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Abstract
Metal Powder Bed Fusion (PBF) epitomizes the complexity of modern manufacturing, where strongly coupled thermal,
mechanical, and fluid-dynamic interactions evolve over multiple spatial and temporal scales. Capturing these multiscale phe-
nomena with predictive fidelity remains a central barrier to reliable, repeatable, and certifiable metal additive manufacturing.
Conventional numerical solvers such as finite element or finite volumemethods provide physical rigor but are computationally
prohibitive for design exploration, uncertainty quantification, or real-time control. This paper positions Scientific Machine
Learning (SciML) as a unifying paradigm that bridges the interpretability of physics-based modeling with the adaptability
of data-driven inference. By embedding governing physical laws directly into learning procedure, or introducing biases into
the architectures, SciML enables models that are both data-efficient and physically consistent, capable of accelerating high-
fidelity simulations and supporting in-situ process optimization. The review is structured around three persistent challenges:
mathematical complexity stemming from coupled multiphysics interactions, training instability inherent to physics-informed
optimization, and practical integration barriers that limit industrial deployment. We analyze how emerging formulations such
as Physics-Informed Neural Networks and Neural Operators address these challenges and advance toward robust, generaliz-
able process surrogates. Beyond synthesizing existing methods, the paper outlines a roadmap toward physics-grounded digital
twins, signaling a transformative step toward intelligent, self-correcting metal additive manufacturing systems.

Keywords Metal Additive Manufacturing · Powder Bed Fusion · Scientific Machine Learning · Physics-Informed Neural
Networks · Neural Operators · Digital Twins

Introduction

Additive Manufacturing (AM) encompasses a family of pro-
cesses that produce three-dimensional objects directly from
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digitalmodels using awide range ofmaterials and technolog-
ical principles. These processes can be classified according to
criteria such as the initial material state, the layer formation
mechanism, and the interlayer bonding strategy (Tony et al.,
2023). Although these techniques fabricate components by
superimposing successive material layers through different
physical mechanisms, they all share a common digital work-
flow. In particular, the process starts from a Computer-Aided
Design (CAD) model of the object, which is converted into
a sequence of ultra-thin layers through an intermediate trian-
gular mesh representation (Di Cataldo et al., 2021; Montalti
et al., 2024).

In this context, the AM technologies that employ metallic
materials, referred to as Metal AM (MAM), are increasingly
adopted in industry as an alternative to traditional subtrac-
tive techniques, due to their ability to produce complex,
lightweight, and highly customizedmetal components.More
specifically, the selective deposition ofmetallicmaterial only
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where needed, which is at the core of the MAM approach,
reduces metal waste and enables rapid design iteration with-
out the need for tooling. This is especially attractive for
aerospace (Liu et al., 2017), automotive (Goehrke, 2018),
and biomedical applications (Javaid &Haleem, 2018; Aimar
et al., 2019;Martorelli et al., 2020), which often involve com-
plex and highly customized designs.

The two most widely adopted processes for MAM are
Powder Bed Fusion (PBF) and Direct Energy Deposition
(DED). While both enable layer-wise fabrication of metal
components, they differ substantially in deposition strategy,
resolution, and process dynamics:

– PBF spreads fine metal powder in thin layers and selec-
tively fuses it using a laser or electron beam, resulting in
high geometric resolution and excellent surface quality.

– DED deposits metallic material, either in powder or
wire form, directly into the melt pool, enabling higher
build rates and the fabrication of larger parts, albeit with
reduced geometric precision.

Despite these differences, both technologies offer signif-
icant advantages over traditional manufacturing methods.
In particular, they provide exceptional design freedom and
allow the metallurgical properties of the final component to
be tailored through careful adjustment of process parameters
during fabrication (Lin et al., 2022). As a result, industrial
interest in and adoption ofMAMtechnologies have increased
steadily in recent years.

However, the fabrication process in MAM is governed
by complex and tightly coupled physical phenomena, mak-
ing precise process control difficult. This complexity poses
major challenges in terms of reliability and repeatabil-
ity, which remain critical barriers to large-scale industrial
deployment (Di Cataldo et al., 2021).

To address these challenges, research has increasingly
focused on the development of closed-loop control strategies
based on feedback loops (Liu et al., 2020). These approaches
typically integrate: (i) measurements acquired from in-situ
monitoring systems, and (ii) prior knowledge in the form of
physics-based and data-driven models.

Within a closed-loop framework, simulation plays a cen-
tral role as the predictive computational tool that links these
information sources. By exploiting both real-time measure-
ments andprior knowledge, simulations enable the prediction
of process evolution and the anticipation of the system
response to changes in process parameters, thereby sup-
porting optimization and control decisions. In this context,
simulation-based models naturally extend toward the Digital
Twin(DT) concept: that is, a comprehensive virtual repre-
sentation of a system that continuously evolves through the
integration of real-time sensor data and operational feed-
back (Grieves & Vickers, 2017; Tao et al., 2019).

In manufacturing, and particularly in MAM, a DT inte-
grates physics-based and data-driven models describing
material behavior during fabrication with virtual represen-
tations of the manufacturing equipment and the design
workflow (Kritzinger et al., 2018). This integrated virtual
model enables monitoring and predictive capabilities, while
supporting the testing and deployment of control strategies
directly on the physical production system (Lu et al., 2020).
To operate effectively, a DT must continuously acquire data
from the real process, update its internal models accordingly,
and generate appropriate responses tomeet predefined objec-
tives.

Enabling such closed-loop functionality requires simula-
tion models that operate in (near) real time and are therefore
computationally efficient, adaptive, and sufficiently accurate.
When these conditions are satisfied, DTs can improve pro-
cess consistency, enhance performance, and accelerate the
transition toward reliable and intelligent metal additive man-
ufacturing (Bayat et al., 2021), with demonstrated benefits
also in sectors such as aerospace, energy, andmanufacturing.
Representative applications include predictive maintenance
of aircraft engines (Tuegel et al., 2011), production-line
optimization within Siemens’ digital manufacturing plat-
forms (Uhlemann, T.H.- J., Lehmann, C., Steinhilper, R.,
2017), and process-parameter optimization in manufactur-
ing systems (Annamalai & Nampoothiri, 2024b, a; Hu et al.,
2025).

Traditionally, MAM simulations have been based on
numerical techniques such as the Finite Element Method
(FEM) and Finite Volume Method (FVM). These methods
offer rigorous and physically consistent approximations of
the governing Partial Differential Equation (PDEs), allowing
detailed insights into the thermal, mechanical, and metal-
lurgical behavior of the process. However, they also come
with significant drawbacks: high computational demands,
intricate meshing procedures, and the need for repeated cal-
culations whenever the design or process parameters are
modified. Such limitations make their integration into feed-
back loops or real-time optimization frameworks particularly
challenging. Yet these are precisely the capabilities required
for effective DT implementations.

Real-time and adaptive capabilities are key features of
ScientificMachine Learning (SciML) simulation techniques.
By combining first-principles models with machine learning
(for example, neural networks), SciML provides a pow-
erful and versatile framework, particularly well-suited to
scenarios in which data availability is limited. In these
approaches, prior physical knowledge is not imposed as an
external constraint but is explicitly embedded within the
learning process, the surrogate model architecture, or the
training data (Cicirello, 2024). This integration creates a nat-
ural bridge between conventional numerical simulations and
purely data-driven models, enabling the representation of

123



Journal of Intelligent Manufacturing

complex system behavior with high fidelity while achieving
improved computational efficiency and real-time adaptabil-
ity.

While the use of neural networks for solving differential
problems has a long history (Lagaris et al., 1998; Psichogios
& Ungar, 1992), their modern and most known formulation
has emerged only recently in the form of Physics-Informed
Neural Network (PINNs) (Raissi et al., 2019). These mod-
els approximate the solution of differential problems by
sampling points within the computational domain and mini-
mizing a loss function that quantifies the mismatch between
the network predictions and the governing physical equa-
tions. In doing so, PINNs not only enhance computational
efficiency but also provide a natural means of integrating
physical laws with experimental observations. A comple-
mentary and increasingly influential research direction is
represented by Neural Operator (NOs) (Anandkumar et al.,
2019), which aim to learn parameterized solution operators
for families of related problems using only a limited amount
of simulation data.

Within the context of MAM, both PINNs and NOs have
shown great promise for the efficient prediction of complex
thermal and mechanical fields that arise during fabrication.
This capability supports both process and geometry opti-
mization while significantly reducing reliance on expensive,
repeated numerical simulations. Ultimately, these advances
are pivotal for the realization of DTs capable of interact-
ing in real time with manufacturing systems. By combining
physics-based knowledge with measured data, such models
enable the creation of fast, adaptive simulation frameworks
that can drivemonitoring, optimization, and control feedback
loops as schematically described in Figure 1 (Qi et al., 2021).

Motivation and contribution

Despite the significant advantages offered by SciML, their
adoption in real-world applications remains limited and is
hindered by several challenges:

1. Mathematical complexity. Real-world MAM processes
involve multiphysics, multiscale, and time-dependent
interactions, complicating both modeling and physics-
informed learning (Jia et al., 2024).

2. Training instability. Physics-informed optimization typi-
cally results in highly non-convex, multi-objective prob-
lems, which can hinder convergence and stability (Anag-
nostopoulos et al., 2026).

3. Implementation and usability barriers. Most existing
frameworks demand expertise in mathematical model-
ing, physics, and machine learning—skills rarely found
together among process engineers or materials scientists.

Motivated by these observations, this paper presents a
structured overview of state-of-the-art SciML techniques for
MAM. By organizing our review around the three challenges
identified above, we highlight current capabilities, existing
gaps, and future opportunities for developing fast, physics-
informed simulation models, with particular emphasis on the
PBF process.

The PBF technique is inherently complex, involving
tightly coupled multiphysics interactions (thermal, mechani-
cal, fluid-dynamic, andoptical),multiscale behaviors ranging
from individual powder particles to full-part thermal cycles,
and strongly time-dependent phenomena operating across
disparate temporal scales. These characteristics make PBF
exceptionally challenging to model with high accuracy. At
the same time, they establish it as an ideal benchmark for
testing and advancing physics-informed machine learning
approaches. This duality provides a strongmotivation for our
review and underscores the importance of integrating physi-
cal insight with data-driven modeling to achieve predictive,
efficient, and generalizable simulations.

Position within existing literature

Beyond general reviews of scientific machine learning such
as Karniadakis et al. (2021), and broader overviews of
physics-informed machine learning in manufacturing con-
texts, more specialized surveys have recently emerged: ded-
icated reviews of PINNs and NOs (Yang et al., 2024; Farea
et al., 2024; Toscano et al., 2024; Liu et al., 2025; Patel et
al., 2025) provide algorithmic taxonomies and cross-domain
benchmarks. In the domain of metal additive manufacturing,
prior surveys tend to focus on data-driven monitoring, pro-
cess–structure–propertymodeling,microstructure prediction
or material-specific applications rather than the simulation
and control of the build process itself (Farrag et al., 2025;
Hildebrand et al., 2024).

In contrast, the originality of this survey lies in its
simulation-centric andprocess-level perspective.While exist-
ing surveys tend to focus on so-called inverse problems (i.e.,
predicting unknown model parameters from the integration
of observed data and physical priors), our work concentrates
on forward problems, where physics-informed approaches
are employed to solve the differential equations governing
the physical phenomena (Cicirello, 2024). In particular, we
investigate PINNs and NOs, and on how these methods can
be ultimately applied to accelerate the simulation of coupled
thermo-fluid and mechanical behavior of PBF process, as
preliminary proved inZhu et al. (2021).Beyond summarizing
the current algorithmic progress, we examine the mathemat-
ical and computational challenges inherent in multiphysics
PBF modeling, analyze the training and stability bottlenecks
of current formulations, and assess the software frameworks
and technology-readiness required for industrial deployment.
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Fig. 1 Schematic of a Digital
Twin with SciML-based
simulation. Sensor data from the
physical process are fed into a
virtual surrogate model
integrating physical priors. The
surrogate enables rapid process
simulations, supporting
real-time adjustments to the
machine and facilitating
continuous process control and
optimization

This simulation-to-implementation view differentiates our
review from prior surveys, which typically emphasize either
theoretical developments or application taxonomies. By con-
nectingmethodological advances in SciMLwith the practical
requirements of autonomous and intelligent metal additive
manufacturing, we identify SciML as a central enabling tech-
nology for digital-twin-driven PBF.

In line with this positioning, the present work is not a
meta-analysis, but adopts a state-of-the-art review perspec-
tive aimed at synthesizing representative methodological
contributions in SciML for metal PBF. The focus of the
discussion is on modeling formulations, training challenges,
and pathways toward integration into intelligent manufactur-
ing systems, rather than on exhaustive literature enumeration
or statistically driven evidence aggregation. Given the pre-
dominantly methodological and simulation-based nature
of the reviewed studies, no formal quality or risk-of-bias
scoring framework was applied; instead, methodological
assumptions, limitations, and maturity levels are discussed
qualitatively throughout the paper, with representative works
highlighted for each thematic area.

This work does not propose a new digital twin defini-
tion or architecture; instead, it reviews and organizes recent
advances in Scientific Machine Learning as enabling sim-
ulation technologies for physics-grounded, real-time digital
twins in metal additive manufacturing.

Design and organization of the review

The literature discussed in this review was identified through
searches conducted in Web of Science, Scopus, and Google
Scholar. Web of Science and Scopus were selected for their
comprehensive coverage of peer-reviewed engineering and
manufacturing research, while Google Scholar was used to

capture recent and emerging contributions in the rapidly
evolving SciML domain. The review primarily considers
works published between 2017 (year of advent of PINNs)
and 2025, with earlier seminal studies included where nec-
essary to establish methodological foundations.

