Learned Interatomic Potentials

Machine-learned interatomic potentials (MLIPs) learn energies and forces from
quantum-mechanical calculations. They can then be used to speed up molecular dynamics,
structural relaxation, and sampling of atomic configurations.

MLIPs are especially useful for chalcogenides because many important processes
involve large systems, long simulations, structural disorder, defects, interfaces, or phase
transformations. Examples include WSe2 thermal transport, defects and interfaces in
MoS2 and MoS2/WS2, amorphous MoS2, metal–chalcogenide interdiffusion, GeTe/Sb2Te3

transport, and Ge–Sb–Te crystallization [4,5,10,32–47].
A random test set taken from the same trajectory or configuration pool is only a limited

validation. The type of validation should depend on how the potential will be used.
Useful tests can include energy and force errors for different phases or thermodynamic

states, equations of state, phonons, diffusion, defect energies, structural distributions,
phase stability, transport properties, crystallization kinetics, and detection of configurations
outside the training domain.

The quantum-mechanical reference method, the way the configurations were gener-
ated, and the relationship between the training and validation structures should therefore
be reported together with the numerical errors.

The type of potential is also an important modelling choice. The interaction range,
cutoff, descriptors, composition of the training database, and fitting method can strongly
affect the results.
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A study comparing different potential forms for the graphene-to-diamane transforma-
tion showed that models can reproduce important equilibrium properties but still predict
very different transformation behavior if the interaction form or cutoff does not describe
the relevant pathway correctly [111].

More generally, MLIPs should be validated using physical properties in addition to
numerical error values [112]. Studies on defects and fracture also show that the predicted
behavior can depend on the training database, ML method, and cutoff radius, even when
standard error values look acceptable [113].

For studies of transformations, validation should therefore include at least one physical
quantity directly related to the process of interest.

Depending on the application, this can include phase ordering, transition temperature,
diffusivity, nucleation, crystal-growth kinetics, defect migration, interfacial resistance, or
another property related to the transformation.

When possible, comparing different potential families, architectures, or cutoff values
gives stronger evidence than agreement with equilibrium properties alone.

The methodological studies above are not direct chalcogenide examples. They are
used here to define useful validation requirements for chalcogenide MLIPs.

Ge–Sb–Te provides a useful example. The early GST225 Gaussian approximation
potential was tested using quantum-mechanical configurations that were not used for
training and using experimentally measurable structural properties [5].

A later GST225 neural-network potential was validated against DFT calculations and
physical properties relevant to phase-change processes [10].

A later study on viscosity and dynamical heterogeneity used the same potential and
extended its physical validation, rather than training a completely new model [44].

More recent work on Ge-rich Ge–Sb–Te tested compositions that were not included
in the training database before using the potential for large-scale phase-separation and
crystallization simulations [45].

These studies are convincing not simply because they use large numbers of atoms or
long simulation times. Their strength comes from validation against quantum-mechanical
calculations or experimental properties that are relevant to the physical problem.

However, the conclusions still depend on the reference electronic-structure method,
the configurations included in the training data, and the form of the potential.

Transfer to new compositions, defects, interfaces, or transformation pathways should
therefore be tested directly and should not be assumed only because the average energy or
force errors are low.

4.5. Active Learning, Bayesian Optimization, Out-of-Distribution Evaluation, and Uncertainty

Active learning and Bayesian optimization are related methods, but they have
different goals.

Active learning selects new data that can improve the model efficiently. Bayesian opti-
mization selects new tests or experiments to optimize a target while
considering uncertainty.

In computational studies, the method may select a structure with high uncertainty for
a more accurate calculation. In experimental studies, it may select the next composition
or processing condition by balancing exploration of new conditions and use of already
promising conditions.

Chalcogenide applications include power-factor prediction, surface-supported clusters,
multinary Chevrel phases, thermoelectric processing and printing, MoS2 growth, and
control of SnSe or SnS morphology [48–59].
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The strongest evidence comes from studies in which the model recommends a new
action before the result is known, and the new calculation or experiment is then performed
and reported.

Retrospective replay is still useful for developing methods, but it provides weaker
evidence. This is especially true when the acquisition method is tested using a large existing
dataset that would not have been available during a real experiment.

Uncertainty should be tested under the same type of distribution shift expected during
real use.

A random train-test split is useful as a basic interpolation test, but it is usually not
enough to show that a model can transfer to new materials.

Structure-based out-of-distribution (OOD) tests show that model performance can
decrease strongly when training and test materials are separated by structural or composi-
tional similarity instead of randomly [13]. Temporal tests also show lower performance
on materials added later and show that model rankings obtained from random splits can
change under distribution shift [14].

MatUQ recently introduced SOAP-LOCO, or Smooth Overlap of Atomic Positions
Leave-One-Cluster-Out [72]. In this method, structures with similar local environments are
grouped together, and complete groups are left out of the training set.

Tests on several materials datasets, GNN models, and uncertainty methods show that
predictive accuracy and uncertainty quality are different properties. They also show that
the best uncertainty method depends on the target, the model architecture, the amount of
data, and the type of OOD shift.

Methods such as deep evidential regression, Monte Carlo dropout, or combinations
of these methods should therefore be considered as possible uncertainty approaches, not
as methods that are always well calibrated. Other molecular-learning studies also show
that evidential and ensemble uncertainties may need calibration before they are used
for decisions [73].

For chalcogenide property prediction and computational screening, a random split
should therefore be used mainly as an interpolation reference. At least one OOD split
related to the intended application should also be included.

If the goal is transfer to new compositions or structure families, a chemistry-aware or
prototype-aware split is useful.

For structure-based GNNs, SOAP-LOCO or another local-environment clustering
method is useful when the goal is transfer to unfamiliar atomic environments.

A temporal split is also useful when the model will be applied to materials added after
the model was developed.

There is no single split that is always “OOD”. The variable that is left out should
match the type of novelty claimed in the study.

Experimental applications need different grouping variables.
Spectroscopy, microscopy, and diffraction models should be tested on different speci-

mens, synthesis batches, instruments, and, when important for two-dimensional materials,
different substrates. Randomly separating pixels or spectra is usually not enough.

Process and synthesis models should be tested on different batches, reactors, sub-
strates, experimental campaigns, or time periods. Prospective testing should be used
when possible.

For MLIPs, important OOD tests can include new compositions, phases, defects,
interfaces, thermodynamic states, or transformation pathways. A random split of snapshots
from the same trajectories gives only limited evidence of transfer.

The uncertainty metric should also match the scientific decision.
At least three questions should be considered separately.
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First, calibration asks whether the predicted uncertainty agrees with what happens
in practice. For example, prediction intervals should contain the true value as often
as expected. Coverage should be reported together with interval width or sharpness.
Conformal or other distribution-free recalibration methods can be useful when the error
distribution is difficult to model [15].

