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ARTICLE INFO ABSTRACT
Keywords: Fracture and damage mechanics have evolved remarkably from simple, yet useful Linear Elastic
Computational fracture mechanics Fracture Mechanics (LEFM) to relatively modern techniques such as Cohesive Zone Model

Machine learning
Damage modelling
Finite element simulation

(CZM) and phase-field approaches. The advent of computational power allowed researchers and
engineers to conduct high-fidelity numerical simulations to model complex fracture mechanisms
in advanced materials and structures. Nonetheless, large-scale fracture simulations remain
computationally intensive, particularly under loading conditions such as impact and extreme
environments. In this context, Machine Learning (ML) techniques have seen a surge in their
use for mechanics and computational simulations. In this perspective article, we review the
existing research landscape in the recent literature on the application of ML to fracture and
damage modelling across different material and structural classes. Specific focus is placed on
classifying the ML approaches adopted to model or predict fracture behaviour, followed by an
extensive discussion on the challenges and limitations of such approaches. Future directions are
proposed with an emphasis on the generality, interpretability and reliability of the ML models.
We believe the article serves as a guidance document for engineers and scientists involved in
the developmental process of Artificial Intelligence (AI)-driven fracture modelling tools.
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1. Introduction

Understanding fracture and damage behaviour is an integral requirement of the design of advanced materials and structures.
Experimental and computational methods have been extensively used over the past decades to establish the underlying mechanics
of fracture, in turn aiding the design process. While experimental methods have widely been used for characterising fracture
properties and mechanisms in materials, computational techniques primarily based on the finite element method are used for
predicting fracture behaviour to inform structural design. Despite the success of computational modelling in simulating fracture in
advanced materials and intricate structural configurations, the associated computational cost and modelling challenges, especially
for large-scale problems, remain high and often inhibit practical implementation in industrial scenarios.

Further, loading conditions such as impact and other extreme environments make the design process non-trivial as it involves
complex time and rate-dependent damage evolution mechanisms. These mechanisms demand a thorough understanding of material
behaviour under diverse experimental setups and high-fidelity, large-scale impact simulations. Real-life design against fracture is
still a challenge, primarily due to the coupled influence of multi-physics and multi-scale (both spatially and temporally) processes
and insufficient understanding of the failure evolution in extreme environments. Again, high-fidelity deterministic computational
techniques such as the Finite Element Analysis (FEA) serve as excellent design tools; however, their computational costs and time
in predicting the failure prohibit their full-scale deployment.

From the above perspective, the use of ML architectures for computational mechanics has been exponentially increasing in the
last decade. The key enablers have been primarily the advent of computational power and a whole range of capabilities offered by
such intelligent data-driven approaches.

Several efforts have been taken, as seen in the recent literature, to develop ML-enabled techniques to achieve faster simulations
or physical predictions. The recent detailed review article of FEA summarises the 80 years of developments with a special section on
mechanistic data science (MDS)-based and ML-driven FEA approaches [1]. Researchers have applied data-driven machine-learning
techniques for accelerated multi-scale modelling [2], micromechanical homogenisation [3], constitutive modelling of composite
materials [4] and damage detection. Numerical solutions of high-dimensional partial differential equations (PDEs) using physics-
informed or enhanced neural networks [5-7] have also gained traction due to their suitability in cases where there is minimal or
even no prior training data. Multiple works have focused on ML-driven fracture mechanics, but are heavily focused on either damage
monitoring [8] or property characterisation [9]. A recent review by Jin, Zhang and Espinosa [10] provides an overview of machine
learning algorithms and terminologies used in experimental solid mechanics. Their review highlights the increasing application
of ML techniques in fracture mechanics, particularly for predicting fracture toughness and analysing complex crack propagation
paths across various materials. There is a growing body of research focused on applying ML approaches to fracture simulations and
predictive modelling across various material systems and structural configurations. This article aims to examine the range of ML
architectures explored in the literature for modelling and simulating fracture evolution.

The article is organised as follows: In Section 2, we present a short overview of the computational fracture mechanics techniques
and general ML landscape covering the various ML architectures including classical regression algorithms to the latest generative
ML architectures in Section 3. These two short introductory sections set the stage for Section 4 dealing with a detailed status review
of fracture mechanics problems addressed so far in the literature using ML methods. Challenges and limitations of the proposed
models are extensively discussed in Section 5, followed by the authors’ perspective on the way forward for research in this domain
of ML-driven computational fracture and damage mechanics in Section 6.
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Nomenclature

Symbol

Description

Fracture Mechanics

c Cauchy Stress tensor

3 Strain tensor

C Elastic stiffness tensor

D,d(x) Scalar damage/phase-field variables, D,d € [0, 1]
¢ Length-scale parameter for crack regularisation

K., Ky Mode I and Mode II Stress Intensity Factors (SIFs)
up, U, Enriched displacement components

fir-firn Crack tip enrichment functions

Machine Learning & Neural Networks

M(6), N'(0) ML model/neural network with parameters 6

0= (W'b) Trainable weights and biases for all layers

z/,al Pre- and post-activation vectors at layer /

o(-) Element-wise nonlinear activation function

h(x,1) Hidden feature representation evolving in pseudo-time

L Total composite loss function

L gaas Lregs Lpnys Data, regularisation, and physics-informed loss components

AY, A Ay Hyperparameters or weights for loss terms

F,Fl Fourier and inverse Fourier transforms

R, Learnable frequency-domain representation of a convolution kernel
K Learnable convolutional kernel in the frequency domain

A Nonlocal convolution operator

F(x), y(x,1) Mask/characteristic functions for non-physical regions or time-evolving domains
W,c Learnable linear operator and bias

At time step size

2. Overview of fracture modelling techniques

Design of materials and structures against failure is historically conducted using strength or energy-based techniques. Using
simple effective stress-based measures like the maximum principal stress against the material strength, engineers have designed
components that are supposed to lie within the linear elastic range. However, the presence of flaws in structures led to the
advent of the fracture mechanics principles whereby the critical load required for the crack extension or the critical flaw size
under a given load is estimated using LEFM approaches invoking Stress Intensity Factor (SIF) or energy release rate as the crack
driving force parameters. While LEFM approaches have proven to be highly successful and practically useful, complex fracture
mechanisms are often difficult to treat within the framework of LEFM. LEFM struggles with crack branching, coalescence and fracture
in heterogeneous media. To address such limitations, a variety of advanced computational fracture modelling approaches have
been developed, including Continuum Damage Mechanics (CDM), CZM, Phase-Field Method (PFM) and Discrete Element Method
(DEM). These methods can be broadly classified as either continuum or discrete approaches: in CDM, damage evolves smoothly as
a degradation in material stiffness, while discrete models explicitly represent sharp crack surfaces.

This review examines these four modelling approaches crucial for applying ML to fracture mechanics, which primarily serve to
generate data sources or provide foundational physics priors for hybrid ML models. This review does not attempt an exhaustive
survey of all fracture modelling techniques. Classical approaches such as level set methods, variational formulations [11-14] and
peridynamics [15-17] are excluded here for brevity and due to their limited use in the ML-integrated workflows.

2.1. Continuum damage mechanics modelling

CDM offers a thermodynamically consistent framework to model the progressive deterioration of material stiffness and strength
by introducing internal variables, commonly denoted by a scalar D € [0, 1], that represent the extent of damage in the material [18].
The constitutive behaviour is typically modified through damage-dependent stiffness degradation, such as in the effective stress
concept: ¢ = (1 — D)C : £, where C is the elastic stiffness tensor and ¢ the strain tensor. Damage evolution is governed by energy-
based or strain-driven criteria, often derived from potential functions ensuring thermodynamic admissibility. Originally pioneered
by Kachanov [19] and further developed by Rabotnov [20] and Lemaitre [21], CDM models have found wide application in metals,
composites and cementitious materials for simulating fatigue, creep and ductile damage accumulation [22,23]. The smeared damage
representation enables efficient modelling of microcracking in quasi-brittle materials such as concrete [24] and composites [25].
CDM inherently lacks the ability to localise damage sharply along a discrete crack path. To address this limitation and to overcome
mesh sensitivity during strain softening, gradient-enhanced or nonlocal formulations have been introduced [26-28].
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2.2. Phase field damage modelling

Phase-field models can accommodate crack initiation, branching, coalescence and irregular topologies without requiring
predefined crack paths or remeshing [29]. The PFM for fracture models crack evolution using a continuous scalar damage field
d(x) € [0,1], where d = 0 denotes intact material and d = 1 corresponds to fully broken regions [11]. This approach enables a
diffuse representation of cracks within a variational framework. A regularisation length scale ¢ governs the width of the diffused
crack zone, effectively capturing the material’s fracture process zone and eliminating the need for explicit crack tracking. The
governing equations arise from the minimisation of an energy functional comprising elastic and fracture surface energies [12,30].
The variational formulation builds upon Griffith’s energy criterion and has been extended to model dynamic fracture, ductile damage
and fatigue [31-33]. The crack surface energy is approximated using a regularised functional that spreads the sharp crack over a
finite width governed by a length scale parameter #. The total energy functional includes elastic strain energy and a surface energy
penalty and its minimisation yields coupled Euler-Lagrange equations for displacement and damage fields. Despite their flexibility,
phase-field methods are computationally intensive due to the need for fine mesh resolution near cracks and small time steps for
stability, especially in dynamic settings [34].

2.3. Cohesive zone modelling

CZMs simulate fracture as a gradual decohesion process across a predefined or adaptively inserted fracture process zone ahead of
the crack tip, where cohesive tractions act as a function of the relative displacement between crack faces [35-37]. By replacing the
singular crack tip with a cohesive zone, CZMs remove stress singularities typical of classical fracture models and enables an explicit
energy-based treatment of crack initiation and propagation. The core of CZMs lies in the definition of the traction-separation law,
which governs the mechanical response within the cohesive zone. A cohesive law typically relates the traction vector t across the
interface to the relative displacement §, incorporating damage initiation, evolution and final decohesion. The foundational work of
Barenblatt [36] and Dugdale [37] established the theoretical basis for cohesive fracture. Subsequent computational implementations
in finite elements were pioneered by Xu and Needleman [35,38,39] and Camacho and Ortiz [40], whose widely cited studies
enabled efficient simulations of dynamic fracture including in three dimensions and under large-scale plastic deformations [41].
The incorporation of cohesive surfaces into finite elements and later into Extended Finite Element Method (XFEM) frameworks was
critical to handling arbitrary crack initiation and propagation paths.

CZMs are widely used in simulating delamination in layered composites [42], interfacial debonding and crack growth in
ductile materials. The method has been extended to arbitrary crack paths using adaptive insertion of cohesive elements or through
XFEM [43]. Rate-dependent and mixed-mode CZMs have also been developed to handle dynamic fracture and complex loading
scenarios [44,45]. Their ability to represent fracture mechanisms in a computationally tractable manner has led to widespread
adoption. Their effectiveness depends on accurate calibration of cohesive parameters and resolution of the cohesive zone, which
can be computationally expensive without adaptive schemes or enrichment techniques [46].

2.4. Discrete element method

DEM represents materials as an assembly of distinct particles or rigid elements interacting via contact forces and cohesive
bonds. In fracture modelling, DEM is employed for granular and quasi-brittle media, where it enables direct simulation of crack
initiation, propagation and fragmentation based on bond breakage or contact force thresholds. Unlike continuum models, DEM
captures discontinuities and discrete events naturally, offering detailed insight into micromechanical failure processes.

Originally proposed by Cundall and Strack [47], DEM has seen applications in scenarios ranging from rock burst simulations [48]
to brittle fracture under indentation loading in glasses [49], as well as the particle-scale modelling of sand grain crushing [50]. The
method facilitates the study of phenomena such as comminution [51], crack network evolution and particle-scale interactions.
DEM requires careful calibration of micro-level parameters to reflect macroscopic behaviour and often demands considerable
computational resources for large-scale or high-resolution simulations. Hybrid FE-DEM methods have been developed to leverage
the accuracy of continuum mechanics in bulk regions with the discrete capabilities of DEM in fracture zones [52].

3. Overview of machine learning approaches
3.1. Machine learning methods

Machine learning, a branch of artificial intelligence, has grown substantially over the last two decades due to its potential
in addressing many real world problems. These developments are made possible with state-of-the-art computational capabilities,
innovative algorithms and ever increasing data availability. In this section, various machine learning methods are reviewed, with
more focus on deep learning models, in the context of mechanics problems.

Let us represent a ML model as, M(0) where 0 is a set of learnable (or adjustable) parameters. In the first step of model devel-
opment, these parameters are typically initialised to some random state or the one determined by specialised algorithms [53-55].
During training, these model parameters are iteratively updated aiming to reach the optimal state M*, where the model minimises
error on the training data samples. It is desirable to have the models that perform well on both the unseen data and out-of-distribution
data with reasonably good accuracy, in addition to the training data.

In general, a ML model can be trained in three different ways depending on the availability of data and nature of the task, as
follows:
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1. Supervised learning of a model M : X — ¥ where each training sample contains an input x € X and its corresponding
output label y € Y. The learning process can be regression or classification, depending on the nature of y being continuous
or discrete, respectively. Predicting fatigue life as number of cycles until failure (a continuous label) of a structure from its
material properties and loading conditions (input) can be treated as regression [56-58].

2. Unsupervised training is performed to find an optimal ML model M?*, that finds patterns, structures or relationships
within the data that does not contain the label information. A range of tasks belong to this category, like clustering,
dimensionality reduction and probability density estimation of the given data, among many applications. One can detect
structural damage [59] by finding the changes in the patterns of sensor data (input).