Search queries combined key SciML terms with MAM
keywords using Boolean operators. The core search query
was (“physics-informed neural network*” OR “neural oper-
ator*”) AND (“powder bed fusion” OR “metal additive
manufacturing”) to identify works on the application and
we removed the constraints on the application for deeper
research. Following database searches, duplicate records
were removed and titles and abstracts were screened to
exclude clearly out-of-scope studies and those that do not
introduce novelties for what concern the algorithms while
applied on topics different fromMAM.Full-text articleswere
subsequently assessed for thematic relevance based on their
methodological focus, applicability to metal additive manu-
facturing processes, and ability to address the computational
challenges of the underlying mathematical models.

Overall, the review synthesizes approximately 70 peer-
reviewed studies selected for their relevance to SciML-based
forward modeling and simulation of metal PBF, closely
related additive manufacturing processes, and models that
can be applied on PBF simulations in principle because
they have been developed for general physical phenomena.
Studies focusing exclusively on inverse problems, purely
data-driven black-box models without physical constraints,
or non-metal additivemanufacturingprocesseswithout trans-
ferable physics were excluded. Given the predominantly
methodological and simulation-based nature of the reviewed
studies, no formal quality or risk-of-bias scoring frame-
work was applied; instead, methodological assumptions,
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limitations, and maturity levels are discussed qualitatively
throughout the paper.

The remainder of this paper is organized as follows. Sec-
tion 2 outlines the background of SciML, presenting the
formulations of PINNs and NOs. Section 3 addresses the
mathematical modeling of PBF processes and the associ-
ated computational challenges that make accurate simulation
difficult for both traditional numerical methods and SciML.
Section 4 reviews the state of the art in SciML-based simula-
tions for PBFmodels, while Section 5 discusses the available
approaches to mitigate training challenges. Section 6 exam-
ines the current implementation of SciML algorithms in
real-world applications, available software frameworks and
integration pathways toward industrial deployments. Finally,
Section 7 summarizes open problems and future research
directions.

Background of Scientific Machine Learning

SciML refers to a broad class of approaches that integrate
data-driven machine learning techniques with principles
from computational science (Cicirello, 2024). By combining
physical priors with information extracted from measured
data, these methods aim to exploit the complementary
strengths of both paradigms, leading to improved general-
izability, flexibility, and computational efficiency. From a
modeling perspective, SciML can be interpreted as amodern,
algorithmic formalization of classical gray-box or semi-
empirical modeling strategies, enabled by recent advances
in machine learning and numerical computing.

As anticipated in the previous section, SciML algorithms
are commonly categorized according to the type of prob-
lem they address forward or inverse problems (Cuomo et
al., 2022). Forward problems focus on solving differential
equations that model physical phenomena, whereas inverse
problems aim to infer models or unknown parameters from
data, incorporating different levels of physical prior knowl-
edge, from purely data-driven (black-box) approaches to
gray- and white-box formulations based on known physical
models.

As our primary objective is the efficient simulation of the
PBF process while retaining the ability to incorporate mea-
surements during simulation, in the following sections we
focus exclusively on forward problems. Within this context,
PINN and NO represent the two families of SciML algo-
rithms that best satisfy these requirements (Cuomo et al.,
2022).

Physics-informed Neural Networks

PINNs, andphysics-informed learningmore broadly, provide
a unified framework for combining physical laws and obser-

vational datawithin a singlemodel (Raissi et al., 2019). In this
approach, a neural network takes as input the spatio-temporal
coordinateswithin the domain and outputs the physical quan-
tities of interest, describing the state or evolution of the
system. Training the neural network requires minimizing a
loss function that aggregates multiple objectives into a single
scalar quantity. These typically include: (i) a physics-based
loss term that enforces the PDEs governing the underlying
behavior; and (ii) terms ensuring that boundary and initial
conditions are satisfied. Additionally, if data are available,
the loss function includes a supervised loss term.

Tomathematically define aPINN, consider a generic time-
dependent problem on a spatial domain � over the time
interval [0, T ]. The governing equations are:

N [u](x, t) = f (x, t) (x, t) ∈ � × (0, T ]
B[u](x, t) = g(x, t) (x, t) ∈ ∂� × (0, T ] (1)

u(x, t) = h(x) (x, t) ∈ � × { 0 }

Here, N denotes a differential operator that may include
time derivatives, and B is the boundary operator. The goal
of a PINN is to approximate the solution u using a neural
network.

In this formulation, x ∈ � ⊂ R
d refers to the spatial coor-

dinates (in one, two, or three dimensions), and t ∈ [0, T ]
represents time. The function u(x, t) corresponds to the
physical field of interest (e.g., temperature, displacement,
or stress), whose behavior is governed by N . The functions
f , g, and h are assumed to be known in forward problems,
either everywhere in their domains or only at discrete data
points.

Figure 2 provides a conceptual overview of the training
process of a generic PINN.

PINNs approximate the solution u : �̄ → R of Equa-
tion (1) with a neural network uθ parameterized by weights
θ . The optimal parameters are obtained by minimizing the
loss function

L(θ) = λrLr (θ) + λbLb(θ) + λ0L0(θ) (2)

where the individual components are defined as

Lr (θ) = 1

Nr

Nr∑

i=1

∣∣∣N [uθ ](x (i)
r , t (i)r ) − f (x (i)

r , t (i)r )

∣∣∣
2

(3)

Lb(θ) = 1

Nb

Nb∑

i=1

∣∣∣B[uθ ](x (i)
b , t (i)b ) − g(x (i)

b , t (i)b )

∣∣∣
2

(4)
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Fig. 2 Overview of the training process of a PINN. The neural net-
work maps the spatio-temporal coordinates (x, t) to the predicted field
uθ (x, t). Automatic differentiation is used to evaluate the governing
differential operators, enabling the explicit incorporation of physical
constraints derived from the PDE, boundary conditions, initial condi-

tions, and available measurements data. These constraints are enforced
through the composite loss functionL(θ), defined by the residual terms
in Equations (2)–(5), which isminimized via backpropagation to update
the network weights θ

L0(θ) = 1

N0

N0∑

i=1

∣∣∣uθ (x
(i)
0 , 0) − h(x (i)

0 )

∣∣∣
2

(5)

When the functions f , g, and h are available through-

out their entire domains, the sets of points
{

(x (i)
r , t (i)r )

}Nr

i=1
,

{
(x (i)

b , t (i)b )
}Nb

i=1
, and

{
x (i)
0

}N0

i=1
are randomly sampled

within � × (0, T ], ∂� × (0, T ], and �, respectively. Oth-
erwise, the collocation points are selected at the available
measurement locations.

From a physical perspective, the individual components
of the PINN loss function in Equations (3)-(5) enforce dif-
ferent aspects of the governing physics. The residual loss
Lr (θ) measures the degree to which the neural-network
approximation satisfies the governing differential equations
at collocation points within the domain. In the context of
PBF thermal simulations, this term reflects the adherence
of the model to the heat conduction equation, while in cou-
pled thermo-fluid formulations it may additionally enforce
momentum and mass conservation through the Navier–
Stokes’ equations.

The boundary lossLb(θ) penalizes violations of boundary
conditions and is used to impose physically meaningful con-
straints such as heat convection and radiation at free surfaces,
laser heat input, or flow conditions at melt-pool boundaries.

Finally, the initial-condition loss L0(θ) enforces consis-
tency with the prescribed initial state of the system. For
thermal problems, this term typically represents the ini-
tial temperature distribution of the powder bed or substrate
before laser irradiation.

In case additional experimental measurements or sim-
ulated data are also available, it is possible to include a
supervised loss term to further guide training.

Boundary and initial conditions may be enforced directly
in the neural network structure. For example, the initial con-
dition of Equation (1) can be imposed as a hard constraint by
defining

uθ (x, t) = g(x) + a(t) NNθ (x, t), (6)

where a(t) is a prescribed function satisfying a(0) = 0.
With this design, the initial condition u(x, 0) = g(x) is
always satisfied, because the added term vanishes at t = 0.
This construction ensures exact enforcement of the constraint
and eliminates the need for the corresponding loss term.

Training challenges of PINNs

Although the idea of developing a simulation model that is
both fast in inference and capable of integrating data with
physical laws is highly promising, the training of a PINN
still presents several challenges that can prevent convergence
to the correct solution. In particular, three major sources of
training failure can be identified: (i) the imbalance among the
different components of the loss function, (ii) the spectral bias
inherent to neural networks, and (iii) the ill-posed nature of
the residual loss in time-dependent problems.
Loss components imbalance

Training a PINN can be formulated as a multi-objective
optimization problem, where the aim is to simultaneously
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minimize the residual loss and the losses associated with
boundary and initial conditions. In the original PINN formu-
lation, this inherentlymulti-objective problemwas simplified
through scalarization: that is, by combining all objectives
into a single loss function expressed as a weighted sum of
the individual components. Although this approach achieved
strong results on several classical benchmark problems,
it often fails to generalize to more complex or stiff sys-
tems (Hao et al., 2024).

One of the first works to investigate the mechanisms
behind these failures was presented in Wang et al. (2021a).
The authors demonstrated that the gradient distributions
corresponding to the different loss terms are often highly
imbalanced, with the gradients of the boundary or initial
losses typically being several orders of magnitude smaller
than those of the residual loss. This imbalance usually arises
because the residual term involves differential operators that
amplify local errors, whereas boundary and initial condition
terms act only on a limited subset of the domain. Addition-
ally, differences in the number and distribution of collocation
points for each loss component further exacerbate the prob-
lem.

Such imbalance leads to two primary consequences. First,
the optimization process tends to prioritize minimizing the
residual loss, thereby neglecting the accurate enforcement
of boundary and initial conditions. As a result, the net-
work struggles to propagate the influence of these constraints
throughout the spatial and temporal domains, leading to
non-physical or inconsistent solutions. Second, the disparity
in gradient magnitudes induces stiffness in the optimiza-
tion dynamics: a situation in which gradients evolve on
widely different scales, forcing the optimizer to take very
small steps to maintain stability. This stiffness can severely
slow convergence, cause oscillatory training behavior, or, in
extreme cases, drive the optimization trajectory toward diver-
gence (Balduzzi et al., 2018).

Spectral bias
Spectral bias, also known as the frequency principle, refers

to the tendency of neural networks to learn low-frequency
(smooth) components of a target function much faster than
high-frequency ones (Rahaman et al., 2019a). In practice,
during training, a network first captures the broad, slowly
changing structures of the solution, while finer details—such
as sharp gradients, oscillations, or discontinuitiesare learned
muchmore slowly ormaynot be represented accurately at all.
In the context of PINNs, this bias poses a particular challenge
because many physical systems exhibit multiscale behav-
ior, where high-frequency components often carry essential
information about complex dynamics (for example, wave-
fronts, shocks, or turbulent fluctuations). As a result, spectral
bias can lead PINNs to converge toward overly smooth or
physically inconsistent solutions.

Researchers often analyze the training dynamics of neu-
ral networks through the lens of the Neural Tangent Kernel
(NTK) (Jacot et al., 2018). This theory establishes an equiva-
lence between infinitely wide neural networks and Gaussian
processes assuming an infinitesimal learning rate (i.e., dθ

dv
=

−∇L(θ) with v denoting the training time variable), pro-
viding a kernel-based framework that characterizes how the
network outputs evolve during training. Considering the
problem in Equation (1) and following the derivations in
Wang et al. (2022), which formulate the NTK for a PINN,
we obtain the following:

⎡

⎢⎣

∂u
∂v

[x0, θ(v)]
∂B[u]

∂v
[xb, θ(v)]

∂N [u]
∂v

[xr , θ(v)]

⎤

⎥⎦ = −K (v)

⎡

⎣
u[x0, θ(v)] − h(x0)

B[u][xb, θ(v)] − g(xb)
N [u][xr , θ(v)] − f (xr )

⎤

⎦

K (v) =
⎡

⎣
K00(v) K0b(v) K0r (v)

Kb0(v) Kbb(v) Kbr (v)

Kr0(v) Krb(v) Krr (v)

⎤

⎦

(7)

Here, K0b(v) = KT
b0(v), K0r (v) = KT

r0(v), and Kbr (v) =
KT
rb(v). The vectors x0, xb, and xr contain the spatial and

temporal coordinates of all collocation points. The scalar
products

(K00)i j (v) =
〈
du[x (i)

0 , θ(v)]
dθ

,
du[x ( j)

0 , θ(v)]
dθ

〉
(8)

(K0b)i j (v) =
〈
du[x (i)

0 , θ(v)]
dθ

,
dB[u][x ( j)

b , θ(v)]
dθ

〉
(9)

(Kbb)i j (v) =
〈
dB[u][x (i)

b , θ(v)]
dθ

,
dB[u][x ( j)

b , θ(v)]
dθ

〉
(10)

(K0r )i j (v) =
〈
du[x (i)

0 , θ(v)]
dθ

,
dN [u][x ( j)

r , θ(v)]
dθ

〉
(11)

(Krr )i j (v) =
〈
dN [u][x (i)

r , θ(v)]
dθ

,
dN [u][x ( j)

r , θ(v)]
dθ

〉

(12)

(Kbr )i j (v) =
〈
dB[u][x (i)

b , θ(v)]
dθ

,
dN [u][x ( j)

r , θ(v)]
dθ

〉

(13)

define the components of theNTK K (v), which describe how
variations in the network parameters influence the outputs of
u, B[u], and N [u] at the collocation points.

