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Beyond Order: Perspectives on Leveraging Machine
Learning for Disordered Materials

Hamidreza Yazdani Sarvestani,* Surabhi Nadigotti, Erfan Fatehi, Derek Aranguren van
Egmond, and Behnam Ashrafi

1. Introduction

1.1. Overview of Disordered Materials and
Structures

Disordered materials and structures are
ubiquitous in nature, emerging as the
result of biological growth phenomena
and energy distribution. In engineering,
synthetic disordered materials have
recently become a unique subset of archi-
tected materials. Here, they are character-
ized by their nonperiodic representative
volume elements (RVEs), distinguishing
them from more conventional periodic
materials. Their lack of a clear pattern
grants them unique mechanical and physi-
cal properties, making them advantageous
in fields such as bioinspired systems and
advanced metamaterials.[1–4] For instance,
stochastic metamaterials in engineering
are defined by their nonrepeating connec-
tivity, constructed from lattices without a
defining unit cell, where no two nodes
share identical orientations or beam con-
nections.[5] This randomness results in
materials with enhanced robustness, adapt-

ability, and other tailored properties not achievable through con-
ventional designs. However, characterizing and understanding
these systems is challenging due to their complex geometry,
which arises from irregular and nonperiodic structures that lack
symmetry, requiring extensive sampling across multiple scales to
accurately define their RVEs. This challenge is akin to analyzing
the mechanical properties of ceramic systems, where the statis-
tical impact of a random flaw distribution within the material
must be accounted for, necessitating detailed analysis to capture
the variability and ensure accurate predictions[6,7] (see Figure 1).

1.2. Formation and Design of Disordered Metamaterials

Disordered metamaterials are formed by introducing random-
ness into their structural arrangements, often through advanced
techniques such as additive manufacturing (AM) or stochastic
design algorithms. These materials lack a defining unit cell,
instead featuring nonrepeating connectivity and geometric irreg-
ularities that contribute to their unique mechanical and func-
tional properties. For instance, randomizing the connectivity
between nodes and beams creates isotropic behaviors and
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Disordered structures, characterized by their lack of periodicity, present sig-
nificant challenges in fields such as materials science and biology. Conventional
methods often fall short of capturing the intricate properties and behaviors of
these complex systems. For example, the prediction of material properties in
amorphous polymers and high-entropy alloys has historically been inaccurate
due to their inherent disorder, which arises from the probabilistic nature of
structural defects and nonuniform atomic arrangements. However, the rise of
machine learning (ML) offers a revolutionary approach to understanding
and predicting the behavior of disordered materials. This perspective article
explores howML techniques, including neural networks and generative models,
provide unprecedented insights into materials with inherent disorder, driving
advances in industries such as energy storage, drug discovery, and structural
engineering. By leveraging powerful algorithms, researchers can now predict
structural properties, identify hidden patterns, and accelerate the discovery of
novel materials. Case studies illustrate the ability of ML to overcome data
scarcity, enhance model reliability, and enable real-time analysis of disordered
structures. While challenges such as data quality and computational costs
remain, the integration of ML with traditional methods marks a transformative
leap in our ability to navigate the disordered landscape, setting the stage for
ground-breaking discoveries.
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robustness under complex loading conditions, while incorporat-
ing hierarchical structures blends macrolevel randomness with
microlevel variations, enabling tunable multifunctional perfor-
mance. AM further facilitates the precise fabrication of highly
complex and irregular designs, making it a key technology for
producing disordered metamaterials. Structural design rules
for these materials typically include introducing stochastic varia-
tions in connectivity to enhance energy absorption, optimizing
porosity and randomness to control mechanical strength and
thermal conductivity, and layering hierarchical configurations
to achieve enhanced performance across scales.[8]

Machine learning (ML) plays a transformative role in this pro-
cess by exploring vast configuration spaces and predicting opti-
mal designs. Generative models and reinforcement learning
algorithms can train on datasets of existing designs to identify
configurations that maximize desired attributes, such as
strength, energy dissipation, or thermal resistance. By iteratively
refining designs through simulation or experimental feedback,
ML accelerates the discovery and optimization of disordered
metamaterials, unlocking new possibilities for advanced material
design.[9]

1.3. Importance of Disordered Structures in Various Fields

1.3.1. Biological Systems

In biology,[10,11] materials such as bone,[12,13] skin,[14] and turtle
shells[15] exemplify how natural systems leverage disorder for
enhanced mechanical performance, such as toughness and

adaptability. These biological systems often inspire the design
of disordered metamaterials that mimic their capacity to distrib-
ute stress and deformation unpredictably, which enhances dura-
bility under mechanical loads.[16–18]

1.3.2. Medicine

In medicine, intrinsically disordered proteins (IDPs) play a criti-
cal role in drug discovery.[19] Their flexibility and adaptable bind-
ing sites enable interactions with a wide range of molecular
targets, making them crucial for therapies in cancer, neurological
diseases, and beyond.[20] The ability to manipulate and model
such disordered systems offers a pathway to developing more
effective, targeted treatments, showcasing the broader implica-
tions of understanding disorder at both the structural and molec-
ular levels[21,22] (see Figure 2).

1.3.3. Engineering Materials

In engineering, disordered structures such as foams represent
an important category of materials with diverse applications.[23]

Structural foams, for instance, are lightweight materials charac-
terized by irregular cellular structures, which grant them excel-
lent mechanical properties such as high energy absorption,
thermal insulation, and low density.[24] These properties make
them invaluable in applications ranging from aerospace to con-
struction and packaging. The disorder in these materials allows
for tunable properties, where pore size distribution, connectivity,
and density can be manipulated to meet specific requirements.
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Figure 1. Categorizing mechanical metamaterials/architected materials into ordered and disordered types. Ordered metamaterials, such as cellular,
origami, chiral, and lattice structures, feature periodic unit cell tessellation. Disordered metamaterials, lacking this periodicity, often exhibit larger
RVEs and increased complexity. This classification highlights the diverse structural arrangements within the field of metamaterials.
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The stochastic nature of foam structures also poses challenges in
modeling and simulation, requiring advanced techniques such
as finite element analysis (FEA) and machine learning to accu-
rately predict their behavior under varying conditions.[25]

Expanding the understanding and control of disordered engi-
neering materials like foams has the potential to further improve
their functionality and broaden their applications.[26]

1.4. Challenges in Studying Disordered Materials & Structures

The complexity of disordered structures poses significant chal-
lenges to traditional analytical methods.[27] For example, in mate-
rials science, amorphous polymers and metallic glasses cannot
be accurately characterized using techniques like X-ray diffrac-
tion (XRD), which is better suited for periodic crystalline materi-
als. In such cases, machine learning models have demonstrated
the ability to identify key features, such as pore size distribution

and atomic arrangement, from complex datasets. It is important
to note that these features are not equivalent to data obtained
through analytical methods like XRD. Instead, they serve as
“proxy” features, offering alternative pathways to extract insights
that may complement or parallel those derived from traditional
methods. A comparison of these techniques is shown in Table 1,
which outlines the limitations of conventional methods versus
the strengths of ML approaches for studying disordered materi-
als.[28] This is particularly evident in amorphous systems, where
the differentiation between crystalline and amorphous phases
can be subjective and prone to error. Variations in measurement,
such as peak intensity distortions or sample preparation incon-
sistencies, further complicate analysis.[29] To overcome these
limitations, the application of ML techniques has emerged as
a powerful tool. ML models, especially deep learning algorithms
like convolutional neural networks (CNNs), are capable of iden-
tifying hidden patterns in large, complex datasets where

Figure 2. Diverse structural architectures found in natural materials and biological structures: a) human skin, b) coral, c) rhinoceros hornbill beak,[133]

d) human bone,[134] e) tortoise shell,[135] and f ) plant leaf[136] each demonstrate unique, intricate designs that contribute to their function. These examples
highlight the inspiration that nature can provide for the development of innovative materials and structures.

