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Abstract

Physics-informed neural networks (PINN ) offer a novel Al-driven framework for
integrating physical laws directly into neural network models, facilitating the so-
lution of complex multiphysics problems in materials engineering. This study sys-
tematically explores the application of PINNS to simulate oxide film layer growth
in halide-free solutions using the point defect model (PDM). We identify and an-
alyze four key failure modes in this context: imbalanced loss components across
different physical processes, numerical instabilities due to variable scale dispar-
ities, challenges in enforcing boundary conditions within multiphysics systems,
and convergence to mathematically valid but physically meaningless solutions. To
overcome these challenges, we implement and validate established techniques in-
cluding nondimensionalization for training stabilization, Neural Tangent Kernel-
based adaptive loss balancing, robust enforcement of boundary conditions and hy-
brid training with sparse data. Our results demonstrate the effectiveness of these
strategies in enhancing the reliability and physical fidelity of PINNs, achieving
sub 1% relative error as compared to Finite Element Benchmarks with the hy-
brid model. This investigation demonstrates that PINNs are capable of conduct-
ing high-fidelity electrochemical simulations with minimal data requirements and
elucidates the essential factors for achieving fully autonomous PINN simulations.

1 Introduction

Material degradation from corrosion represents one of the most significant challenges in engineer-
ing, with annual global costs exceeding trillions of dollars [1, 2]]. Central to mitigating corrosion
is the formation of protective oxide films on metal surfaces, a passivation process that preserves
material integrity and underpins performance in applications ranging from biomedical implants to
nuclear reactor components [3}, 4} 5]. Understanding and predicting oxide film growth requires solv-
ing complex multiphysics problems involving coupled transport, electrostatics, and electrochemical
reactions at evolving interfaces.

The Point Defect Model (PDM), originally developed by Macdonald and colleagues [6], provides
the most comprehensive theoretical framework for electrochemical oxide film growth in halide-free



environments. The model describes film evolution through the generation, transport, and annihi-
lation of point defects—cation vacancies, anion vacancies, and metal interstitials—driven by elec-
tric fields and concentration gradients [7 [8]. This multiphysics system requires solving coupled
Nernst-Planck equations for ion transport, Poisson’s equation for electrostatics, while simultane-
ously accounting for Butler—Volmer kinetics at moving boundaries [9} [10].

Traditional numerical approaches, particularly finite element methods, have been successfully ap-
plied to the PDM [[11} [12} [13]. However, these methods face fundamental limitations: mesh re-
generation for moving boundaries increases computational cost, parameter studies require complete
re-simulation for each parameter set, and inverse problems for parameter estimation remain chal-
lenging. Moreover, commercial multiphysics software often functions as a “black box,” limiting
accessibility and interpretability.

Recently, physics-informed neural networks (PINNs) have emerged as a promising alternative, em-
bedding governing physical laws directly into neural network loss functions [[14, [15]. PINNs offer
several advantages including mesh-free computation, rapid inference for parameter studies after
training, and inherent inverse problem capabilities [13]]. Recent successes include voltammetric
simulations achieving excellent agreement with analytical solutions [16]], hydrodynamic voltamme-
try capturing complex flow effects [[17], and phase field modeling with adaptive weighting strate-
gies [18]].

However, applying PINNS to stiff, nonlinear, coupled multiphysics problems like the PDM reveals
significant challenges that have limited practical adoption [19]. Through systematic investigation,
we identify four primary pathologies: (1) imbalanced loss components between different physics
spanning multiple orders of magnitude, (2) numerical instabilities from scale disparities across vari-
ables ranging from nanometers to volts, (3) difficulty enforcing boundary conditions in multiphysics
systems with moving interfaces, and (4) convergence to mathematically valid but physically mean-
ingless solutions.