In Wang et al. (2022), the authors demonstrated that for
a linear problem, u, B[u], and N [u] converge in probability
to Gaussian processes as the number of neurons N in the
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hidden layer tends to infinity. The resulting Gaussian process
possesses a deterministic kernel K ∗. When the activation
function satisfies suitable continuity conditions, the kernel
remains effectively constant during training, that is:

lim
N→∞ sup

v∈[0,V ]
‖K (v) − K (0)‖2 = 0. (14)

Under these assumptions, we can approximate the training
evolution as

⎡

⎣
u[x0, θ(v)]

B[u][xb, θ(v)]
N [u][xr , θ(v)]

⎤

⎦−
⎡

⎣
h(x0)
g(xb)
f (xr )

⎤

⎦ ≈ −e−K (0)v ·
⎡

⎣
h(x0)
g(xb)
f (xr )

⎤

⎦

≈ −Qe−�vQ ·
⎡

⎣
h(x0)
g(xb)
f (xr )

⎤

⎦ . (15)

The eigenvalues in � of K (0) determine the conver-
gence rate of each corresponding eigenvector in Q, which
in turn governs the spectral content of the network output
during training. Empirical studies have shown that larger
eigenvalues typically correspond to lower-frequency com-
ponents (Rahaman et al., 2019b; Basri et al., 2020; Ronen
et al., 2019), thereby explaining why PINNs are affected by
spectral bias. Bymodifying the NTK spectrum through spec-
tral features enrichment (see Section 4) or through adaptive
weighting of the loss components (see Section 5), the training
convergence and robustness can be significantly improved.

Fixed-point attraction
In a general dynamical system governed by

ut = f (u),

a fixed point u∗ is a stationary state satisfying f (u∗) = 0; that
is, once the system reaches u∗, it remains there indefinitely
because du/dt = 0. Fixed points can be further classified
based on their response to small perturbations: a fixed point is
stable if nearby trajectories return to it over time, andunstable
if such perturbations grow and the trajectories move away.

InRohrhofer et al. (2023), the authors show that neural net-
work parameterizations yielding solutions that coincide with
the fixed points of the associated dynamical system also cor-
respond to minima of the residual (physics-informed) loss.
The reasoning behind the result in Rohrhofer et al. (2023)
can be summarized as follows. If the neural network output
satisfies uθ = u∗, then f (uθ ) = 0, meaning that the resid-
ual of the governing equation vanishes. For neural networks
with a finite number of layers and neurons and with continu-
ous activation functions, the mapping θ 
→ uθ is continuous.
Hence, perturbations of the volume θ∗, i.e. the parameters

vector such that uθ∗ = u∗, results in a negligible change in
the physics loss. Therefore, θ∗ acts as a global minimizer of
the residual loss and is surrounded by a non-trivial basin of
attraction: that is, the region D in the parameter space in
which the training algorithm converges to θ∗ for each initial
configuration θ0 ∈ D.

This property implies that both stable and unstable fixed
points of the physical system can attract the optimization
dynamics of the PINN. In practice, the training process may
converge toward parameterizations that reproduce such fixed
points, even if the corresponding solutions are physically
meaningless. In this case, the network becomes trapped in a
non-physical equilibrium that satisfies the loss minimization
criteria but fails to represent the correct system dynamics.

Furthermore, the study in Rohrhofer et al. (2023) showed
that the likelihood and severity of fixed-point attraction
dependmainly on two factors: the initial condition u0 and the
simulation horizon T . The influence of the initial condition is
straightforward: if u0 lies close to a fixed point, its contribu-
tion to the total loss, through both the initial condition term
and the local residuals, becomes negligible. This reasoning
also clarifies the dependence on the simulation time window:
as T increases, the relative influence of the initial condition
term within the total loss decreases. Consequently, param-
eterizations corresponding to spurious fixed-point solutions
tend to dominate the optimization landscape for larger T ,
making the network more prone to converge toward non-
physical global minima.

Neural Operators

PINNs learn solutions of differential equations by enforc-
ing the governing physics directly through the loss function.
NOs, on the other hand, aim to learnmappings between func-
tion spaces. Therefore, they can be used to predict solutions
of related problems without explicitly solving the governing
equations each time.

The objective of NOs is to learn mappings between
infinite-dimensional function spaces using input-output data
pairs (Anandkumar et al., 2019). In other words, neural
operators extend supervised learning fromfinite-dimensional
vectors to operators acting on functions. More precisely, the
aim is to approximate amapping between twoBanach spaces
of functions, X and Y (that is, a complete metric space of
functions) using a parametric model

G : X × � → Y (16)

where � is a finite-dimensional parameter space. In prac-
tical computations, the spaces X and Y are discretized so
that their elements can be represented numerically. Neural
operators can further be made physics-informed by defining
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a loss function that incorporates the governing physics of the
operator mapping from X to Y .

In their foundational work, Anandkumar et al. (2019)
introduced theGraphNeuralOperator (GNO), aNOdesigned
to map an input function a : � → R

da , with � ⊆ R
d , to the

solution u : � → R
du of the differential problem

La[u](x) = f (x) x ∈ �

u(x) = 0 x ∈ ∂�
(17)

which admits a solution of the form

U (x) =
∫

�

Ga(x, y) f (y) dy (18)

From a physical standpoint, the integral representation
in Equation (18) provides an intuitive interpretation of the
solution operator. The so-called Green’s function Ga(x, y)
represents the response of the physical system governed by
the operator La at the observation point x due to an instanta-
neous point source applied at location y. In the case of pure
thermal simulations relevant to PBF processes,Ga(x, y) cor-
responds to the temperature measured at position x resulting
from a localized heat input at position y. The integral there-
fore represents the cumulative contribution of all distributed
sources described by the function f (y) over the domain �,
consistent with the superposition principle in linear systems
and analogous to the impulse response concept in linear time-
invariant dynamical systems.

Ga is unique and continuous for x �= y under suitable
assumptions (Evans, 2022),whichmotivates the use of neural
networks for approximation. To capture the behavior of the
integral operator, the authors proposed a multi-layer archi-
tecture in which each layer uses a message-passing graph
neural network to approximate the integral:

vt+1(x) = Wvt (x)+ 1

|N (x)|
∑

y∈N (x)

kφ[x, y, a(x), a(y)]vt (y)

(19)

where N (x) denotes the neighborhood of x and kφ is a
neural network kernel acting on pairs of points.

The Fourier Neural Operator (FNO) (Li et al., 2021), in
contrast, does not rely solely on local graph neighborhoods
to approximate the integral operator. Instead, it exploits the
Fourier transform, implemented efficiently through the Fast
Fourier Transform (FFT), to capture both local and long-
range interactions:

∫

�

k[x, y, a(x), a(y)]vt (y) dy ≈ F−1[Rφ · F(vt )](x) (20)

where Rφ is a learnable operator applied in the Fourier
domain.

DeepONet (Lu et al., 2021a) takes a different approach:
it directly builds on the universal approximation theorem for
operators (Chen & Chen, 1995). This theorem ensures that
an operator can be learned using two neural networks. The
first, called the branch network, encodes the discretized input
function, while the second, the trunk network, encodes the
evaluation location x . The operator output is then obtained
as

G[a](x) =
p∑

k=1

bk(a) tk(x) (21)

where p is a tunable hyperparameter that controls the expres-
sive power of the model.

Training challenges of NOs

Although NOs provide a complementary framework for
learning mappings between function spaces, their training
also presents a range of significant difficulties. Three promi-
nent issues are: (i) the heavy requirements in terms of training
data, (ii) the errors due to discretization, and (iii) the complex
optimization dynamics, especially when physical constraints
are included. These challenges share some similarities with
those observed in PINNs, but their origins differ. Table 1
summarizes the key distinctions between the failure modes
of PINNs and NOs.
High data requirementsUnlike PINNs,which typically train
a model for a specific instance of a differential problem, NOs
aim to learn an entire mapping from input functions to out-
put functions. This generality demands a broad and diverse
set of input–output function pairs to cover the operator’s
variability. Acquiring such datasets often involves running
many expensive numerical simulations, which limits scala-
bility and practicality in data-scarce domains. For example,
strategies for pretraining neural operators emphasize that per-
formance is highly dependent on the choice and volume of
training data as well as model–dataset alignment (Zhou et
al., 2024).
Discretization mismatch and mesh-dependence Because
NOs are formally defined in infinite-dimensional function
spaces but trained on discretized approximations, their per-
formance may degrade when the discretization (mesh, grid
resolution, sampling pattern) changes between training and
inference. Recent work explicitly studies the “discretization
mismatch error” of neural operators–showing that training
at coarse resolution and inferring at fine resolution does not
guarantee preservation of accuracy (Gao et al., 2025). Sim-
ilarly, architectures that lack discretization-invariance can
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suffer when applied to irregular meshes ormultiscale geome-
tries (Hao et al., 2023).
Optimization complexity and physics enforcement The opti-
mization landscape of operator learning models is highly
nonconvex and can be particularly challenging when incor-
porating physical constraints (e.g., boundary conditions,
conservation laws, etc.). Architectures such as FNOs, which
combine spectral filtering and nonlinear transformations,
require careful mode selection to avoid under- or over-fitting
of frequency components (George et al., 2024) . Furthermore,
when physics-informed terms are added to the training objec-
tive, balancing the competing loss components becomes
difficult, and the gradients can become stiff or unstable, lim-
iting convergence and generalization (Cheng et al., 2025).

SciML versus classical numerical methods

While SciML approaches are relatively recent additions
to the simulation landscape, classical numerical methods
remain the backbone of computational physics and engi-
neering. These methods refer to a family of physics-based
techniques for solving partial differential equations (PDEs)
through the explicit discretization of the governing equations
and, when required, of the physical domain. Depending on
the discretization strategy, they are commonly categorized
into (i) finite element methods (FEM), which approximate
the solution using local basis functions defined on a mesh;
(ii) finite volume methods (FVM), which enforce conserva-
tion laws over discrete control volumes; and (iii) spectral
methods, which represent the solution through global expan-
sions in orthogonal basis functions. These approaches are
fully established in every sector of engineering, and provide
strong theoretical guarantees in terms of consistency, stabil-
ity, and convergence (Hughes, 2003; Leveque, 2002; Boyd,
2001). This makes them particularly suitable for predictive
simulations and design verification. On the other hand, the
computational cost of these methods increases rapidly with
problem dimensionality, geometric complexity, and multi-
physics coupling, which limits their applicability in real-time
or control-oriented settings (Belytschko et al., 2014; Quar-
teroni et al., 2014).

SciML approaches, including PINNs and NOs, address
these limitations by embedding physical laws directly into
machine-learning models. PINNs, as described earlier in this
Section, incorporate the governing equations, boundary con-
ditions, and initial conditions into the loss function of a neural
network, enabling mesh-free approximations of PDE solu-
tions (Raissi et al., 2019; Karniadakis et al., 2021). NOs, by
contrast, learn mappings between infinite-dimensional func-
tion spaces and thus provide resolution-invariant surrogate
models that generalize across different discretizations (Li
et al., 2021; Kovachki et al., 2023). Once trained, these
approaches enable fast inference and naturally support data

assimilation andmodel adaptation, making them particularly
attractive for DT implementations and closed-loop control
applications (Rackauckas et al., 2021; Tao et al., 2019).
Table 2 summarizes the key differences between the two
methodological families.

Beyond their conceptual and algorithmic differences, tra-
ditional numerical methods and SciML approaches also
differ substantially in their computational workflows (see
Figure 3). Classical numerical methods follow a sequen-
tial pipeline that begins with geometry definition, proceeds
throughmesh generation and numerical solver configuration,
and culminates in the computation of the solution. When the
problemsetupor parameter configuration changes, thiswork-
flow must typically be repeated in its entirety.

By contrast, PINNs eliminate the need for explicit mesh
construction by sampling collocation points within the com-
putational domain and training a neural network through
a physics-informed loss function. When the governing
parameters are spatially constant, as in isotropic problems,
PINNs naturally support the construction of parametric mod-
els (Depaoli et al., 2024).

NOs adopt a fundamentally different strategy by learning a
direct mapping from the parameter space (potentially includ-
ing functional inputs) to the solution space. This approach
relies on an offline training phase in which traditional numer-
ical solvers generate high-fidelity solutions for a selected
set of parameter configurations. These solutions form the
training dataset for the NO, which can then rapidly predict
solutions for previously unseen parameter settings.

Mathematical modeling of the PBF process

To develop accurate and efficient surrogate models for
PBF processes, a thorough understanding of the underlying
physics and of conventional simulation approaches is essen-
tial.

Modeling and simulation of PBF remain highly challeng-
ing due to the strong coupling between multiple physical
phenomena acting over vastly different spatial and temporal
scales (Jia et al., 2024). In PBF, a thin and uniformly spread
layer of loose metallic powder forms a powder bed on top of
the previously consolidated material, referred to as the solid
substrate. A high-energy heat source,most often a laser (or in
some cases an electron beam), then selectively fuses regions
of this powder layer according to the part geometry. Local
melting creates a smallmelt pool of liquid metal that follows
the scan path and subsequently solidifies, bonding metal-
lurgically to the underlying substrate. This layer-by-layer
sequence progressively forms the component and enables the
fabrication of highly complex three-dimensional geometries
with fine resolution (Di Cataldo et al., 2021).
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Table 1 Comparison of PINNs
and NOs, with special focus on
the main training challenges.