Second, error ranking asks whether predictions with higher uncertainty also have
larger errors. This can be tested using the correlation between uncertainty and absolute
error, or by comparing errors for groups with different uncertainty levels. However, good
error ranking does not prove that the uncertainty is well calibrated.

Third, decision utility asks whether uncertainty helps make better decisions. For
example, rejecting the most uncertain predictions may reduce the error of the remain-
ing predictions, or an acquisition strategy may reach a target using fewer calculations
or experiments.

Graph-kernel and Gaussian-process methods provide another example of how calibrated
uncertainty can be combined with material-level and atomic-level OOD detection [16].

Recent OOD and uncertainty benchmarks show why all these questions should not be
reduced to one score. MatUQ combines evidential and dropout-based uncertainty measures
and evaluates them under specific OOD shifts [72]. However, its results do not show that
one uncertainty method is always the best.

Uncertainty methods should therefore be tested for the type of distribution shift
expected in the intended application.

In this review, we consider an uncertainty analysis credible when it reports predictive
error on a test split that matches real use, checks or recalibrates prediction intervals, tests
whether uncertainty follows the real prediction error, and clearly explains what happens
when uncertainty becomes large.

The next action may be to collect more data, perform a more accurate calculation,
reject the prediction, or ask for human review.

Uncertainty is most useful when it changes a scientific decision, rather than being
reported only as an additional model output.

4.6. Generative and Foundation-Model Approaches

Generative models change the usual design process because they can propose new
compositions or structures for a given target.

MatterGen uses diffusion modelling to generate inorganic material candidates. In the
original study, one generated structure was synthesized, and its measured property was
within 20% of the target value [61].

A later critique argued that the highlighted Ta–Cr–O example was not clearly new and
could correspond to a known disordered compound already represented in the training
data [62].

This discussion is useful because it shows that several questions must be considered
separately: Is the material really new? Is it similar to something in the training data?
Is structural disorder correctly described? Is the material stable? And can it actually
be synthesized?

Autonomous laboratories raise a similar problem.
The original A-Lab study showed repeated cycles of planning, synthesis, X-ray diffrac-

tion analysis, and selection of the next experiment in a general inorganic-material set-
ting [60]. We therefore classify this operational loop as Level 4 evidence for repeated
closed-loop operation.
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However, the 2026 Author Correction clarified that the word “new” in the original
paper meant new relative to the prediction platform and did not necessarily mean new to
science [60].

Leeman et al. also showed that structural disorder and similarity to known disordered
compounds can make novelty claims difficult to interpret [114].

For this reason, we evaluate operational autonomy and material novelty separately.
For the chalcogenide studies reviewed here, generative AI is better considered as a

tool for proposing candidates than as proof of autonomous materials discovery.
A proposed material still needs to be checked for similarity to the training or ref-

erence data, structural disorder, thermodynamic and kinetic stability, uncertainty, and
experimental feasibility.

Foundation models raise a similar issue. Large-scale pretraining can be useful, but
transfer to new chemical or structural chalcogenide problems must be demonstrated. It
should not be assumed only because the model is large.

Table 5 compares these different model types, their possible uses, and the minimum
validation needed.

Table 5. Main model types, suitable uses, and minimum validation.

Model Type Suitable Use Minimum Validation Needed Main Risk for
Chalcogenide Representative Refs.

Linear/tree/
kernel models

Small tabular datasets for
composition, processing,

or spectra

Compare with a simple physical or
statistical baseline; use nested
validation; use chemistry- or

batch-separated tests when transfer
is claimed

Mixed effects between
variables, correlated

descriptors, and incomplete
experimental metadata

[1,9,11,17,53,55,79,95,103,110]

CNN/deep spectral or
image models

Raman, microscopy,
diffraction, and
combined maps

Test on different specimens,
batches, instruments, and, when

important, substrates; check
preprocessing and
data augmentation

Data leakage between pixels or
maps; changes between

instruments or substrates
[75–77,79,83–87,105,115–118]

Crystal GNNs
Structure-based

equilibrium-property
prediction and screening

Compare with a descriptor baseline;
use chemistry-, prototype-, or

SOAP-LOCO-based OOD tests;
keep random split only as an

interpolation test; check
uncertainty under the expected

distribution shift

Bias toward relaxed structures,
leakage between similar

structures, and poor transfer to
new chemistries or prototypes

[13–16,27–29,72]

Pretrained
GNN/universal MLIP

Energies, forces, structural
relaxation, and

molecular dynamics

Test or fine-tune for the target
domain; test different phases,

defects, and interfaces; evaluate
applicability domain or uncertainty

Direct use on configurations
that are not represented in the

training data
[15,16,30,31,47]

Specialized MLIP
Dynamics and

transformations within a
defined chemical system

Test energies and forces on
independent data from relevant
phases; compare potential type,

architecture, or cutoff when
possible; validate at least one
physical property related to

the transformation

Failure for rare events, wrong
phase order or kinetics,

dependence on interaction
range, and limited transfer

between compositions

[4,5,10,32–46,111–113]

Active learning/
Bayesian optimization

Expensive calculations
or limited

experimental/computational
search spaces

Make the recommendation before
the result is known; compare with
random or expert selection; report
sample efficiency or regret; check

that uncertainty is suitable for
selecting the next test

Biased selection, poorly
calibrated uncertainty, or

retrospective analysis
presented as

prospective optimization

[48–59,119]

Generative models
Candidate generation and

inverse design under
defined constraints

Check similarity with the training
set and real novelty; include

disorder in structural comparison;
test stability, kinetics, and

feasibility; independently test a
prospectively selected candidate

Bias toward ordered crystals,
rediscovery of known or

disordered materials, and
difficulty of

experimental synthesis

[60–62,114]

5. Evidence by Scientific Task
Organizing the discussion by scientific task is more useful than simply listing machine-

learning methods.
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The same random forest, graph neural network, or machine-learned potential can
support very different conclusions. This depends on the property being predicted, the
information available when the prediction is made, the way the training and test data are
separated, the reference method used for comparison, and the validation procedure.

For each scientific task, we therefore examine three main questions: what is predicted,
what is considered new, and how the prediction is tested afterwards.

5.1. Electronic and Optical Property Prediction

Band-gap prediction is one of the most common uses of AI in chalcogenide research.
Kesterites, transition-metal dichalcogenides, chalcogenide perovskites, Janus structures, and
multinary absorbers have been studied using descriptor models, deep atomic representations,
graph models, and combined DFT-ML approaches [1–3,6,21,23,74,89,90,99,120–123].

These methods can reduce the number of expensive calculations and help identify
trends between related materials. However, the quality of the prediction depends on the
quality and definition of the training data.

For example, a model trained on band gaps calculated with semilocal DFT mainly
learns to reproduce that computational method. Good agreement with a test set does not
automatically mean good agreement with experimental optical band gaps measured on
real samples.

The strongest computational studies usually define a limited chemical space, compare
the model with simple baselines, and then check the most promising candidates using
more accurate calculations.

