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Motivation
Machine learning models o�en require large, high-quality datasets,
which are di�icult and expensive to obtain for complex physical sys-
tems. Physics-Informed Neural Networks (PINNs) address this chal-
lenge by embedding physical laws directly into the learning process,
enabling accurate solutions even with scarce or noisy data. How-
ever, their application to contact mechanics remains largely unex-
plored—this study fills that gap.

Problem Formulation
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Let us consider the boundary value problem (BVP) of small deforma-
tion elasticity

∇ · σ + b̂ = 0 inΩ,

u = û on ∂Ωu,

σ · n = t̂ on ∂Ωσ,

with the following kinematic and constitutive equations

ε =
1

2
(∇u+∇uT ),

σ = C : ε,

and the following contact Karush-Kuhn-Tucker (KKT) constraints

gn > 0, pn 60, pngn = 0,

tτ = 0.

PINNs for Solid and Contact Mechanics
In the context of mixed-variable formulation, a fully-connected neural
network (FNN) maps the given spatial coordinates x to the displace-
ment vector and stress tensor as

ũ := (Nu(x; θ))
′
and σ̃ := (Nσ(x; θ))

′
.
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FNN Output transformation
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Optimization
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Numerical Examples
Lamé problem of elasticity
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Results

Comparison of normalized stresses obtained from the analytical solution and the
predicted values and loss evolutions.

Hertzian contact problem
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Comparison of stress and displacement components obtained by PINN and FEM.
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