Aspect PINNs NOs

Objective Learn a single solution of a PDE for
given initial/boundary data

Learn the entire operator mapping
input functions to solution functions

Main source of difficulty Imbalance between residual and
boundary/initial losses

Large and diverse datasets required
to represent operator variability

Representation bias Spectral bias: difficulty in capturing
high-frequency dynamics

Sensitive to discretization choices;
may not generalize across meshes

Optimization issues Residual loss may be ill-posed and
lead to convergence to spurious
fixed points

Highly nonconvex optimization;
physics enforcement can destabilize
gradients

Generalization Typically limited to similar problem
settings and only inside the selected
computational domain

Performance depends strongly on
training data coverage of operator
space

Table 2 Comparison between
classical numerical methods and
SciML approaches

Aspect Classical numerical methods PINNs/NOs

Mathematical foundation Direct discretization of PDEs with
strong theoretical guarantees

Learning-bases approximation con-
strained by physical laws

Spatial discretization Mesh- or basis-dependent Mesh-free (PINNs) or discretiza-
tion invariant (NOs)

Computational cost High for large-scale or multi-
physics problems

High during training, low during
inference

Real-time capabilities Limited by solver complexity Naturally suited for real-time infer-
ence and control

Generalization Problem- and mesh-specific Cross-geometry or cross-resolution
generalization (NOs)

Data integration Typically limited to bound-
ary/initial conditions

Naturally integrates observational
and sensor data

Accuracy and robustness High accuracy with high resolution Sensitive to training dynamics and
data quality

Suitability for DTs Computationally demanding for
closed-loop use

Well aligned with adaptive,
feedback-driven DTs

Fig. 3 Solution of differential problems: workflows of traditional numerical methods against PINNs and NOs
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This process involves a large set of nonlinear, temperature-
dependent, and tightly coupled phenomena, that are schemat-
ically in illustrated in Figure 4. While the discussion below
primarily refers to laser-based PBF, many of the same phys-
ical mechanisms also apply to electron beam PBF, albeit
with differences driven by the vacuum environment, higher
preheat temperatures, and variations in melt-pool dynamics.
These mechanisms include:

1. Power source-powder interaction: Absorption, multi-
ple scattering, and reflection of the incident beam occur
as energy penetrates a granular and partially transparent
medium (i.e., the powder bed) with heterogeneous opti-
cal properties. These interactions depend on particle size,
morphology, oxidation, and packing state, and govern the
local distribution of heat.

2. Powder packing characteristics: Powder layers exhibit
heterogeneous porosity and anisotropic conduction paths.
Variations in local packing (spatial arrangement, packing
density, contact points) can alter melt initiation thresholds
and contribute to spatially varying thermal conductivity,
energy absorption and defect susceptibility.

3. Heat transfer within the powder bed: Combined con-
duction throughparticle contact networks, radiation across
voids, and convective transfer whenmelting begins. Ther-
mal properties evolve dynamically as particles fuse and
pores collapse.

4. Energy coupling to solidified layers: Heat diffusion
into underlyingmaterial governs re-melting, heat-affected
zones, and cross-layer microstructural evolution. Heat
accumulation contributes to distortion at the part scale.

5. Melt pool fluid dynamics:Driven by strong temperature-
dependent surface tension gradients (Marangoni convec-
tion), density variations that generate buoyancy forces,
and recoil pressure resulting from metal evaporation, the
liquid metal circulates vigorously within the melt pool.
The balance between these forces governs the melt-pool
dimensions, its ability to properly wet and fuse the under-
lying substrate, and its stability against process defects
such as key-holing, balling of the liquid track, or particle
ejection (spatter).

6. Heat transfer in solidified material: Cooling is domi-
nated by conduction. Extremely rapid thermal gradients
(up to 106 K/s) drive microstructural transformations,
influencing grain morphology and final mechanical prop-
erties.

7. Metal vaporization and plume dynamics: At high
energy densities, evaporation produces a recoil force that
depresses themelt surface and can trap gas, causing poros-
ity. Spatter and plume behavior differ between laser and
electron beams due to gas flow versus vacuum conditions.

8. Residual stress evolution: Repeated heating-cooling
thermal cycling induces non-uniform expansion and con-
traction, causing stress accumulation that may lead to
warping, delamination, or cracking.

Directly capturing all these coupled effects simultane-
ously at the highest possible resolution would be imprac-
tical and prohibitively expensive. For this reason, modeling
approaches are typically classified across three main scales:
part scale, mesoscale, and powder scale, each adopting
specific simplifications to balance computational cost and
physical accuracy.

At the part scale, models focus on global heat transfer
and residual stress evolution and their impact on metallurgic
transformations. They typically employ thermo-mechanical
equationswhile simplifying aspects related to powder behav-
ior, energy delivery, and melt pool fluid dynamics. These
simplifications often require extensive experimental calibra-
tion to provide reliable predictions.

At the mesoscale, melt-pool geometry and thermal gra-
dients are resolved using continuum fluid mechanics. These
models treat thematerial either as a continuumor amass flux,
enabling accurate representation of the temperature field.
They also support local prediction of defect formation and
melt-track quality.

At the powder scale, individual particles are explicitly
represented to simulate the transient free-surface evolution
responsible for keyhole porosity, splashing, and pore entrap-
ment. Such high-fidelity models provide invaluable physical
insights of the melt pool dynamics, including mass transfer,
free-surface evolution and defect formation, but at enormous
computational cost for the simulations.

Part-scale models

Part-scale models aim to predict the global temperature evo-
lution during the build and its effects on microstructure and
residual stress. They treat both the previously consolidated
layers and the newly deposited powder as a homogenized
continuum, which enables simulations at the part level but
prevents accurate resolution of melt-pool fluid dynamics.
Instead, melt behavior is captured only through boundary
conditions or effective heat input models.

The thermal response is governed by the transient heat
conduction equation:

ρc
∂T

∂t
= ∇ · (k∇T ) + q, (22)

where ρ, c, k, and T denote density, heat capacity, thermal
conductivity, and temperature, respectively, and q represents
the volumetric heat input from the beam.
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Fig. 4 Overview of the key physical interactions involved in a PBF process

Phase transformation effects are often incorporated using
the apparent heat capacity method (Bonacina et al., 1973):

capparent =

⎧
⎪⎨

⎪⎩

c T < Ts
c + L

Tl−Ts
Ts ≤ T ≤ Tl

c T > Tl

(23)

with (Ts, Tl , L) the solidus temperature, liquidus tempera-
ture, and latent heat of fusion. This formulation provides a
simplified representation of melting and solidification with-
out explicitly tracking the melt pool.

Accurate prediction of q is crucial, as the shape, depth, and
intensity of the heat source strongly affect thermal gradients.
Analytical beam models (e.g., Gaussian, double-ellipsoidal)
are therefore calibrated against experimental measurements
to reproduce melt-pool dimensions (Rahman Chukkan et al.,
2015). Similarly, continuummodeling of the powder requires
estimating effective thermal and mechanical properties from
bulk material characteristics and porosity (Denlinger et al.,
2016).

Mechanical behavior is typically computed in a quasi-
static framework by solving the equilibrium equation:

∇ · σ + f = 0, (24)

where σ is the Cauchy stress tensor and f the body and
surface forces. Residual stresses arise through the nonlin-
ear coupling between elastic, plastic, and thermally induced
strains, driven by steep gradients and repeated heating and
cooling cycles.

Overall, part-scale models provide computationally
tractable insight into thermal history and macroscopic dis-
tortion, but they rely on simplifications that limit their ability
to capture local melt-pool physics.

Meso/powder-scale models

Meso- and powder-scale models aim to capture the detailed
melt-pool behavior and the physics of laser–powder interac-
tion that are simplified or neglected at the part scale. These
models bridge the gap between the local phenomena govern-
ing defect formation and the larger-scale thermal response of
the part.

The first step consists in simulating the interaction
between the heat source and the powder bed. Two main
strategies are typically used: (i) treating the powder as a
continuum and modeling laser absorption similarly to part-
scale heat source representations (Mukherjee et al., 2018), or
(ii) explicitly representing individual particles and tracking
beam–particle interactions using ray tracing or Monte Carlo
methods (Willy et al., 2018). The latter approach improves
accuracy in predicting the onset of melting and the shape of
the melt pool, at a significantly higher computational cost.

Oncemelting initiates, the governingphysics are described
by the coupled thermo-fluid equations for mass, momentum,
and energy conservation:

∂ρ

∂t
+ ∇ · (ρv) = 0, (25)

∂(ρv)
∂t

+ ∇ · (ρv ⊗ v) = −∇ p + ∇ · τ + Smom, (26)
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∂(ρh)

∂t
+ ∇ · (ρhv) = ∇ · (k∇T ) + Senergy, (27)

where ρ is the density, v the velocity field, p the pressure,
h the specific enthalpy, and τ the viscous stress tensor. The
source terms Smom and Senergy account for recoil pressure
due to evaporation and latent heat effects during melting and
solidification.

Continuum formulations are commonly solved via the
Navier–Stokes equations on moving domains, combined
with free-surface tracking techniques. In contrast, powder-
scale models treat the material as a collection of discrete
particles (e.g., discrete element methods, lattice Boltzmann
or particle-basedmultiphase solvers), enabling detailed study
of wetting dynamics, particle entrainment, spatter formation,
and pore entrapment.

While these models achieve the highest level of physi-
cal realism, they are typically limited to very small spatial
domains and short timescales due to their extreme computa-
tional expense.

The tradeoff evident in Table 3 underscores the funda-
mental bottleneck: high-fidelity models are too expensive for
design exploration or process optimization, while computa-
tionally efficient models often lack the resolution needed to
predict defect formation.

Modeling challenges and impact on neural
surrogates

Summarizing, the complex nature of PBF modeling poses
significant challenges for the development of machine-
learning-based surrogate models. These challenges can be
primarily grouped into three categories:

1. Multiphysics coupling. Even when restricting attention
to thermal phenomena, several physically distinct con-
tributions must be incorporated into the loss function
(e.g., conduction, boundary conditions, phase change),
and achieving an effective balance between these terms
during training is far from straightforward. When addi-
tional physics such as melt-pool fluid flow, vaporization,
or stress formation are included, the coupling between
losses becomes even more intricate and requires careful
enforcement of physical consistency.

2. Multiscale behavior. Solution fields in PBF exhibit
highly localized and rapidly evolving features. Sharp
thermal gradients form within the narrow melt region,
while the surrounding material undergoes smoother tem-
perature variations at much larger scales. Moreover,
the powder-scale physics introduces discrete–continu-
ous interactions, evolving free surfaces, and topological
changes such as pore entrapment or spatter, which vio-
late standard smooth-function assumptions. This broad

spectral and structural variability amplifies spectral bias
and challenges neural networks to simultaneously capture
high-frequency details and global trends.

3. Strong time dependence. The motion of the heat source
induces microsecond-scale melting and solidification,
whereas heat accumulation and residual stress develop
over much longer time horizons. This separation of
temporal scales creates stiffness in the governing equa-
tions and can cause physics-informed neural networks
to collapse toward trivial or fixed-point solutions unless
causality-aware or sequential training strategies are intro-
duced.

Because models defined at different scales involve dis-
tinct physical phenomena, they also exhibit different subsets
of the associated computational challenges. Some algorithms
are tailored to specific data structures, such as vectors, matri-
ces, or meshes, which may be more suitable for addressing
particular aspects of the problem. Nevertheless, the overall
workflow for employing these algorithms is largely indepen-
dent of the specific application, as the training procedure does
not differ from that used in purely data-driven approaches
(see Section 2). The algorithms presented in the follow-
ing sections address these challenges by targeting specific
aspects of this variability.

Solving themodeling challenges of PBF with
SciMLmethods

Asdiscussed inSection3, high-fidelityPBF simulationsmust
capture several tightly coupled physical mechanisms with
widely separated spatial and temporal scales. Traditional
numerical solvers are capable of resolving these effects, but
their high computational cost limits their applicability in
design-space exploration, uncertainty quantification, or in-
situ process control. Scientific Machine Learning (SciML)
offers a promising alternative by leveraging both observa-
tional data and physical constraints to accelerate simulations
while preserving predictive fidelity.

Although the primary focus of this survey is on PBF, ded-
icated SciML studies on this specific process remain scarce.
For completeness, and due to the strong similarity of the
governing equations, we therefore include in our review
contributions demonstrated in other metal additive manu-
facturing techniques (e.g., DED) as well as more general
multiphysics systems. The insights gained from these set-
tings are largely transferable to PBF, since the samemodeling
hurdles arise: strong multi-physics coupling, pronounced
multiscale behavior, and stiff time-dependent dynamics. In
the following, we review how SciML methods have been
used to address each of these challenges.
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Table 3 Comparison of modeling scales for PBF.

Scale Physics captured Typical outputs Computational cost

Part scale Global heat transfer, approximate
solidification, macroscopic stress
formation, homogenized powder
behavior

Temperature history, residual
stresses, global distortion

Low to moderate

Mesoscale Laser-powder interaction, melt-
pool geometry, thermal gradients,
defect formation mechanisms

Melt-pool dimensions, lack-of-
fusion prediction, bead continuity

High

Powder scale Particle-level melting, spatter, pore
formation, free-surface evolution,
keyhole dynamics

Detailed melt-pool fluid flow and
topology, defect initiation

Very high to prohibitive

1. SciML for multi-physics problems. SciML architec-
tures such as PINNs and NOs enable the simultaneous
enforcement of multiple governing laws through resid-
ual terms or operator learning. Early demonstrations
in MAM have shown that embedding thermo-fluid and
thermo-mechanical coupling within the learning process
improves the prediction of melt-pool geometry, tempera-
ture gradients, and stress development. These approaches
highlight the potential for fast surrogate models that
remain grounded in physical interactions.

2. SciML for multi-scale problems. To resolve steep gra-
dients in the melt-pool region while retaining coherent
part-scale behavior, several strategies have been pro-
posed. These include partitioning the spatial domain into
subregions trained with local surrogates, and enriching
the spectral representation of neural networks to better
capture high-frequency content. Such formulations miti-
gate the effects of spectral bias and improve accuracy in
regions where resolution of fine features is essential for
defect detection.