3. Reinforcement Learning (RL) does not require input and/or output labels. Instead, the agent (i.e., model) learns through
trial and error, interacting with its environment. The goal is to train the agent to take actions that maximise cumulative
rewards over time. As the training process progresses, the agent focuses on those actions which historically have resulted
in positive rewards. Hence, training the RL model is a continuous process of balancing ‘exploration of new actions’ and
‘exploitation of rewarding actions’. Consider a task of developing an optimal control system for fluid flow through a network
of pipes and valves. The control system (agent) can be trained by exploring multiple control parameters (actions), like pump
speeds and valve openings. Over time, the agent learns to prioritise actions that optimise flow rates and pressure distributions
(rewards), gradually improving system performance [60-62].

In addition to these, there also exists the semi-supervised learning that combines the best of both supervised and unsupervised
training by using small amounts of labelled data and large amounts of unlabelled data. This method is very attractive for cases
where sample labelling is very expensive or time-consuming.

3.2. Neural networks

In general, machine learning methods like linear and logistic regression, decision trees, Support Vector Machine (SVM) and
k-Nearest Neighbours (k-NN) are commonly used in a wide range of domains, including computational mechanics [9,63,64]. While
these methods offer advantages, the complexity of the datasets and underlying systems requires more sophisticated approaches,
such as neural networks. Unlike traditional machine learning methods, neural networks can automatically learn intricate relations
within raw data, eliminating the need for explicit feature engineering. Consequently, neural networks have become the default
choice for the majority of problems, including mechanics, due to their ability to handle large and complex datasets backed by
universal function approximation theorem [65] and leveraging parallel computational capabilities. Hence, we proceed to review deep
learning methods encompassing neural networks and various approaches aimed at solving complicated problems in the scientific
computational domain.

A neural network, N'(0) : R™ — R”, is a differentiable function composed of several functions organised in a series of layers
that maps x € R™ of input layer to y € R” of output layer, through one or more hidden layers. Here, 6 = (W', b'} IL: , is a collection
of learnable parameters, containing weights (W' € R%*4-1) and biases (b' € R%) from the first hidden layer to output layer. At
each layer / (excluding first layer), these parameters are used to transform inputs a’~! coming from the previous (I — 1)th layer into
outputs z/, followed by an element-wise application of non-linear activation functions ¢ as shown in Equation (1). Note that deep
neural networks are a class of neural networks with more than one hidden layer.

2 =w'a~! + b
; ; (€Y
a' =o0(z')

Neural networks (or Artificial Neural Networks) are known for their capability in capturing highly complex and non-linear
relations. The layered representation of the network enables hierarchical learning, where each successive layer extracts features
from the previous layer with increasing complexity towards the last layer. For example, to predict the buckling behaviour of a
column, initial layers of a neural network may learn to identify basic features like length, loads, and cross-sectional area. Then,
as the data passes through successive layers, the model learns high-level details like load distribution, boundary conditions, and
material non-linearities, finally estimating the full buckling response of the column. Explainable Al (XAI) is being developed to
decode this kind of hierarchical learning, providing insights into how neural networks, often considered black boxes, arrive at their
predictions.

The development and training of a neural network depends on four basic elements: (i) the nature and representation of the data,
(ii) the network architecture, (iii) the loss function, and (iv) the optimisation algorithm. The implementation of these components
is determined by characteristics of available data and the task-specific requirements, such as classification, regression, sequence
prediction, physics constraints, and data generation.

3.2.1. Data

Data containing the characteristic information of the system can be obtained through experimental measurements or generated
synthetically using high-fidelity physics-based simulations. The latter approach has become increasingly important due to the ex-
pensive and time-consuming nature of experimental data collection in engineering applications, particularly for complex mechanical
systems. For mechanics problems, data typically represents physical quantities such as strain/stress fields, displacement time series,
damage patterns, or discretised geometries. These quantities are computationally represented in various forms, such as tensors for
regular grid data, graphs for mesh kind of data, and point clouds for irregular geometries, with the choice depending on the specific
physical problem and computational requirements.
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A dataset comprises multiple samples or training examples, each containing input features and/or output labels. It is worth noting
that while increasing the number of samples in a dataset may enhance learning, the quality and physical representativeness of the
data play a crucial role. The dataset is typically split into training, validation, and test sets, a process that requires careful attention
to maintaining the representative distribution of the whole dataset across various subsets to ensure reliable model evaluation.

Raw data often requires several processing steps before being used to train the model. These steps include normalising the data
to a common scale, dimensionality reduction, reducing the class imbalance, handling missing or noisy data, feature engineering, and
data augmentation. While operations like normalisation are essential for stable training, others like feature engineering and data
augmentation are optional and can be custom-designed based on the problem and nature of the data at hand. Data augmentation,
for instance, can generate new training samples by applying physically plausible transformations to existing data, such as elastically
distorting the geometry of a component or leveraging the symmetry inherent in a system’s boundary conditions. Before proceeding to
training, it is important to ensure the correctness, quality, and representativeness of the data by performing thorough data cleaning
and evaluation through various sanity checks for physical validity, completeness, and consistency.

3.2.2. Neural network architecture

A Neural network architecture defines the hierarchical arrangement of layers and neurons to form a differentiable function
approximator. The selection of architecture is primarily determined by the structure of the input data structure and the specific task
requirements, such as regression, classification, sequence prediction, dimensionality reduction, and data generation.

For low-dimensional problems, a simple Multilayer Perceptron (MLP) used with multiple fully connected layers is sufficient.
However, MLPs scale poorly to high-dimensional spatial data. For such data, particularly image-based representations like full-
field strain maps, Convolutional Neural Networks (CNNs) are the dominant architecture. CNNs learn hierarchical spatial features
through local connectivity and weight sharing, making them best suited for problems like image based microstructure—property
prediction. U-Net, a successful variant of CNN, with its encoder-decoder structure and skip connections, is widely used for pixel-
wise predictions, such as damage identification or stress fields estimation. For data on irregular grids such as finite element meshes,
GNNs provide a more natural framework. GNNs operate on graph structures, propagating information between nodes and edges to
learn representations that inherently respect the domains’ topology, making them a powerful choice for mesh based simulations.

Sequence prediction problems, such as modelling damage evolution or analysing experimental sensor data, require architectures
that capture temporal dependencies. Recurrent Neural Networks (RNNs) represent the first generation of architectures designed for
sequence prediction tasks. However, their ability to capture long-range dependencies is limited, and suffer from vanishing gradient
problems, which hinders effective learning for longer sequences. These issues are addressed with advanced architectures like Long
Short-Term Memory (LSTM), which control the information flow through cell states gating mechanisms. Sequential computations
in these architectures limit parallelisation, making them less suitable for large-scale tasks. Transformer architecture overcomes this
by using a self-attention mechanism to capture global dependencies and parallelise computation. For spatiotemporal data, such as
prediction of evolving physical fields, Convolutional LSTM (ConvLSTM) combines the advantages of LSTM and CNN to capture both
spatial and temporal dependencies.

For data generation tasks such as creating synthetic microstructure, generative models like Generative Adversarial Networks
(GANSs), Variational Autoencoders (VAEs) and diffusion models are often employed. Generative models fundamentally learn to map
the underlying data distribution to a known latent space distribution such as a Gaussian. Standard GANs utilise an adversarial
objective that is susceptible to ‘mode collapse’. This phenomenon occurs when the generator converges to a limited subset of outputs,
failing to capture the full statistical diversity of the target distribution. This limitation is especially critical in fracture mechanics,
where material failure and structural reliability depend on these stochastic defects. A collapsed model that overlooks these stochastic
tails yields a statistically biased dataset that discards the very features that govern material failure. To address this limitation, recent
research has pivoted towards architectures that enforce physical consistency through conditional inputs and preserve local texture
through patch-based discrimination.

For surrogate or Reduced Order Model (ROM) development, architectures typically follow data-driven or physics-informed
paradigms. Data-driven methods, such as those employing Autoencoder (AE) for latent space compression, rely on patterns within
large datasets to construct efficient models. In contrast, physics-informed approaches like Physics-Informed Neural Network (PINN)
directly integrate governing equations into the training loss to enforce physical consistency, proving valuable when data is sparse.
Neural operator learning, implemented by architectures such as Deep Operator Network (DeepONet) and Fourier Neural Operator
(FNO), represents a powerful advancement in recent times that can leverage both approaches; it learns mappings between function
spaces, enabling zero-shot generalisation across new boundary conditions and geometries without retraining.

A fundamental element across all architectures is the activation function, which introduces non-linearity and differentiability,
and makes the learning of non-linear relationships possible. The choice of function influences how the model learns patterns and
should be guided by the underlying physics. The piecewise linearity of ReLU makes it suitable for capturing sharp discontinuities
like crack fronts, while its simplicity aids stable training. The smooth, differentiable nature of softplus [66] is preferred in PINNs
for problems requiring higher-order derivatives. Saturating functions like tanh and sigmoid provide bounded outputs [53], making
them ideal for constraining predictions to physically plausible ranges, such as normalised damage indices or stresses.

3.2.3. Loss functions and metrics

The training and evaluation of a model are guided by two distinct but related concepts: the loss function and evaluation metrics.
The loss function, which can be considered as the cost or objective function, quantifies the discrepancy between the model’s
predictions and the true values, for a given batch of training data, into a single scalar value. This measure of error is directly
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minimised by an optimisation algorithm to update the model’s parameters 6. Some of the common loss functions for regression tasks
include Mean Square Error (MSE) and Mean Absolute Error (MAE), while cross-entropy is standard for classification. To enhance
generalisation and prevent overfitting, the base data loss Ly, is often augmented with additional terms. A regularisation loss
L discourages overly complex models, while a physics-informed loss L, ensures adherence to known physical principles by
penalising violations of governing equations, computed via automatic differentiation. The total composite loss is a weighted sum:

phys @

where 4 and y are hyperparameters controlling the influence of each term.

In contrast, evaluation metrics are typically used after training to assess the model’s performance on unseen test data. These
metrics are designed to be interpretable and often align closely with the final engineering objective. It is worth noting that, while
a metric may sometimes be the same as the loss function (e.g., MSE), this is not always the case. Most common evaluation metrics
reported in the literature include MAE, Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE), and R? for
regression tasks; precision, recall, and the F1 score for classification tasks (see Appendix Table 4 and Table 3 for definitions).

L= Lyata + }‘Ereg +rL

3.2.4. Optimisation algorithms

Optimisers define the algorithm by which a neural network’s weights (i.e., learnable parameters) are iteratively updated to
minimise a given loss function. This process is fundamentally enabled by backpropagation, which efficiently computes the gradients
of the loss with respect to all network parameters via the chain rule. The optimiser’s global or parameter-wise learning rate controls
the step size of the update. The choice of optimiser is critical, as it directly influences convergence behaviour and numerical stability.
This is especially important in problems such as fracture modelling involving highly non-linear physical interactions, sharp spatial
gradients or tightly coupled field equations that are sensitive to small perturbations.

A review of prevalent practices reveals a clear pattern. Adam [67], with its adaptive learning rates and momentum-based updates,
is the predominant choice for stochastic and mini-batch training. Conversely, for Physics-Informed Neural Networks (PINNSs),
the Limited-memory Broyden-Fletcher—Goldfarb-Shanno (L-BFGS) optimiser [68] is often favoured. Its full-batch, second-order
approach is well-suited to the characteristically smooth but complex loss landscapes generated by physics-informed constraints [69].
While less common in modern deep learning, RProp [70] remains a relevant benchmark for certain scenarios involving shallow
networks and potentially unstable gradients. Ultimately, the optimiser selection is a deliberate trade-off between convergence
speed, computational efficiency, numerical robustness, complexity of the loss landscape and adherence to the underlying physical
constraints of the problem.

4. Status review of Al applied to fracture problems

Building on the growing integration of machine learning into computational mechanics, this section presents a focused review of
ML methods applied to fracture and damage modelling. We examine how different ML architectures have been employed in fracture
mechanics, categorised by their learning methods, modelling principles and suitability for specific tasks. The rapid adoption of ML
in fracture problems has led to a range of strategies — from purely data-driven surrogates to hybrid physics-informed frameworks.
Supervised deep learning models, such as CNN and GNN, have shown strong performance in learning mappings from input conditions
(e.g., material properties, geometry and loading) to outputs like crack paths or damage fields. Once trained, these models offer
substantial speed-ups, achieving 6x to 25x faster inference than XFEM and up to ~2800x over phase-field methods [71,72], enabling
near real-time predictions with minimal loss in accuracy.

In this section, machine learning architectures are explored alongside specific fracture modelling objectives such as crack path
prediction, energy minimisation and damage field reconstruction. This integrated approach is a deliberate methodological choice
necessitated by the interdependency between model architecture and physical modelling goals observed in the literature. In many
cases, the selection or design of an architecture is directly influenced by the nature of the fracture problem being addressed;
consequently, a rigid separation would misrepresent this relationship. Readers are therefore encouraged to view the following
subsections as a dual narrative: a structured classification of learning architectures and a contextual analysis of how each aligns
with different classes of fracture mechanics problems.