Table 1. Comparison of traditional versus ML approaches in the study of disordered structures. A summary of key attributes where traditional methods
and ML differ in effectiveness.

Attribute Traditional approach ML approach

Time efficiency Labor-intensive; slower due to manual processes High speed; time-efficient with automated processes

Data requirements High-quality, large datasets required for analysis Adaptable to varied data quality and smaller datasets

Scalability Limited scalability with large datasets Highly scalable; efficient with large and complex datasets

Accuracy Varies with methods; often lower due to data handling limits Higher accuracy due to advanced algorithms

Interpretability Direct and interpretable; simpler models Challenging to interpret; ongoing improvements in XAI
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traditional methods fall short. These algorithms excel at
uncovering the intricate correlations within disordered systems,
enabling researchers to make sense of data that previously
defied interpretation. As a result, ML offers a fresh perspective
on how we study and understand the behavior of disordered
materials.

1.5. Introduction to ML in Scientific Research

The role of ML in scientific discovery is rapidly expanding, driven
by its ability to handle complex, high-dimensional data across a
wide range of fields.[22,30,31] Supervised learning is particularly
valuable for tasks such as predicting material properties from
labeled datasets, while unsupervised learning excels at discover-
ing patterns and structures within unclassified data. Deep learn-
ing, with techniques like CNNs, is especially effective in domains
involving image data, such as X-ray and electron microscopy
used in material science. In addition, generative models, such
as variational autoencoders (VAEs) and generative adversarial
networks (GANs), have opened up new possibilities in generat-
ing candidates of both molecular-scale materials and macro-
scale porous and disordered materials. By generating
plausible structural models and simulating the behavior of com-
plex systems, these techniques enable the discovery of novel
materials with desired properties, even when real-world experi-
mental data is limited. In effect, the use of ML for these pur-
poses helps scientists and engineers to zoom in and examine
the role of “local defects” on bulk properties in either molecular
or macroscopic structural scales. Thus, allowing a new type of
“machine intuition” to augment our understanding of these
large design spaces where scientific intuition may fall short.[32]

ML is thus revolutionizing the way researchers approach the
study of disordered structures. It not only enhances our
understanding of existing materials but also accelerates
the discovery of new, optimized materials for applications in
fields as diverse as energy storage, drug design, and advanced
manufacturing.[33]

Despite the significant advancements in ML and its applica-
tions in various fields, there remains a substantial gap in under-
standing and leveraging ML for disordered structures. This
perspective article has aimed to bridge this gap by providing a
comprehensive overview of the current state of research,
highlighting the challenges and opportunities, and outlining
potential future directions. By exploring the applications of
ML techniques, discussing data handling and model develop-
ment, and addressing the limitations and challenges, this per-
spective article offers a valuable resource for researchers and
practitioners interested in advancing the field of disordered
materials.[30]

Traditional methods for analyzing disordered structures face
several limitations due to their dependency on extensive data,
manual processes, and limited scalability with complex datasets.
ML offers distinct advantages, including speed, adaptability to
diverse data qualities, and higher predictive accuracy. Table 1
summarizes key differences between traditional and ML
approaches, highlighting how ML addresses specific limitations
inherent in conventional methods.

2. Applications of ML in Disordered Structures

2.1. Functionality Advantages of Disordered Structures

Disordered structures exhibit unique functional advantages over
their ordered counterparts due to their intrinsic randomness and
irregularity. These features enable superior material properties
that are often unattainable with traditional periodic designs, mak-
ing disordered structures highly valuable across a range of
applications

2.1.1. Mechanical Strength and Robustness

The stochastic nature of disordered materials such as metallic
glasses and randomized lattices provides enhanced tolerance
to localized defects. Unlike ordered structures that propagate
stress along regular paths, the irregular configurations in disor-
dered structures diffuse stress, improving toughness and
durability.[34,35]

2.1.2. Energy Absorption and Dissipation

Cellular foams and disordered metamaterials excel in energy
absorption due to their irregular pore distribution and heteroge-
neous densities. These characteristics make them highly effec-
tive in applications such as impact protection, vibration
damping, and acoustic insulation.[23,24]

2.1.3. Thermal and Electrical Properties

Disordered materials, such as amorphous semiconductors,
exhibit unique thermal and electronic behavior due to the
absence of periodicity. For example, amorphous silicon offers
reduced thermal conductivity, making it a preferred choice for
thermal insulation applications.[36,37]

2.1.4. Environmental Adaptability

Inspired by biological systems, disordered metamaterials can
adapt to dynamic environmental conditions. Their nonuniform
configurations allow for multifunctionality, including resistance
to deformation and dynamic load redistribution.[38]

ML further enhances these functional advantages by optimiz-
ing disordered designs for specific properties. Techniques like
GANs and reinforcement learning identify configurations that
maximize mechanical, thermal, or energy dissipation properties.
These advancements are paving the way for next-generation
materials tailored to meet increasingly demanding performance
criteria.

2.2. ML Techniques Relevant to Disordered Structures

Disordered structures, with their inherent complexity, require
advanced analytical methods capable of deciphering their unpre-
dictable behaviors. Deep learning models like CNNs, generative
models, and VAEs have shown remarkable promise in under-
standing these systems. For example, in a recent study on
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amorphous metallic alloys, CNNs were able to achieve a 10%
improvement in predicting mechanical properties compared to
traditional molecular dynamics (MD) simulations. Such
improvements highlight the potential of ML in enhancing mate-
rial property predictions, significantly reducing computation
times while maintaining accuracy. These techniques provide sev-
eral advantages for studying nonperiodic structures.[39–41]

For example, CNNs excel in image recognition and pattern
detection, making them ideal for analyzing the geometries of
porous and cellular materials. When applied to disordered struc-
tures, CNNs can identify key structural features that humans
would likely miss, which influence properties such as strength,
stiffness, and durability. Generative models, like deep convolu-
tional generative adversarial networks (DCGANs), further
expand the analysis by simulating realistic 3D structures from
2D images. These models not only reduce the computational load
but also allow researchers to generate new material structures
that meet specific design criteria, optimizing their properties
for targeted applications.

In the context of porous materials, generative models com-
bined with Navier–Stokes (NS)[42] or lattice Boltzmann methods
(LBM)[43] have been successfully used to predict permeability and
porosity, crucial properties for energy storage and filtration appli-
cations. By leveraging ML to process large datasets, researchers
can gain deeper insights into the disordered microstructures of
materials, allowing for more accurate predictions and efficient
design processes.[44]

2.3. Predicting Structural Properties of Disordered Materials

One of the key contributions of ML to the study of disordered
structures is its ability to predict material properties from com-
plex, disordered data. Traditional methods often struggle to pro-
vide accurate predictions due to the lack of periodicity in
disordered materials, as this irregularity makes it difficult to
apply conventional models that rely on symmetry, repetitive pat-
terns, or defined unit cells for calculations. Disordered systems
often exhibit a high degree of variability at both atomic and mac-
roscales, leading to challenges in accurately modeling their prop-
erties using deterministic approaches. However, ML models
have demonstrated the ability to infer critical properties such
as mechanical strength, thermal stability, and glass transition
temperatures (Tg) in amorphous materials and complex alloys
by uncovering hidden patterns and correlations in large, complex
datasets.[45–51]

2.3.1. ML Model Prediction Process

The ML model prediction process for disordered materials
involves several critical steps, each contributing to the final pre-
dictive accuracy and reliability