3. SciML for time-dependent problems. Recent studies
incorporate temporal causality more explicitly, either by
decomposing the time domain into sequential intervals
or by assigning greater weight to earlier-time residuals
to prevent error accumulation. NOs trained to propagate
states forward in time have also enabled efficient long-
horizon integration. These advances improve stability in
dynamic regimes dominated by rapid melting and solidi-
fication.

Table 4 summarizes representative works aligned with
these three modeling challenges and highlights their rele-
vance to PBF physics, either directly or through transferable
algorithmic advances. The subsections that follow provide a
more detailed examination of these contributions in relation
to each specific challenge.

SciML for multi-physics problems

A key requirement for high-fidelity PBF simulation is the
simultaneous representation of several coupled physical
fields, including heat transfer, melt-pool fluid flow, phase
change, and mechanical response. In this subsection, we
review SciML approaches that explicitly target such multi-
physics coupling using either PINNs or NOs.

One of the earliest attempts at modeling multiphysics
melt-pool behavior with PINNs was presented in Zhu et al.
(2021). The powder layer was homogenized as a continuum,
and the melt-pool surface was assumed flat to avoid free-
surface tracking and vapor effects. To reduce the complexity
of the loss function, the authors enforced Dirichlet boundary
conditions as hard constraints and used FEM simulation data
to guide training. This was implemented through an output
transformation of the form:

u = ubc[1 − Hε(x)] + uNN Hε(x) (28)

p = pbc[1 − Hε(x)] + pNN Hε(x) (29)

T = Tbc[1 − Hε(x)] + TNN Hε(x) (30)

where u, p, and T denote the velocity, pressure, and tempera-
ture; Hε(x) = 0 for points on the boundary; and the subscript
bc indicates prescribed conditions. While this work proved
feasibility, the absence of gas dynamics, evaporation, and
surface deformation limited predictive fidelity, and reliance
on labeled FEM data prevented PINNs from functioning as
a standalone surrogate.

A related thermo-mechanical study for DED was pre-
sented in (Sharma & Guo, 2025), where a dual-network
architecture predicted temperature and resulting stresses.
Here too, labeled FEM samples were required to stabilize
training, highlighting the challenge of learning strongly cou-
pled physics solely from governing equations.

To avoid dependency on supervised data, Harandi et al.
(2024) adopted amixed-form loss construction. Based on the
principle that PINNs generally perform better when the loss
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Table 4 Selected SciML publications categorized by addressed modeling challenges, with indication of the targeted AM process when applicable.
Publications directly addressing AM are highlighted in gray, with darker shading indicating explicit demonstration on PBF.
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involves lower-order derivatives (Samaniego et al., 2020),
the authors replaced strong-form residuals with variational
principles where available. For mechanical equilibrium

∇ · σ = 0 in �

u = ū on 
D (31)

σ · n = t̄ on 
N

they minimized the elastic energy functional

min
1

2

∫

�

εCε dV −
∫


N

uT t̄ d A, (32)

with ε = 1
2 (∇u + ∇uT ) and σ = Cε.

A similar variational form was used for steady heat con-
duction (Harandi et al., 2024):

∇ · (k∇T ) in �

T = T̄ on 
D (33)

−k∇T · n = q̄ on 
N

min
1

2

∫

�

k ∇T T∇T dV −
∫


N

q̄ T d A. (34)

Coupled and sequential training strategieswere compared,
with the latter proving more efficient. However, these formu-
lations apply only to linear physics; nonlinear melt-pool flow
and phase change in PBF do not generally admit such energy
functionals.

To improveflexibility andpredictive generalization, recent
works have leveraged NOs. These methods learn mappings
between function spaces, enabling efficient parameterized
predictions once trained. In the context of PBF process simu-
lation, thismeans that NOs can, for example, learn amapping
between local material characteristics and the corresponding
approximation of the temperature field.

InKushwaha et al. (2024), amodifiedDeepONet architec-
ture estimated thermal stresses at the end of aDEDprocess.A
ResUNet-based trunk network (He et al., 2023) encoded the
part geometry from a binary mask, while a branch network
elaborated process parameters such as the printing speed and
additional structural embeddings from the trunk (see Fig-
ure 5). The operator learned by the model maps these inputs
to the final stress state with accuracy comparable to FEM, at
much lower computational cost.

Another strategy,DeepM&Mnet (Cai et al., 2021), decom-
poses the learning task by training multiple DeepONets
separately, each representing a single physical variable.

These pre-trained operators are then coupled either in par-
allel (for joint variable prediction) or in a serial fashion
(where the prediction of one variable is used to reconstruct
the others). This modular design makes the learning problem
more tractable and facilitates scalable multi-physics cou-
pling. In the context of PBF simulations, this means that
different DeepONets could be assigned to distinct physical
fields (such as temperature, velocity, and, inmeso-scalemod-
els, pressure) while maintaining a coupled representation of
the underlying physics.

A similar philosophy motivates the composite FNO intro-
duced in Li et al. (2025). Here, M separate operators model
distinct physics, while nonlinear layers exchange informa-
tion via a global latent vector zl :

zl = RNN(zl−1, Vl) or zl = Attention(Vl),

where Vl concatenates intermediate representations from all
operators. Such cross-physics aggregation improves learning
of coupled behaviors.

Finally, Yuan et al. (2025) assumed that solutions of non-
linear multi-physics PDEs can be approximated as Urysohn-
type integral operators:

u(x) =
∫

�

k(x, x ′) f [x ′, a(x ′)] dx ′ + g(x), (35)

and constructed a hybrid architecture combining a FNO (for
learning the nonlocal operator kernel) with a convolutional
network (for spatial feature extraction). This parallel design
further improves efficiency for high-fidelity coupled systems.

Overall, these studies demonstrate that PINNs and NOs
can embed multi-physics constraints directly into the learn-
ing process. Yet, most current applications remain con-
strained to simplified representations or require supervision
from numerical solvers. Extending these approaches to
fully predictive PBF simulation will therefore demand more
expressive architectures and improved strategies for handling
nonlinear physics and coupling strength.

SciML for multi-scale problems

As discussed in Section 3, PBF exhibits pronounced mul-
tiscale behavior: near the melt pool, geometry and fields
vary over microns and microseconds, while at the part scale
heat diffuses over centimeters and seconds. A single surro-
gate must therefore capture sharp, localized, high-frequency
structures alongside smooth, global, low-frequency trends.
In PINNs, this mismatch typically produces optimization
stiffness and spectral bias; in NOs, it challenges the learned
representation to reconcile heterogeneous local behavior
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Fig. 5 Modified ResUNet-based DeepONet architecture for multiphysics surrogate modeling, where Vel is the printing speed, Ĝ is the learned
solution operator, and HD is the dimensionality of the latent feature space. (adapted from (Kushwaha et al., 2024) under CC BY)

with long-range couplings. Two complementary research
directions have emerged to address these issues: (i) domain
decomposition, which letsmodels focus on local scaleswhile
enforcing global consistency, and (ii) spectral enrichment,
which expands a network’s ability to represent multiple fre-
quency bands.
Domain decomposition approaches

Domain decomposition splits the computational domain
into subdomains so that each network specializes locally,
while interface conditions ensure global solution consistency.
For the selection of subdomains in PBF simulations, there
is no established rule; however, as in traditional numerical
methods, it is generally more effective to use smaller sub-
domains in regions where field gradients are large (Jagtap
et al., 2020b). In the context of PBF, this typically corre-
sponds to finer subdomain partitioning near the melt pool,
where thermal and fluid-dynamic gradients are strongest, and
coarser partitions in the surrounding bulk material. A foun-
dational contribution is the conservative physics-informed
neural network (Conservative PINN (cPINN), Jagtap et al.
(2020b)). Here, the domain is partitioned into multiple sub-
domains, each modeled by a dedicated network. The loss
function includes interface penalties that enforce (i) flux con-
tinuity and (ii) agreement between neighboring solutions.
Flux continuity is especially natural for conservation laws,

where correct transmission across interfaces preserves phys-
ical fidelity.

The extended framework eXtended PINN (xPINN) (Jag-
tap & Karniadakis, 2020) generalizes this idea to more
general PDEs. Rather than computing interface normals
explicitly, xPINN enforces flux consistency by matching the
residuals of the governing equations along interfaces. This
simplification eases implementation for complex geometries
and dynamics. Both cPINN and xPINN have been realized
in parallel multi-GPU implementations (Shukla et al., 2021),
enabling scalability for large domains and fine resolutions
typical of multiscale problems.

A further step toward practicality is the finite-basis PINN
(Finite-Basis PINN (FBPINN),Moseley et al. (2023)), which
introduces overlapping subdomains blended by window
functions and equipped with input/output normalization tai-
lored to local scales. The global surrogate takes the form

u(x; θ) =
n∑

i=1

wi (x) · unnorm(NNi (normi (x); θ)
)
, (36)

wherewi (x) is a window function that softly gates each sub-
network’s contribution. A custom training schedule proceeds
from outer to inner patches to propagate reliable information
inward and accelerate convergence.

123



Journal of Intelligent Manufacturing

Fig. 6 Structure of APINN (Hu et al., 2023). A shared encoder extracts
global features; gate networks Gi (x) compute soft weights that blend
m subnetworks Ei (x), enabling adaptive domain decomposition for
multiscale behavior

Beyond fixed partitions, adaptive schemes learn the
decomposition. The Augmented PINN (APINN) architec-
ture (Hu et al., 2023) uses a shared encoder h(x) for global
features and gate networks Gi (x), either learned or specified
as fixed windows, to produce soft assignments to m shared
subnetworks Ei (x) (see Figure 6). The authors also provide
theoretical generalization bounds, supporting the method’s
stability.

A prototype-guided strategy in Wang et al. (2025) fur-
ther refines adaptivity. After an initial training phase with an
encoder E(x) and m decoders Di (·) constrained via

u(x) = 1

m

m∑

i=1

Di [E(x)],

k-means clustering on encoder outputs yields m prototypes
Proi representing dominant local behaviors. During refine-
ment, these prototypes define soft weights

wi (x) = exp〈Proi , E(x)〉∑m
j=1 exp〈Pro j , E(x)〉 , (37)

and the surrogate becomes

u(x) =
m∑

i=1

wi (x)Di [E(x)]. (38)

A regularizer encourages diversity among prototypes
(e.g., via orthogonality), improving coverage of disparate
local scales. Empirically, this approach outperforms APINN
on sharply localized features.
Spectral enrichment approaches

A second family of methods tackles spectral bias directly
by enriching a network’s effective frequency content. The
study in Wang et al. (2021b) shows (empirically and, in sim-
plified settings, theoretically) that random Fourier feature

mappings (Tancik et al., 2020) expand the neural tangent
kernel spectrum and improve multiscale accuracy. Inputs are
lifted by sinusoidal embeddings

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

γ (i)(x) =
[
cos(2πB(i)x)

sin(2πB(i)x)

]
, i = 1, . . . , M,

H (i)
1 = φ(W1 · γ (i) + b1), i = 1, . . . , M,

H (i)
l = φ(Wl · H (i)

l−1 + bl ), l = 2, . . . , L, i = 1, . . . , M,

u(x) = WL+1 · [H (1)
L · · · H (M)

L

]+ bL+1,

(39)

with (B(i)) ∼ N (0d , σi Id) with x ∈ R
d . By spanning a

range of σi , the model becomes sensitive to both low- and
high-frequency content, helping recover sharp gradients near
melt-pool boundaries while retaining global coherence.

Building on this idea, Jin et al. (2024) proposes a data-
informed “Fourier warm start” based on the discrete Fourier
transform (DFT) of available signals,

Fj (ξc) =
n j∑

k=1

u jk e
−i 2πn j

ck
, c = 1, . . . , n j , (40)

with ξc = 2π
n j
c. Let a jc = |Fj (ξc)| and A j = ∑n j

c=1 a jc.
The method allocates N jc = �m a jc/A j� random features
to band N (ξc, ε

2), favoring informative frequencies; a skip
connection from Fourier features to the last hidden layer fur-
ther smooths the loss landscape near minima.

Architectural choices also matter. The self-scalable tanh
(stan) activation (Gnanasambandam et al., 2023),

σ i
k (x) = (1 + β i

k) tanh(x), (41)

introduces a trainable gain β i
k that lets neurons adapt

to local frequency content. This improves representation of
regionswith different characteristic scales, which is common
whena single surrogate covers bothmelt-pool neighborhoods
and cooler, slowly varying areas.

Finally, multipole-based NO provide a multiresolution
mechanism akin to multigrid methods. The graph NO in
Li et al. (2020) leverages fast multipole ideas (Greengard
& Rokhlin, 1997) and multi-resolution matrix factoriza-
tion (Kondor et al., 2014) to approximate nonlocal kernels at
multiple scales. At each iteration,

v(t)(x) = σ
[
(W + Ka)v

(t−1)(x)
]

≈ σ
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⎡

⎣Wv(t−1)(x) + 1

|N (x)|
∑

y∈N (x)

kφ
(
a(x), a(y), x, y

)
v(t−1)(y)

⎤

⎦ ,

(42)

where N (x) are local neighborhoods and kφ is a learned
kernel. The full V-cycle connects coarse-to-fine and fine-to-
coarse updates through restriction and prolongation:

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

v̌
(0)
1 = Pa,

v̌
(t+1)
l+1 = σ

(
v̂

(t)
l+1 + Kl+1,l v̌

(t+1)
l

)
,

l = 1, . . . , L, t = 0, . . . , T − 1,

v̂
(t+1)
l = σ

[(
Wl + Kl,l

)
v̌

(t+1)
l + Kl,l−1v̂

(t+1)
l−1

]
,

l = L, . . . , 1, t = 0, . . . , T − 1,

u = Qv̂
(T )
1 ,

(43)

where P and Q are projection and reconstruction opera-
tors. Coarse levels propagate global information efficiently;
fine levels recover localized details. Figure 7 shows an exam-
ple of the structure of the kernels with 4 resolution levels.
Variants with “W” and “F” cycles are explored in Migus et
al. (2022).