We begin with classical data-driven surrogates that emulate physics-based fracture solvers using relatively simple architectures
such as feed-forward networks, k-nearest neighbours, regression forests and LSTMs. Applied across phase-field, discrete and boundary
element models, these approaches offer strong predictive performance and computational speed-ups, but typically function as
black-box regressors without encoding geometric structure or physical constraints. The following subsections explore specialised
architectures. GNNs leverage mesh topology to model irregular and evolving crack patterns, while CNN-based U-Nets treat
fracture prediction as an image-to-image translation task. Generative models such as GANs extend this capability to stochastic
fracture scenarios by synthesising realistic crack patterns. ROMs, developed using auto-encoders or tensor decompositions, offer
efficient approximations of high-dimensional fracture fields. While effective, these purely data-driven models require extensive
experimental/simulation data, lack interpretability and physical consistency, which limits their generalisability. To address this,
a class of methods emerged that utilise physics to guide the Neural networks (NNs). Among these methods, PINNs have attracted
significant attention from the community due to their ability to use governing differential equations in learning and reducing data
requirements thereby enabling better extrapolation across physical settings. We then review operator learning frameworks such as
DeepONet and the FNO, which learn mappings between infinite-dimensional function spaces [73]. These models can generalise
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(a) Phase-field variable (left: PFM, right: NN) (b) Von-Mises stress (left: PEM, right: NN)

Fig. 1. Comparison between the phase-field model (PFM; left) and neural network (NN; right) predictions of (a) the phase-field variable ¢ and
(b) the von Mises stress field at the same time step [133]. The NN accurately reproduces the crack growth direction and stress pattern away
from the crack tip. However, it underestimates the peak value of ¢ and fails to resolve sharp stress gradients near the crack tip, likely due to
the coarse, uniform sampling grid. Improved spatial resolution may help recover these features more effectively.

across families of PDEs and boundary conditions, offering remarkable flexibility and efficiency for fracture simulations. Finally, we
explore material-specific applications, where ML models are adapted to simulate fracture behaviour in complex systems ranging
from nanostructure graphene to hyper-elastic soft tissues and metallic alloys.

The following subsections trace the evolution of ML in fracture mechanics from surrogate emulators to operator-based and
physics-informed models. This trajectory points towards hybrid, physics-aware ML capable of delivering interpretable, generalisable
and accelerated simulations. To support this overview, Table 1 compares existing ML techniques, while Table 2 surveys fracture
modelling approaches alongside the ML methods employed.

4.1. Data-driven emulators and surrogates

Data-driven emulators are designed to learn the input—output relationships of complex physics-based simulations, offering
significant computational speed-ups. For phase-field models, Moraes et al. [132] developed a supervised framework coupling a
thermodynamically consistent damage-fatigue model with classification-based learners (k-NN and Artificial Neural Network (ANN)).
Trained on time-series data from virtual sensing nodes, their model achieved over 90% for cases having Gaussian noise up to 20%.
Similarly, Koeppe et al. [133] trained a four-layer LSTM network on 430 phase-field simulations of 2D notched plates, accurately
predicting time-evolving damage and stress fields with a MSE in the order of (10~*) and achieving a speed-up of 10x to 20x
over traditional solvers. Fig. 1 presents a comparison between PFM and NN predictions of the damage and stress fields for a test
geometry at the same time step. The NN demonstrates strong agreement with the reference simulation, accurately capturing the
crack propagation path and stress distribution. In dynamic fracture and discrete modelling, the Hybrid Optimization Software Suite
(HOSS) software suite developed at Los Alamos National Laboratory, [139] has enabled large-scale surrogate training. Feedforward
networks trained on 200 Finite-Discrete Element Method (FDEM) simulations predicted dominant crack paths with 85% accuracy
and 16% deviation in failure timing, achieving 10>x-10*x speedups [115].

In parallel with the full-field, spatially aware surrogates described in this section, a separate line of research employs classical
tabular machine learning to predict scalar fracture quantities directly from geometric, loading and material parameters. Data-driven
methods have been implemented to predict mixed mode SIFs in heterogeneous materials [140]. For Boundary Element Method (BEM)
based fracture simulations, Huang et al. [121] pioneered a regression forest model, eliminating the need for solving dense linear
systems for crack opening displacements (CODs). Their model was trained with input vectors of SIFs (K;, K;;, K;;;), material
toughness K, and propagation distance r, predicting projected CODs with linear-time complexity. The model trained on simple
cube geometries demonstrates generalisability by predicting fracture surfaces on the Stanford Armadillo model [141] showcased in
their paper. Bahrami et al. [142] applied Gaussian process regression (GPR), decision tree ensemble-boosting, and shallow neural
networks to predict fracture load from 631 experimental tests covering 20 brittle material types under mixed-mode I/II loading
across 8 geometries and 4 blunt notch types (V-, U-, key-hole, and circular). They report R? values of 0.96 (GPR), 0.93 (ensemble-
boosting), and 0.91 (ANN) on unseen data, with GPR providing the best interpolation and uncertainty quantification. The same
group extended this line of work to notched specimens of poly(methyl methacrylate) (PMMA; a transparent brittle polymer) and
rock-like materials in [143], reporting that 92% (GPR), 89% (XGBoost), and 88% (ANN) of the fracture load predictions on unseen
notch geometries fell within +15% of the measured experimental values. The recent review by Niu et al. [144] showcase benchmarks
of Random Forest (RF), gradient-boosting methods, SVM and shallow MLP in prediction fracture toughness of quasi-brittle materials
from mix-design and aggregate parameters. Ensemble models typically reduce error by 15%—-20% compared to single learners and
yield straightforward feature-importance rankings.

Hybrid strategies integrating classical physics-based methods with data-driven components have also emerged to leverage the
strengths of both paradigms. Greve et al. [124] replaced the Marciniak-Kuczynski imperfection model with a feedforward NN
trained on virtual data, enabling real-time fracture prediction in metallic sheets with experimental validation. Nguyen et al. [74]
developed an adaptive strategy to optimise feedforward ANN architectures by iteratively adjusting the number of neurons and
hidden layers during training. Model performance is evaluated using the absolute percentage error, which quantifies the relative
difference between predicted and actual outputs for each observation. A control condition based on a minimal allowable gap guides
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Comparison of prominent AI techniques applied in fracture mechanics. Each technique offers different trade-offs in terms of accuracy,
interpretability and computational cost.

Al technique

Applications in fracture
mechanics

Strengths

Limitations

Notable variants/case
studies

Accuracy & computational
efficiency

Convolutional Neural
Networks (CNNs)
e.g., U-Net, FE-CNN,
StressNet, ConvLSTM

- Full-field surrogates
(stress, damage) for
phase-field/cohesive
fracture [72,74-76]

- Predicting damage
evolution from
microstructure data [75]

- Crack path prediction
from images [77,78]

- Local stress prediction
using FE input (FE-CNN)
[79]

- End-to-end
SIF/displacement prediction
(StressNet) [80,81]

- Learning fracture histories
(ConvLSTM) [72]

- Captures spatial features
effectively [72,75,79]

- Fast inference for
full-field predictions
[76,80]

- Can model spatiotemporal
evolution (ConvLSTM) [72]

- Good performance within
training distribution
[74,75,79]

- Requires large
simulation/experimental
datasets

- May lack strict physics
enforcement; potential for
unphysical results [82]

- Generalisation outside
training data (e.g., unseen
geometries) can be poor
[74,79]

- U-Net: Predicted 2D
crack maps in concrete
(phase-field) [72,83];
Learned damage/stress
evolution [82].

- FE-CNN: Local stress
prediction [79].

- StressNet: SIF prediction
[80].

- Concrete/Porous Media:
Path prediction [72].

- Alloys/Steel: 3D fatigue
crack prediction [84];

- Crystalline Solids:
Graphene, MoS;,
Polycrystals [85-89];

- Composites:
Damage/Stress prediction
[74,75,83].

- Accuracy: High match
with FEM (e.g., F1 ~0.9
reported in [80]).

- Speed: Orders of
magnitude faster inference
than FEM/PDEs solvers.

Graph Neural Networks
(GNNs)
e.g., ACCURATE, EvolveGCN

- Crack growth, interaction
and coalescence in
discrete/networked cracks
[71,90]

- Predicting SIFs or crack
tip activity [71,91]

- Fracture in irregular
domains/lattices (rocks,
masonry) [90]

- modelling
node/element-wise fracture
on meshes [92,93]

- Learning entire fracture
histories (spatiotemporal
GNNs) [88,90,92]

- Handles arbitrary/complex
crack configurations and
mesh structures [71,92]
- Learns interactions via
message passing [71,90]
- Potential for
generalisation across
different configurations
[91]

- Can capture
spatiotemporal dynamics
(DyFraNet, EvolveGCN)
[88,90,94]

- Often requires large
datasets (e.g., XFEM/FEM)
[711

- Graph construction can
be complex and critical
[92]

- May focus on discrete
events (e.g., tip
propagation) rather than
continuous fields [71,90]

- Microcracks: GNN
replicated XFEM paths/SIFs
[711.

- Masonry/Rock: Cracking
simulation [90].

- Temporal GNNs:
EvolveGCN [90,94] for
fracture evolution
prediction.

- Accuracy: Low SIF errors
(~1%-3%) vs. FEM/XFEM
reported in [71].

- Speed: Significant
speedup reported (e.g.,
6-25x) compared to XFEM
[71].

Physics-Informed Neural
Networks (PINNs)

incl. VPINN, VE-PINN,
XPINN, I-FENN, Transfer
Learning PINNs

- Solving forward/inverse
fracture mechanics PDEs
using physics loss
[69,95,96]

- Phase-field modelling via
PDEs residual or energy
minimisation (VPINN, Deep
Ritz) [63,95,97-99]

- Handling boundary
conditions [96,100]

- Surrogate modelling
within FE loops (I-FENN)
[101]

- Accelerated simulation
via transfer learning across
steps [95]

- Requires minimal or no
simulation data [69]

- Enforces physical laws
(PDEs, conservation laws)
[63,69]

- Can generalise better
than purely data-driven
models [69,102]

- Variational forms align
well with phase-field
theory [63,100]

- PBML principles often
incorporated

- Training can be
computationally expensive
and challenging to
converge [69,103]

- Handling sharp
discontinuities (cracks) can
be difficult [96,104,105]

- Often requires retraining
for new boundary
conditions or time steps
(mitigated by transfer
learning [95])

- VPINN/Deep Ritz:
Phase-field simulation
[63,98], improved BC
handling [100].

- XPINN: Domain
decomposition [106,107].
- Transfer Learning:
Accelerated step-wise
simulation [95].

- I-FENN: Coupled
FEM-PINN solver
[101,108].

-Brittle Fracture: Crack
nucleation/branching
studies [96,97,105].

- Accuracy: Generally
within a few percent of
FEM solutions
[69,95,96,101].

- Efficiency: Fewer DOFs
than FEM [101], but
training is often slow [69].
Transfer learning improves
step-wise efficiency [95].

Operator Learning
e.g., DeepONet, FNO,
V-DeepONet

- Learning solution
operators
(function-to-function maps)
for fracture problems
[109,110]

- Fast prediction of
displacement/damage fields
from initial
conditions/parameters
[109,111]

- Generalising across
geometries and loading
conditions [110]

- Surrogate modelling for
multi-query tasks (e.g.,
uncertainty quantification)
[112]

- Can generalise across
input functions (e.g.,
different initial defects)
[109,110]

- Extremely fast inference
once trained [109,111]

- Physics-informed variants
(V-DeepONet) possible
[109]

- Suitable for tasks
requiring many forward
solves with varying inputs
[112]

- Can require vast training
data (function pairs) [109]
- Training complexity
depends on operator
complexity

- Ensuring physical
constraints across the
entire function space can
be challenging [109]

- V-DeepONet: Learned
displacement/damage fields
from initial defects [109].
- FNO: Applied to various
PDEs systems, potential for
fracture modelling.

- Quasibrittle Fracture:
DeepONet predicted crack
paths without explicit time
stepping in some studies
[109].

- Nucleation/Propagation:
Prediction using DeepONets
[110].

- Accuracy: High fidelity
demonstrated in specific
applications [109-111].

- Efficiency: Very fast
inference, suitable for
real-time or multi-query
scenarios [109,112].

Autoencoders (AEs)
incl. Variational AEs

- Surrogate modelling via
latent space repre jon

- Efficient data
A

[112-114]

- Dimensionality reduction

of fracture data (e.g., crack
networks, fields) [113,114]

- Unsupervised feature
extraction for damage
states

- Potential for inverse
design of microstructures
for fracture resistance [84]

comp

reduction [113,114]

- Can learn salient features
without labels

- Latent space can be used
for generation or
interpolation [84,113]

- Fast prediction using the
decoder part [112]

- Reconstruction may lose
fine details (e.g., sharp
crack tips)

- Latent space often lacks
direct physical
interpretability [114]

- Tuning required to
balance compression and

fidelity

- Microstructure
evolution/representation:
Latent space modelling
[113].

- Generative
modelling/Inverse design:
Using latent spaces [84].

- Hydraulic Fracture/Rock
Networks: (Less direct
mapping in provided bib;
general dimensionality
reduction applicable [114])

- Accuracy: Can reproduce
major features; quantitative
error depends on
compression level [113].

- Speed: Latent
representation enables very
fast surrogate predictions
(milliseconds) [112].

the ANN configuration to refine the network predictions. This automated tuning process led to 180x acceleration compared to
traditional phase-field simulations. LSTM-based recurrent networks have demonstrated high accuracy in predicting crack bifurcation
in heterogeneous tensile specimens, with deviation in crack paths kept below 2% [126]. Probabilistic surrogates combining Extended
Support Vector Regression (X-SVR) with Dirichlet feature mapping have been used to model damage field distributions under
uncertainty [136].