Experimental measurements provide a higher level of evidence. Without experimental
confirmation, the word “discovery” usually means computational selection of promising
candidates rather than proof of material performance.

Structure prediction for ternary chalcogenides [123] also has an additional challenge. A
predicted structure is useful only if its stability or possibility of formation is also considered.

Photovoltaic-device studies need another important distinction.
Models trained on experimental CIGS or CZTSSe data can help identify relationships

between composition, processing, interfaces, and device performance [17–22,24,25,88,94].
In contrast, models trained on SCAPS-1D simulation results mainly learn to reproduce

the simulator [90–93,121]. These surrogate models can make sensitivity studies faster, but
they do not prove that the simulator assumptions are correct or that the predicted optimum
can be achieved experimentally.

Training and test data generated by the same deterministic simulator can also be very
similar. For this reason, the test set should be separated by parameter range or device
architecture when possible. The predicted optimum should then be checked using an
independent simulation and, when possible, experiments.

AI has also been used to predict other chalcogenide properties, including quan-
tum yield, refractive index, glass-transition temperature, density, and nonlinear-optical
performance [7,11,82,102,103,124].

For these properties, sample preparation and measurement conditions can be as
important as composition.

A model may perform well on data from one laboratory but fail for samples prepared
using another method. Tests on new compositions or independent datasets, such as those
used in some glass-property studies [103], therefore provide stronger evidence of transfer
than a low error from a random train-test split alone.
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5.2. Thermoelectric Discovery and Process Optimization

Thermoelectric performance depends on several properties at the same time. The
dimensionless figure of merit is

ZT = S2σT/(κe + κl)

where S is the Seebeck coefficient, σ is the electrical conductivity, and κe and κl are the
electronic and lattice parts of the thermal conductivity.

A high power factor, S2σ, or a low lattice thermal conductivity can be useful, but these
two quantities alone do not guarantee a high ZT. Carrier concentration, bipolar transport,
anisotropy, microstructure, contact resistance, and mechanical properties can also change
the final ranking of materials.

Computational and data-driven studies have predicted power factor, thermal conductivity,
and DFT-based transport properties for several chalcogenide families [9,12,42,43,53,95–98,124].

These results are easier to interpret when the target property is clearly defined and
when electronic and thermal properties are later combined in a physically consistent way.

Public datasets can be useful for screening, but important differences in temperature,
crystal direction, sample density, and measurement method should be kept in the data
rather than mixed together as if all measurements were equivalent [95].

Microstructure is a good example of why a low predicted lattice thermal conductivity
cannot be considered independently of the real sample.

Grain boundaries can strongly affect phonon transport. However, the size of this
effect and its dependence on boundary angle can change with grain-boundary structure,
dislocation content, and material type.

For monolayer WSe2, nonequilibrium molecular-dynamics simulations showed that
thermal conductivity decreased from 23.7 ± 0.96 W m−1 K−1 in the pristine material to
about 10.1 W m−1 K−1 at a misorientation angle of 21.79◦. This corresponds to a decrease
of more than 55% [125].

In the same study, the calculated Kapitza resistance increased from about 0.31 to
5.08 m2 K GW−1. These results show that grain-boundary density and geometry can
strongly change lattice thermal transport.

However, the effect of the misorientation angle is not always monotonic.
For 5|7 grain boundaries in monolayer MoS2, nonequilibrium molecular-dynamics

calculations showed a U-shaped variation of thermal conductance for misorientation angles
between about 5◦ and 52◦ [126].

The misorientation angle can therefore be a useful description of microstructure, but it
is not a universal measure of thermal resistance.

Experimental evidence is also available for thermoelectric SnTe.
Frequency-domain thermoreflectance combined with EBSD showed local decreases

of about 0.5–1 W m−1 K−1 in thermal conductivity near individual grain boundaries,
compared with a bulk value of about 8 W m−1 K−1 [127].

The measured grain-boundary thermal resistance increased from about 51 ± 2 m2 K GW−1

for misorientation angles below 10◦ to 85 ± 20 m2 K GW−1 for angles above 48◦.
A model using the measured grain-boundary resistance also reproduced the effect of

grain size on the thermal conductivity of polycrystalline SnTe.
These studies show a direct link between microstructure and the thermal-conductivity

term in ZT.
Reducing lattice thermal conductivity through grain-boundary scattering can be useful.

However, grain boundaries can also affect electrical transport. For this reason, a decrease
in total thermal conductivity does not automatically mean an increase in ZT.
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Grain size, grain-boundary type, texture, and processing history should therefore be
included as physical descriptors or grouping variables when machine-learning models are
used to predict thermoelectric transport in real samples.

Thermoelectric research also includes several prospective examples.
High-throughput synthesis was combined with ML-assisted image analysis for

Cu–Sn–S compounds [50]. Because the synthesis and original imaging were performed
before the ML analysis, this study is classified as Level 3 only for analysis-guided phase
identification and the later follow-up experiments, not for prospective selection of the
synthesis conditions.

Active learning has also been used to select power-factor calculations [53] and high-
entropy thermoelectric experiments [48].

For Ag2Se-based devices and composites, models were used to guide flash-sintering
conditions, material combinations, and three-dimensional printing. The suggested condi-
tions were then tested by fabrication and characterization [52,54,55].

These studies reach Level 3 when the model recommendation is made before the
confirming experiment and the experimental result is reported.

Level 4 requires repeated cycles in which each new result is used to update the model
or guide the next decision.

5.3. Phase-Change Materials and Chalcogenide Glasses

Phase-change materials are a good example of how AI can extend a well-defined
physical calculation.

The important atomic configurations include liquid, supercooled, amorphous,
and crystalline states. Nucleation and crystal growth also require large systems
and long simulation times, which are difficult to study with standard first-principles
molecular dynamics.

Specialized MLIPs for Ge2Sb2Te5 and related Ge–Sb–Te alloys have made it possible
to study crystallization, viscosity, dynamical heterogeneity, thermal transport, and phase
separation at much larger scales [5,10,33,44,45].

The main advantage of these MLIPs is not only faster prediction. They also make
simulations possible that would otherwise be too expensive.

However, large simulation size and long simulation time do not prove that the model
is accurate. The strongest evidence comes from comparisons with quantum-mechanical
calculations and physical properties for the relevant states.

For GST225, the early Gaussian approximation potential was tested using quantum-
mechanical configurations that were not used for training. It was also compared with
experimentally accessible structural properties [5].

A later neural-network potential was trained on a much larger DFT database. It
was tested for liquid, amorphous, cubic, and hexagonal phases. The validation included
structural distributions, thermodynamic properties, diffusion, melting, and crystallization
kinetics [10].

For example, the predicted melting temperature was about 920–930 K, compared with
about 900 K experimentally. The predicted glass-transition temperature was about 500 K,
compared with a recent experimental value of about 473 K. The predicted homogeneous
crystal-growth velocity was about 4.0 m s−1 at 600 K, compared with an experimental
estimate of about 2.5 m s−1.