In summary, domain decomposition helps surrogates
assign resolution where needed and move information sta-
bly across interfaces, whereas spectral enrichment broadens
the representable frequency content to capture both smooth
and rapidly varying structures. Because PBF combines glob-
ally evolving thermal fields with highly localized melt-pool
physics, combining these strategies is particularly promising
for accurate and scalable SciML surrogates.

SciML for time-dependent problems

Time-dependent physics plays a central role in PBF, where
the moving heat source induces rapid melting and solidifica-
tion cycles, while global thermal diffusion evolves across
much longer time scales. This results in stiff dynamical
behavior, making standard PINNs prone to collapsing toward
trivial or steady-state solutions when trained over long hori-
zons. To address these challenges, twomain classes of SciML
techniques have been developed: (i) temporal domain decom-
position methods (distinct from general domain decompo-
sition approaches, as they explicitly account for the causal
nature of the time variable by partitioning the temporal
domain into sub-intervals), and (ii) loss formulations that
enforce causality during training.
Domain decomposition across time

A representative method in the direction of temporal
domain decomposition is the Parareal PINN (PPINN) intro-
duced inMeng et al. (2020). The simulation interval [0, T ] is
divided into N subdomains, and each sub-interval ismodeled

by a separate PINN F(uki ), where uki denotes the network
approximation at time ti . A simplified conjugate-gradient-
based solver G(uki ) provides a prediction that is iteratively
corrected using the PINN output:

uk+1
i+1 = G(uk+1

i ) + δki = G(uk+1
i ) + F(uki ) − G(uki ). (44)

Training proceeds subdomain by subdomain until global
convergence is achieved. This approach reduces the temporal
span over which the network must remain accurate, alleviat-
ing long-term error accumulation.

A different formulation is proposed in Roy and Cas-
tonguay (2024), which also decomposes the interval into
subdomains but avoids recursive dependency so that the net-
works can be trained in parallel. The solution is constructed
as

⎧
⎪⎪⎨

⎪⎪⎩

u1(x, t; θ1) = ȟ1(t)g(x) + ĥ1(t) f1(x, t; θ1),

un+1(x, t; θn+1) = ȟn+1(t) fn(x, t; θn)

+ĥn+1(t) fn+1(x, t; θn+1), ∀n ≥ 1,

(45)

where the blending functions satisfy ȟn+1|τ=0 = ĥn+1

|τ=1 = 1 and ȟn+1|τ=1 = ĥn+1|τ=0 = 0, with τ = t−tn
tn+1−tn

.
This structure ensures continuity and efficient gradient prop-
agation while enabling parallel training.

Another closely related strategy is introduced in Jung et
al. (2024). Instead of assigning one model per interval, the
authors discretize the time domain and define a distinct net-
work u(tn, x, θn) at each time level. For a generic equation
ut + N [u] = 0, they approximate the temporal evolution
using a trapezoidal discretization:

u(tn, x) = u(tn−1, x) −
∫ tn

tn−1

N [u](t, x) dt

≈ u(tn−1, x) − 1

2
h
[N [u](tn−1, x) + N [u](tn, x)

]
,

(46)

with h = T /N . This eliminates the need for explicit time
derivatives and enables parallel training across time slices,
significantly improving efficiency.

Sequential training with additional constraints is also
explored in Wandke and Zhang (2024), where a ded-
icated “deep conserved” network (Drift-Correcting net-
work(DCnet)) is trained alongside each time-interval PINN.
The DCnet enforces conservation properties (e.g., energy
conservation) by ensuring that the conserved quantity at the
start and end of each interval remains consistent, improving
long-term stability.
Causality-aware temporal learning
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Fig. 7 Hierarchical V-cycle GNO architecture (Li et al., 2020). The
figure provides a graphical representation of Equation (43) with L = 4
resolution levels arranged in a V-cycle structure. Coarse resolution
levels efficiently capture long-range and global interactions, while pro-
gressively finer levels resolve localized, high-frequency features typical
of melt-pool dynamics in PBF processes. Multiscale information is

transmitted across levels through downward and upward passes of
the V-cycle, enabling bidirectional exchange between coarse and fine
representations. This hierarchical coupling is learned through the archi-
tectural bias introduced by scale-dependent kernel operators, allowing
the model to simultaneously represent global context and local physical
phenomena

An alternative to domain decomposition is to explicitly
encode temporal causality. The causality-based PINN loss
introduced in Wang et al. (2024) weights the residual contri-
butions in time according to their chronological order:

L(θ) = 1

Nt

Nt∑

i=1

wi L(ti , θ), (47)

where L(ti , θ) is the physics loss at time ti . The weights

wi = exp

[
−ε

i−1∑

k=1

L(tk, θ)

]
(48)

promote accurate learning at earlier times before allow-
ing influence from later states, counteracting the tendency to
converge to temporally trivial solutions.

A related sequential approach is bc-PINN (Mattey &
Ghosh, 2022), in which a single network is retrained for
each sub-interval using a loss that enforces agreement with
the previously computed solution at the boundary between
intervals. This avoids the accumulation of time-dependent
errors and results in more robust long-horizon predictions.

Finally, operator learning also supports time integration.
In Wang and Perdikaris (2023), a physics-informed Deep-
ONet is trained to map any initial condition to the solution
over a short interval [0,�t]. The operator is then composed

sequentially so that the output at one stage becomes the
initial condition for the next, analogous to a neural time-
stepping scheme. This enables accurate long-term evolution
while maintaining the mesh-free flexibility of NOs.

Overall, the time-dependent behavior of PBF introduces
substantial training challenges for SciML models. Domain
decomposition and causality-aware formulations represent
two effective and complementary strategies to address
stiffness and error accumulation over long time horizons,
improving the stability and physical reliability of surrogate
simulations.

Addressing the training issues of SciML
methods

As discussed in Section 2, the numerical optimization prob-
lems underlying PINN- and NO-based surrogates remain a
major bottleneck for their adoption in high-fidelity PBFmod-
eling. In particular, loss imbalance, spectral bias, and stiff
time integration can prevent convergence or lead to inaccu-
rate, overly smoothed, or even trivial solutions. This section
reviews methodological advances specifically designed to
improve training stability, with emphasis on techniques most
relevant to the multiphysics, multiscale, and transient behav-
ior of PBF processes. We first examine strategies developed
for PINNs, and then discuss related approaches for NOs.
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Training stabilizationmethods for PINNs

In PINNs, the residual loss associated with the governing
equations may dominate the boundary and initial con-
dition losses due to their different gradient scales and
collocation point distributions (Section 2). This imbalance
induces stiffness in the optimization dynamics, preventing
the model from accurately propagating constraints through
the domain (Wang et al., 2021a). To mitigate this issue, three
main categories of techniques have emerged: (i) adaptive loss
balancing, (ii) collocation point weighting, and (iii) opti-
mization constraints derived from statistical or geometric
principles.
Adaptive loss balancing

Oneof thefirstworks to quantify gradient imbalance intro-
duced a learning-rate annealing mechanism that adjusts the
loss weights λi according to the relative magnitude of the
gradients (Wang et al., 2021a). Given

L(θ) = Lr (θ) +
M∑

i=1

λiLi (θ), (49)

the weights are computed as

λ̂i = ‖∇Lr (θ)‖∞
1
|θ | ‖∇Li (θ)‖1

, (50)

smoothed via a moving average:

λi = (1 − α)λi + αλ̂i . (51)

A statistical refinement, inverse Dirichlet weighting,
replaces the gradient norms with their standard deviations
across parameters:

λ̂i = max j stdθ {∇L j (θ)}
stdθ {∇Li (θ)} , (52)

yielding more balanced gradient distributions (Maddu et al.,
2022).

A complementary physics-based solution exploits the
NTK spectral theory (Wang et al., 2022). By aligning the
eigenvalues of boundary and residual sub-kernels,

λb = Tr(K )

Tr(Kbb)
, λr = Tr(K )

Tr(Krr )
, (53)

training is steered toward balanced learning of low- and high-
frequency modes.

Other works formulate the problem geometrically, pro-
jecting parameter updates onto a descent direction that
benefits all loss components:

gConFIG =
m∑

i=1

(gTi gu)gu, (54)

where gu ensures coherent optimization across tasks (Liu
et al., 2025). Fractional-power loss rescaling has also been
proposed to temporarily flatten the optimization landscape
and progressively restore full residual penalization (Wang et
al., 2024):

L(θ) = ωbL1/nb
b (θ) + ωrL1/nr

r (θ). (55)

Adaptive collocation point weighting
Local importance weighting shifts attention to regions

where the residuals or boundary errors are large. Self-
Adaptive PINN (SA-PINN) (McClenny & Braga-Neto,
2023) introduces soft-attention masks:

Lr (θ, λr ) = 1

2

Nr∑

i=1

m(λr ,i )|N [u](xi , ti ) − f (xi , ti )|2, (56)

Lb(θ, λb) = 1

2

Nb∑

i=1

m(λb,i )|B[u](xi , ti ) − g(xi , ti )|2, (57)

L0(θ, λ0) = 1

2

N0∑

i=1

m(λ0,i )|u(xi , 0) − u0(xi )|2, (58)

and updates weights via gradient ascent.
Variants include domain-adaptive residual weighting (

DifferentiableAdversarial SA-PINN(DASA-PINN), (Zhang
et al., 2023)) and multi-network strategies for multiphysics
(Song et al., 2024). To reduce computational cost, (Anag-
nostopoulos et al., 2024) introduces a deterministic update
law:

λ
(k+1)
i = γ λ

(k)
i + η∗ |ri |

maxi |ri | . (59)

Residual smoothing through convolution operators has
been explored via min–max optimization (Si & Yan, 2025),

min
θ

max
λr ,λb,λi

λT
r r(θ) − 1

2
λT λ + λT

b rb(θ) + λT
i ri (θ), (60)
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and its smoothed variant,

min
θ

max
λr ,λb,λi

λT
r W

1/2r(θ)− 1

2
λT λ+λT

b rb(θ)+λT
i ri (θ), (61)

where W encodes local residual correlations.
Finally, probabilistic loss weighting (Cao et al., 2025)

treats each residual as a Gaussian variable with learnable
variance, naturally promoting balanced learning.

Training stabilizationmethods for NOs

As reviewed in Section 2, NOs shift the learning task from
solving a single realization of a PDE to learning the entire
operator mapping between function spaces. This generality
gives NOs amajor advantage for parameterized PBF applica-
tions but introduces new training challenges linked to: (i) data
scalability, (ii) discretizationmismatch, and (iii) optimization
instability in stiff multiphysics systems. Below, we catego-
rize stabilization strategies that address these issues and are
most relevant to PBF modeling.
Physics-constrained operator learning

Physics-informed NOs incorporate governing equations
directly into the loss function. A generic formulation writes
the operator training objective as

L(θ) = 1

Nd

Nd∑

j=1

‖Gθ [a j ] − u j‖2
︸ ︷︷ ︸

supervised term

(62)

+ λr
1

Nr

Nr∑

i=1

‖N [Gθ (a)](xi ) − f (xi )‖2
︸ ︷︷ ︸

physics residual

+ λb
1

Nb

Nb∑

i=1

‖B[Gθ (a)](xi ) − g(xi )‖2
︸ ︷︷ ︸

boundary loss

mirroring the structure of (2), but without explicitly differen-
tiating through the network outputs to enforce the dynamics
at each collocation point. This improves the conditioning of
the optimization problem, particularly when the underlying
physics introduce stiffness (Cheng et al., 2025).

Boundary-aware architectures further reduce residual
penalties by applying hard-constraint transformations, for
example:

ũ(x) = ubc(x) + φ(x)Gθ [a](x), (63)

with φ(x) = 0 on ∂�, similar to the classical PINN strategy
in (6). Such formulations eliminate the boundary-loss imbal-
ance, significantly improving stability on PBF-like problems
involving localized heating.
Spectral regularization and mode-aware training

Fourier-based NOs, such as the FNO, compute updates of
the form

vt+1(x) = Wvt (x) + F−1[Rφ(ξ) · F(vt )(ξ)
]
, (64)

where Rφ learns to filter spatial frequency components
ξ of the evolving latent representation. In multiphysics
high-frequency regimes, naïvely learning all modes simul-
taneously often results in instability or divergence.

To mitigate this effect, (George et al., 2024) introduce
incremental spectral training, gradually activating higher-
frequency modes:

Rφ(ξ) =
{
R̂φ(ξ) if ‖ξ‖ ≤ ω(t),

0 otherwise,
with ω(t) increasing over epochs.

(65)

This strategy improves convergence by aligning opti-
mization dynamics with the natural scale separation of the
operator, which is crucial for PBF where melt-pool physics
produce localized high-frequency features.

Complementary approaches impose spectral smoothness
penalties (e.g., Tikhonov regularization in Fourier space),
helping prevent unphysical oscillations in stress or tempera-
ture fields.
Discretization-invariant learningandmulti-resolution super-
vision

A unique challenge in operator learning is the so-called
mesh transferability: the operator should generalize across
different discretizations of �. However, inference on a finer
grid than that used during training can yield large errors,
known as discretization mismatch (Gao et al., 2025).