Building on this overview, recent work traces the rise of data-driven approaches, moving from shallow surrogates and classical
ML models to deep and hybrid frameworks. Increasingly expressive architectures such as LSTM, Graph Convolutional Network (§CN)
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Table 2

Summary of ML/DL Techniques applied to various fracture modelling approaches.
Fracture methodology ML/DL technique Reference
BEM Brittle Fracture Rigid body CNN + MLP [78]
dynamics
Brittle fracture Reproducing Kernel Particle Method-NN [105]
Cohesive Phase Field CNN [72]
CZM (FDEM|HOSS) ANN, RF, DT [115]
CZM (FDEM|HOSS) CNN [80]
CZM (FDEM/|HOSS) GCN + RNN + LSTM [116]
Configurational Forces CNN [117]
Configurational Forces RNN + gCN + LSTM [90]
CPD Constitutively informed Particle DeepONet [118]
Dynamics
CZM (IGFEM) CNN [75]
DEM (unspecified) ROM [119]
FDEM(HOSS), Continuum-Scale Model LSTM + RNN [120]
(FLAG)
Galerkin BEM RF [121]
Gurson-Tvergaard-Needleman model ANN [122]
(Additive Mfg., Warp3D)
LEFM PINN [96]
*Likely PFM, CDM (High Fidelity ConvAutoEncoder [123]
Model)
MD (Graphene, MoS,) ConvLSTM [85,86,88,89]
MD simulations U-Net [87]1
Marciniak and Kuczyfiski Model, NN [124]
Enhanced Hill/Stéren-Rice (eHSR)
model
CZM LSTM + Hidden Markov Model [125]
Modified Mohr—Coulomb ductile model RNN + LSTM [126]
Non-local gradient enhanced damage PINN [103]
Peridynamic model Deep Implicit FNO [127]
Peridynamics (brittle fracture) Domain Agnostic FNO [128]
PFM ANN [74]
PFM cGAN [129]
PFM CNN [76,83,130]
PFM CNN + FNO [131]
PFM deepRitz VPINN [98]
PFM GNN [92]
PFM k-NN, ANN [132]
PFM LSTM, NN [133]
PFM NN [134]
PFM PINN [95,99,101]
PFM PINN, VPINN, VE-PINNs [97]
PFM ResNet, KANs, DeepONet [110]
PFM TCN [108]
PFM TT + GPR [135]
PFM VE-PINN - DeepONet [109]
PFM VEXPINNs [107]
PFM X-SVR [136]
PFM (AMR) GNN [93]
PFM (FFT) CNN [137]
XFEM (based on minimisation of total GNN [71,91]

energy [138])

and attention-based models offer greater fidelity and adaptability, underscoring the need for specialised designs that can capture
irregular geometries and evolving crack topologies. The next subsections examine these approaches, beginning with graph-based
learning.

4.2. Graph neural networks

GNNs are well-suited for irregular mesh data and unstructured domains similar to finite element simulations. By encoding spatial
relationships and topological connectivity, GNNs have been used to predict nodal damage, stress or displacement fields with high
fidelity. This makes them ideal for scenarios involving mesh adaptivity, crack branching or evolving geometries. A significant body
of work by Perera and Agrawal [71,91-93], among others, demonstrates a systematic progression in developing these frameworks
to address key challenges like physical fidelity, model generalisability and the integration of dynamic meshing techniques.

Early work in applying graph-based deep learning to fracture dynamics was presented by Schwarzer et al. [90] where they
reduced computational overhead by converting finite element data into a reduced-order “fracture graph” where nodes and edges

10
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Fig. 2. Comparison of crack coalescence and growth by XFEM versus GNN ACCURATE models [71].
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Fig. 3. The cyclical workflow of the ADAPT-GNN framework. It integrates AMR by (a) representing the refined mesh as a graph, (b) performing
GNN-based prediction, (c) updating the mesh with AMR and (d) iterating for future time steps [92].

represented individual fractures and physical relationships respectively. A gCN combined with RNN was used to learn the system’s
spatio-temporal dynamics, achieving substantial acceleration while maintaining high accuracy.

Building on this, Perera and Agrawal established a GNN-based surrogate model - ‘Microcrack-GNN’, to emulate XFEM simulations
of multiple interacting microcracks [71]. A key innovation was a sequential, physics-informed pipeline that treated crack-tip
interactions as a graph prediction problem first estimating Mode I/II SIF, then identifying which cracks propagate and finally
predicting the updated crack geometry. Using this sequential GNN approach, the crack propagation and coalescence of 5-19
microcracks was simulated, with results matching closely with XFEM solver. The GNN could handle variable crack configurations
even on newer crack patterns previously unseen by the model, making it an attractive approach for simulating microcrack
propagation with speed-ups of 6x to 25x compared to XFEM simulator.

To extend the model’s capabilities, the authors developed ACCURATE — ACCelerated Universal fRAcTure Emulator [71]. The
model leverages Transfer Learning (TL) to efficiently adapt the pre-trained Microcrack-GNN to new problem configurations using
minimal additional data. As shown in Fig. 2, the predictions of crack coalescence and growth remain in close agreement with
XFEM, while achieving speed-ups of up to 200x. The framework achieved reliable generalisation with as few as 20 simulations per
adaptation step, demonstrating the effectiveness of transfer learning.

The research was extended from XFEM to PFM with Adaptive Mesh Refinement (AMR) which the authors called ADAPT-GNN.
This framework was designed specifically to emulate fracture simulations by uniquely re-defining the GNN’s graph structure as
the refined mesh at each time step [92]. As shown in its workflow (Fig. 3), the framework operates in a cycle: the GNN predicts
displacement and damage fields on the current mesh and the mesh is then updated via AMR for the next prediction step. This
dynamic coupling of the GNN with AMR yielded speed-ups of up to 36x compared to the high-fidelity PFM [92].

Mesh-based GNNs, in their classical design, typically rely on fixed discretisation and require retraining when applied to problems
with different geometries, boundary conditions or mesh topologies, which limits their generalisability and increases computational
cost. To address these challenges, Perera and Agrawal [93] propose a multiscale GNN architecture integrated with bs-AMR to
efficiently solve time-dependent problems with near-singular operators, such as phase-field fracture. As shown in Fig. 4, the
framework processes the mesh derived from AMR, at multiple resolution levels. At each coarsening step, the highest refinement
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Fig. 4. Architecture of the multiscale GNN framework with bs-AMR [93]. The encoder uses an MLP to embed the input mesh graph, which
is then coarsened progressively through multiple GNN blocks (GNN;,GN Ny, ...) by eliminating the highest refinement level at each stage.
A corresponding upsampling pathway reconstructs the full-resolution graph through additional GNN stages (GN N3, GN Ny, ...), with skip
connections linking matching downsampling and upsampling layers. The final embedding is decoded to predict crack fields and displacement
evolution.

level is eliminated, resulting in progressively coarser graphs that preserve essential global information while reducing complexity.
The encoded graph features are passed through a series of downsampling operations, followed by upsampling to reconstruct the fine-
scale representation. Graph-transformer-based message passing is performed at each resolution level and skip connections bridge
corresponding downsampling and upsampling stages to retain fine-scale spatial information and mitigate over-smoothing. Three
coarsening strategies namely Four-Stage Refinement (FSR), Two-Stage Refinement (TSR) and Single-Stage Refinement (SSR) were
evaluated with respect to prediction accuracy and computational efficiency. These differ in the number of mesh refinement levels
removed per downscale step: FSR removes one level at a time, TSR removes two and SSR eliminates all four levels in a single
operation. SSR was selected for subsequent Transfer Learning due to its lowest simulation time (3.91 h for 30 simulations) and high
predictive accuracy (crack field error < 0.3%, x-displacement < 0.25%, y-displacement < 0.3%). Results suggest that for phase-field
fracture, the coarsest mesh retains sufficient information for accurate prediction, rendering intermediate resolutions unnecessary.
Initially, the framework is trained on Mode-I fracture cases with a single edge crack and later generalised to other configurations such
as centre cracks, shear and mixed-mode loading through transfer learning. This multiscale GNN with bs-AMR yields high accuracy
and up to 200x speed-up compared to full-resolution phase-field simulations.

4.3. CNN and U-Net based approaches

While GNNs excel at modelling the irregular, mesh-based topologies inherent to fracture mechanics, a parallel and popular line of
research frames the problem as an image-to-image translation task. This approach utilises CNNs and their variants to learn mappings
from images to output fields such as stress, damage, or final crack patterns. Central to this approach is the U-Net architecture,
whose encoder—decoder structure with skip connections has emerged as the dominant framework for these full-field prediction tasks.
Key innovations include hierarchical frameworks using intermediate physical fields, the integration of self-attention mechanisms to
capture non-local effects, and physics-informed inputs to reduce data-dependency. The application of CNNs, and its variants to
fracture simulation and data-driven surrogate modelling is explored in this section.

4.3.1. Sequential frameworks

Contrary to the conventional approach of predicting fracture phenomenon in a single stage, some studies have developed
hierarchical learning. In this approach, multiple networks are trained in sequence, where the output of a network is fed as input to
the next network. It is observed that the intermediate representations are typically explainable physical fields like stress distribution
in the domain of interest. This “physics-grafting” approach simplifies the learning process while helping us understand and explain
how the inputs transform through the model in making the fracture prediction. Now we proceed to explore a few studies that used
sequential learning.

Mohammadzadeh and Lejeune [76] proposed a surrogate modelling framework that begins with an initial dimensionality
reduction stage followed by a predictive stage. First, a convolutional autoencoder (cAE) is trained in an unsupervised manner to learn
a compact latent representation of high-resolution ground-truth, using only the binary damage data. This reduced-order map is later
decoded to reconstruct the corresponding damage field with minimal loss of information. In the second stage, rather than directly
predicting full-resolution damage fields, a regression model is trained to map material property distributions to their corresponding
latent representations. This strategy simplifies the learning task by reducing it from a high-dimensional field-to-field translation to a
lower-dimensional vector prediction, improving both efficiency and accuracy. To achieve this, the authors introduce the MultiRes-
WNet, a deep convolutional architecture constructed by stacking two modified U-Net networks in series. Each U-Net is enhanced
with multi-resolution convolutional blocks (MultiRes-Conv-Blocks), which enable multiscale feature extraction, and residual paths
(ResPaths), which prevent direct concatenation of low- and high-level features. Additionally, standard convolutions are replaced
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Fig. 5. Prediction performance of the MultiRes-WNet model on the Mechanical-MNIST Crack Path dataset [76]. The histogram shows the
distribution of F1 scores for test samples, split into continuous (dark blue) and discontinuous (light blue) predicted crack paths. Insets: (a)
Examples of incorrect predictions (discontinuous paths); (b) Plausible alternative paths (continuous but low F1 scores); (c) a high-confidence
correct prediction; and (d) three correct predictions with F1 scores of 0.85, 0.90, and 0.95.
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Fig. 6. Generator 1 is first trained to map the microstructure (Image 1) to the intermediate stress field (Image 2). Then, with its weights frozen,
its predictions are used to train Generator 2, which maps the stress field to the final crack pattern (Image 3) [75].

with depthwise separable convolutions to improve parameter efficiency. During inference, the MultiRes-WNet predicts the latent
damage representation from new input conditions, which is then decoded using the previously trained decoder to reconstruct the
high-resolution damage field.

To evaluate prediction performance, the authors introduced a scoring framework based on the Mechanical-MNIST Crack Path
dataset, classifying predictions as continuous or discontinuous and scoring them using F1 metric (calculated after binarising pixel
values at a threshold of ¢ > 0.5) shown in Fig. 5. Discontinuous predictions were deemed incorrect, while continuous ones with F1 >
0.85 were considered correct. This analysis yielded a mean F1 score of 0.87 overall, with most predictions classified as correct. This
benchmark not only quantifies accuracy but also motivates the need for more structured learning strategies, such as hierarchical
modelling, to further improve generalisation and interpretability.

On similar lines, Sepasdar et al. [75] developed a two-stage deep learning framework (Fig. 6) to predict both the nonlinear
stress distribution and the final transverse failure pattern in fibre-reinforced composites. Their framework comprises two sequentially
trained generator networks, Generator 1 and Generator 2, both based on a modified U-Net architecture. Generator 1 learns to map the
microstructure to a full-field von Mises stress distribution at the early stage of damage initiation (ESoDI), while Generator 2 translates
this stress field into the final crack pattern. This sequential approach outperformed direct microstructure-to-crack prediction and was
trained using 4500 high-fidelity finite element simulations. The two generators share a fully convolutional encoder-decoder structure
with reduced skip connections and dropout regularisation to mitigate overfitting. Generator 1 is responsible for learning intricate
features from low-level geometric details, whereas Generator 2 performs a comparatively simpler task of predicting the crack pattern
from the stress field generated by Generator 1. To improve learning in this more demanding stage, the authors employed an attention-
based loss function instead of the standard MAE. This loss formulation helps concentrate training on physically important high-stress
regions. Since the relevant high-stress zones are already embedded in the input, a standard MAE loss function was found sufficient
for training this second network. The reported 90% accuracy is based on expert visual inspection rather than a standard quantitative
metric. Pixel-wise measures such as MAE can be misleading for evaluating Generator 2, as visually incorrect crack patterns may
still yield low MAE if the spatial differences are small. Predictions were manually classified as good, partly good, or bad based
on visual agreement with the reference crack path, with partial credit assigned to intermediate cases. The visual inspection-based
accuracy reflects physical correctness but remains subjective, with no clearly defined criteria for categorisation, thereby limiting
the transparency and reproducibility of the evaluation.