Data Preprocessing: Raw data from experiments or simulations
often contains noise, missing values, or inconsistencies. Data
preprocessing ensures that the input data is clean and standard-
ized. For disordered materials, this includes normalizing prop-
erty values, filling gaps in experimental data, and removing
outliers that may skew predictions. In cases of limited datasets,
techniques such as data augmentation or synthetic data

generation using GANs can be employed to expand the training
dataset.[52–54]

Feature Selection and Engineering: The structural complexity of
disordered materials requires identifying the most relevant fea-
tures that correlate with the target properties. Features such as
atomic coordination, pore size distribution, and local stress fields
are extracted using advanced analytical methods or simulation
outputs. Dimensionality reduction techniques, such as principal
component analysis (PCA), are often used to retain only the most
informative features, improving both model efficiency and
interpretability.[55]

Model Training: Training ML models involves optimizing
parameters to minimize prediction errors. For disordered mate-
rials, commonly usedmodels include random forests, neural net-
works, and graph neural networks (GNNs). The training process
often includes hyperparameter tuning, such as adjusting the
learning rate or regularization coefficients, to balance model
complexity and generalization. Physics-informed constraints
are sometimes incorporated into the training phase to align pre-
dictions with established physical principles.[52,56]

Model Validation and Testing: Cross-validation techniques,
such as k-fold validation, are used to assess the generalizability
of the ML model. For disordered materials, validation often
includes comparison to independent experimental results or
hybrid simulations (e.g., combining MD with density functional
theory (DFT)). This ensures that the model accurately captures
the variability inherent in disordered systems and performs well
on unseen data.[57]

2.3.2. Applications and Impact

For instance, ML techniques have been employed to predict Tg of
amorphous molecular materials, which are commonly used in
electronic applications due to their flexibility and tunable prop-
erties. By combining MD simulations with custom force field
parameters, researchers can accurately predict Tg, helping to
determine the long-term stability and performance of these
materials.[58–60] The ML-driven prediction process involves force
field parameterization, MD simulations,[61,62] and bilinear
regression fitting to identify optimal temperature intervals for
Tg estimation. This allows for a balance between computational
efficiency and predictive accuracy. Such predictive capabilities
have also extended to the mechanical properties of amorphous
metals and high-entropy alloys (HEAs). ML models, trained
on experimental data, have successfully predicted how these dis-
ordered systems will behave under stress, allowing for the rapid
design of alloys with enhanced strength and durability, without
the need for exhaustive experimental trials.[63–67]

2.4. Generalization Ability of ML Models in Disordered
Materials

The ability of ML models to generalize across different types of
disordered structural materials is critical for their applicability in
predicting material properties under unseen conditions.
Generalization is influenced by the diversity of the training data-
set, the choice of model architecture, and the robustness of the
validation process.
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2.4.1. Diversity in Training Data

For disordered materials, ensuring a diverse and representative
training dataset is essential. Disordered systems, such as amor-
phous polymers, metallic glasses, and HEAs, exhibit significant
variability in structural configurations and properties. Training
datasets that include a broad range of these variations improve
the model’s ability to make accurate predictions for new materi-
als. For instance, including datasets from different synthesis
methods or environmental conditions enhances the model’s
adaptability to unseen scenarios.[52,68]

2.4.2. Model Architecture and Features

Advanced ML architectures, such as GNNs and ensemble meth-
ods, are particularly effective for disordered materials because
they can capture complex relationships between features like
atomic coordination, pore size distribution, or local stress
fields. Models that incorporate domain-specific features, such
as bond angles or local density, show improved performance
when generalizing across materials with different degrees of
disorder.[69]

2.4.3. Validation Techniques for Generalization

Cross-validation methods, such as leave-one-out validation or
k-fold cross-validation, are commonly used to evaluate model
performance. For disordered materials, additional techniques like
transfer learning and multifidelity modeling can assess how well a
model predicts material properties in conditions or configurations
not represented in the training set. These methods involve fine
tuning models trained on ordered systems to adapt to disordered
counterparts, or combining high-accuracy simulation data with
lower-fidelity experimental data to enhance predictions.[57,70]

2.4.4. Challenges in Generalization

The inherent randomness and lack of periodicity in disordered
materials pose unique challenges for generalization. Unlike
ordered materials, where properties are often dictated by unit
cells or periodic features, disordered systems require models
to account for stochastic and hierarchical structures. For
instance, predicting the mechanical properties of porous disor-
dered materials may fail in configurations with extreme porosity
or irregular defect distributions unless these cases are included
in the training.[36]

2.4.5. Recent Advances Enhancing Generalization

Recent advancements, such as uncertainty quantification techni-
ques (e.g., Bayesian neural networks), provide confidence inter-
vals for predictions, helping researchers assess model reliability
under unseen conditions. Additionally, active learning frame-
works, where the model iteratively queries new data points from
unexplored regions of the design space, improve its adaptability
to new materials or scenarios.[71,72]

2.5. Applications and Case Studies

2.5.1. Amorphous Polymers

MLmodels trained on polymers with varying cross-link densities
have shown excellent generalization in predicting mechanical
properties for new compositions under different temperatures
and loading conditions.[73]

2.5.2. Metallic Glasses

Transfer learning has been used to adapt models trained on crys-
talline alloys to predict phase stability and toughness in metallic
glasses, achieving accurate results despite the structural
differences.[74]

2.5.3. High-Entropy Alloys

Ensemble models have demonstrated robust performance in pre-
dicting phase diagrams and mechanical properties across diverse
HEAs, even for compositions outside the training set.[75]

By addressing the challenges of diversity, architectural choice,
and validation techniques, ML models can significantly improve
their generalization ability, enabling reliable predictions for
unseen disordered materials and conditions.

2.6. Evaluating ML Models for Revealing Hidden Patterns in
Disordered Systems

ML models are increasingly recognized for their ability to reveal
hidden patterns in disordered systems, providing insights that
enhance our understanding of these complex materials.[76]

The effectiveness of ML models in achieving this goal can be
evaluated using both practical examples and quantitative metrics,
ensuring reliability and interpretability.[77]

2.6.1. Practical Examples

Microstructural Analysis of Metallic Glasses: CNNs have been
applied to high-resolution 3D imaging data to identify micro-
structural defects in metallic glasses. These defects, which are
challenging to detect using conventional microscopy, play a criti-
cal role in determining mechanical properties such as yield
strength and fracture toughness. Insights from CNNs have
enabled the optimization of metallic glass compositions for
improved performance in biomedical implants and structural
components.[78]

Atomic Correlations in Amorphous Polymers: GNNs have been
used to analyze atomic-scale data in amorphous polymers, uncov-
ering key bonding patterns that influence thermal stability and
flexibility. By correlating local atomic arrangements with macro-
scopic properties, GNNs have guided the design of advanced poly-
mers for flexible electronics and high-temperature insulation.[73]

2.6.2. Quantitative Metrics to Assess Effectiveness

To ensure the reliability of ML-driven insights, a robust evalua-
tion framework is necessary. Commonly used metrics include

www.advancedsciencenews.com www.aem-journal.com

Adv. Eng. Mater. 2025, 2402486 2402486 (6 of 17) © 2025 The Author(s). Advanced Engineering Materials published by Wiley-VCH GmbH

 15272648, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adem

.202402486 by N
ational R

esearch C
ouncil, W

iley O
nline Library on [06/05/2025]. See the Term

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline Library for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons License

http://www.advancedsciencenews.com
http://www.aem-journal.com


the following:[79] accuracy: measures the proportion of correct
predictions out of all predictions made by the model; precision:
reflects the model’s ability to avoid false positives by measuring
the proportion of true positive predictions among all positive pre-
dictions; recall (sensitivity): indicates the model’s ability to detect
all relevant patterns, minimizing false negatives; F1 score: com-
bines precision and recall into a single metric, providing a bal-
anced evaluation of the model’s performance; and area under the
receiver operating characteristic curve: captures the trade-off
between true positive and false positive rates, offering insights
into classification accuracy across different thresholds.