A later study on viscosity extended the physical validation of the same potential. It
did not provide a completely independent new fit [44].

More recent work on Ge-rich Ge–Sb–Te gives a stronger test of transfer between
compositions. Several compositions that were not included in the training database were

https://doi.org/10.3390/aimater1030007

https://doi.org/10.3390/aimater1030007


AI Mater. 2026, 1, 7 22 of 41

first compared with DFT before the potential was used for large-scale phase-separation and
crystallization simulations [45].

This supports Level 2 domain-aware validation within the Ge–Sb–Te system, but it
does not prove transfer to completely different chemical systems.

These studies also show that the type of potential matters. A model can have low
average energy or force errors and still predict the wrong phase order, diffusion behavior,
nucleation, or transformation pathway.

The potential architecture, interaction range, reference database, and training
method should therefore be considered important modelling choices that need physical
validation [111–113].

When possible, comparisons between different potential types, architectures, or cut-
off values should be combined with at least one physical property directly related to
the transformation.

Other studies focus on different parts of the phase-change problem. These include
glass classification, prediction of refractive index, density, or glass-transition temperature,
and deep-learning methods for in-line GeSbTe metrology [7,11,102,103,105].

Composition–property models are mainly useful for selecting or improving formula-
tions, while spectral metrology is mainly used for process monitoring.

These applications should not be confused with inverse design.
For example, Bayesian optimization of a GST optical emitter [128] optimizes the

geometry of a device that already contains a known phase-change material. It does not
discover a new phase-change composition.

5.4. Defects, Interfaces, Disorder, and Transport

Defects and interfaces strongly affect the properties and degradation of chalcogenides.
MLIPs have been used to study sulfur vacancies in MoS2, defective or amorphous

TMDCs, interdiffusion at metal–chalcogenide contacts, lateral heterostructures, CdTe-
related defects, and Cu clustering [4,37,38,40,46,47,104].

Image-based models have also been used to detect and describe atomic-scale defects
in MoS2 and WSe2 [76,77]. Explainable and causal approaches have linked defects and pro-
cessing conditions to mechanical properties, non-radiative recombination, and nanoparticle
properties [18,81,87,129].

These studies include information that is often missing from equilibrium materials databases.
For example, a defect model may need information about charge state, chemical

potentials, local atomic relaxation, defect concentration, and the simulation method used.
An interface may require information about atomic alignment, strain, surface termination,
intermixing, and environment.

If these variables are missing, a model may still find useful correlations, but these
correlations may not represent the real physical mechanism that controls the property.

Transport properties have similar difficulties because they depend on several length
and time scales.

Thermal conductivity can depend on temperature, system size, boundary scattering,
isotope content, anharmonic effects, and microstructure.

Chalcogenide MLIPs have been used to study WSe2 nanostructures, MoS2(1−x)Se2x

alloys, CaZrS3, GeTe/Sb2Te3 superlattices, TMDC ripples, and higher-order phonon
scattering [32,33,36,41–43,97,100].

These results should be compared under similar physical conditions and, when possi-
ble, with both first-principles calculations and experimental measurements.

Grain boundaries are a useful test for atomistic potentials used in transport studies.
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In monolayer WSe2, simulations showed that grain boundaries can reduce thermal
conductivity by more than a factor of two compared with the perfect material [125].

In MoS2, however, grain-boundary conductance changes non-monotonically with the
misorientation angle [126]. This shows that a simple rule such as “larger angle means larger
resistance” is not always valid.

In bulk SnTe, spatially resolved experiments directly linked the properties of individual
grain boundaries to measurable thermal resistance [127].

For this reason, a potential used to study polycrystalline transport should not be
validated only with perfect-crystal lattice parameters, equilibrium phonons, or average
energy and force errors.

Useful validation can also include grain-boundary thermal resistance, thermal con-
ductivity as a function of grain size or boundary type, defect-sensitive phonon transport,
and temperature dependence.

The same care is needed for properties that depend strongly on the environment.
For example, machine learning has been used to predict the tribological performance

of WS2 coatings under different operating conditions [130].
To test whether such a model can transfer to new conditions, variables such as load,

humidity, counterface material, film preparation, and wear history should be treated as
important parts of the scientific domain, not simply as equivalent rows in a dataset.

5.5. Characterization and Metrology

Raman spectroscopy is one of the most developed characterization applications in the
chalcogenide studies reviewed here.

Supervised and unsupervised models have been used to classify MoS2 spectra, connect
Raman and photoluminescence maps, estimate twist angle, study anharmonicity, identify
phase-change states, and support temperature sensing [75,79,83,84,86,102,105].

This is useful because spectroscopic measurements are fast, contain a lot of information,
and can be included relatively easily in process monitoring.

The main risk is data leakage between measurements from the same sample or fabri-
cation conditions.

For example, spectra from nearby pixels, repeated scans, or the same flake should
not be randomly divided between training and test sets if the final goal is to predict a new
sample or use a different instrument.

For a pixel-level model, complete maps should be kept separate for testing. For use on
new samples, independent specimens should be tested. For manufacturing applications,
different batches, measurement days, and preferably different instruments should also be
used for validation.

For two-dimensional chalcogenides, the substrate is another important variable and
should not be treated only as descriptive information.

Studies of MoS2 growth show that the substrate can change nucleation and preferred
orientation. Sapphire and SiO2 therefore do not represent the same growth conditions [131].

Different crystallographic planes of sapphire can also give different orientations and
morphologies [132]. In addition, the surface termination of C-plane sapphire can influence
orientation selectivity [133].

For this reason, a Raman, photoluminescence, microscopy, or defect-classification
model trained on material grown on one substrate should not automatically be expected to
work on another substrate.

The difference is not only due to the instrument. The substrate can change nucleation,
crystal orientation, domain size, grain-boundary density, strain, and interface interactions.
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For thin-film and 2D characterization, important grouping variables can therefore
include specimen, synthesis batch, substrate identity, substrate crystallinity and orientation,
surface preparation or termination, growth reactor, and measurement instrument when
these variables can affect the target.

Data-processing steps are also part of the model. Preprocessing, peak alignment,
baseline correction, data augmentation, and rejection rules should therefore be reported.

Microscopy and diffraction also offer useful applications, although there are fewer
chalcogenide-specific studies.

Deep-learning methods have been used to identify defects in STM and electron-
microscopy images and to measure nanoscale changes [76,77,87].

General methods developed for small X-ray diffraction datasets and automated
nanoparticle TEM analysis provide useful examples [117,118]. However, they should be con-
sidered as transfer methods until they are validated on the intended
chalcogenide samples.

The same is true for photoluminescence classification across different semiconductor
families [115] and dynamic fibre-optics modelling [116].

For characterization tasks, the evidence level mainly depends on how the model is
tested and used.