This work presents comprehensive solutions to these challenges, demonstrating that properly engi-
neered PINNs can successfully simulate oxide film growth. Our key contributions include: sys-
tematic identification of failure modes specific to electrochemical systems, physics-based non-
dimensionalization extending temporal stability by 250x, Neural Tangent Kernel-based adaptive
loss balancing eliminating manual tuning, and diagnostic tools for identifying and resolving con-
vergence issues. We provide actionable guidelines for the broader materials science community to
deploy PINNs for complex interfacial phenomena.

2 Point Defect Model Framework

The Point Defect Model describes oxide film growth through the transport and reaction of point
defects within a growing oxide layer. We adopt the Refined PDM (R-PDM) formulation by Bosing
et al. [9], which explicitly solves the Poisson equation for electric potential. For our PINN imple-
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mentation, we focus on cation vacancies (VFe/ ) and anion vacancies (V;) as the primary charge
carriers.

2.1 Interfacial Reactions
The main reactions for iron passivation in halide-free solution occur at two interfaces:
At the metal/film (m/f) interface:
* R1: Fe + V& — Fe,, + v + 85 e” (Cation vacancy consumption)
* R2: Fe — Fe, + %Vd + %e’ (Anion vacancy production)
At the film/solution (f/s) interface:
e R3: Fe,, — Fe’* + V&3 4+ %e‘ (Cation vacancy production)
e R4: Vj + H,O — O, + H* (Anion vacancy consumption)
* R5: Fe;0, + 8H* — 2Fe** + 4H,0 (Chemical dissolution)



2.2 Governing Equations

The oxide film occupies a time-dependent domain Q(t) = [0, L(¢)], where L(t) represents the
evolving film thickness. Within this domain, defect transport is governed by the Nernst—Planck
equation for each species i:

aC; % FD;C,
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where C; is concentration, D; diffusion coefficient, z; charge number, F' Faraday constant, R gas
constant, 7" temperature, and ¢ electrostatic potential. The flux J; includes both diffusive and elec-
tromigration contributions.

The electric potential distribution satisfies Poisson’s equation:

~V-(eVg) = F Y 2Ci, 2)

where e is the dielectric permittivity of the oxide.

Interfacial reaction kinetics follow Butler—Volmer form:

F
kj = kj exp (—aj RTﬁj) : 3)
where k7 is the exchange rate constant, c; the transfer coefficient, and n; = E'—E® the overpotential
for reaction j.
The film thickness evolution is determined by the net rate of non-lattice conserving reactions:

dL
E = QZujkj, (4)
J

where 2 is the molar volume of oxide and v; the stoichiometric coefficient for reaction j.

3 Methodology

3.1 PINN Architecture for Multiphysics Modeling

Given the multiphysics nature of the PDM, we employ a segregated PINN architecture where each
physical field is represented by a dedicated neural network. This approach, demonstrated superior to
single-network formulations by Sun et al. [20], allows each network to specialize in learning specific
physics:

* Uy(z,t, E): Electric potential network

* Ucv(z,t, E): Cation vacancy concentration network

* Uay(z,t, E): Anion vacancy concentration network

* UL (t, E): Film thickness evolution network
The moving boundary is explicitly captured through I, following Kathane and Karagadde [21].
Each network uses feed-forward architecture with 5 hidden layers of 20 neurons, employing the

Swish activation function which yields improved convergence over tanh [22]. The film thickness
network excludes spatial input = since thickness depends only on time and applied potential.

3.2 Loss Function Design

The PDM physics is enforced through a composite loss function with four components:
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where V; denotes the PDE operator, J€2; the boundary condition operator, and Z; the initial condi-
tion operator for field j € {CV, AV, ¢}.