2.6.3. Advancing Understanding of Disordered Materials

The combination of powerful MLmodels and rigorous evaluation
metrics not only improves predictive accuracy but also deepens
our understanding of disordered systems. By quantifying pat-
terns and correlations in datasets, ML models can inform mate-
rial design and optimization, accelerating the development of
disordered materials with tailored properties for applications
ranging from energy storage to structural engineering.[80]

2.7. Accelerating Material Discovery and Inverse Design

ML has revolutionized material discovery, particularly for disor-
dered systems where high-throughput screening is required.[80]

Traditional experimental and computational approaches are
often constrained by the vast compositional space and structural
variability in disordered materials. ML overcomes these limita-
tions by learning from existing datasets and rapidly predicting
potential candidates for new materials, significantly accelerating
the discovery process. For example, ML has been successfully
applied in the discovery of new catalysts and energy storage mate-
rials.[81] In this process, ML models first learn the relationships
between material composition and performance, then predict the
behavior of novel compositions that have yet to be tested. These
predictions are often validated using techniques like DFT[82] or
MD simulations, streamlining the screening process. By inte-
grating ML with traditional computational methods, researchers
can dramatically reduce the time and resources required to iden-
tify new high-performancematerials. The ability to rapidly screen
vast compositional spaces has made ML an invaluable tool in
designing disordered materials with specific properties, whether
for mechanical robustness, energy efficiency, or environmental
resilience.[80]

One of the key reasons for the accuracy and reliability of ML
models in disordered materials discovery is their ability to pro-
cess complex, nonlinear relationships in large datasets.
Techniques like neural networks, random forests, and graph-
based models excel at uncovering hidden patterns that are often
missed by conventional methods. Regularization techniques,
such as dropout and weight decay, further enhance the generaliz-
ability of these models, preventing overfitting and ensuring con-
sistent performance on unseen data. Additionally, integrating
domain-specific knowledge into the feature engineering process
helps reduce noise and improve prediction quality, particularly
for disordered systems where structural variability is high.

To overcome the challenge of limited datasets—a common
issue for disordered materials—ML models often leverage data
augmentation and synthetic data generation techniques. GANs
and VAEs are widely used to expand training datasets while
maintaining fidelity to real-world properties, thereby improving
model robustness. Moreover, hybrid approaches combining ML
with physics-based methods, such as MD and DFT, ensure that
ML predictions are grounded in established physical principles,
further enhancing reliability.

Beyond discovery, ML has enabled inverse design, where
models are trained to achieve specific target properties by
working backward from desired outcomes to identify the opti-
mal material compositions and structures.[83,84] Unlike tradi-
tional trial-and-error approaches, inverse design leverages
generative models, reinforcement learning, and optimization
techniques to explore the vast design space efficiently. For dis-
ordered materials, this means the ability to specify mechanical,
thermal, or electrical properties and allow ML algorithms to
propose candidate configurations that meet these criteria.
Such capabilities significantly accelerate innovation and open
new possibilities for tailoring disordered materials for special-
ized applications.[85–89]

As these techniques continue to advance, the potential for ML
to drive innovation in material science is bound to expand,
opening new frontiers in the study of disordered systems
(see Figure 3).

2.8. Differences in Applying ML to Disordered versus Ordered
Structural Design

The application of ML to disordered structural design presents
distinct challenges and opportunities compared to its use in
ordered systems. While both involve optimizing material prop-
erties and structural configurations, disordered structures
require specialized approaches due to their inherent randomness
and lack of periodicity.

2.8.1. Data Characteristics

Ordered structures often benefit from well-defined and relatively
smaller datasets due to their periodicity and symmetry. For exam-
ple, crystal structures can be described using unit cells, simpli-
fying ML input data. In contrast, disordered structures demand
larger, more diverse datasets to capture the variability and sto-
chastic nature of their configurations, such as random atomic
arrangements or heterogeneous microstructures.[27]

2.8.2. Feature Representation

ML models for ordered structures rely on features such as sym-
metry descriptors, lattice constants, or bandgaps, which are
straightforward to compute from their periodicity. For disor-
deredmaterials, the absence of symmetry requires more complex
representations, such as graph-based models (e.g., GNNS) to cap-
ture irregular atomic connectivity, or voxel-based representations
for microstructural heterogeneity.[27]
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2.8.3. Optimization Challenges

Ordered designs often involve constrained optimization in a well-
defined design space, leveraging known relationships between
structure and properties. Disordered designs, on the other hand,
require exploration of a vast and less predictable configuration
space. Generative models, such as VAEs or GANs, are particu-
larly effective for proposing viable disordered configurations,
making ML indispensable in navigating this complexity.

2.8.4. Validation and Interpretability

In ordered systems, ML predictions can often be validated using
traditional analytical methods such as XRD or computational
techniques like DFT. For disordered materials, validation is more
challenging, requiring multiscale simulations (e.g., combining
MD with continuum models) or experimental techniques like
high-resolution microscopy to ensure accuracy.

2.8.5. Performance Advantages

Disordered materials often exhibit emergent properties, such as
enhanced toughness, energy absorption, or multifunctional
adaptability, which are difficult to achieve in ordered systems.
ML enables the design of such materials by identifying nonintu-
itive relationships and leveraging the randomness inherent in
disordered configurations to maximize performance.[5]

The application of ML to disordered structures demands
tailored approaches that embrace their randomness and com-
plexity. By leveraging advanced models and diverse datasets,
ML offers unique advantages for exploring and optimizing
disordered designs, unlocking their full potential for advanced
applications.

3. Data Handling and Preprocessing

Effective data handling and preprocessing are critical for devel-
oping reliable ML models, particularly for disordered structures.
The limited availability of high-quality data for disordered mate-
rials arises from several factors. Unlike periodic materials, dis-
ordered structures lack uniformity and symmetry, which
makes them difficult to characterize consistently using tradi-
tional analytical methods. Experimental data collection often
requires advanced techniques, such as 3D imaging or high-
resolution microscopy, which are both labor intensive and expen-
sive. Additionally, the inherent variability of disordered systems
necessitates large datasets to capture the statistical distribution of
their properties, further compounding the challenge of obtaining
comprehensive and high-quality data.

To address these limitations, advanced techniques such as
GANs and transfer learning have emerged as practical solutions.
GANs generate synthetic datasets that mimic the distribution of
real data, allowing for the expansion of training datasets without
requiring costly experimental efforts. For example, GANs have
been successfully applied to reconstruct 3D microstructures of
porous materials, capturing intricate details such as pore size dis-
tributions and defect patterns. By augmenting training datasets
with these synthetic structures, ML models achieve improved gen-
eralization and predictive accuracy, even in data-scarce scenarios.