To address this, multi-resolution training supervises both
coarse and fine discretizations:

LMR =
L∑

�=1

α� ‖Gθ [a�] − u�‖2, (66)

where � indexes resolutions. This improves operator invari-
ance to sampling patterns, a feature particularly beneficial
when PBF geometries vary widely.

Graph-based operator architectures such as in (Hao et
al., 2023) further enable learning on irregular or evolving
domains, allowing modeling of powder-bed dynamics with
complex free surfaces.
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Hybrid supervision for stiff multiphysics dynamics
Physics-only supervision may be insufficient to guide

operator training in regions where the governing equations
become nearly singular (e.g., near solid-liquid boundary).
Hybrid learning strategies combine labeled high-fidelity
fields with physics residuals:

L = β‖Gθ [a]−uHF‖2+(1−β) ‖N [Gθ (a)]− f ‖2, β ∈ [0, 1],
(67)

ensuring stability without dependence on dense supervised
data. Such strategies are especially aligned with PBF work-
flows, where high-fidelity samples can be triggered only
when uncertainty exceeds process-specific thresholds.

A structured overview of these stabilization techniques
and their relevance to PBF simulations is provided in Table 5.

Practical deployment of SciMLmethods: the
current landscape

While the previous sections have demonstrated the theo-
retical capabilities of PINNs and NOs for modeling the
thermo-fluid and thermo-mechanical behavior of MAM,
with special regards to the PBF process, the transition
from research prototypes to industrial deployment remains
a significant challenge. Real manufacturing environments
introduce constraints that extend beyond prediction accu-
racy, including software usability, real-time performance,
seamless interaction with sensor data, and integration within
digital twin architectures for process monitoring and con-
trol. This section reviews the current ecosystem of scientific
machine learning software, examines representative appli-
cations in engineering practice, and evaluates the readiness
of these technologies for enabling autonomous and reliable
MAM workflows.

Available software frameworks

The implementation of PINNs and NOs in MAM applica-
tions depends not only on algorithmic advances, but also
on the availability of software tools capable of handling
complex multi-physics behavior while remaining accessible
to practitioners with diverse technical backgrounds. Unlike
conventional finite-element platforms, where mature graph-
ical interfaces and streamlined workflows allow users to
construct complex simulations without interacting directly
with numerical solvers, current SciML frameworks still rely
heavily on explicit coding of differential operators, sampling
strategies, and loss formulations. Consequently, users must
possess expertise in both programming and mathematical
modeling, which poses a non-negligible barrier to adoption

for process engineers andmaterials scientists who are the pri-
mary stakeholders in industrial AM environments. This gap
in usability significantly slows the translation of emerging
SciML methods into production-ready engineering tools.

All currently available software frameworks for SciML
share three fundamental components. First, they provide
tools for defining the geometry of the computational domain
and sampling points within the interior and along the bound-
aries. Second, they offer interfaces for specifying the math-
ematical model, such as the governing differential operators
and physical constraints, so that residuals can be evaluated
during training. Third, they rely on a deep learning backend
to define the neural network architecture and optimize its
parameters. This general workflow is illustrated in Figure 8.

The neural network component is typically built on auto-
matic differentiation libraries that compute both the gradients
required for loss minimization and the derivatives of the net-
work output necessary to evaluate the PDE residuals and
boundary conditions.Commonly used backends includeTen-
sorFlow (Abadi et al., 2015), PyTorch (Paszke et al., 2019),
JAX (Frostig et al., 2018), and PaddlePaddle (Baidu, 2016).
Table 6 summarizes representative software libraries that
integrate these capabilities for the development of PINNs
and NOs, which are further discussed in the following para-
graphs.

DeepXDE

DeepXDE (Lu et al., 2021b) is among the earliest and
most widely adopted Python libraries for PINNs and oper-
ator learning. It supports a diverse range of formulations,
including standard PINNs, residual-based adaptive refine-
ment, energy-based and gradient-enhanced variants (Yu et
al., 2022), stochastic PINNs (Zhang et al., 2020), and Deep
Operator Networks (DeepONets). Its flexible API enables
the specification of complex geometries and boundary con-
ditions through constructive solid geometry, facilitating
applications across fluid mechanics, geophysics, and biome-
chanics, such as tsunamiwavepropagation (Maoet al., 2020),
multiphase flow in porous media (Jagtap et al., 2020a), and
coronary artery hemodynamics (Kissas et al., 2020).

From a usability perspective, DeepXDE provides built-in
tools for computing network derivatives and standard dif-
ferential operators via automatic differentiation. However,
users must explicitly define the governing equations, and
the framework offers limited automation for hyperparameter
tuning or model design. As such, effective use still requires
substantial prior knowledge of the underlying physics and
numerical formulation.
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Table 5 Taxonomy of stabilization strategies for SciML surrogates relevant to PBF multiphysics modeling.

(a) Physics-Informed Neural Networks (PINNs)
Method Key Idea Relevance to PBF References

Adaptive Loss
Balancing

Balance residual vs. bound-
ary/initial terms tomitigate gradient
stiffness. Techniques: dynamic
weight updates, NTK eigenvalue
alignment.

Improves enforcement of bound-
ary conditions and solid–liquid
phase transitions in multiphysics
loss landscapes.

Learning-rate annealing (Wang
et al., 2021a); Inverse Dirichlet
weighting (Maddu et al., 2022);
NTK-based scaling (Wang et al.,
2022); ConFIG (Liu et al., 2025);
Fractional loss rescaling (Wang et
al., 2024).

Collocation Point
Weighting

Pointwise importance weighting
based on residual magnitude or
learned attention.

Enhances accuracy near melt-pool
boundaries, spatter trajectories, and
lack-of-fusion defect zones.

SA-PINN (McClenny & Braga-
Neto, 2023); DASA-PINN (Zhang
et al., 2023); Component-wise
weighting (Song et al., 2024);
Bounded-weight law (Anagnos-
topoulos et al., 2024); Convolu-
tion min–max weighting (Si & Yan,
2025); Residual variance weight-
ing (Cao et al., 2025).

(b) Neural Operators (NOs)
Method Key Idea Relevance to PBF Examples

Physics-
Constrained
Operator Learn-
ing

Add PDE residuals or hard-BC
transformations to the operator
mapping loss.

Improves multiphysics coupling
without heavy reliance on labeled
data.

Physics-informed NOs (Cheng et
al., 2025).

Spectral Stabi-
lization

Gradual activation or regularization
of high-frequency Fourier modes.

Necessary for resolving steep ther-
mal gradients and recoil-pressure-
driven melt-pool oscillations.

Incremental spectral train-
ing (George et al., 2024); Spectral
smoothing penalties.

Discretization
Robustness

Enable mesh-transferable learning
via multi-resolution objectives or
grid-agnostic operators.

Supports rapid design changes in
part geometry, hatch pattern, and
layer thickness.

Multi-resolution supervision (Gao
et al., 2025); Graph-based NO
(gNO) (Hao et al., 2023).

Hybrid Supervi-
sion

Blend sparse high-fidelity data with
physics priors to stabilize stiff
regimes.

Mitigates uncertainty where vapor-
ization, keyholing, and Marangoni
flow dominate.

HF-guided updates in stiff tran-
sitions (e.g., melt-pool topology
changes).

Fig. 8 General structure of a
software framework for training
SciML models. The workflow
comprises the definition of the
domain and physical model,
sampling of training points or
fields, a neural network that
approximates either the solution
or the operator, and
gradient-based optimization
enabled by automatic
differentiation
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Table 6 Overview of representative SciML libraries.

Software Backend(s) Language Summary of characteristics

DeepXDE (Lu et al., 2021b) PyTorch, TensorFlow,
JAX, PaddlePaddle

Python Broad algorithmic support; explicit PDE for-
mulation required.

NeuralPDE.jl (Zubov et al., 2021) Julia Julia Symbolic PDE definition; direct coupling
with mechanistic solvers; best for expert
users.

PINA (Coscia et al., 2023) PyTorch Python Modular framework supporting PINNs and
NOs; user-friendly syntax; suitable for
research prototyping.

PhysicsNeMo (Contributors, 2025) PyTorch Python Comprehensive physics-ML framework
with predefined physics nodes (only for
limited applications); GPU acceleration.

NeuralPDE.jl

NeuralPDE.jl (Zubov et al., 2021) is part of the Julia SciML
ecosystem and enables symbolic specification of PDEs
through a unified mathematical representation. It supports
a variety of PINN formulations, including quadrature-based
approaches (Kharazmi et al., 2019), and connects with Neu-
ralOperators.jl, which implements operator-learning archi-
tectures such as DeepONet, the FNO, GNO, and Physics-
Informed Neural Operator (PINO) (Li et al., 2024).

A notable advantage of NeuralPDE.jl is its seamless inte-
gration with DifferentialEquations.jl, which allows hybrid
mechanistic-data-driven workflows where PINNs or NOs
interact directly with high-fidelity ODE/PDE solvers. This
functionality has enabled applications acrossmultiple domains,
including electrochemical battery modeling using the Doyle-
Fuller-Newman equations and stochastic differential equa-
tions in finance.

Despite its extensive modeling flexibility, effective use of
NeuralPDE.jl typically requires a strong understanding of
the governing physics and numerical methods. Furthermore,
the Julia ecosystem, while growing rapidly, remains less
widely adopted than Python, which may limit accessibility
for practitioners less familiar with scientific programming.
Nonetheless, NeuralPDE.jl offers rich documentation and
example-driven resources that support advanced research and
experimentation.

PINA

PINA (Coscia et al., 2023) is a PyTorch-based library that
unifies PINNs and neural operator models within a modular
architecture. It supports standard and variational PINNs as
well as operator-learning frameworks including DeepONet,
the FNO, and the GNO. Built on PyTorch Lightning, PINA
adopts a “Problem-Solver-Trainer” abstraction that simpli-
fies scalable experimentation, distributed training, and rapid
prototyping of multi-component models.

Applications demonstrated in the literature include bench-
mark PDEs such as the Helmholtz and diffusion equations
and reduced-order surrogates for fluid dynamics (Coscia et
al., 2023). Froma usability standpoint, PINAprovides amore
user-friendly syntax thanmany early SciML frameworks and
offers pre-implemented differential operators to reduce man-
ual coding effort. However, effective use still requires explicit
formulation of the governing physics and careful configura-
tion of the problem setup, which may pose challenges for
non-expert users.

PhysicsNeMo

PhysicsNeMo (formerly NVIDIA Modulus) (Contributors,
2025) is an open-source PyTorch framework optimized
for GPU-accelerated scientific machine learning. It pro-
vides a model zoo of state-of-the-art architectures, including
standard and variational PINNs, PINNs with adaptive acti-
vations (Jagtap et al., 2020a), Deep Operator Networks, the
FNO, Adaptive FNO (Pathak et al., 2022), and hybrid PINO.
These models have been applied to a wide range of engi-
neering and geoscientific problems, from FNO-based Darcy
flow simulations to global weather forecasting and lid-driven
cavity flow prediction.

The framework uses a node-based computational graph
in which each node can represent a variable, neural net-
work component, differential operator, or manually defined
algebraic expression. This structure enables efficient assem-
bly of PDE operators and data constraints, while predefined
physicsmodules help reduce the effort required to implement
common governing equations. Additional features include
utilities for importing external datasets, exporting predictions
in multiple formats, and monitoring training performance–
including per-loss diagnostics–viaTensorBoard (Abadi et al.,
2015).

Although PhysicsNeMo is currently the most feature-
complete solution forSciML-baseddigital engineering appli-
cations, its automation and abstraction remain limited to the
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physics domains supported by built-in operators. Extending
the framework to new manufacturing scenarios still requires
expert knowledge of the governing physics and significant
customization.

Integration into Digital Twins for PBF

The integration of SciML intometalAM is driven by the need
for fast, physics-consistent surrogates capable of support-
ing real-time monitoring, optimization, and control within
a digital-twin framework. In an ideal PBF scenario, a digi-
tal twin continuously acquires in-situ sensor data, updates
its internal prediction of temperature and melt-pool evo-
lution, and autonomously adjusts process parameters to
guarantee part quality, process stability, and repeatability.
Achieving such capabilities represents a key requirement for
next-generation manufacturing systems aligned with Indus-
try 4.0 (Kizhakkinan et al., 2023).

Progress in other engineering domains provides encourag-
ing evidence that SciMLsurrogates can enable functionalities
directly relevant to digital-twin development. In aerospace,
neural operators have accelerated aerodynamic shape opti-
mization under PDE constraints (Shukla et al., 2024),
demonstrating reactive design-space exploration. In the built
environment, PINN-enhanced digital twins have supported
predictive energy and autonomous control (Kazemi Naeini
et al., 2025). At industrial scale, SciML surrogates have
been applied to thermo-fluid optimization (Eidell et al., 2021;
Susulovska et al., 2024), weather forecasting (Bonev et al.,
2023), and power-grid simulation (Mathew et al., 2024),
illustrating their scalability, real-time performance, and oper-
ational robustness. These precedents suggest that the key
components of a digital twin-data assimilation, optimization
coupling, and low-latency inference are technically achiev-
able and can serve as a roadmap for analogous integration in
PBF processes.

Current status and technical challenges

Despite encouraging developments in other sectors, the use
of PINNs and NOs in MAM remains largely confined to
forward-modeling tasks, in which neural networks replace
high-fidelity numerical solvers to approximate thermo-fluid
or thermo-mechanical fields (Yan et al., 2024). These studies
demonstrate notable accuracy and computational efficiency
but typically operate as offline surrogates, decoupled from
equipment control and without mechanisms for uncertainty
quantification or real-time feedback.