The total loss combines these with adaptive weights:

Liotal = Winterior Linterior 1 wboundaryﬁboundary + Winitiat Linitial + Waim Lim- 9

3.3 Non-Dimensionalization for Numerical Stability

The PDM involves variables spanning nine orders of magnitude: domain lengths 102 m, con-
centrations 10~° mol/m3, and potentials 1 V. This scale disparity causes severe numerical is-
sues including gradient vanishing and floating-point underflow. We implement physics-based non-
dimensionalization using characteristic scales:

. =1 x 1072 m (initial film thickness), (10)

t. = L?/ D¢y (diffusive time scale), (11)

¢. =1 x 107° mol/m? (reference concentration), (12)

¢. = RT/F (thermal voltage). (13)

This transforms variables to non-dimensional forms:
x .t C; PN A L
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Non-dimensionalization ensures all variables remain O(1), preventing numerical instabilities and
extending maximum simulation time from 3,600 seconds (dimensional) to 900,000 seconds (non-
dimensional)—a 250x improvement.

3.4 Neural Tangent Kernel-Based Adaptive Weighting

Despite non-dimensionalization, loss components can differ by 4-6 orders of magnitude due to
the disparate nature of transport versus electrostatic physics. We implement NTK-based adaptive
weighting following Chen et al. [[18]].

The NTK quantifies each loss component’s sensitivity to parameter changes. For loss £; with pa-
rameters 6, we compute:

where J; = % (15)

K;=J;J" =

77
The trace of K; measures overall sensitivity:
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where M is the number of parameters and N the number of collocation points.

Adaptive weights are computed as:

- tr(K(s))
w](s) - tr(K'(s)) Z ]\];k ) (17)

ensuring balanced gradients across all physics components. We apply granular weighting to Poisson
versus transport equations due to their scale disparity. For computational efficiency, we use statistical
sampling with batch size b; > 251@(]_ where v, is the coefficient of variation, updating weights

every 100 training steps.

3.5 Sampling Strategy

Training employs mini-batch sampling with uniform random sampling for spatial and temporal coor-
dinates. We use 2048 points for interior/film losses and 1024 for boundary/initial losses. Mini-batch
sampling was chosen over uniform grids as it can handle moving boundaries. The number of sam-
pling points was chosen to be the maximum that we could use on our compute. We expect that a
denser sampling is better and should be pursued when compute permits.

3.6 The Inclusion of Parameters

A critical aspect of our implementation concerns the careful treatment of parameters such as the
applied potential E. If one naively samples E the same way as x, ¢, the resulting input tensor would
contain tuples (z;,t;, E;) where each collocation point has a different applied potential. This is
physically meaningless as the electrode maintains a uniform potential.

In this case, we must consider experimental design to understand how to correctly sample E. In
an experiment, the experimenter would apply a potential to the electrode then let the film grow,
measuring thickness at the final time. Thus we must maintain a consistency per batch, which we
can consider as a single experiment data point. This leads to the correct sampling strategy at every
collocation point ¢ per batch j of (x; ;,t; 5, E})

This example demonstrates the need to carefully assess the role of each parameter and sample ac-
cordingly. The inclusion of parameters enables generating polarization curves from a single trained
model, but requires careful implementation.

3.7 Training Algorithm

Algorithm |I|summarizes the complete training procedure with Adam using a learning rate of 10~3.

Algorithm 1 PINNACLE: PINN Training with NTK-Based Loss Balancing

1: Input: Networks {Uy, Ucy ,Uay , UL}, Physics operators P

2: Initialize: Adam optimizer, weights w; <— 1, step s <— 0

3: while s < s, do X R

4 Sample collocation points in [0, L(¢)] X [0,T] X [Emin, Emax]
5: Compute predictions and physics residuals

6: Calculate losses Linteriors Eboundarya Linitial, Lfilm
7
8

if s mod 100 = O then
: for each loss component £; do
9: Compute NTK trace: \; < tr(K;)/N;

10: end for
11: Update weights via Eq.
12: end if

13: Optimize: 0 < 0 — Vg Lol
14: s+ s—+1

15: end while

16: Return: Trained networks




4 Results: Oxide Film Growth Dynamics

4.1 Film Growth Predictions and Voltage Dependence

Figure [I] presents comprehensive predictions of oxide film evolution over 250 hours using NTK-
weighted training. The model successfully captures exponential film growth characteristic of passive
layer formation, with growth kinetics correctly dependent on applied potential. At 0.1V, minimal
growth occurs, this aligns with theoretical expectations from the PDM where low potentials result
in negligible defect generation rates.