Transfer learning further mitigates data scarcity by enabling
ML models trained on well-established datasets, such as those
of crystalline systems, to adapt to disordered materials. This tech-
nique reduces the dependency on large, labeled datasets specific
to disordered systems and has been particularly effective in fields
where experimental data is difficult or costly to obtain. By leverag-
ing knowledge from pre-trained models, transfer learning accel-
erates the adaptation of ML models for amorphous or disordered
systems.[90]

Artificial Intelligence
Material Discovery

• Supervised 

• Unsupervised
• Reinforcement learning

Material Structure

Cross-validation 

External validation

Data 
Cleaning

Feature
Selection

Model
Training

Testing

Learning System

Experimental data

Historical datasets Simulation data

Prediction 
System

Trained 
Model

Validation

Prediction

Material Composition

DFT MD FEA

Experiment 

Figure 3. Outlines the workflow of ML in material discovery: Starting with data cleaning and feature selection, MLmodels are trained and tested to predict
material properties based on composition and structure. DFT provides theoretical calculations to enhance accuracy. Feedback loops allow for continuous
model improvement, ultimately accelerating the discovery of novel materials.
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Additional data augmentation methods, such as transforma-
tions (e.g., rotations, noise injection), further enhance model
robustness by introducing variability into existing datasets.
Combined with feature selection and dimensionality reduction
techniques like PCA, these preprocessing steps ensure that
ML models focus on the most significant structural characteris-
tics, eliminating noise and irrelevant data. This not only
improves the efficiency of model training but also enhances pre-
diction accuracy.[90]

Preprocessing techniques such as normalization and scaling
are equally critical to ensure that datasets are properly prepared
for training, minimizing biases and improving model perfor-
mance. Together, these data handling and preprocessing strate-
gies ensure that ML models for disordered structures are robust,
scalable, and capable of addressing the unique challenges posed
by these complex systems.

4. Model Development and Optimization

The development of ML models for disordered structures
involves selecting the right algorithms, tuning hyperparameters,
and ensuring robust performance across diverse datasets. The
choice of model depends largely on the complexity of the data
and the target properties. For instance, CNNs are often used
for image-based analyses, while support vector machines and
decision trees are useful for regression and classification
tasks.[91]

Hyperparameter tuning is crucial for optimizing model per-
formance. Techniques like grid search and random search allow
researchers to identify the most effective model configurations.
Regularization methods such as L1 and L2 are employed to pre-
vent overfitting, ensuring that the model generalizes well beyond
the training data.[92,93]

Cross validation is a commonly used technique to assess
model performance, particularly in data-limited scenarios. By
splitting the data into multiple subsets, researchers can evaluate
the model’s robustness and minimize the risk of overfitting. This
method ensures that the final model performs consistently
across a variety of conditions.[94]

Ensemble Learning methods, such as random forests and gra-
dient boosting, combine multiple models to improve predictive
accuracy.[95] These approaches help balance model complexity
and performance, making them ideal for complex disordered sys-
tems where capturing diverse structural features is essential.

Overall, careful model selection, tuning, and validation are
critical to developing ML models that are both accurate and com-
putationally efficient, enabling faster discovery of novel disor-
dered materials with desired properties.[5,96,97]

5. Challenges and Limitations

5.1. Data Scarcity and Model Generalization

Data scarcity and inconsistent quality remain major limitations
in applying ML to disordered structures. Unlike crystalline mate-
rials, which exhibit periodicity and uniformity, disordered sys-
tems are inherently complex and variable, posing significant
challenges for both data collection and characterization.

Traditional analytical methods, such as XRD and electron
microscopy, are often ill suited to disordered structures due to
their reliance on regular patterns and symmetry. Furthermore,
advanced experimental setups—such as high-resolution imaging
or multiscale testing—are required to capture the unique fea-
tures of disordered materials. These methods are not only time
intensive and expensive but also prone to variability, further com-
plicating the generation of reliable datasets.

The application-specific nature of disordered systems further
compounds the issue. For example, material properties such as
mechanical strength or thermal conductivity can vary widely
depending on environmental conditions like temperature, pres-
sure, or humidity. As a result, data collection often requires large-
scale experiments under diverse scenarios, which are not always
feasible. Together, these factors contribute to the limited avail-
ability of high-quality data, hindering the development of robust
ML models for disordered materials.[98]

To address these challenges, advanced ML techniques such as
transfer learning and synthetic data augmentation have emerged
as practical solutions. Transfer learning allows models trained on
large datasets from related domains—such as ordered crystalline
systems—to be fine tuned for disordered materials, reducing the
reliance on extensive labeled datasets. Synthetic data generation
methods, particularly GANs, have proven especially effective in
expanding the training pool for ML models. By training a gener-
ator to create realistic data samples and a discriminator to evalu-
ate their authenticity, GANs produce synthetic datasets that
closely resemble real-world examples.

For disordered structures, GANs can replicate intricate fea-
tures such as pore size distributions, atomic arrangements,
and random defect patterns. A notable case study involved using
GANs to generate synthetic 3D microstructures of porous mate-
rials. By augmenting the training dataset with these synthetic
structures, researchers achieved significant improvements in
predicting mechanical properties such as permeability and elas-
tic modulus. This approach reduced the dependency on extensive
experimental data and enabled the exploration of material con-
figurations that had not yet been physically fabricated.

Despite their potential, challenges remain in ensuring that
synthetic data generalizes well to real-world systems. Validating
the representativeness of synthetic data and incorporating
domain-specific knowledge into the generation process are
essential steps toward improving the reliability of augmented
datasets. Additionally, integrating synthetic data with traditional
computational methods, such as molecular dynamics or FEA,
can provide physics-based validation and further enhance model
performance.[99]

The use of GANs and other synthetic data augmentation tech-
niques represents a transformative step in overcoming data scar-
city for disordered materials. By enabling researchers to explore
uncharted material spaces and expand the capabilities of ML
models, these methods are paving the way for new discoveries
and innovations in the study of disordered structures.[100]

5.2. Limitations of ML Models in Disordered Structures

While ML has shown remarkable promise in analyzing and
designing disordered structures, several limitations remain,
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particularly due to the inherent complexity and variability of
these systems.

5.2.1. Data Scarcity and Quality

Disordered structures often lack extensive, high-quality datasets.
Experimental characterization of such materials is expensive,
time consuming, and frequently limited to specific configura-
tions, making it difficult to create comprehensive training data-
sets. The variability in disordered structures further exacerbates
this issue, as capturing the full range of possible configurations
requires extensive sampling across multiple scales.[101]

5.2.2. Feature Representation Challenges

The irregularity of disordered structures makes feature extrac-
tion and representation nontrivial. Unlike ordered systems,
where periodicity and symmetry can simplify descriptors, disor-
dered systems require complex representations, such as graphs,
voxels, or high-dimensional embeddings. These representations
are computationally intensive and may not always capture the
critical properties governing material behavior.[102]

5.2.3. Overfitting in Complex Models

ML models trained on small or biased datasets risk overfitting,
leading to poor generalization when applied to unseen configu-
rations. This limitation is particularly critical for disordered
structures, where the high-dimensional parameter space and
randomness make it difficult for models to generalize effectively
across all configurations.[103]

5.2.4. Lack of Interpretability

Many ML models, particularly deep learning approaches, act as
“black boxes,” providing predictions without clear insights into
the underlying decision-making process. This lack of interpret-
ability hinders the ability to validate results and understand the
key factors influencing disordered structure behavior, limiting
their applicability in scientific discovery.

5.2.5. Integration with Physics-Based Models

While hybrid ML-physics models are effective, integrating ML
predictions with physics-based simulations (e.g., MD or FEA)
can be computationally expensive and challenging to implement.
Inaccuracies in either component may propagate, reducing the
reliability of the combined approach.[104]

5.2.6. Uncertainty Quantification

Disordered structures often exhibit a wide range of possible
behaviors due to their stochastic nature. ML models typically
struggle to quantify prediction uncertainty, making it difficult
to evaluate the reliability of results. Recent advancements in
Bayesian neural networks and Monte Carlo dropout partially

address this issue, but these methods add computational over-
head and require careful implementation.[105]

5.2.7. Scalability Across Length Scales

While ML excels at specific length scales (e.g., atomic or macro-
scopic), bridging these scales remains a challenge. Disordered
structures often exhibit hierarchical properties that spanmultiple
scales, requiring seamless integration of ML models tailored to
different levels of analysis.[106]

5.3. Enhancing Interpretability of Key Structural Features

One of the challenges in applying ML to disordered structures is
the limited interpretability of the key structural features that gov-
ern material properties. Unlike ordered systems, where period-
icity simplifies feature identification, disordered systems require
advanced approaches to understand the complex relationships
between structure and functionality.