Building on this two-stage approach, Chen et al. [137] used the self-attention mechanism as a layer acting on the latent space
instead of as a loss function, for predicting both elastic stress fields and final fracture patterns in composite microstructures. This
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Fig. 7. Inputs and outputs for the two surrogate models proposed by Chen et al. [137]. (a) Elastic surrogate: input — phase label image
(normalised), output — three stress components. (b) Crack surrogate: input — strain energy field (computed from stress and strain, then normalised),
output — damage field highlighting cracks. Both networks share the same encoder-decoder CNN architecture with a self-attention mechanism.

architectural modification enhanced the ability to capture non-local dependencies like distant microstructure features influencing
the stress field at the current point. Fig. 7 illustrates two surrogate frameworks. The first surrogate model predicts elastic stress fields
from the input Representative Volume Element (RVE), represented as an image where each pixel corresponds to a discrete material
phase label (e.g., matrix, inclusion, void). To standardise the input scale, the image is normalised by dividing all pixel values by the
maximum phase label. In the second surrogate, the strain energy field is used as the input to predict crack patterns, as strain energy
density (SED) quantifies the local thermodynamic driving force for fracture. By mapping the stored elastic energy distribution, the
model is grounded to established fracture mechanics theory to identify energetic hotspots where the critical energy threshold is likely
to be exceeded, creating conditions favourable for fracture. The authors initially considered an end-to-end surrogate pipeline, where
the output of the first surrogate served as the input to the second. This led to inaccurate crack predictions due to the accumulation
of errors from the elastic surrogate. Thus, a hybrid approach was adopted, in which the crack surrogate took its input directly from
the high-fidelity Fast Fourier Transform (FFT) simulation. Despite not being used in the crack pipeline, the elastic surrogate remains
useful for fast stress/strain evaluations in multiscale or multiphysics models. The training dataset, covering a range of fibre volume
fractions and porosities, included about 7000 high-fidelity simulations which are further augmented by translation on the fly during
the training. The crack prediction model achieved an F1 score of ~0.8 (evaluated after binarising the continuous damage field with
a threshold of ¢ > 0.5) and a speed-up of 3-4 orders of magnitude compared to the full field FFT solver.

4.3.2. Iterative spatiotemporal prediction

While predicting the final fracture state is valuable, a more ambitious goal is to predict the dynamic evolution of a crack over
time. This transforms the problem from image-to-image translation to sequence prediction, capturing the full history of damage
accumulation.

Xu et al. [83] developed Crack-Net, a spatiotemporal deep learning framework aimed at predicting the full fracture process by
jointly modelling the crack propagation path and the corresponding stress—strain response. The architecture employs U-Net and
operates in an iterative loop, where the state at each subsequent time step is predicted from the current state. A single latent
vector encodes the system state and is used to simultaneously predict both the crack phase field and the stress response, thereby
ensuring physical coupling. This is achieved by modelling the log-transformed increment of the crack phase field, which helps
capture quasi-static variations more effectively.

The model was trained on a relatively small dataset comprising 554 phase-field simulations of particle-reinforced composites,
yet demonstrated strong generalisation. Crack-Net accurately predicted fracture behaviour in interpenetrating phase composites
(a structure not seen during training) suggesting that the model had learned underlying physical principles affecting the flow of
fracture (Fig. 8). Furthermore, by leveraging transfer learning, the model could be adapted to new material systems using as few
as 120 additional simulations. The authors claim a speed up of 95% compared to conventional finite element simulations. Due to
its sequential/iterative nature, Crack-Net is prone to error accumulation during long-term predictions, which can lead to deviations
from the ground truth over extended time horizons.

Addressing the problem of error accumulation in iterative methods, Hsu and Buehler [88] proposed a Deep Learning (DL)
architecture capable of generating an entire fracture history in a single pass. Their 2D to 3D design processes a single 2D multi-
channel input image with a convolutional encoder, a standard unidirectional (causal) LSTM for temporal embedding and a 3D
deconvolutional decoder to reconstruct full spatio-temporal crack evolution. The LSTM is trained on complete forward sequences
and therefore learns causal dynamics that are effectively invertible. This enables a single-pass reconstruction of the full history from
any time point, i.e. both forecasting final crack pattern from initial states or backcasting the cause from final fracture patterns become
possible without bidirectional processing or iterative drift. Gradient-weighted Class Activation Mapping (Grad-CAM) visualisation
and interpretation demonstrated the model’s focus on crack-tip regions during early stages, validating its physical reasoning. While
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Fig. 8. Comparison of predicted and reference stress—strain responses for a heterogeneous material, with corresponding damage field visualisations
at selected strain levels. The left plot shows the overall mechanical response, where solid and dashed curves denote reference and predicted
behaviour, respectively. The inset illustrates the material’s microstructure. Right sub-figures display the damage evolution at representative
strain points: R1-R3 for the reference and P1-P3 for the prediction. Colour maps indicate normalised damage values ranging from 0 (intact) to
1 (fully damaged) [83].

it represents a significant advancement in spatio-temporal modelling, its success depends on careful encoding of input conditions
and may be less flexible to parameter adjustments.

On similar lines, another spatiotemporal U-Net framework was developed by Koopas et al. [72] for the full-field prediction of
the entire fracture process in concrete meso-structures having explicitly modelled Interfacial Transition Zone (ITZ) . To tackle the
challenge of data dependency, they included the physical properties of the domain as an input to the NN. Instead of a simple
image-to-image mapping, the U-Net is fed a four-channel tensor containing the spatial distribution of Young’s modulus, Ultimate
Tensile Strength (UTS), fracture energy and the damage field from the previous time step. This approach enabled successful training
on a minimal dataset of only 470 simulations. The authors claim a 2864x speed-up over the full FEA, with an F1 score of 0.6 (Fig. 9)
on unseen test cases. Here, the F1 metric was computed by binarising the continuous damage field using a threshold corresponding
to the 99th percentile of the ground truth FEM damage distribution. By strictly isolating the top 1% of most damaged elements, this
threshold focuses the evaluation exclusively on critical fracture localisation, filtering out negligible background deformations.

It is important to note that crack branching predictions in both Koopas et al. [72] and Xu et al. [83] were found to be sensitive
to the mesh discretisation and the regularisation length parameter, suggesting limitations in generalising across different phase-field
resolution settings.

To predict time-series quantities influenced by evolving spatial data, Wang et al. [80] developed StressNet, a dual-branch
architecture that fuses two distinct data streams. One branch uses a Bidirectional LSTM (Bi-LSTM) to process historical stress data,
while a second branch uses a custom Temporal Independent-CNN (TI-CNN) to extract spatial features from damage-field images each
time step. While effective, this model operates as a black-box surrogate, learning correlative rather than causal relationships from
the high-fidelity simulation data. The model’s demonstrated high accuracy (average MAPE of 2%) and its compelling computational
gain predicting a full sequence in 20 s versus 4 h for the FDEM simulation is impressive but specific to the fixed geometry, material
properties and uniaxial tensile loading conditions of the training dataset.

Feng et al. [130] approached this temporal damage evolution problem in a new light to estimate the Residual Useful Life (RUL) of
a structure. Their framework first uses the phase-field method to generate a sequence of structural displacement fields that represent
the entire crack propagation process. These fields are then saved as images and binned into discrete intervals, each corresponding
to a specific stage of the structure’s useful life. A LeNet-5 CNN is trained to classify a given displacement image into the correct
RUL bin. The training, validation and testing datasets are all derived from different time steps of a single simulation run with a
fixed geometry and loading condition. The authors demonstrate their model’s ability to classify the state of a known system, but its
capacity to generalise to new geometries, material properties or loading conditions is unevaluated.

4.3.3. Tackling data scarcity and interpretability

Data scarcity and the “black-box” nature of models remain two of the main barriers to adopting deep learning in engineering.
Mohammadzadeh and Lejeune [76] addressed part of this challenge by introducing the Mechanical-MNIST Crack Path dataset, a
public benchmark derived from high-fidelity simulations in which heterogeneous material properties were varied to generate diverse
crack paths. Beyond this, the field is increasingly exploring strategies such as active learning, Explainable AI (XAI), and advanced
architectures including LSTMs and transformer-based diffusion models to improve data efficiency, interpretability, and robustness
against error propagation.

Huang et al. [117] developed a Hybrid Neural Network (HNet) that directly addresses both issues. To predict a crack path on a
point-by-point basis, the hybrid input structure simultaneously processes a greyscale image representing the structure’s geometry and
a numerical x-coordinate to predict the corresponding y-coordinate of the crack path. This method allows a single model to be applied
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Fig. 9. Quantitative evaluation of the performance of the developed spatiotemporal surrogate model in the unseen test cases using the F1

score [72].

Fig. 10. Application of XAI by Huang et al. [117] The top row shows input images with different hole configurations. The bottom row shows
the corresponding saliency maps, where brighter pixels indicate regions the HNet model identified as most important for its prediction, correctly
highlighting the initial crack and the holes.

to various geometries and defect types without altering its input parameters. The architecture’s dual-branch design comprising a
CNN for spatial feature extraction and a fully connected pathway for coordinate conditioning, exemplifies a minimal yet meaningful
hybridisation of image-based and scalar inputs. The authors claim to enhance transparency using XAI, where saliency maps confirm
that the model correctly focused on physically important regions like the crack tip and nearby defects (Fig. 10). Training data scarcity
is tackled using a query-by-committee active learning algorithm. Their approach is shown to achieve the same prediction accuracy
as the baseline model while reducing the required training data from 60,000 to just 25,000 samples, a reduction greater than 50%.
Although the hybrid design generalises well across geometries, its dependence on point-wise sequential inference may constrain
scalability for full-field predictions or introduce compounding errors in long-range path forecasting. This limitation becomes crucial
when the method is used to iteratively reconstruct an entire crack path, where local inaccuracies may accumulate over time.

While the reviewed studies demonstrate the abilities of CNN-based surrogate models in accelerating fracture prediction, several
inherent challenges persist. A primary limitation is the substantial computational cost associated with generating the high-fidelity
simulation datasets necessary for training these models. Methodologically, the reliance of these models on largely image-based data
representations introduces the risk of information loss during dimensionality reduction processes such as autoencoding or when
converting continuous simulation outputs into discretised image formats. Such transformations can obscure critical features related
to crack initiation and propagation.
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Fig. 11. (A) The two-step strategy, translating geometry to an intermediate SED field, then to a crack path. (B) The cGAN structure. (C) The
U-Net 3+ architecture of the generators. (D) The PatchGAN architecture of the discriminators [129].

Additionally, the above-described two-stage or “grafting” strategy, where intermediate physical fields (e.g., elastic stress or
strain fields) are first predicted and then used to infer fracture patterns while simplifying the learning objective, is vulnerable to
error accumulation. Inaccuracies introduced during the initial prediction stage can propagate and amplify in the subsequent stages,
potentially compromising the fidelity of the predicted fracture evolution.

4.4. Generative models

Generative models in fracture mechanics aim to capture the distribution of possible fracture patterns and produce physically
plausible outcomes conditioned on material or structural parameters. He et al. [129] developed a cGAN-based framework to predict
discontinuous crack paths in random porous media directly from microstructure images. In the first stage, the microstructure is
transformed into an intermediate elastic strain energy density (SED) field, capturing the underlying physical behaviour of the
material. This physically-informed field aids in predicting non-linear crack paths in the second stage. Using the intermediate SED
field helped the model predict crack paths more accurately, improving overall accuracy from 81.25% to 92.75% compared to a
model without the intermediate step. The final crack paths achieved 90.25% accuracy, and the predicted SED field had an average
error of 0.015. Fig. 11 shows the two-step strategy, the cGAN structure, and the architectures of the generators and discriminators.
Structurally, both stages utilise U-Net 3+ generators with full-scale skip connections that capture the multi-scale interactions and
preserve low-level geometric details. To avoid the blurring effect of standard loss functions, the authors employed a Markovian
‘PatchGAN’ discriminator. Unlike standard global discriminators that assign a single scalar validity score to the entire image, this
architecture evaluates local N x N patches to distinguish between ground truth samples and generated approximations. By applying
this classification convolutionally across the domain and averaging the resulting validity map, the model enforces high-frequency
textural fidelity rather than just global consistency. Notably, this strategy of conditioning the GAN on the intermediate physical SED
field further mitigates the training instability and mode collapse issues often observed in GANs, ensuring that predicted crack paths
remain physically consistent with the local stress state.
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Fig. 12. System-level view of the data-driven reduced-order modelling framework by Bessa et al. [114]. The approach begins with a cross-design
of M microstructures, P material properties and L external conditions to generate simulation samples. To overcome the computational bottleneck,
SCA is used as a surrogate model, replacing full-field simulations with efficient cluster-based approximations. Simulation results are stored in
a response database, which is mined to assess design sensitivities and guide new model generation. This closed-loop pipeline enables scalable
exploration of high-dimensional design spaces in fracture and materials modelling.

Similarly, Huang and Kanai’s DeepFracture framework [77] predicts 3D brittle fracture patterns from runtime collision dynamics,
primarily for computer graphics, but it demonstrates the ability of generative models to learn complex fracture distributions,
produce high-resolution geometries, and condition outputs on physical parameters such as collision impulses. Using a neural
implicit representation and a GAN trained with a BEM-based loss, DeepFracture reduces pattern generation time from 18.7 min for
BEM simulations to 6.19 s, while maintaining approximate physical plausibility. Together, these studies highlight how generative
approaches can model stochastic fracture behaviour and efficiently generate diverse, physically informed outcomes applicable to
engineering-focused fracture ML. Furthermore, by employing a neural implicit representation with discrete latent codes (VQ-VAE),
this framework avoids the mode collapse limitations of continuous GANs, allowing it to capture distinct, multi-modal fracture
patterns effectively.

4.5. Data-driven reduced-order modelling

ROMs aim to reduce the computational cost of high-fidelity simulations by constructing surrogates that capture essential
system behaviour in a lower-dimensional space. Unlike end-to-end predictive models, ROMs are often embedded within simulation
workflows or hybrid architectures and can leverage both classical numerical methods and machine learning for approximation.
While traditional ROMs have relied on projection-based techniques such as Proper Orthogonal Decomposition (POD) and Galerkin
projections, recent approaches incorporate data-driven strategies like clustering [145,146], autoencoding [112] and tensor decom-
position [135,147]. These non-intrusive ROMs prove advantageous in fracture simulations where non-linearities, path dependencies
and topological changes make classical linearisation insufficient. In this section, we survey four representative ROM frameworks
that exemplify these advances: self-consistent clustering surrogates, graph-theoretic ROMs, tensor-decomposition models and deep
auto-encoder based methods.