Higher potentials show progressively faster growth with physically meaningful behavior., Saturation
behavior emerges after 150 hours. This saturation corresponds to the establishment of steady-
state conditions where defect generation at the metal/film interface balances with defect annihilation
at the film/solution interface, a fundamental prediction of the PDM framework. The exponential
growth followed by saturation matches the theoretical expectation described by the PDM, where
the electric field across the film decreases as thickness increases, reducing the driving force for
continued growth.
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Figure 1: PINN predictions using NTK weighting over 250 hours showing comprehensive oxide
film evolution. Top row: (a) electric potential, (b) cation vacancy concentration, (c) anion vacancy
concentration. Bottom row: (d) film thickness at multiple potentials (0.1V, 0.4V, 0.8V, 1.2V, 1.5V),
(e) detailed growth curve at E=0.8V, (f) potential profile across film at t=125h.

The spatiotemporal evolution reveals complex defect dynamics within the growing film that align
with theoretical expectations. Cation vacancy concentrations develop a depletion zone near the
metal/film interface while accumulating at the film/solution boundary—consistent with their con-
sumption via reaction R1 at the m/f interface and generation via R3 at the f/s interface. However,
we observe unphysical negative concentrations in some depletion regions (Figure [Tb), indicating
convergence to mathematically valid but physically impossible solutions—a known challenge in
physics-informed learning where optimization objectives can conflict with physical constraints.

Anion vacancies show opposite behavior, with higher concentrations near the m/f interface where
they are generated (R2) and depletion at the f/s interface where they are consumed (R4). This
counter-migration of oppositely charged defects is fundamental to the PDM and demonstrates that
the PINN has learned the coupled nature of defect transport under electric fields.



The electric field maintains a quasi-linear profile across the film, as expected from the high-field
approximation commonly used in oxide growth models. The slight curvature reflects the space
charge contribution from the non-uniform defect distributions, a second-order effect that emerges
naturally from solving Poisson’s equation coupled with the transport equations.

Comparing to finite elements benchmarks we find that the model significantly overpredicts the film
growth at all voltages. Figure 2] shows the PINN predictions vs the FEM predictions at two repre-

sentative voltages.
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Figure 2: PINN vs FEM Predictions

The systemic overpredition coupled with the numerous correct physical phenomena observed sup-
port the hypothesis that the model has converged to a solution that is unphysical. Thus we attempted
training with a single additional data point to constrain the model. We found that with this extra
constraint the model agrees with FEM predictions with excellent accuracy, the improvements and
metrics are summarized in Table [T} The predictions are plotted in Figure 3] and indicate that the
model is now constrained to the correct scale and are more aligned with the shape of film growth
expected with the PDM. This is strong evidence that the key deficit in our PINN is that it is under-
constrained and as such, despite learning many of the correct physics converges to an unphysical
solution, indicating that future work should focus on enforcing further constraints without compro-

mising optimization.

To demonstrate that improvement is not dependent on careful data selection, we randomly sampled a
single point from the FEM solution. This represents a realistic scenario where limited experimental
data is available without prior knowledge of optimal measurement locations. We verified robustness
by testing N=5 different random selections, with relative error varying by less than 10% across all

random data points.
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Figure 3: Hybrid PINN vs FEM Predictions



Table 1: Comparison of Pure PINN vs Hybrid PINN Performance
Voltage (V) Pure PINN Hybrid PINN Improvement Hybrid

Error (%) Error (%) Factor R?
0.1 2412 0.32 7537x% 0.8975
04 4707 0.97 4852x 0.8708
1.0 5708 0.80 7135x% 0.9123
1.6 5218 2.18 2393x% 0.9428
1.8 5001 0.38 13160x 0.9891