Recent academic efforts have begun exploring online
control and parameter optimization, such as laser-power
adjustment via PINNs (Depaoli et al., 2024) or surface-
roughness regulation usingNO (Liu et al., 2024).While these
examples confirm the potential of physics-informed learning

for process development, their deployment remains restricted
to virtual testbeds with simplified sensing and control archi-
tectures.

EmbeddingSciMLsurrogates into cyber-physical produc-
tion systems presents several unresolved technical barriers:

• Low-latency, high-fidelity inference: Surrogates must
predict temperature, melt-pool geometry, and phase evo-
lution at millisecond timescales to enable responsive
control.

• Robustness and generalization: Reliable deployment
requires uncertainty quantification to detect and handle
out-of-distribution conditions.

• Physics-constrained optimization: Neural surrogates,
physical models, and control algorithms must be tightly
coupled to ensure feasible and stable corrective actions.

• Sensor fusion and synchronization:Digital twins must
assimilate data from high-bandwidth modalities such as
pyrometry, thermography, and melt-pool imaging (Di
Cataldo et al., 2021) to maintain consistency with evolv-
ing machine conditions.

Technology-readiness assessment

To contextualize the current maturity of SciML components
within PBF, their indicative Technology-Readiness Level
(TRLs) were estimated based on representative studies in the
literature. The assessment considers demonstrated capabili-
ties from recent experimental and simulation-based works,
including offline thermal surrogates (Pieressa et al., 2025;
Yan et al., 2024), parametrized modeling efforts (Depaoli et
al., 2024; Liu et al., 2024), and integration-oriented frame-
works such as PhysicsNeMo (Contributors, 2025). Table 7
summarizes the corresponding readiness levels following the
NASA and ESA TRL scales commonly adopted in manufac-
turing research (Mankins, 1995; Technology readiness levels
handbook for space applications, 2017).

Although SciML surrogates have demonstrated promis-
ing predictive capabilities, significant gaps remain before
full cyber-physical integration is achieved. As summarized in
Table 7, current implementations span technology readiness
levels (TRLs) between 2 and 5 depending on the targeted
capability, highlighting several critical research directions
required to increase maturity and enable industrial deploy-
ment.

Automation and accessibility: The moderate TRL (4–5)
achieved by forward thermal surrogates in Table 7 is largely
confined to controlled, offline studies. Advancing beyond
this stage requires improved automation of model setup,
including automated PDE specification, physics-aware loss
construction, and hyperparameter tuning. Template-based
workflows for common PBF sub-problems could reduce
manual implementation effort and improve robustness when
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Table 7 Indicative technology
readiness levels (TRLs) of
SciML components for PBF
digital twins, estimated from
representative
studies (Contributors, 2025;
Depaoli et al., 2024; Liu et al.,
2024; Yan et al., 2024). TRL
definitions follow the
NASA/ESA scales (Mankins,
1995; Technology readiness
levels handbook for space
applications, 2017).

Capability TRL Status and limitations

Forward thermal surrogate (offline) 4-5 Reliable prediction in controlled
studies; limited robustness to vari-
ations.

Multi-physics surrogate (thermal +
mechanics + melt pool)

3-4 Accuracy challenges for tightly
coupled phenomena; stability con-
cerns.

Real-time simulation acceleration 2-3 Achieved only with simplified or
reduced-order physics.

Closed-loopmonitoring and control
integration

2-3 Proof-of-concept only; no industrial
deployment reported.

models are transferred acrossmachines, materials, or process
windows.

Multi-physics generalization: As indicated by the TRL
3–4 assigned to multi-physics surrogates in Table 7, tightly
coupled thermal, fluid, and mechanical phenomena remain
challenging to model reliably. Addressing the reported accu-
racy and stability limitations requires modular multi-physics
architectures, shared latent representations across physical
domains, and constraint-based regularization strategies that
explicitly enforce conservation laws and coupling conditions.

Real-time deployment: The low TRL (2–3) reported in
Table 7 for real-time simulation acceleration reflects the
fact that real-time capability has only been demonstrated
using simplified or reduced-order physics. Progress toward
higher TRLs will depend on systematic model compression
techniques, such as pruning, quantization, and low-rank rep-
resentations, as well as hybrid approaches combining SciML
surrogates with classical reduced-order models. Adaptive
spatial-temporal resolution strategies focusing computa-
tional effort on critical regions, together with deployment
on GPU-accelerated or edge hardware, are key enablers for
latency-constrained operation.

Continual learning and adaptation:Across all capabili-
ties listed inTable 7, robustness to process variability remains
a limiting factor. Tomitigate performancedegradation caused
bymaterial variability, environmental changes, or equipment
wear, SciMLmodelsmust incorporate continual learning and
domain adaptation strategies. Incremental updating schemes,
coupled with regularization mechanisms that prevent catas-
trophic forgetting while preserving physical consistency, are
essential for sustained performance in operational settings.

Verification, validation, and reliability: Finally, the
TRL 2–3 assigned to closed-loop monitoring and control
integration in Table 7 underscores the absence of vali-
dated industrial deployments. Raising the maturity of this
capability requires standardized verification and validation
frameworks, uncertainty quantification suitable for control-
oriented decision making, and traceability mechanisms link-
ing predictions to physical assumptions and data sources.
Such developments are critical to meeting qualification and

safety requirements in closed-loop manufacturing environ-
ments.

Addressing these priorities will transform current SciML
surrogates from offline predictors into trusted, self-updating
digital companions capable of monitoring, predicting, and
controlling the PBF process in real time. This progres-
sion represents a critical step toward the realization of
autonomous and reliable metal AM systems.

Conclusions and outlook

As emerged from our review, in the past few years SciML has
evolved into a promising paradigm to bridge physics-based
modeling and data-driven learning for metal additive man-
ufacturing. In particular, PINNs and NOs have shown the
potential to encode the governing physical laws of the PBF
process while learning directly from data. However, the field
remains in a transitional phase: while theoretical understand-
ing and proof-of-concept demonstrations have advanced
considerably, both the algorithms and their deployment path-
ways are still evolving toward practical maturity. Current
limitations can be broadly categorized into two classes:
methodological and deployment-related. The following dis-
cussion summarizes these challenges and highlights key
directions toward reliable, real-time, and autonomous PBF
manufacturing.

Methodological limitations and research directions

Although SciML methods have expanded rapidly in scope,
several unresolved issues still constrain their predictive
accuracy, robustness, and generality. From an industrial
perspective, the urgency of these research directions is
not uniform. The most immediate need concerns robust
multiphysics representations, stable training dynamics, and
multiscale coupling, as these directly affect predictive accu-
racy and reliability in operational PBF settings and they
limit defect prediction and process-window generalization.
Finally, uncertainty quantification, while essential for certi-
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fication and qualification, currently depends on progress in
the former directions and therefore represents amedium-term
priority.
Complex multiphysics representation

To this date, only a limited subset of physical phenomena
governing the PBF process has been modeled comprehen-
sively. Most studies focus on large-scale heat transfer or
residual stress formation, whereas melt-pool fluid dynamics,
vaporization, and powder-scale interactions remain largely
unexplored. Accurate modeling of these effects would
require relaxing continuum assumptions and accounting for
transient variations in material properties such as density and
composition. Very few attempts have incorporated explicit
particle-level dynamics (Wessels et al., 2020). Increasing the
complexity of the models enables the development of tools
capable of finer selection and control of process parameters,
allowing a broader range of defects to be addressed.However,
despite these potential benefits, the introduction of complex
mathematical models reduces the effectiveness and practi-
cality of SciML algorithms, particularly in terms of training
stability and computational efficiency.
Training dynamics and stability

Balancing multiple loss components, mitigating spectral
bias, and stabilizing stiff time-dependent systems remain
open research problems. Existing weighting strategies often
depend on instantaneous loss magnitudes or gradient norms,
which do not necessarily correlate with global solution qual-
ity. Emerging analyses based on the Neural Tangent Kernel
and network-state metrics (Anagnostopoulos et al., 2026)
offer diagnostic insights but have yet to yield robust, general-
purpose training protocols. As discussed above, improving
existing algorithms or developing new ones is essential for
accurately modeling multiple interacting physical phenom-
ena.
Temporal and spatial multiscale coupling

Thedisparity betweenmicrosecond-scalemelt-pool dynam-
ics andmacro-scale thermal diffusion leads to severe stiffness
and gradient imbalance during training. Causality enforce-
ment and domain decomposition alleviate these issues only
partially (Rohrhofer et al., 2023), and the need for adaptive
spatio-temporal resolution remains pressing. Architectures
capable of dynamically allocating modeling capacity across
scales are essential for consistent fidelity in PBF simulations.
Reliability and uncertainty quantification

For industrial and safety-critical applications, SciML
surrogates must provide not only accurate predictions but
also calibrated estimates of their uncertainty. Probabilistic
physics-informed networks and Bayesian operator-learning
formulations offer promising routes toward quantifiable con-
fidence bounds and trustworthy deployment. Developing
unified frameworks for uncertainty quantification and vali-
dation will be crucial to align SciMLmethods with industrial
qualification standards.

Deployment and integration challenges

Alongside the methodological challenges, the practical inte-
gration of SciML into industrial AM workflows encounters
equally significant obstacles. The current software infras-
tructure supporting SciML research remains largely proto-
typical in nature. Contemporary frameworks such as Deep-
XDE, NeuralPDE.jl, PINA, and PhysicsNeMo offer flexible
environments for domain definition, differential operator
specification, and neural surrogate training. However, effec-
tive use of these libraries requires substantial prior knowledge
of the underlying algorithms and a clear understanding
of their regimes of applicability to address the intrinsic
challenges of SciML approaches. Moreover, these frame-
works rely on explicit coding of governing equations, loss
formulations, and hyperparameter choices, which further
limits accessibility for engineers and materials scientists. In
addition, existing libraries typically stop at the model devel-
opment stage and do not support the direct deployment of
trained models within industrial control or monitoring sys-
tems. To approach the usability and maturity of established
finite-element platforms, future SciML frameworks must
therefore provide automated PDE assembly, pre-configured
multi-physics templates, and seamless pathways for deploy-
ment, together with tighter integration into commercial CAE
environments and control ecosystems. Standardized datasets,
benchmarking protocols, and open repositories also remain
essential to ensure reproducibility and comparability across
studies.

Beyond usability concerns, SciML surrogatesmust evolve
from offline predictive tools into components capable of
operating within cyber-physical loops. As summarized in
Table 7, current implementations of real-time and closed-
loop functionality typically remain at technology-readiness
levels between TRL 2 and 3. Progress toward higher
maturity will require advances in model compression, low-
latency inference on GPU-accelerated or edge hardware, and
continual-learning strategies that enable adaptation to pro-
cess drift arising from material variability and equipment
degradation.

Toward digital-twin-enabled additive
manufacturing

As anticipated in Section 1, the long-term vision for SciML
in metal additive manufacturing lies in the development of
digital twins capable of real-time monitoring, reasoning, and
control. In these systems, sensor data from pyrometry, ther-
mography, or melt-pool imaging (Di Cataldo et al., 2021)
would be assimilated continuously to update model predic-
tions and autonomously adjust process parameters. Recent
demonstrations, including the NO-based surface-roughness
controller proposed in Liu et al. (2024) and the PINN-driven
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parameter optimization in Depaoli et al. (2024), illustrate
the feasibility of this approach in virtual testbeds. Trans-
ferring such frameworks to physical machines will require
computational efficiency, robust uncertainty management,
and standardized communication interfaces between mod-
els and control hardware. When these capabilities converge,
real-time SciML surrogates embedded in digital twins could
enable predictive monitoring, adaptive optimization, and
self-correcting feedback mechanisms across the entire build
process (Qi et al., 2021).

Concluding perspective

This survey evaluated the current maturity of SciML algo-
rithms for process modeling and system-level integration
in metal additive manufacturing, with particular emphasis
on their role within emerging digital twin (DT) paradigms.
Twomain classes of challenges were identified: methodolog-
ical limitations and deployment-related constraints. From
a methodological perspective, existing SciML approaches
have not yet reached full maturity and continue to struggle
with the intrinsic complexity, strong multiphysics coupling,
and multiscale nature of realistic PBF processes. In particu-
lar, the generalization capability of current models remains
limited under extreme or out-of-distribution operating con-
ditions, and practical upper bounds on achievable accuracy
emerge when tightly coupled thermal, fluid, and mechanical
phenomena are modeled simultaneously. As a result, SciML
models trained without systematic support from high-fidelity
numerical simulations or carefully curated experimental data
often exhibit reduced predictive reliability.

From a deployment standpoint, current SciML software
frameworks remain difficult to use for non-expert practition-
ers, and industrial MAM platforms provide limited support
for the integration, validation, and long-term maintenance of
externally developed models. These limitations hinder the
direct adoption of SciML solutions within operational envi-
ronments and constrain their current role within industrial
digital twins, which are still predominantly limited to offline
analysis or decision-support functionalities. Moreover, the
lack of standardized benchmarks, qualification procedures,
and uncertainty quantification strategies further complicates
the assessment ofmodel robustness and transferability across
machines, materials, and process windows.

Despite these challenges, ongoing research in SciML con-
tinues to advance the development of more interpretable,
computationally efficient, and adaptive modeling strategies
that combine physical knowledgewith data-driven inference.
While significant gaps remain between current capabilities
and fully autonomous, closed-loop digital twins, incremental
progress in automation, uncertainty awareness, and real-time
integration suggests a plausible pathway toward more reli-
able DT-enabled decision-support systems. In this evolving

landscape, physics-informed approaches should currently be
regarded as enabling components of future digital twins
rather than as standalone solutions, with their long-term
potential contingent on sustained advances in model robust-
ness, multiphysics fidelity, and industrial integration.
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