Retrospective classification within a similar data distribution corresponds to Level 1.
Testing on different specimens, substrates, instruments, or other clearly defined do-

mains provides Level 2 evidence.
A model that is used prospectively to select a new synthesis or measurement reaches Level 3.
Level 4 requires repeated cycles in which data acquisition, model prediction, decision,

and experimental action are directly connected.

5.6. Synthesis Optimization and Closed-Loop Workflows

Synthesis is the stage where model predictions meet the full complexity of an experi-
mental system.

Machine-learning methods have been used for Chevrel-phase composition selection, Cu–
Sn–S analysis, CZTSSe fabrication, Ag2Se processing and printing, MoS2 layer control, WSe2

film-growth characterization, and control of SnSe or SnS morphology [19,49,50,52,54–58,80,85].
These studies show that AI can already be useful in limited experimental spaces where

the number of variables is controlled and characterization is relatively fast.
Recent TMDC growth studies provide stronger prospective evidence.
A multiscale WSe2 MOCVD study combined computational fluid dynamics, phase-

field modelling, and reactive molecular dynamics. It identified effects of precursor gradi-
ents, predicted that substrate rotation could improve growth, and then tested this prediction
experimentally [134].

A Bayesian-optimization study for WS2 CVD reported an 86.6% increase in photolu-
minescence intensity over 13 rounds and compared the results with random search [119].

Both studies are classified as Level 3 because the model-guided decisions were made
before the confirming measurements.

Real-time spectroscopic reflectance during TMDC MOCVD is another useful tool. It
can detect growth, coalescence, and thickness-related changes during the experiment [135].

However, this is not Level 4 in our framework because repeated AI-driven cycles of
decision and experimental action were not demonstrated.

General synthesis prediction is more difficult because many experimental variables
are not standardized between laboratories. These include precursor state, reactor geometry,
atmosphere, substrate, heating history, operator decisions, and failed experiments.

For this reason, we use the term “closed loop” only for a repeated operational cycle.
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The result of one experiment must be used to update the model or decision process.
The next action must then be selected before its result is known. The workflow should also
include a stopping rule or a rule for human intervention.

A single model-selected experiment is useful Level 3 evidence, but it is not Level 4.
A-Lab provides a broader inorganic example of repeated closed-loop laboratory

operation [60].
Its evidence should be separated into two different claims. The repeated planning,

execution, analysis, and selection cycle supports Level 4 for closed-loop operation.
However, the 2026 Author Correction explains that the word “new” in the original

paper did not necessarily mean new to science [60].
The independent analysis by Leeman et al. also highlighted problems related to

novelty and structural disorder [114].
For this reason, we do not consider A-Lab as Level 4 evidence for material novelty.
The failed-experiment study provides another useful example from a broader inorganic

system. A reaction model was trained using both successful and failed hydrothermal
experiments and was then tested prospectively with new building blocks. The study
reported an 89% success rate [109].

However, neither A-Lab nor this failed-experiment study demonstrates autonomous
discovery across chalcogenide families.

A more realistic short-term goal for chalcogenides is to connect AI directly to instru-
ments for optimization within a clearly defined material family, substrate, reactor, and
process range.

These limited workflows can reduce the number of experiments needed, improve
reproducibility, and keep better records of unsuccessful conditions without claiming general
laboratory autonomy. Examples of studies classified according to the different evidence
levels are summarized in Table 6.

Table 6. Examples of evidence levels in AI studies on chalcogenides. Levels apply to specific
claims. For prospective evidence, the model prediction or recommendation must be made before the
confirming calculation or experiment.

Material/Claim Data and Role of AI Main Validation Level Ref.

Kesterite band gaps DFT data with descriptor-
based regression

Tested on held-out calculations
within the same chemical family 1 [1]

Chalcogenide double
perovskites

ML used to select promising
absorber candidates

ML-selected candidates were then
tested with more accurate stability

and optical calculations
3 [6]

CdSe/CdS nanoparticles Causal ML applied to
synthesis–property data

A new experimental result followed
a model-guided hypothesis 3 [129]

Multinary Chevrel phases ML used to select compositions and
predict stability

Model-selected compositions were
synthesized and

characterized prospectively
3 [49]

Cu–Sn–S phase
discovery/characterization

Active-learning segmentation and
unsupervised analysis of existing

high-throughput images

ML identified candidate phases that
were later studied in more detail 3 [50]

MoS2 Raman analysis Classification and regression of
Raman spectra

Tested retrospectively on
measured spectra 1 [75,79]

TMDC atomic defects Deep learning on STM and
microscopy data

Tested on held-out labels; transfer to
new samples or instruments was

generally not demonstrated
1 [76,77]

CZTSSe photovoltaics Experimental process and device data
analysed with ML

Model-predicted conditions were
later fabricated and tested 3 [18,19]
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Table 6. Cont.

Material/Claim Data and Role of AI Main Validation Level Ref.

Ag2Se devices/composites ML used to guide sintering,
formulation, or printing

Prospective fabrication and
device testing 3 [52,54,55]

GST225 phase transformation Specialized MLIP trained on DFT data
from several phases

Tested against held-out/reference
DFT and structural, thermodynamic,

and kinetic data from DFT
or experiment

2 [5,10,44]

Ge-rich Ge–Sb–Te MLIP tested for transfer
between compositions

Compositions not included in
training were tested before

large-scale phase-separation and
crystallization simulations

2 [45]

Chalcogenide-glass properties Composition–property models Tested on held-out or new
experimental compositions 2 [11,103]

MoS2 growth Regression and Bayesian optimization
of growth conditions

Selected growth conditions were
tested prospectively 3 [56,80]

WSe2 wafer-scale MOCVD
Process model combining CFD,

phase-field modelling, and
reactive MD

The predicted benefit of substrate
rotation was tested experimentally 3 [134]

WS2 CVD optimization Bayesian optimization using
photoluminescence intensity

Prospective 13-round campaign with
86.6% PL improvement and

comparison with random search
3 [119]

TMDC in situ
MOCVD monitoring Real-time spectroscopic reflectance

Growth, coalescence, and
thickness-related signals were

demonstrated, but autonomous
feedback was not

2 [135]

SnSe/SnS nanoplates Data-driven model relating process
conditions to morphology Controlled growth experiments 3 [57,58]

Universal potential on
WS2/MoS2

Pretrained CHGNet model Compared with DFT and EXAFS for
the target materials 2 [47]

Failed-experiment synthesis * Reaction model trained on successful
and failed experiments

Prospectively tested with previously
unused building blocks 3 * [109]

MatterGen candidate
validation *

Generative model used to
propose candidates

Computational filtering and selected
synthesis were performed, but the
novelty claim was later questioned

3 * for
prospective

validation, not
for novelty

[61,62]

A-Lab autonomous operation *
Integrated planning, synthesis, XRD

analysis, and selection of the
next experiment

Repeated laboratory cycles
were demonstrated 4 * [60]

A-Lab material novelty * Candidate novelty relative to the
prediction platform

The correction clarified that “new”
did not necessarily mean new

to science
1 * [60,114]

Note: * indicates broader-inorganic examples used as methodological benchmarks.