5.3.1. Techniques for Enhancing Interpretability

Feature Importance Analysis: Techniques such as SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable Model-
agnostic Explanations) provide insights into the contributions
of individual features to ML predictions. For disordered materi-
als, these methods can identify critical parameters, such as pore
size distribution, atomic coordination numbers, or local strain
fields, that influence mechanical or thermal properties.[107]

Graph-Based Representations: For atomic or microstructural
data, GNNs provide interpretable outputs by associating predic-
tions with specific nodes or edges. For example, GNNs can high-
light atomic clusters or bonding patterns that contribute to
enhanced strength or stability in metallic glasses.[108]

Visualization Techniques: Visualizing the learned features from
CNNs or autoencoders helps uncover patterns in microstructural
or morphological data. For disordered systems, these visualiza-
tions can reveal how randomness in geometry or connectivity
affects material performance.[109]

Domain Knowledge Integration: Embedding domain-specific
knowledge into ML models increases interpretability by aligning
the learning process with established physical principles. For
example, using physics-informed neural networks (PINNs)
ensures that predictions adhere to fundamental conservation
laws, making the results more reliable and interpretable.[109]

Sensitivity Analysis: Conducting sensitivity analysis on input
features quantifies the impact of structural variations on material
properties. This technique is particularly useful for hierarchical
disordered systems, where multiple scales interact in complex
ways.[109]

5.3.2. Case Studies and Applications

Recent studies have demonstrated the utility of these techniques
in improving interpretability for disordered materials. For exam-
ple, SHAP analysis applied to ML models predicting thermal
conductivity in amorphous silicon identified local structural
motifs that impede phonon transport. Similarly, GNNs have
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been used to interpret the effects of atomic coordination variabil-
ity on phase stability in high-entropy alloys. By employing these
strategies, researchers can enhance the interpretability of ML
models, providing not only accurate predictions but also mean-
ingful insights into the structural features driving material
behavior. This increased understanding bridges the gap between
data-driven approaches and traditional scientific inquiry, foster-
ing innovation in the study of disordered systems.

5.4. Overfitting and Model Generalization

Overfitting is another challenge, particularly in cases where ML
models are trained on small, highly specific datasets. Overfitting
occurs when the model becomes too closely aligned with the
training data, losing its ability to generalize to new, unseen data.
Regularization techniques, such as cross validation, dropout, and
early stopping, help mitigate this by ensuring the model remains
robust across a wider range of input conditions.[110]

5.5. Computational Costs and Efficiency

As ML models become more complex, the computational costs
associated with training and deploying them increase signifi-
cantly. Techniques like ensemble learning and hyperparameter
tuning, while improving model performance, often require
extensive computational resources. This is particularly challeng-
ing when working with high-dimensional data from disordered
systems. Balancing the need for model accuracy with computa-
tional efficiency is crucial, especially for real-time applications
like material design and drug discovery.[111]

5.6. Interpretability and Transparency

ML models, particularly deep learning models, are often seen as
black boxes, making it difficult to interpret how they arrive at
specific predictions. In fields where model outcomes directly
influence material design or critical applications, transparency
is essential. Explainable AI (XAI) methods like SHAP and
LIME are increasingly being adopted to improve interpretability,
allowing researchers to trace predictions back to specific features.
However, striking a balance between model complexity and
interpretability remains a key challenge for broader ML adoption
in material science.

6. Manufacturing of ML-Optimized Disordered
Structures

The successful implementation of ML-optimized disordered
structures relies on efficient and scalable manufacturing techni-
ques, with AM, or 3D printing, emerging as a highly promising
approach.[112,113] AM offers several key advantages, including
customization through precise control of geometric features
andmaterial composition, flexibility in producing a diverse range
of disordered structures with intricate geometries and heteroge-
neous properties, and efficiency in reducing lead times andmate-
rial waste compared to traditional methods. Additionally, AM
enables very quick iteration between dissimilar candidate

designs and allows for the simultaneous fabrication of many can-
didate designs, greatly accelerating the testing and validation
process.

Materials selection is a critical first step in this process, as the
choice of materials directly impacts the performance and manu-
facturability of disordered structures. Identifying materials with
the desired properties and compatibility with AM processes is
essential but can be challenging due to the unique requirements
of disordered systems, such as their mechanical robustness and
thermal stability.[114]

However, manufacturing these complex materials presents
significant challenges. Ensuring repeatability of material proper-
ties between identical designs is a major hurdle, as the random
nature of disordered structures can amplify the influence of
internal manufacturing defects. These defects, such as voids
or incomplete fusions, can significantly affect the mechanical
and functional properties of the fabricated structures, complicat-
ing the comparison of theoretical (simulated) material properties
to their real-world counterparts. Consistent quality and reproduc-
ibility remain difficult to achieve, especially for large-scale pro-
duction, and additional postprocessing steps, such as heat
treatment or surface finishing, are often required to meet prop-
erty specifications.

Addressing these challenges involves several strategies.
Developing tailored materials specifically for AM can improve
compatibility and performance. Process optimization techni-
ques, including advanced monitoring and control systems, can
enhance accuracy and repeatability during fabrication.
Simulation tools play a critical role in predicting manufacturing
outcomes, optimizing design parameters, and reducing trial-and-
error efforts. Implementing robust quality control measures,
such as in situ monitoring and nondestructive evaluation meth-
ods, ensures that fabricated disordered structures meet the
required specifications.

By overcoming these obstacles and harnessing advancements
in AM technology, the full potential of ML-optimized disordered
structures can be realized across various applications, unlocking
new opportunities in material science and engineering (see
Figure 4a).

7. Future Directions and Opportunities

7.1. Integration of ML with Traditional Computational Methods

The integration of ML with traditional computational methods,
such as MD and DFT, has transformed the study of disordered
materials at the atomic and microstructural scales. These meth-
ods provide detailed insights into atomic interactions, bonding,
and electronic structures, which are critical for understanding
the behavior of disordered systems at the molecular level.[115]

For instance, combining ML with DFT has significantly reduced
the computational cost and time required for discovering new
high-performance alloys, cutting discovery time by up to 40%.
This integration enables researchers to validate ML-predicted
candidates by evaluating their thermodynamic stability and elec-
tronic properties.[60]

At the atomic scale, ML models such as GNNs enhance MD
and DFT simulations by predicting phase stability, bond
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strengths, and defect distributions. For example, ML models
trained onMD-generated datasets have been used to predict glass
transition temperatures in amorphous polymers, providing rapid
evaluations of thermal stability without exhaustive simula-
tions.[44] In catalysis, ML combined with DFT descriptors has
facilitated the discovery of ternary platinum alloys for catalytic
applications, optimizing activity and stability for oxygen reduc-
tion reactions in fuel cells.[116]

At the microstructural scale, MLmodels enhance the analysis
of grain boundaries, pore distributions, and void configura-
tions. ML-MD coupling has been applied to predict the
permeability and porosity of porous media, accurately replicat-
ing fluid flow and diffusion properties in disordered structures.
These advancements allow researchers to explore and optimize
microstructures for improved mechanical and thermal
performance.[117,118]

The primary strength of this integration lies in its ability to
provide atomic-level precision while leveraging ML to accelerate
traditionally computationally intensive simulations. By combin-
ing ML’s data-driven predictions with physics-based insights
from MD and DFT, researchers can gain a more comprehensive
understanding of disordered systems at the molecular and
microstructural levels.

Moving forward, the integration of ML with atomistic simu-
lations will likely unlock further advancements, such as real-time

monitoring of solvent interactions with disordered surfaces,
essential for energy storage and catalytic processes.