A primary challenge in data-driven modelling is the creation of a sufficiently large and diverse database, which can be
prohibitively expensive for simulations involving history-dependent phenomena like plasticity and damage. Bessa et al. [114] address
this by proposing a general-purpose data-driven framework centred on the Self-Consistent Clustering Analysis (SCA). SCA is a non-
intrusive ROM that accelerates the analysis of heterogeneous materials by grouping regions of a high-fidelity model into a smaller
number of “clusters” that share a similar mechanical response. The offline stage of SCA requires only a few linear elastic simulations
to create this reduced representation, which can then be used to rapidly and accurately predict the full nonlinear, inelastic response
under new loading conditions. By using SCA as an efficient database generator, the framework makes it feasible to apply machine
learning algorithms to explore high-dimensional design spaces and derive data-driven constitutive models for complex fracture and
failure processes. Fig. 12 provides a system-level overview of this integrated pipeline.

Hunter et al. [119] tackle the specific challenge of brittle fracture by leveraging graph representations of crack networks. They
evaluated four ROM strategies for brittle fracture prediction using 185 simulations generated via a FDEM. The models reflected a
range of modelling philosophies, including geometric simplification, heuristic process zone characterisation and physics-informed
learning. These included the Orthogonal Projection (OP) model, which assumed horizontal crack growth; the Network-based Fracture
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Process Zone (NFPZ) model, which identified likely failure paths using shortest-path algorithms guided by process zone theory; the
Ellipse Process Zone (EPZ) model, which used learned heuristics to define elliptical fracture zones; and the Micro-Crack Pair Informed
Coalescence (McPIC) model, which predicted failure through interaction dynamics between crack pairs.

Among the four, McPIC demonstrated the highest predictive fidelity. It employed a neural network trained on physically relevant
features including crack length, orientation, spacing and SIFs to capture the dynamics of crack coalescence. This model correctly
predicted full fracture paths in 45% of non-branching cases and provided time-to-failure estimates closely aligned with high-fidelity
results. In contrast, the other models showed diminished accuracy, often collapsing to mean predictions. The study emphasises the
need for integrating domain knowledge into the training process, showing that ROMs combining physics-informed features with
trainable architectures outperform purely geometric or heuristic approaches.

For parametric studies where fracture behaviour is explored across a range of material properties or loading conditions, Duong
et al. [135] propose a non-intrusive ROM approach that combines tensor-train decomposition and Gaussian Process Regression
(GPR) to efficiently predict the evolution of fracture fields. The spatio-temporal evolution of crack solved using PFM along with
initial state parameters of fracture energy and initial crack length formed the training data tensor. Tensor-train decomposition
algebraically compresses this large data tensor into a product of much smaller, low-rank cores effectively decoupling the influence
of each dimension. A GPR model is trained on this compressed data to map new parametric inputs to the corresponding low-
dimensional tensor-train core representation. The full-field solution is then reconstructed instantly. This approach demonstrates up
to 95% accuracy with a 100x speed-up and aids efficient surrogate modelling in parametric design spaces.

Shinde et al. [123] introduce a deep learning ROM based on cAE for dimensionality reduction and surrogate prediction in phase-
field fracture mechanics. The model treats 2D displacement and damage fields as multi-channel images and uses a cAE to learn a
compressed, low-dimensional latent representation of the system’s state. The architecture separates the compression task (handled
by the cAE) from the forward prediction task (handled by a deep neural network), allowing for modular training. A separate deep
neural network is trained to act as a predictor, taking the current latent state and applied loading as input to predict the latent
state at the next time step in a recurrent loop. This approach is validated under both proportional and non-proportional loading
scenarios, demonstrating strong generalisation across varying crack paths and initiation points.

The reviewed data-driven approaches adopt fundamentally distinct strategies for reduced-order modelling in fracture mechanics.
Clustering-based methods focus on grouping similar responses to construct efficient surrogates from representative samples, offering
a compact physical model that enables rapid data generation well-suited for accelerating constitutive simulations and uncertainty
quantification. Graph-based models encode the topological structure of discrete fracture networks, making them suitable for
problems characterised by crack interaction, growth and coalescence. Hybridised GNN-ROMs are used for studying non-parametric
geometries in structural dynamic problems [148]. Tensor-based ROMs specialise in high-dimensional parametric studies, leveraging
low-rank decompositions to interpolate simulation outputs across varying material properties and boundary conditions. Auto-encoder
based models address high-resolution, image-like field data, using deep learning to capture non-linear fracture dynamics and
generalise to unseen geometries or loading scenarios. Collectively, these complementary methods define a versatile design space
in which hybrid strategies combining topology-awareness, spatial compression and probabilistic inference can be tailored to the
complexity and computational demands of modern fracture simulations. The future of ROMs in fracture mechanics likely lies in
hybridising these complementary approaches — using a GNN to capture crack topology within an auto-encoder based framework for
field compression — to create models that are both computationally efficient and physically robust.

4.6. Physics-informed neural networks

In the context of ML applications to fracture mechanics, data quality and quantity play a pivotal role in model development.
While increasing the amount of training data is a conventional approach to enhance reliability, it is not without pitfalls. Beyond
a certain threshold, additional data may lead to over-fitting or introduce spurious correlations that degrade model performance.
These limitations have prompted researchers to explore hybrid strategies that incorporate governing physical laws directly into
the learning process, either by integrating them in the loss function or directly in the neural network architecture [149]. In this
direction, PINN have gained significant attention and are being applied, either directly or through their variants, to solve fracture
mechanics problems. PINN-based methods have been applied to phase-field models to solve fracture problems by solving Cahn-
Hilliard and Allen—Cahn equations where the damage field is the only unknown scalar [150]. It is challenging to design neural
networks for predicting fracture, using phase-field models, due to the interlinked coupling between the vector-valued displacement
field and the highly localised scalar phase field (driven by the regularisation length scale) that induces sharp spatial gradients near
cracks. Recent efforts have addressed these challenges in several ways: PINNs have been integrated with discontinuous Galerkin
methods to better represent crack interfaces [151]; Adaptive domain refinement has been employed to concentrate computational
effort near crack tips, where solution gradients are highest [152]. Enhancements in boundary condition enforcement, such as the
use of Lagrange multipliers [153] and constrained optimisation, have improved model robustness [154]. Additionally, peridynamic
energy minimisation [155,156] and level-set representation [157] based approaches have extended the applicability of PINNs to
more complex geometries and evolving crack topologies [158]. Despite these advances, PINNs continue to struggle with sharp
discontinuities, remain computationally intensive in 3D applications, and face challenges in generalising across diverse material
systems and loading scenarios. In this context, the remainder of this section synthesises key advances in PINN-based fracture
modelling. The narrative will explore enriched architectures, hybrid solvers, energy-based formulations, and scalable learning
frameworks. By grounding the discussion in both methodological innovations and application-specific insights, we aim to highlight
the advances in physics-informed learning from theoretical constructs to practical tools for computational fracture mechanics.
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Fig. 13. Phase-field evolution for a 2D plate with three circular inclusions, predicted by the VE-PINN framework. Subfigures show crack initiation
(a), intermediate step (b) and full propagation (c) at increasing displacement values. The crack naturally navigates around the inclusions,
demonstrating VE-PINN’s capability to resolve complex, geometry-induced fracture paths [95].

An early enhancement to the standard PINN framework for fracture mechanics was proposed by Goswami et al. [95], introducing
several methodological advancements to develop a robust and efficient model. In this approach, instead of minimising the residual
of the governing PDEs, the learning process minimises the system’s total variational energy. This modification improves stability in
the presence of discontinuities and reduces computational effort by relying on lower-order derivatives compared with conventional
residual-based PINNs. To accurately and efficiently evaluate the total variational energy, the geometry is modelled using NURBS,
and numerical integration is performed with Gauss-Legendre quadrature, offering better accuracy and efficiency than Monte Carlo
sampling. Dirichlet boundary conditions are hard-enforced by embedding them directly into the network architecture, avoiding ill-
conditioned optimisation problems and manual tuning of penalty terms in the loss function. Neumann boundary conditions, which
involve derivative constraints, are more challenging to enforce and are therefore treated using a soft-penalty approach within the loss
function. These methodological choices collectively enhance the stability, efficiency, and predictive accuracy of the framework for
fracture mechanics applications. To make quasi-static fracture simulations computationally feasible, the authors propose a transfer
learning strategy. Once the solution for a given load step is obtained, the network for the next step is initialised using the previously
trained model. The weights of the early layers are frozen, and only the final layer is retrained, which accelerates convergence
considerably and enables the optimiser to reach a lower energy state in fewer iterations. The authors illustrate the advantage of
using transfer learning in Variational Energy-based PINN (VE-PINN) by comparing convergence of the loss function with and without
parameter reuse from previous iterations. With transfer learning, the algorithm converges more rapidly and achieves a lower final
loss (variational energy). The computational time per iteration is reduced by approximately half. Using six benchmark problems,
the authors show that VE-PINN outperforms conventional residual-based PINNs in handling discontinuities across 1D, 2D, and 3D
domains. Its ability to accurately capture a deflected crack path in a complex 2D geometry is visually demonstrated in Fig. 13.

Building on this, Motlagh et al. [97] conducted an extensive comparison of standard PINN, Variational PINN (V-PINN) and
VE-PINN applied to phase-field fracture. VE-PINN emerged as the most accurate approach overall, reducing displacement errors (L2
norm) by 30-34% and stress errors (semi-H! norm) by up to 68% compared with both standard PINN and V-PINN across 1D and
2D benchmarks (see Table 2Table 2 and Figures 9-11 in [97]). The study also explores different methods for imposing boundary
conditions, including soft and hard enforcement and a self-adaptive PINN approach. A further contribution is the demonstration of
using VE-PINN for a data-driven inverse problem to discover the material-specific phase-field length scale parameter /, with less
than 2% error.

A critical observation here is that, VE-PINN exhibits significantly higher sensitivity to the choice of activation function than
residual-based PINNs. The authors show that ReLU consistently yields physically realistic crack propagation speeds and paths that
closely match high-fidelity finite-element reference solutions, whereas tanh (and to a lesser extent softplus) produces unphysically
rapid crack growth and premature complete fracture as shown in Fig. 14. The variational energy formulation in VE-PINN directly
minimises a global scalar potential that couples displacement and phase-field evolution. Smooth, saturating activations like tanh tend
to over-regularise the highly non-convex energy landscape near sharp crack fronts, effectively smearing the fracture surface energy
and allowing the optimiser to reduce the total energy by advancing the crack too aggressively. In contrast, ReLU’s piecewise-linear
nature introduces sharper transitions that better approximate the threshold-like tensile failure and irreversibility inherent in brittle
fracture, resulting in propagation speeds and paths that respect the underlying physics. This extreme hyperparameter sensitivity is
much more pronounced when variational principles are enforced through universal approximators. Superior theoretical convergence
properties do not guarantee robustness unless the function class aligns well with the solution’s regularity (or lack thereof). The
observation therefore serves as both a practical warning and a valuable insight into the interplay between network architecture and
thermodynamic consistency in energy-based physics-informed learning.

Chakraborty et al. [107] extended the VE-PINN framework to a domain-decomposed formulation Variational Energy-based
XPINN (VExPINN). The framework partitioned the global domain into multiple non-overlapping subdomains (see Fig. 15), each
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Fig. 14. Comparison of crack propagation paths using different activation functions in VE-PINNs. (A) Finite element ground truth. (B) Deep
learning prediction with ReLU. (C) Prediction with softplus. (D) Prediction with tanh [97].
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Fig. 15. Domain decomposition and adaptive refinement strategy of VEXPINNs from Chakraborty et al. [107]. (a) shows geometry setup and
boundary conditions for the single-edge notched tension test with units in mm. (b)-(d) Distribution of training data over 4, 8 and 12 subdomains.

trained independently to minimise the variational energy. This design enables parallelisation and localised refinement near crack
tips, improving computational efficiency and preserving high-resolution predictions. Additionally, noting from their previous
works [95], the authors implement adaptive activation function scaling and fourth-order phase-field models to further enhance
solution regularity with fewer degrees of freedom, improving convergence and accuracy. The VEXPINNs idea is demonstrated using
numerical experiments on crack kinking, branching and coalescence without prior crack path knowledge.

Gu et al. [96] proposed enriched PINN (E-PINN) for 2D LEFM problems by embedding asymptotic crack-tip solutions directly
into the network output. This approach analytically captures the singular components of the displacement field, allowing the neural
network to learn only the regular part. By introducing the Mode I and II SIFs (K;, K;;) as trainable parameters, the method enables
direct computation of SIFs within a fully meshless framework.

The enriched displacement field, u, is formulated as:

uy(x,On N Ky, Kpp) = uy yn (X, Oy ) + Ky f1 1 (r,0) + Ky fy 14(r, 6) 3
uy(x, 0NN Ky Kyp) =y N (X, Oy ) + Ky fo 1 (r,0) + Ky f5 14(r, 0) (€]

where uy 5 is the output of a standard neural network with trainable parameters 6, 5 (weights and biases) and f(r, ) represents
the analytical enrichment functions derived from LEFM.