4.2 Addressing Scale Disparities Through Non-Dimensionalization

Figure [d] demonstrates the critical importance of non-dimensionalization. Without it, the dimen-
sional model fails to capture spatial variation in electric potential—the network learns essentially flat
profiles due to gradients approaching machine epsilon at nanometer scales. The non-dimensional
formulation successfully recovers physically meaningful potential gradients essential for accurate
defect transport.
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Figure 4: Electric potential profiles: (a) dimensional model, (b) non-dimensional model.

4.3 Loss Component Balancing via NTK

Figure 3] illustrates the effectiveness of NTK-based adaptive weighting. Without weighting, the
Poisson equation loss dominates by 4-6 orders of magnitude, preventing the optimizer from learning
transport physics. Uniform weighting fails to account for the dynamic nature of training. NTK
weighting automatically balances components throughout training, maintaining all losses within
one order of magnitude and ensuring coupled physics are learned simultaneously.
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Figure 5: PDE loss component evolution: Poisson (red) and transport equations (blue/green). (a) No
weighting, (b) Uniform weighting, (¢) NTK weighting.

The boundary condition losses exhibit oscillations due to the moving boundary continuously intro-
ducing untrained regions. While NTK weighting reduces absolute magnitudes and aligns compo-
nents, complete elimination of oscillations remains challenging and represents an area for future
research.



4.4 Loss Landscape Analysis Reveals Boundary Stiffness

To understand the optimization challenges observed during training, we analyzed the loss landscape
structure using filter-normalized visualization. For trained parameters 8*, we computed:

[, B) = L(0" + an + B9), (18)
where 7,  are random directions normalized to account for layer-wise scale differences.

Figure [] reveals a critical finding: the anion vacancy boundary condition at the film/solution inter-
face dominates the total loss landscape, creating a narrow, jagged optimization valley. This land-
scape topology provides direct evidence for the boundary stiffness we hypothesized based on the
oscillating losses. The dominance of this single boundary condition over the entire optimization
landscape explains why standard optimizers struggle with moving boundary problems—the gradient
signals from boundary constraints overwhelm the interior physics, creating an imbalanced optimiza-
tion problem that adaptive weighting addressing through minimizing the importance of such stiff
constraints, thus losing their character. This observation directly explains the prescience of negative
cation concentrations, since mass conservation is generally applied as a boundary constraint.
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Figure 6: Filter-normalized loss landscapes: (a) anion vacancy boundary loss, (b) total loss land-
scape.

This analysis demonstrates that boundary condition enforcement in multiphysics PINNs is not
merely a weighting problem but a fundamental optimization challenge requiring specialized tech-
niques. The jagged nature of the landscape indicates high sensitivity to parameter perturbations,
which leads to a minimization of the respective component by the NTK weighting. Thus for ef-
fectively enforcing the character of important constraints while achieving convergence, alternative
methods must be explored.

5 Discussion: Successfully Addressed Challenges

Our implementation successfully overcomes two critical obstacles that have limited PINN adoption
for realistic multiphysics problems:

Scale Disparity and Numerical Instabilities: The nine-order-of-magnitude span in physical scales
represents a fundamental challenge. Traditional input scaling (e.g., log-transformation) fails because
it doesn’t address the underlying physics. Our physics-based non-dimensionalization using problem-
specific characteristic scales ensures all variables and their gradients remain O(1), preventing both
overflow/underflow and gradient vanishing. This extends achievable simulation times by 250x and
enables learning of spatial variations invisible to dimensional formulations.

Imbalanced Loss Components: Even after non-dimensionalization, the mathematical structure
of Poisson versus transport equations creates loss imbalances spanning 4-6 orders of magnitude.