7.2. ML-Driven Multiscale Design of Disordered Structures

The design of disordered structures spans multiple length scales,
from atomic to macroscopic, each presenting unique technical
requirements and challenges. ML facilitates this multiscale
design by tailoring disorder to optimize material performance
for specific applications across atomic, microstructural, and mac-
roscopic scales.

At the atomic scale, disorder arises from the randomization of
atomic arrangements, as seen in high-entropy alloys and amor-
phous solids. ML models, such as GNNs, are particularly effec-
tive at this scale due to their ability to model non-Euclidean
relationships between atoms. These models enable predictions
of phase stability, electronic properties, and mechanical perfor-
mance by analyzing atomic configurations, accelerating the dis-
covery of materials with enhanced strength and thermal
stability.[119]

At the microstructural scale, disorder is introduced through
variations in grain sizes, orientations, and void distributions,
as observed in porous media and composite materials. GANs
and CNNs play a significant role at this scale, simulating and

Customization Flexibility Efficiency Optimization

Additive Manufacturing Workflow for ML-optimized Disordered Structures

(a)

(c)

(b)

Figure 4. a) The intersection of technology and materials science: a ML-optimized disordered structure, fabricated using AM for enhanced performance
and functionality. b) The future of materials: A complex lattice, born from advancedmanufacturing andML. c) This flowchart shows the main stages of the
AM process enhanced by ML: Customization: precise control over structure and material properties. Flexibility: enables complex geometries and het-
erogeneous properties. Efficiency: reduces lead times and material waste. Optimization: ML refines parameters, improving performance and meeting
targeted specifications. This ML-driven AM approach enables advanced, tailored disordered structures for applications in energy storage, aerospace, and
biomedical fields.
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optimizing microstructures for properties such as fracture resis-
tance, energy absorption, and manufacturability. For example,
GANs have been used to generate synthetic microstructures that
replicate experimental observations, enabling the exploration of
novel configurations without extensive physical testing.[120]

At the macroscopic scale, disorder is incorporated into archi-
tected structures, such as foams, lattices, and stochastic metama-
terials. Here, ML aids in optimizing geometries to achieve
specific performance metrics, such as load-bearing capacity,
acoustic damping, or thermal conductivity. Techniques like rein-
forcement learning are particularly effective for navigating the
vast design space, while FEA is often integrated with ML to vali-
date and refine macroscale designs. For instance, ML models
combined with FEA have been used to design hierarchical lattice
structures that maximize load capacity while minimizing
weight.[121]

The multiscale design framework leverages the synergy
between ML and traditional computational methods, addressing
the distinct challenges at each scale. Atomic-scale design focuses
on precision and physics-based simulations, while macroscale
design emphasizes structural optimization and manufacturabil-
ity. By seamlessly integrating ML across these scales, researchers
can develop hierarchical disordered materials with tailored prop-
erties for diverse applications, including energy storage, aero-
space, and biomedical devices.

7.3. Advancements in ML Algorithms and Their Potential
Impact

As ML algorithms evolve, their applications in material science,
particularly for disordered structures, will grow exponentially.
The development of more efficient deep learning architectures,
such as GNNs and PINNs, offers new ways to model disordered
materials with unprecedented accuracy. These networks can
incorporate physical constraints and symmetries directly into
their learning processes, making them ideal for modeling mate-
rials where traditional assumptions break down.[122]

For disordered systems, GNNs are particularly promising
because they can capture relationships in non-Euclidean spaces,
such as the irregular atomic arrangements found in metallic
glasses and high-entropy alloys. By representing these materials
as graphs, where nodes represent atoms and edges represent
interatomic bonds or forces, GNNs can effectively model the
complex interactions between atoms in disordered systems.
This approach allows for the identification of local structural
motifs, such as clusters or defects, that significantly influence
material properties.

Recent studies have demonstrated the power of GNNs in pre-
dicting the mechanical and thermal properties of disordered sys-
tems. For instance, GNNs have been applied to metallic glasses
to predict yield strength and elastic moduli based on atomic con-
figurations, outperforming traditional empirical models that rely
on simplified structural descriptors.[123] Similarly, in high-
entropy alloys, GNNs have been used to predict phase stability
and deformation mechanisms, enabling the design of alloys with
enhanced toughness and thermal stability.[87]

Beyond predicting material properties, GNNs also excel in
uncovering the underlying principles governing the behavior

of disordered materials. For example, researchers have used
GNNs to identify key atomic arrangements that contribute to
the unique thermal conductivity of amorphous silicon, providing
insights into heat transport mechanisms in noncrystalline mate-
rials.[124,125] Moreover, GNNs can be integrated with generative
models to propose novel atomic configurations for disordered
materials with targeted properties, such as lightweight, high-
strength alloys or thermally conductive glasses.

The adaptability of GNNs also extends to multiscale modeling,
where they can bridge atomistic and mesoscopic scales. By com-
bining GNNs with MD simulations, researchers can develop
hybrid models capable of predicting the behavior of disordered
systems under real-world conditions, such as high temperatures
or mechanical loads. As GNN architectures continue to evolve,
their ability to handle increasingly complex datasets and provide
interpretable predictions will further enhance their role in the
study and design of disordered materials.

PINNs offer another avenue of innovation by embedding
physical laws (e.g., conservation of mass, energy, and momen-
tum) directly into the learning process. This allows for the crea-
tion of models that are not only data-driven but also physically
consistent, enabling more reliable predictions for systems where
data is sparse or noisy—an issue that is common in the study of
disordered structures.

7.4. Machine Learning-Driven Multiscale Modeling of
Disordered Metamaterials

To address the connection between ML, metamaterials, and
multiscale modeling, we recognize that disordered metamate-
rials often exhibit structural complexity that spans multiple
scales. These systems demand hybrid approaches combining
finite element methods (FEM) and MD simulations to effec-
tively model their continuum and atomic-level behaviors.
Metamaterials, particularly those characterized by stochastic
or hierarchical configurations, serve as a prime example of
how ML can bridge these scales by enhancing the predictive
accuracy of multiscale frameworks.

ML algorithms, such as neural networks and generative mod-
els, can significantly improve the integration of FEM and MD. By
predicting key material behaviors at different scales, ML can
reduce the computational costs associated with multiscale sim-
ulations. For instance, it can interpolate results betweenMD sim-
ulations and FEM, enabling real-time insights into the behavior
of disordered metamaterials under varying conditions.
Additionally, hierarchical metamaterials can benefit from ML’s
ability to identify hidden patterns, optimize structural configura-
tions, and simulate emergent behaviors, which are often chal-
lenging to capture with conventional methods alone.

The inclusion of ML in multiscale frameworks not only
improves efficiency but also facilitates the design of metamate-
rials with tailored properties for applications ranging from
energy absorption to biomedical devices. Future work should
emphasize the development of data-driven multiscale models
where ML augments traditional computational techniques,
enabling a deeper understanding of disordered structures and
their hierarchical properties.
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7.5. Enhancing Interpretability and Transparency in ML Models

As ML models become increasingly complex, ensuring their
interpretability and transparency remains a critical challenge.
In the context of disordered materials, understanding how an
ML model arrives at a particular prediction is crucial for gaining
trust in its outcomes, especially when the results influence the
design of materials for critical applications like energy storage,
aerospace, and biomedical devices.

XAI techniques are becoming a focus of research to address
this challenge. Methods such as SHAP and LIME are already
being applied to interpret ML models in material science, provid-
ing insight into which features are most influential in predicting
material properties. As these techniques improve, they will
enable researchers to better understand the relationships
between structural disorder and material performance, fostering
more confident and reliable design processes.