The network learns the optimal SIF values simultaneously with the network weights and biases by minimising a loss function
that enforces the governing PDEs and boundary conditions. This allows for the direct calculation of SIFs without post-processing.
The reported relative error was as low as 1.42 x 1073, with strong accuracy in resolving crack-tip stress fields (Fig. 16).
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Fig. 16. Stress contours around the crack tip showing o, 0,, and o), as captured by the enriched PINN from Gu et al. [96].
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Fig. 17. Crack propagation in scaled domains using length-scale decoupling from Lian et al. [99]. The top row corresponds to a reference
domain with /, = 4/,; the bottom row shows a domain scaled 10x larger with /, = 10/,. Columns indicate different loading stages: (Left) Crack
initialisation, (Centre) d = 4 X 10~ mm, and (Right) d = 5 x 10~ mm. The consistent damage evolution across scales validates the decoupling
strategy.

Lian et al. [99] proposed a physics-informed approach within the VE-PINN framework to explicitly decouple the physical
and numerical length scales involved in fracture modelling. Central to their method is a novel degradation function, controlled
by a tuneable parameter g, which allows the physical length scale /, associated with material fracture behaviour to be treated
independently of the numerical length scale /,, which is typically constrained by mesh resolution. When ¢ ~ 1, the model maintains
accurate peak stress predictions even in cases where the mesh size (and hence /;) is much larger than /,. This decoupling enables the
use of significantly coarser meshes while preserving physical realism. As a result, the method allows simulations over domains four to
ten times larger without increasing the number of integration points, substantially reducing computational cost. This advancement
addresses a major limitation in large-scale fracture simulations and extends the capabilities of previous VE-PINN approaches by
enabling scalable and accurate modelling across length scales. The effectiveness of this decoupling strategy is illustrated in Fig. 17,
which shows that fracture patterns remain consistent across domain sizes and resolutions.

Pantidis et al. [101] proposed the Integrated Finite Element Neural Network (I-FENN), combining Helmholtz-regularised finite
element damage models with neural networks to account for history effects. For improved handling of time-dependent behaviour,
temporal convolutional network (TCN) were integrated to produce I-FENN-TCN [108]. The enhanced model achieved errors under
3% in peak load and 5% in energy dissipation predictions.

To optimise the performance of PINNs within this framework, a systematic study on the effect of depth, width, and number of
neurons in a neural network was explored [103] by varying the aspect ratio of the network (defined as width divided by depth)
from 0.2 (very deep and narrow) to 5.0 (very shallow and wide), while keeping the total number of trainable parameters fixed. The
experiments revealed that networks with near unity aspect ratios (i.e., width-to-depth between 0.8 to 1.2) consistently provided the
best trade-off between numerical accuracy and computational cost. NN constructions that are either very deep (aspect ratio = 0.2)
or very wide (aspect ratio = 5) exhibited slower convergence, higher prediction errors, and increased training loss. Fig. 18 presents
results for networks with n = 420 trainable neurons. The full study [103] includes additional results for » = 300 and n = 560, which
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Fig. 18. Impact of network aspect ratio on training time, prediction error and loss for networks with n = 420 trainable parameters. Results
highlight trade-offs in PINN architectures between depth and width [103].
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Fig. 19. Crack branching as predicted by DRM compared with FEMs reference solutions from Manav et al. [98].

showed consistent trends. These findings offer practical guidelines for designing efficient PINN architectures for non-local damage
modelling. Further to this, in their recent work [159] they employed physics-informed convolutional neural network (PICNN) to
predict the phase-field variable ¢ from strain energy density maps, while finite element methods handle equilibrium equations.
The highlight of this work being that the training took only 5 min while offering substantial computational speed-ups scaling
with mesh resolution. In a more recent work, Konale et al. [160] employed PINN for gradient-free fracture modelling, formulating
the loss to enforce energy balance and irreversibility directly without explicit damage gradients. Applied to quasi-brittle materials
under tensile loading, the model predicts crack paths and stress fields by minimising residuals of the governing PDEs. The authors
demonstrate qualitative agreement with phase-field benchmarks on 2D notched specimens, highlighting reduced computational cost
over traditional solvers while also noting limitations in handling complex 3D geometries. This work underscores the potential of
pure PINNSs for interpretable fracture surrogates, paving the way for integration with operator-learning frameworks discussed next.

Building on the Deep Ritz method (DRM) introduced by Yu et al. [161], which reformulates variational problems through neural
network approximators, Manav et al. [98] employed DRM to model a wide range of fracture phenomena including nucleation,
propagation, kinking, branching, and coalescence. In this work, variational fracture energy is minimised using a unified neural
network that jointly learns displacement and damage fields. Key methodological innovations include parametrically scaled ReLU
activations, finite element-inspired numerical gradient evaluations, and the adoption of the Rprop [70] optimiser to address training
instabilities. Despite its strong agreement with finite element results and its ability to capture complex crack topologies without
predefined paths or notches, the DRM remains computationally expensive due to the large number of quadrature points required,
and crack initiation in notch-free domains still depends on artificial scaling of the regularisation length. The high visual similarity
observed in crack branching (Fig. 19) justifies its potential for future developments in parametric fracture modelling and uncertainty
quantification. This is particularly evident when complemented by physics-informed encoder-decoder networks that achieve over
90% spatial accuracy with orders-of-magnitude faster inference [116].
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These developments collectively mark the evolution of PINN-based methods for fracture mechanics from early formulations min-
imising residuals to energy-based, enriched, and scalable frameworks. While challenges remain in 3D generalisation, discontinuity
handling, and optimiser robustness, the reviewed methods demonstrate growing maturity in bridging physics and deep learning for
fracture prediction and simulation. In the following section, we explore neural operators that are designed to learn the underlying
physics for a range of boundary and initial conditions.

4.7. Surrogate modelling with neural operators

Neural operators are a class of surrogate modelling tools that have been widely explored for engineering applications. Unlike
conventional neural networks that map between finite-dimensional spaces, they learn mappings between infinite-dimensional
function spaces. While traditional networks approximate a function y = f(x), neural operators learn an entire family of solutions,
making them well-suited for parametric studies and solving PDEs. By directly approximating the solution operator of a PDEs system,
(solution = G(initial condition, parameters)), predictions can be made rapidly for a wide range of initial conditions and parameters.
This section reviews applications of neural operators to fracture problems.

Initial explorations into applying neural operators for fracture established two distinct philosophies: leveraging physical laws to
guide learning in data-sparse environments and harnessing the architectural strengths of data-driven operators to capture the global
nature of fracture. A key physics-informed approach was introduced by Goswami et al. [109] with the Variational Deep Operator
Network (V-DeepONet). The authors propose a hybrid training methodology that combines the governing physical laws with data-
driven learning by minimising a hybrid loss function. This function is a weighted sum of a data-driven loss and a physics-driven
loss derived from the variational energy of the governing PDEs, which naturally handles the discontinuities inherent in fracture
problems.

L) = 41 Lgata®) + A Lyar(6) (5)

where L, is the total variational energy of the system. As a result, the model can fit both interpolation and extrapolation tasks.
For a Mode-I tensile failure problem, the model achieved an average prediction error 1.85% for an out-of-distribution crack length.
In a more complex Mode-II shear failure scenario, the model predicted an out-of-distribution case with a low relative mean error of
3.17% using only 85 training samples, demonstrating its data efficiency.

The proposed framework employs a history-aware input structure by incorporating strain energy from the two preceding time
steps to inform future predictions. This temporal context enables the model to capture crack progression dynamics under varying
initial defects and loading conditions. The architecture and generalisation capability of V-DeepONet, including its performance on
unseen cases, are illustrated in Fig. 20. Overall, the approach demonstrates a robust and generalisable surrogate modelling strategy
for complex, history-dependent fracture phenomena.

Zhiheng He [131] explored a purely data-driven approach using the FNO for modelling brittle fracture. The study focuses on
predicting fracture paths in plates with randomly distributed cavities, emphasising the architectural strengths of the FNO. The
authors argue that FNOs are inherently more suitable for fracture modelling than conventional architectures such as CNN, as
fracture propagation is governed by global stress distributions. By operating in the frequency domain, the FNO captures these global
dependencies more effectively, whereas the locality of CNN kernels poses a fundamental limitation in this context.

A Fourier layer’s core operation can be expressed as:

(K@)h)(x) = FH(R, - (Fh))(x) (6)

where F is the Fourier transform and R, is the learnable frequency-domain representation of the convolution kernel.

The trained FNO delivers a massive acceleration, predicting a fracture path for a 512 x 512 image in 2 s, which is a 750x
speed-up over the 25 min required by the FEMs solver. When trained on the same dataset of 2080 input-output pairs, the FNO
outperformed a CNN, achieving an accuracy of 72.62%, which was one-third higher than the CNN’s 54.76%.

Building on these foundations, recent research has tackled more complex challenges such as spatiotemporal prediction and
problems involving irregular or evolving geometries - a critical step towards modelling realistic fracture dynamics. An advance-
ment in spatiotemporal prediction is presented by Kiyani et al. [118], who explore the use of DeepONet variants to predict
the time-dependent evolution of crack propagation. A key distinction of this work is its use of training data generated from
Constitutively-informed Particle Dynamics (CPD), a discrete particle-based method that captures crack nucleation and evolution
without the constraints of continuum assumptions. The study compares a standard basic DeepONet against the more advanced
Fusion DeepONet. The Fusion DeepONet architecture consistently outperforms the basic DeepONet with final training loss (MSE)
of approximately 107>, two orders of magnitude lower than the vanilla DeepONet (loss of 10~3). This was achieved with a simpler
architecture (3 hidden layers vs. 5) and faster training times.

A primary limitation of FNOs is their reliance on the FFT, which inherently assumes periodicity and rectangular domains. This
makes them unsuitable for problems involving irregular geometries or evolving topologies. Liu et al. [128] address this critical gap
by introducing the Domain Agnostic Fourier Neural Operator (DAFNO), a novel architecture designed to handle irregular geometries
and evolving domains with topology change. The core idea is to explicitly encode geometric information into the FNO architecture
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Fig. 20. Out-of-distribution prediction for shear failure using V-DeepONet, from Goswami et al. [109]. The figure shows how the prediction
accuracy for an unseen crack location (out of bound tip) improves as the number of training samples (n) increases from 20 to 85. With just 85
samples, the model achieves high accuracy (3.17% error), demonstrating its generalisation capability and highlighting the model’s data efficiency.

by incorporating a smoothed characteristic function () into the integral kernel layer. The DAFNO layer update is expressed as:
JH] =0 (F(x)X(Zh) - hI(}))+ Wh+c) (7)

where 7 denotes a nonlocal convolution operator, 7(x) masks out non-physical regions and ¢ is a nonlinear activation function. The
term Z(yh) — hI(7) encodes domain-aware filtering, ensuring that information propagates only within the physical domain while
maintaining consistency near complex boundaries.

For time-dependent problems like fracture, the characteristic function evolves with the domain, y(x,t), keeping the operator
informed of the changing topology. Trained on a dataset containing snapshots from just one crack simulation, the authors claim
that the model was able to accurately predict qualitatively different and unseen fracture patterns, demonstrating that it learned the
true underlying constitutive behaviour rather than merely fitting to a specific pattern.

Addressing the challenge of performance degradation of standard FNOs with the increase in network depth, You et al. [127]
proposed the Implicit Fourier Neural Operators (IFNO) architecture. Rather than computing the layer output directly, IFNO models
the incremental update between consecutive layers. This design interprets the network as a discretised time-dependent nonlocal
equation that mimics a fixed-point solver, with the update rule given by:

h(x, (I + 1)A1) := h(x,1A1) + Ato(W h(x, [At) + F~[F[«] - FIH]I(x) + ¢) 8

Here, 7 and F~! denote the forward and inverse Fourier transforms, « is a learnable convolutional kernel in the frequency
domain and 4t is a pseudo-time step. This formulation enables stable deep architectures by interpreting the network as a discretised
fixed-point solver, suitable for simulating long-horizon, nonlocal dynamics such as fracture evolution.

This structure fixes the memory cost regardless of depth and enables stable “shallow-to-deep” training. In a brittle fracture
problem demonstrated in their article, the best IFNO (with L=8 layers) achieved a low test error of 12.8% for a 15-step-ahead
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Fig. 21. Predicted vs. ground-truth results and absolute error maps for (left) Shear loading using the two-step DeepONet and (right) Crack
branching using DeepOKAN [110].

prediction, whereas the best-performing FNO (L=4 layers) had a much higher error of 25.7%. The IFNO’s error consistently decreased
with depth, while the FNO’s performance deteriorated considerably for L > 4.

Addressing the high computational cost of phase-field fracture modelling and the error accumulation inherent in sequential
operator learning approaches, Kiyani et al. [110] investigate optimising the trunk network architecture within DeepONet with three
variants: a data-driven two-step DeepONet, a physics-informed two-step DeepONet incorporating the energy functional into the loss
function and DeepOKAN, which replaces the trunk’s MLP with a Kolmogorov—Arnold Networks (KAN). A key contribution in their
work is the formulation of a direct mapping from initial conditions to the final state at a given load step which avoids the cumulative
error accumulation during sequential prediction. The physics-informed variant demonstrates remarkable data efficiency with a MAE
of approximately 6.6 x 10~ for the phase field under shear loading, using only 10 training samples, compared to 6.8 x 10~ for the
data-driven model trained on 4.5 times more data. These architectural variants and their comparative performance are illustrated
in Fig. 21.

While the approaches surveyed in Sections 4.1-4.7 described the explored the state of the art in architecture setups, the following
subsection examines studies that applied these architectures to specific material systems by incorporating crystallographic and
mechanism constraints to address multiscale modelling challenges. By tailoring network components, loss terms, or training data to
the material at hand, the resulting models often achieve predictive accuracy and physical interpretability that generic approaches
cannot match.

4.8. Material-specific models

As seen in the earlier subsections, much of the literature on deep learning for fracture simulation focuses on solver-agnostic
architectures. A parallel thread of research applies machine learning to uncover material-specific fracture phenomena. These
studies leverage tailored datasets and models to accelerate discovery, enhance physical insights and facilitate inverse design in
materials [162,163] ranging from nanostructure graphene to metallic beryllium [85,89]. In this subsection, we review several
representative works that integrate ML with material-specific mechanics, each contributing unique capabilities to the broader
landscape of computational fracture modelling.