6. Cross-Family Comparative Assessment
6.1. What Is Mature, and What Is Still Developing?

It is difficult to compare algorithms directly across the chalcogenide literature because
the reported errors concern different properties, units, chemical spaces, data splits, and
data-generation methods.

For this reason, we compare mainly the validation pathway. We ask what information
was available during model training, what scientific variable was really left out, and what
happened after the model made a prediction or recommendation.

Table 7 shows the highest representative validation level found among the studies
examined for each material-family and task combination.
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Table 7. Highest evidence level found among the studies examined in this review. R = Level 1;
X = Level 2; P = Level 3; L = Level 4; — = no sufficient direct evidence found in the reviewed studies.

Material Family Property Prediction/ Screening ML Atomistic Modelling Characterization Synthesis/Process Generative/
Closed Loop

TMDCs and 2D
heterostructures X [3,78,82] X [4,32,34–38,40–43,46,47] R [75–77,79,83–85,87] P [56,80,119,134] —

Chalcopyrites, kesterites,
and related

photovoltaic materials
P [24,89] X [104] R [25] P [18,19] —

Thermoelectric
chalcogenides P [53,55,96] X [97] P [50] P [52,54,55] —

Phase-change materials
and chalcogenide glasses X [11,103] X [5,10,39,44,45] R [102,105] — —

Chalcogenide
perovskites and other

multinary chalcogenides
P [6,99,120] X [100] — P [49] —

Broader inorganic
examples * X [13–16,72,73] X [30,31,111–113] X [117,118] L (operation) [60] P/L [60–62,114]

Notes: A-Lab is classified as Level 4 only for repeated autonomous laboratory operation. Its material-
novelty claim is considered separately as Level 1. * These studies are included as methodological
benchmarks and do not provide direct evidence for chalcogenides.

Several areas have reached Level 3 prospective evidence. These include ML-selected
photovoltaic and multinary candidates that were later tested with more accurate calcu-
lations [6,24,89,99,120], experimentally tested photovoltaic fabrication conditions [18,19],
thermoelectric synthesis or characterization workflows [50,52,54,55], and model-guided
TMDC growth [56,80,119,134].

For TMDC processes, the evidence is strengthened by experimentally tested multiscale
MOCVD modelling and prospective Bayesian optimization. Real-time optical monitoring during
growth is also an important step toward future instrument-connected feedback [119,134,135].

Phase-change materials provide strong Level 2 evidence for ML-based atomistic
modelling. This includes structural, thermodynamic, and kinetic validation and, in
more recent studies, explicit tests on compositions that were not included in the train-
ing database [5,10,44,45].

These evidence levels apply to specific claims.
For example, the Cu–Sn–S study reaches Level 3 for ML-guided phase identification

followed by additional characterization. However, it does not reach Level 3 for prospective
synthesis selection because the synthesis experiments were performed before the ML
analysis [50].

A-Lab provides Level 4 evidence for repeated closed-loop laboratory operation in a
broader inorganic system. However, the material-novelty claim is considered separately at
Level 1 after the Author Correction [60,114,115].

Among the chalcogenide-specific studies examined in this review, we did not find a
Level 4 workflow with repeated model-updated cycles of data acquisition, decision, and
experimental action.

This conclusion applies only to the studies examined using our criteria. It does not
mean that no such experiment exists.

Broader inorganic studies show that closed-loop operation is possible, but they do
not directly prove transfer to chalcogenide systems with defects, disorder, amorphous
structures, substrate effects, or strong process dependence.

The five evidence levels used in this review are illustrated in Figure 4.
Evidence from broader inorganic materials cannot be assumed to apply directly to

chalcogenides.
A dash means that we did not find enough direct evidence among the studies examined

in this review. It does not mean that no such study exists in the complete literature.
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Figure 4. Evidence levels used in this review. Evidence increases from a methodological proposal
or transfer example (Level 0) to repeated closed-loop operation (Level 4). Moving from one level to
the next is not automatic. Each level needs a different type of validation, and a high evidence level
shown for one material system cannot be assumed to apply directly to another.

6.2. Recurrent Failure Modes

Information leakage. Very similar structures, compositions, pixels, spectra, or process
records can appear in both the training and test sets. With a random split, the model may
only be interpolating between very similar examples instead of showing real transfer.

The data should therefore be grouped according to what is really new in the scientific
problem, for example structural prototype, composition family, specimen, substrate, batch,
laboratory, instrument, reactor, or time. Duplicate records should also be removed before
splitting the data [13,14].

Label and fidelity mismatch. A model can reproduce a computational method very
well and still differ systematically from experiment.

For computational data, the DFT functional, pseudopotential, spin treatment, conver-
gence settings, and structural state are part of the label definition. Experimental data also
depend on temperature, uncertainty, specimen condition, and measurement method.

When data from different fidelity levels are combined, the relationship between these
data sources should remain clear.

Narrow applicability domains. Models may fail when they are applied to new oxida-
tion states, defects, phases, compositions, substrates, or processing conditions.

A good average score can therefore hide large errors in some regions of the data space.
Distance from the training domain, calibrated prediction intervals, error analysis for

different groups, and clear rules for rejecting uncertain predictions can help identify this
problem [15,16,72,73].

Universal potentials have the same limitation. They should be tested carefully on the
target system before zero-shot molecular dynamics is considered reliable [30,31,47].

Uncontrolled confounding. In experimental datasets, composition, processing, thick-
ness, morphology, substrate, and measurement conditions often change at the same time.
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Feature-importance methods can show which variables are used by the model,
but they do not prove that changing one variable will directly cause a change in the
target property.

Causal conclusions therefore need an appropriate study design, such as a causal model,
a suitable natural experiment, or a prospective experiment [81,129].

Selective reporting. Successful candidates and high-performing models are more likely
to be reported than failed experiments, negative results, or unstable model runs.

The vanadium-selenite study showed the value of keeping failed synthesis experi-
ments in the dataset before prospective testing [109]. This study is a broader inorganic
example rather than direct chalcogenide evidence.

Keeping failed experiments, acquisition histories, and stopping decisions gives a more
realistic view of the limits of the experimental space.

Weak baselines and incomplete tests. Comparing several complex models is not
enough if a simple model can answer the same question.

Simple descriptor-based or physically motivated models, learning curves, and tests
where some descriptors or data types are removed can provide useful information.

For MLIPs, the potential family, model architecture, training database, and cutoff may
also need to be tested separately [111–113].

For active learning, random selection and a simple expert rule are useful baselines.
Mismatch between metric and decision. Mean absolute error gives the same impor-

tance to all predictions, but real discovery or process decisions may depend more on
ranking, thresholds, rare candidates, or safe use outside the training domain.

The evaluation should therefore also include a measure related to the final decision,
such as recall of useful candidates, calibration near a selection threshold, regret, sample
efficiency, or the fraction of experiments that meet a predefined success criterion.