Moreover, as transparency becomes a requirement in high-
stakes industries, ML models for material science must be
designed with auditability in mind. This involves creating robust
pipelines for tracking model decisions, ensuring the reproduc-
ibility of results, and addressing potential biases in training data-
sets. Future research must focus on developing ML frameworks
that balance accuracy with transparency, particularly when
designing disordered materials where experimental validation
is challenging.

7.6. Overcoming Data Scarcity and Quality Challenges

Data scarcity and quality issues remain significant obstacles in
applying ML to disordered structures. While ML models excel
when provided with large datasets, gathering comprehensive
and high-quality data for disordered systems is often challenging
and expensive. This difficulty is exacerbated in extreme environ-
ments, such as high-temperature or high-pressure conditions,
where experimental data is inherently limited. Additionally,
the unique and nonrepetitive designs of disordered materials
require that they be evaluated on a case-by-case basis, complicat-
ing efforts to generalize across families of geometries and
applications.

To address these challenges, advanced techniques such as
transfer learning, synthetic data generation, and collaborative
data-sharing platforms are emerging as promising solutions.
Transfer learning enables ML models trained on large, related
datasets—such as those of ordered crystalline systems—to be
fine-tuned for disordered materials, reducing the reliance on
extensive labeled datasets. This approach has already shown suc-
cess in fields like medical imaging and is beginning to demon-
strate potential in material science for adapting models to
amorphous or disordered systems.

GANs and other synthetic data augmentation methods have
also emerged as effective tools for tackling data scarcity. These
techniques generate realistic datasets by mimicking the distribu-
tion of real data, thereby expanding the training pool and improv-
ing ML model generalization. For example, GANs have been
applied to create synthetic microstructures for porous materials,
enabling the exploration of material spaces that are otherwise
inaccessible due to data limitations. As these synthetic data

generation methods continue to evolve, they promise to facilitate
robust ML training and open up new possibilities in material
discovery.

Looking ahead, interdisciplinary collaboration and the devel-
opment of robust data-sharing platforms will be critical for over-
coming these challenges. Such platforms can aggregate
experimental and simulated datasets from multiple research
groups, fostering broader accessibility to high-quality data and
accelerating innovation in disordered materials research. By
addressing data scarcity through these advanced techniques
and collaborative efforts, the field can unlock the full potential
of ML for the design and optimization of disordered structures.

7.7. Automation and Data Generation

Data scarcity poses a significant challenge in studies requiring
iterative, costly experiments, especially when extensive data
generation is needed for comprehensive analysis. Although
advancements in 3D printing have enhanced the fabrication of
macrodisordered structures, the process remains resource inten-
sive, demanding considerable time and human involvement.
Furthermore, selecting an appropriate starting design or disor-
dered structure for analysis is often unclear. Automated, robotic
data-driven campaigns present a viable solution by enabling
faster, more efficient data generation. Such approaches have
shown considerable success in fields like chemistry and materi-
als science.[126–128]

Integrating optimization algorithms, especially those powered
by artificial intelligence, can greatly enhance iterative material
production processes. Through robotic systems, samples can
be physically fabricated and assessed, guiding decisions on
the optimal next material and design for testing. In this context,
active learning and Bayesian optimization are especially promis-
ing. Active learning selectively queries data points expected to
maximize learning efficiency, while Bayesian optimization iden-
tifies the best candidates for experimentation, iterating toward a
target design with minimal trials. Bayesian optimization, in par-
ticular, utilizes probabilistic models to predict outcomes, balanc-
ing exploration (testing new designs) with exploitation (refining
known promising designs). This capability makes it a valuable
tool for efficiently navigating the experimental space and
approaching the global minimum with fewer resources.[129–131]

By enabling automated, data-driven decision-making, these
methods significantly enhance the speed and precision of itera-
tive experimental loops, accelerating advancements of discovery
new materials and designs.

7.8. Collaboration Across Disciplines

The future of ML in disordered materials research will require
increased interdisciplinary collaboration. The complexity of dis-
ordered systems means that expertise in ML, material science,
computational physics, and even biology must converge to
develop effective solutions. Collaborative efforts between compu-
tational researchers and experimentalists are already yielding
new insights, particularly in fields like protein folding, drug
design, and multifunctional material discovery.
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Increased collaboration will also foster the development of
shared data platforms, where experimental and computational
results can be systematically archived and made accessible to
the broader scientific community. These platforms will accelerate
the pace of discovery by providing a wealth of data for training
and validating ML models, facilitating cross-disciplinary innova-
tions, and ensuring that discoveries in one field are rapidly trans-
lated into others.

7.9. Exploring New Domains of Application

Finally, the application of ML to disordered structures is just
beginning to unlock its full potential. New frontiers include
the study of disordered quantum systems, magnetism, and
superconductivity—areas where the behavior ofmaterials is highly
sensitive to structural disorder. ML, with its capacity to model
complex, high-dimensional relationships, is uniquely positioned
to drive breakthroughs in these fields[122,132] (see Figure 4b).

In biological systems, ML could advance our understanding of
IDPs, shedding light on their role in disease mechanisms and
offering new avenues for therapeutic interventions. Similarly,
ML applications in energy materials, particularly for battery tech-
nologies and fuel cells, could lead to the discovery of new disor-
dered materials with improved performance, durability, and
environmental resilience. Such disordered energy materials
would benefit from optimizing for high surface and active chem-
ical reaction sites.

As ML continues to evolve, its ability to tackle the complexity
of disordered structures will undoubtedly expand, pushing the
boundaries of what is possible in material design and discovery.

8. Conclusion

ML is revolutionizing the study and optimization of disordered
structures, offering ground-breaking opportunities across disci-
plines such as materials science, biology, and engineering. By
employing advanced techniques like deep learning, generative
models, and graph neural networks, researchers can now tackle
the inherent complexity of disordered systems with unprece-
dented accuracy. These advancements are driving innovations
in energy storage, drug design, and advanced manufacturing,
unlocking new possibilities that were previously unattainable.

A key strength of ML lies in its ability to process complex, non-
periodic data and uncover hidden patterns and correlations. This
capability has led to significant breakthroughs in identifying
material properties, accelerating material discovery, and enabling
the design of novel structures. Examples include using GANs to
generate synthetic datasets for porous materials and leveraging
reinforcement learning for inverse design. Such advances high-
light ML’s unique capacity to address the variability and irregu-
larity inherent in disordered systems.

However, the application of ML to disordered materials is not
without its challenges. Data scarcity remains a critical barrier, as
the generation of high-quality experimental datasets is often
costly and time intensive. Additionally, ensuring the interpret-
ability of complex ML models and overcoming computational
demands are essential for broader adoption. Advances in gener-
ative models, explainable AI, and hybrid methods that integrate

ML with traditional computational approaches—such as molec-
ular dynamics and DFT—are helping address these issues. These
integrations not only enhance predictive accuracy but also pro-
vide physics-based insights into the behavior of disordered
systems.

Looking to the future, ML’s role in disordered systems
research will depend on fostering interdisciplinary collaboration
and building robust data-sharing infrastructures. Collaborative
platforms and open-source initiatives can help bridge gaps in
data availability while ensuring equitable access to high-quality
datasets. Advances in computational power and algorithmic effi-
ciency will further expand ML’s applicability, enabling real-time
analysis and multiscale modeling of disordered materials.

The potential for ML to transform areas such as energy tech-
nologies, catalysis, and biomedical engineering is immense. By
addressing current limitations and embracing interdisciplinary
approaches, the field can unlock a new era of innovation. ML
is poised to drive faster, more accurate discoveries, enabling
transformative applications that impact both fundamental
research and real-world industries. As this technology evolves,
its contributions will undoubtedly reshape the study and design
of disordered materials, paving the way for a future where the
challenges of complexity are met with precision and innovation.
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