Manual weight tuning is problem-specific and often fails during training dynamics. NTK-based
adaptive weighting provides a principled, automatic solution by normalizing gradients based on
each component’s sensitivity to parameters. This eliminates manual tuning and ensures all physics
components contribute equally to optimization.

6 Conclusion

We successfully demonstrate physics-informed neural networks for simulating electrochemical ox-
ide film growth, achieving accurate predictions of oxide film evolution over extended timescales.
Through systematic investigation, we identify and address critical challenges that have limited PINN
adoption for realistic multiphysics problems. Our key technical contributions include: (1) physics-
based non-dimensionalization that extends simulation capability by 250x and prevents numerical
instabilities, (2) Neural Tangent Kernel-based adaptive weighting that automatically balances com-
peting physics without manual tuning, (3) diagnostic tools including loss landscape analysis for
identifying optimization bottlenecks, and (4) comprehensive guidelines for implementing PINNs in
materials science applications. The successful prediction of thin film evolution over 250 hours, cap-
turing voltage-dependent growth kinetics validates the physical consistency of our PINN approach
for electrochemical modeling. We quantitatively benchmarked our model against FEM data, finding
that our model systemically overpredicts the film thickness, however with the addition of a single
data point we were able to achieve sub 1% accuracy across all voltages. Thereby indicating our
hypothesis that fully autonomous PINNs require a method that more strongly enforces constrains
while still being optimizable or that further constrains must be placed into the mathematical model.

Based on our investigation, we provide actionable guidelines for applying PINNs to multiphysics
problems: Always non-dimensionalize using physics-based characteristic scales before implemen-
tation. This is not optional—dimensional formulations will fail for problems with scale disparities.
Use segregated architectures for coupled fields. Single networks struggle to learn disparate physics
simultaneously. Include parameters strategically. Sample global parameters (e.g., applied poten-
tial) once per batch, not per collocation point. Start without weighting to identify imbalances.
If losses differ in magnitude, implement adaptive weighting. Use NTK weighting for automatic
balancing when adaptive weighting is needed. Update every 50-100 steps to balance computational
cost and adaptivity. Monitor individual components, not just total loss. Stagnant components in-
dicate optimization issues. Visualize loss landscapes when convergence fails. Jagged landscapes
indicate poor conditioning; dominated landscapes reveal imbalanced constraints. Check for patho-
logical solutions even when losses decrease. Verify physical constraints (positivity, conservation)
explicitly. Start with reduced problems. Verify on smaller domains/shorter times before scaling
up. Do not overdo network size: 5-8 layers with 20-50 neurons suffices for most PDEs. Larger
networks don’t improve accuracy but increase training time.Follow best practices with activation
functions: Swish outperforms tanh for deep networks. Avoid ReLU for physics problems requiring
smooth derivatives. Be careful about initialization: Xavier/Glorot initialization with proper scal-
ing for non-dimensional variables but assess performance with and without, we have observed cases
where initialization is crucial for successful training and cases where it has caused convergence to
pathological solutions. Introduce spare data if all above fails.

Future research should pursue several directions. Adressing the remaining challenge of enforc-
ing constraints at moving boundaries and preventing convergence to unphysical solutions remains
the primary deficit. These represent fundamental tensions between mathematical optimization and
physical constraints that require novel approaches. Advanced optimization strategies like Energy
Natural Gradient Descent may enable stronger constraint enforcement via successfully optimizing
Augmented Lagrangian loss formulations. Novel architectures such as Kolmogorov-Arnold Net-
works or physics-constrained designs could inherently respect physical laws. Extension to three-
dimensional geometries and inclusion of electronic carriers would enable modeling of more com-
plex passivation phenomena. This work provides a foundation for deploying PINNs in materials
science, particularly for problems involving coupled PDEs and moving boundaries characteristic of
interfacial phenomena. The methods and guidelines presented are broadly applicable beyond elec-
trochemistry, advancing PINNs toward practical engineering applications in corrosion, catalysis,
battery modeling, and materials processing.
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