Novelty and structural disorder. A material that is new to a model or database is not
necessarily new to science. Also, an ordered predicted structure may not fully describe the
real experimental material.

The A-Lab critique and the later Author Correction illustrate these two problems [60,114].
Automatic structure identification can be difficult when the material is compositionally

disordered or only partly ordered.
This is especially important for chalcogenides because antisite disorder, cation or

configurational disorder, high-entropy compositions, amorphous structures, and metastable
local structures can directly affect their properties.

Generative and autonomous workflows should therefore consider candidate novelty,
structural identification, disorder, synthesizability, and prospective confirmation as separate
questions instead of combining them into one “discovery” claim.

The MatterGen discussion gives another example of why similarity to the training
data and structural disorder should be checked carefully [61,62].

6.3. Minimum Reporting Standard

To make studies easier to compare and reuse, the following information should be
clearly reported:

(i) The data source, dataset version, and inclusion rules;
(ii) What each data point represents and which variables are used to group the data;
(iii) Preprocessing steps fitted only on the training data;
(iv) A train–test split that matches the type of novelty or real use being claimed;
(v) Both simple baseline models and more advanced models;
(vi) Uncertainty information or a clearly defined applicability domain;
(vii) Prediction errors for different chemistries, structures, or operating conditions;
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(viii) Whether model recommendations were made prospectively and when they were made;
(ix) Code, model settings, and machine-readable results when licensing allows this.

For experimental studies, complete information about synthesis and characterization
should also be reported. Failed experiments and changes from the planned experimental
sequence are important as well.

For thin-film and two-dimensional chalcogenides, additional information should
include the substrate type and composition, whether the substrate is crystalline or amor-
phous, its crystallographic plane or orientation, surface termination or preparation, and
any pretreatment when relevant [131–133].

For process and synthesis models, important information can include reactor geometry
and configuration, precursor identity and delivery method, precursor flux or concentra-
tion, carrier-gas conditions, pressure, temperature history, substrate position and rotation,
synthesis batch, laboratory, and instrument identifiers [134,136–138].

These variables should not be treated only as descriptive information. When they can
affect the result, they should also be considered when separating training and test data.

If a model is claimed to transfer to new substrates, reactors, instruments, laboratories,
or material chemistries, its performance should be reported separately for each new domain.

Any recalibration or fine-tuning after transfer should also be reported, together with
the amount of additional data needed.

7. Research Agenda: From Better Benchmarks to Bounded Autonomy
The next research needs can be divided into short-, medium-, and longer-term goals.
These time periods should be considered as milestones, not as exact predictions.
Progress will also be different across computational modelling, characterization, and

experimental synthesis.

7.1. Near Term (1–2 Years): Make Validation Match the Claim

In the near term, an important priority is to make existing datasets easier to check and
reproduce, rather than only developing new model architectures.

A useful benchmark should clearly define the target property, the origin of the data,
what each data point represents, how duplicates are treated, and what is considered new.

For crystal-property prediction, random train-test splits should be combined with
tests based on structural prototype, chemistry, or time.

For spectroscopy and microscopy, training and test data should come from different
specimens, batches, and instruments.

For synthesis datasets, complete process histories and failed experiments should also
be included.

These changes are relatively simple, but they can strongly affect the measured model
performance [13–16,109].

Chalcogenide-specific benchmark datasets would be especially useful for problems
that are not well represented in general inorganic databases. These include charged and
neutral defects, different crystal phases, layered structures, amorphous configurations,
interfaces, and measurements that strongly depend on processing conditions.

The same fixed train-test splits could then be used to compare descriptor-based models,
current graph models, and pretrained potentials.

Model documentation should also clearly describe the intended use, domains where
the model should not be used, known failure modes, uncertainty behavior, and the versions
of important software or data dependencies.
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7.2. Medium Term (3–5 Years): Connect Data Types and Laboratories

In the medium term, an important challenge is to connect process data and data from
different fidelity levels while keeping their origin clear.

Computed structures and energies can be combined with experimental composition,
diffraction, spectra, microscopy, processing history, and device results. However, the
laboratory, substrate, reactor, instrument, fidelity level, temperature, and uncertainty
should remain clearly identified.

Without this information, a model may appear to transfer well while actually learning
patterns that are specific to one laboratory, reactor, or instrument.

For MLIPs, the goal should be to move beyond potentials developed only for one
specific study. More general workflows should monitor uncertainty for defects, interfaces,
liquid–glass–crystal transitions, and reactive processes.

Broad pretrained potentials can be used as a starting point. Active learning and
targeted quantum calculations can then be used to improve the model in the configuration
space that is actually explored [15,30,31,47].

The choice of potential family or cutoff should also be tested when predictions of
transformations or defects strongly depend on the interaction model [111–113].

Cross-domain validation is especially important for TMDC synthesis.
General CVD modelling shows that growth conditions do not transfer easily between

different reactor types and operating conditions. Morphology can also depend on reactor-
specific transport and precursor concentrations [136].

Studies on vertical CVD also show that changes in reactor design and precursor
delivery can strongly affect uniformity and reproducibility [137].

A recent MOCVD study provides a useful chalcogenide example under
matched conditions.

MoS2, WS2, and WSe2 monolayers were grown on 2-inch c-plane sapphire in the same
cold-wall reactor under similar thermofluidic conditions. Even under these controlled
conditions, the materials showed different nucleation densities, domain sizes, and lateral
growth rates [138].

Substrate rotation also changed mass transport, deposition rate, and thickness uniformity.
This means that process transfer can already be difficult between chemically related TMDCs

in the same reactor, even before considering differences between reactors or laboratories.
A useful next step would therefore be to build matched-condition datasets covering

several chemistries, reactors, and laboratories.
These datasets should include complete information about precursors, substrates,

reactors, thermofluidic conditions, and characterization.
A process model trained in one domain should then be tested, without refitting, on a

predefined new chemistry, substrate, reactor, or laboratory.
If recalibration is needed, the amount of new data required and the recovered model

performance should both be reported.
These tests would help separate three different questions: whether a model works

within one reactor, whether it transfers to related chemistries or substrates under similar
conditions, and whether it transfers to different reactors or laboratories.

The last case is the strongest practical test of model generalization for synthesis.
Experimental optimization should also compare model-guided choices with expert or

random selection.
Every recommendation, experimental result, intervention, override, and stopping

decision should be recorded.
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Instrument-connected measurements, such as in situ TMDC reflectance [135], could
provide a useful step from prospective Level 3 optimization toward bounded Level 4
feedback, but only if the measurement is actually used to choose the next action.

7.3. Longer Term (>5 Years): Interoperable, Human-Governed Closed Loops

In the longer term, one workflow could combine literature and database searches,
candidate generation, multi-fidelity simulation, robotic synthesis, rapid characterization,
and adaptive experimental design.