Hsu et al. [89] employed ConvLSTM models to predict fracture evolution in crystalline solids subjected to mixed-mode
(Mode I and II) loading. Trained on Molecular Dynamics (MD) simulations across diverse lattice orientations, the model learned
spatiotemporal crack propagation patterns and associated energy release rates. It generalised effectively to gradient-oriented
bicrystals despite being trained on discrete single-crystal data. However, the model’s scalability to polycrystalline or 3D domains
remains an open challenge (Fig. 22).

Fernandez-Godino et al. [120] addressed the multiscale modelling challenge in high-strain-rate beryllium by training a machine
learning emulator to bridge mesoscale fracture simulations (using HOSS) and macroscale constitutive response (in Finite-volume
Arbitrary Lagrangian-Eulerian Code (FLAG)). Using only the maximum crack length and peak stress as inputs, their recurrent
model reproduced the key dynamics of crack growth with orders-of-magnitude computational speedup. Importantly, the emulator
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Corresponding MD validation [85].

generalised to experimental Velocity Interferometer System of Any Reflector (VISAR) data, showcasing robustness and opening
avenues for hybrid data-model calibration workflows.

Lew et al. [86] developed a convolutional RNN to simulate fracture evolution in monolayer graphene. Trained solely on MD data
for armchair and zigzag orientations, the model accurately captured spatiotemporal crack propagation and stress—strain responses,
demonstrating the potential of deep sequence models as efficient surrogates for atomistic simulations. Building on this foundation,
Lew and Buehler [85] integrated the trained network with a Genetic Algorithm (GA) to enable inverse design of polycrystalline 2D
materials with enhanced fracture resistance. Impressively, by sampling a dense range of grain boundary orientations, the hybrid
ML-GA framework revealed narrow peaks in fracture toughness at 19° and 41° orientations associated with maximised crack
branching and resistance despite being trained only on single-crystal data. This capability is further demonstrated in Fig. 23, where
the framework successfully generates MoS, microstructures with tailored crack trajectories that avoid predefined vulnerable regions.

Worthington and Chew [122] proposed a data-driven framework for predicting and designing crack trajectories in ductile
materials with complex void morphologies, commonly encountered in additive manufacturing. Their model enables inverse design
by optimising void placements to steer crack paths towards desired shapes, while also revealing that visually similar trajectories
can emerge from distinct microstructures with noticeably different fracture energies. Furthermore, as illustrated in Fig. 24, the
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Fig. 24. Probabilistic crack path prediction from Worthington and Chew [122]. The model outputs a distribution of plausible crack trajectories
(grey lines) and predicts associated energy dissipation, colour-coded from low (blue) to high (red). The probability distribution highlights the
stochastic nature of fracture propagation.

framework captures the inherent stochasticity of fracture by outputting a distribution of likely crack paths and their associated
energy dissipation.

The recent work of Damma@ et al. [164] proposes a novel hybrid model tailored for soft, hyper-elastic solids. Their approach
integrates the phase-field method for predicting crack propagation with a Physics-Augmented Neural Network (PANN) that acts
as a high-fidelity constitutive model for the bulk material. PANN enables a decoupled description of the material’s volumetric
and isochoric responses, allowing for a weakening of the incompressibility constraint in fracturing zones. The authors ensure the
physical soundness of their model by designing the PANN to be polyconvex by construction, which guarantees material stability
and enhances extrapolation capabilities. The paper demonstrates that this hybrid framework, one of the first of its kind for soft
solids, can be successfully trained on experimental data and used to accurately simulate complex fracture phenomena, showcasing
the potential for neural networks to replace traditional constitutive models within established fracture mechanics frameworks.

5. Challenges and limitations in ML-driven fracture modelling

The preceding review draws attention to a consistent trend of increasing adoption of Al architectures, such as CNNs, GNNs, PINNs,
neural operators, ROMs, and generative models, for modelling fracture and damage phenomena. Despite their strong performance
on curated benchmark datasets, broader adoption remains hindered by several interconnected challenges such as limited training
data, poor generalisation to unseen microstructures and loading conditions, insufficient physical consistency, handling of complex
geometries and boundary conditions, computational scalability, lack of interpretability (understanding internal representations and
learned physics) and lack of explainability (providing human understandable reasons for specific predictions).

Foremost is data scarcity, as producing both experimental and high-fidelity simulation data are expensive and time-consuming
[132,136]. Simulation methods such as XFEM, PFM, or CZM require considerable computational resources, while experiments
for material-specific fracture characterisation often yield data that is limited in scope and resolution [32,120]. This scarcity
hinders supervised training and contributes to poor model robustness in extrapolative scenarios. Moreover, the manual annotation
of crack paths, damage fields, or stress concentrations introduces further bottlenecks [125]. The challenge is magnified in 3D,
where the cost of generating and storing datasets becomes higher. Existing models do not scale well with mesh size or geometric
complexity [71,120] and generative models like GANs or VAEs often produce unrealistic crack geometries [78].

Closely tied to data scarcity is the challenge of generalisation. Many models perform well on familiar datasets but deteriorate
markedly when evaluated under new geometries, boundary conditions or materials. CNNs that work on image-based inputs like
U-Net variants are fundamentally constrained by their requirement for regular grids, often requiring lossy projection of FEMs
data [72] or capturing full 3D fracture morphology. GNNs handle unstructured domains more naturally, but are sensitive to graph
construction and resolution [71]. In dynamic simulations involving long time sequences or fine meshes, architectures modelled with
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message-passing schemes can accumulate numerical errors and cause over-smoothing.

PINNs, while attractive for embedding governing equations, have not consistently outperformed classical numerical methods.
Benchmarking studies show that classical numerical methods are generally faster and more accurate for a range of PDEs at
comparable resolutions [165]. The high computational cost of PINNs stems from the large number of optimiser steps needed
to solve non-convex training problems. While they can offer fast evaluation in high-dimensional problems where FEMs becomes
infeasible [166,167], this benefit only emerges after an expensive offline phase. In low- to mid-dimensional problems where
traditional solvers are well-established, they are often less efficient [168] Furthermore, they struggle to accurately capture
singularities near crack tips or sharp displacement jumps due to the smoothness of their function approximators [69,106], a known
issue with sharp gradients [100]. The sensitivity of these models to the weighting of physics and data terms further complicates
stable convergence [107].

Another limitation is representing geometric complexity. Fracture involves evolving, irregular fields that defy standard grid-
based representations like those used in CNNs. While GNNs show promise in handling irregularity, their scalability to large-scale
3D domains remains an open challenge. ROMs, which enhance computational efficiency by simplifying fracture dynamics, may
oversimplify critical behaviour and typically fail to capture localised crack propagation unless enriched or coupled with full-order
solvers. FNOs are architecturally biased towards fixed domains and periodic structures, making them unsuitable for arbitrary crack
patterns without extensive preprocessing or architectural redesign. Neural operators are still an immature frontier with limited
benchmarking in fracture applications and face difficulty handling discontinuities. Implementing these methods successfully requires
further theoretical and algorithmic innovations to robustly model fracture processes that encompass sudden jumps and evolving
discontinuities.

Despite an evolving literature, the industrial adoption of deep learning models for fracture assessment remains minimal, with
no documented case studies demonstrating integration into production-scale pipelines or safety certification processes. Most models
focus on benchmarks rather than operational needs and lack interpretability, as post-hoc analysis like SHAP or Grad-CAM rarely align
with physically meaningful quantities such as crack driving forces, fracture energy release rates or toughness parameters [169,170].
Validation practices further raise concerns, as these models are typically benchmarked against outputs from classical numerical
methods rather than physical experiments, risking the propagation and amplification of errors during training. Without experimental
validation or interpretable predictions, claims of accuracy remain provisional, undermining trust in critical decision-making where
failure mechanisms are poorly understood.

6. Way forward: Perspectives and opportunities

Integration of ML into computational fracture mechanics is rapidly evolving from accelerating simulations to enabling predictive,
interpretable and generative capabilities. To fully realise its potential, ongoing research must address key challenges including data
scarcity, generalisation, physical inconsistency and lack of interpretability. Based on current trends, several promising directions
emerge:

Physics-Integrated and Hybrid Models: Embedding physical laws such as conservation principles, frame invariance and
thermodynamic consistency directly into ML architectures can enhance generalisation and reduce reliance on large datasets.
Variational, enriched and operator-informed models show strong potential for producing physically consistent and generalisable
results. Pre-training large models on diverse simulation datasets and fine-tuning them for new tasks can reduce data requirements
for novel applications.

Uncertainty Quantification and Reliability: For ML models to be adopted in safety-critical engineering applications, it is
essential that they not only provide accurate predictions but also quantify their associated uncertainty. Integrating methods such
as Bayesian Neural Networks, ensemble learning and conformal prediction allows models to output calibrated confidence intervals,
identify out-of-distribution inputs and support decision-making under uncertainty. In fracture modelling, ensemble GNNs have been
used to predict crack paths and highlight regions of high uncertainty near crack tips [71]. Similarly, Feng et al. [136] employed
probabilistic surrogates to predict damage fields under uncertain loading, demonstrating the importance of uncertainty-aware design.

Inverse Design and Generative modelling: Generative models namely GANs, VAEs and diffusion models offer powerful
capabilities for exploring and optimising complex fracture phenomena. When coupled with ML surrogates, these models can
rapidly generate microstructures or geometries tailored to exhibit specific fracture responses, enabling inverse design for targeted
material performance. For example, He et al. [129] employed a conditional GAN to generate crack paths conditioned on porous
microstructures, while DeepFracture [77] used neural implicit representations to synthesise 3D fracture surfaces from collision
inputs. Beyond design, generative models can also assist in industrial applications by predicting the next step of crack evolution
directly from images of fractured surfaces. This image-to-evolution capability enables fast post-failure analysis and damage prognosis,
supporting preventive maintenance and real-time monitoring in high-risk engineering environments.

Open Datasets and Benchmarking for Reproducible Research: The existing studies rely on datasets with custom mesh
resolutions, geometries, material models and boundary conditions which inhibit reproducibility and comparison across different
ML models. While early efforts such as the Mechanical-MNIST Crack Path dataset [76] are a step towards openness, most studies do
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not share their data generation processes or training pipelines publicly which limits reproducibility and community benchmarking.
To support meaningful progress, we advocate for community driven initiatives to create well-documented, diverse datasets that span
material systems, loading modes and crack phenomena. These should include benchmarking protocols and specific evaluation metrics
for the predicted crack path, energy release rate or damage field. These efforts naturally align with open science principles [171]
and the FAIR framework (Findability, Accessibility, Interoperability and Reusability) [172]. Benchmark datasets have already
proven transformative in other domains such as ImageNet in computer vision [173], QM9 in quantum chemistry [174], the
AlphaFold Protein Structure Database in structural biology [175] and a similarly curated suite for fracture mechanics could
catalyse reproducibility, model development and broader adoption of ML-based tools in this field. Such infrastructure would enable
systematic model comparison, foster generalisable architectures, and lay the groundwork for foundation models in mechanics.

7. Conclusions

This review presented a perspective on the growing role of ML in computational fracture and damage mechanics. We charted the
progression from traditional physics-based solvers to advanced ML architectures, including surrogate models, GNNs, CNNs, PINNs,
neural operators and generative frameworks. There is an evident clear shift from black-box emulators towards hybrid, physics-
aware models that balance accuracy, interpretability and efficiency. Techniques such as VE-PINNs, DeepONets, multiscale GNNs
and enriched operator networks exemplify this trend, offering faster simulations while preserving physical consistency. Despite this
progress, several challenges persist. Data generation remains expensive, models often struggle to generalise beyond training domains
and interpretability is still limited. Furthermore, robust deployment in real-world applications requires advances in uncertainty
quantification, causal reasoning and scalable learning across geometries and materials. The potential impact of ML in fracture
mechanics is profound. These tools can drastically reduce computational costs, enable real-time predictions and open new avenues
for inverse design and multiscale modelling. Moving forward, Al is poised not to replace but to augment traditional simulation
workflows and enable faster engineering design cycles.
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Appendix

Notation:

- y;: True value of the ith sample
- J;: Predicted value of the ith sample
- 7: Mean of true values (y = % >y

- N: Number of samples
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Table 3
Confusion matrix for binary classification.
Predicted L :
Actual cte Positive Negative
Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)
Table 4
Common evaluation metrics in deep learning.
Metric Definition Formula
Accuracy Overall proportion of correct _ TP+TN
. TP+TN+FP+FN
predictions.
. . . L TP
Precision Proportion of predicted positives —_—
L TP+ FP
that are true positives.
Recall Sensitivity Proportion of actual positives _Trr
TP+ FN

correctly predicted.
2 - Precision - Recall

F1 Score Harmonic mean of precision and -
Precision + Recall
recall.
1 N
MAE Mean Absolute Error: average ~ Z |y, = $il

absolute deviation. i=1

N
MSE Mean Squared Error: average of % 2(3" -5
squared deviations. i=1

RMSE Root Mean Squared Error:
interpretable in true units.
RE Relative Error (element-wise). RE, = Iy'l_ly'l
Yi
L -l
MRE Mean Relative Error. — —
N ; i1
L? Norm Error Euclidean norm of prediction lly=79ll, = \/Z(y, - 9)?
error.
Relative L> Norm L? error normalised by ground %
truth norm. Yl
2 - - . . . 2 T =)’
R? (Coefficient of Determination) Proportion of variance explained R =1- ﬁ
Yi— Y,

by the model.
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