However, such a system would still need a clearly defined domain. The material
family, allowed actions, safety rules, objective, uncertainty policy, and conditions for
human intervention should be decided in advance.

If the system moves outside this domain, it may be better to stop, ask for human input,
or request higher-fidelity data instead of continuing automatically.

Generative methods will become more useful if novelty, disorder, metastability, syn-
thesizability, and processing conditions are included directly in the validation process.

For example, an ordered crystal that is very similar to the training data and cannot be
synthesized has limited value for discovery.

In contrast, even a relatively simple model can provide strong evidence if it proposes
a reproducible composition or process outside the original data domain and this result is
confirmed by independent testing.

In the future, connected laboratories could also test whether models transfer between
different reactors and institutions.

Before this becomes practical, several issues need to be solved, including common
data formats, calibration standards, licensing, cybersecurity, and data origin.

Table 8 summarizes these priorities as practical goals, measurable success criteria, and
approximate time horizons.

Table 8. Main priorities for reliable AI research on chalcogenide materials.

Priority Main Deliverable How Success Can Be Measured Time Horizon

Benchmarks that avoid data leakage

Versioned datasets with fixed random
and application-relevant splits, for
example by chemistry, structural

prototype, SOAP-LOCO, time,
specimen, instrument, or substrate

Performance and uncertainty reported
for every split; duplicate-removal and

grouping rules clearly described
1–2 y

Process, substrate, and
defect metadata

Machine-readable data formats for
defects, interfaces, substrate state,

synthesis, reactor, and
characterization conditions

Important variables, units, uncertainty,
data origin, and missing data

clearly reported
1–2 y

Applicability-domain control

Calibrated uncertainty intervals,
measures of distance from the training

domain, and rules for stopping or
requesting higher-quality data

Coverage and risk tested under the
same type of distribution shift expected

in real use
1–3 y

Multi-fidelity learning
Connected DFT, higher-level

calculations, experimental data, and
process data

Errors reported separately for each
fidelity level, with transfer

improvements shown clearly and
systematic differences not hidden

2–4 y

Transferable MLIP workflows

Potentials with uncertainty monitoring
for defects, interfaces, and

transformations; sensitivity to potential
family and cutoff tested when possible

Stable simulations and good agreement
for observables related to

transformations, defects, transport,
or kinetics

2–5 y

Prospective synthesis studies
Model-guided experimental campaigns
planned and recorded before the results

are known

Sample efficiency or regret compared
with random or expert selection; failed

experiments also kept
2–5 y
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Table 8. Cont.

Priority Main Deliverable How Success Can Be Measured Time Horizon

Validation across domains
and laboratories

Matched-condition datasets covering
several chemistries, substrates, reactors,

and laboratories

Transfer tested on a predefined new
domain; performance before and after

recalibration reported, together with the
amount of new data needed

3–5 y

Constrained generative design
Candidates checked for similarity to

training data, disorder, validity, stability,
kinetics, and practical feasibility

Selected candidates pass independent
calculations and

synthesis/characterization tests; novelty
is checked separately

3–6 y

Bounded closed-loop systems

Instrument-connected cycles of data
acquisition, analysis, decision, and

action within a clearly defined material
or process domain

Several complete cycles, with recorded
recommendations, interventions,

overrides, stopping rules, baseline
comparison, and reproducible results

3–7 y

This also changes how progress should be described.
A study does not need full autonomy to be important.
Reliable prediction within a clearly defined domain, a transferable potential, an exter-

nally validated spectroscopy model, or one synthesis recommendation confirmed prospec-
tively can all be important results, as long as the limits of the evidence are clearly stated.

8. Conclusions
Chalcogenides show why AI in materials science cannot be evaluated only with

standard equilibrium-crystal benchmarks.
These materials cover a wide range of compositions, but many important properties

also depend on factors that are not always well represented in common databases. These
include defects, interfaces, disorder, metastability, grain boundaries, substrate state, pro-
cessing history, temperature, reactor conditions, and the specific structure of each sample.

For this reason, high benchmark accuracy is useful, but it is not enough to show that a
model is ready for scientific or practical use.

Several main conclusions can be drawn from the studies examined in this review.
Conventional descriptor-based models are still useful for small and well-defined

composition or process datasets. They also remain important baseline models.
Graph neural networks are powerful for structure-based predictions when the training

and application domains are similar. However, good performance with a random split does
not prove that the model will transfer to new chemistries, structural prototypes, atomic
environments, specimens, substrates, or process conditions.

Machine-learned interatomic potentials provide especially useful examples for chalco-
genides. They allow simulations of phase transformations, defects, interfaces, and transport
over larger length and time scales.

However, their reliability should not be judged only from energy and force errors.
They should also be tested against physical properties related to transformations, defects,
transport, or kinetics. When possible, the effects of model architecture, interaction range,
and training database should also be tested.

Prospective evidence is becoming stronger in some well-defined computational and
experimental domains.

Examples at Level 3 include ML-selected candidates followed by higher-fidelity calcu-
lations, model-guided photovoltaic fabrication, thermoelectric processing and characteriza-
tion, multiscale TMDC process modelling, and Bayesian optimization of growth.

Real-time measurements also provide a promising route toward instrument-
connected feedback.
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However, these examples should be separated from Level 4 operation. Level 4 requires
several repeated cycles in which new experimental observations are used to update the
model or the next decision.

Generative candidate design, scientific novelty, prospective validation, and au-
tonomous operation are also different claims and should be evaluated separately.

The A-Lab Author Correction clearly illustrates this point. Repeated autonomous
laboratory operation still provides Level 4 evidence for operation in a broader inorganic
system. However, being new to a prediction platform does not automatically mean that a
material is new to science.

Structural disorder, possible alternative phase assignments, and similarity to the
training or reference data should therefore be checked separately before a generated or
autonomously synthesized material is described as a new discovery.

Among the chalcogenide-specific studies examined in this review, Level 4 closed-
loop operation has not yet been demonstrated. Although broader inorganic studies
show the potential of autonomous experimentation, its application to chalcogenide sys-
tems still requires direct validation. This gap in evidence should not be interpreted
as a limitation of autonomous approaches themselves, but rather as a need for further
experimental demonstration.

The most immediate opportunities are therefore more focused and easier to test.
These include OOD benchmarks that match the real application, calibrated uncertainty
with clear rules for stopping or requesting more information, MLIP validation based on
transformation-related properties, and models that keep information about substrates,
grain boundaries, reactors, precursors, and processing conditions.

Prospective studies should also compare model-guided decisions with clear random
or expert baselines. Transfer should be tested under matched conditions across different
chemistries, substrates, reactors, instruments, and laboratories.

Failed experiments and unsuccessful model decisions should also be kept because
they help define the real limits of what can be achieved.

With these elements in place, AI can become more reliable not only for predicting
material properties, but also for choosing which calculation, measurement, or experiment
should be performed next.

Just as importantly, it should be able to recognize when the available evidence is not
sufficient to support a reliable decision.
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