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ABSTRACT
Physics-informed generative adversarial networks (PI-GANs) are
used to learn the underlying probability distributions of spatially-
varying material properties (e.g., microstructure variability in a
polycrystalline material). While standard GANs rely solely on data
for training, PI-GANs encode physics in the form of stochastic dif-
ferential equations using autodifferentiation. The goal here is to
show that experimental data from a limited number of material tests
can be used with PI-GANs to enable unlimited virtual testing for
aerospace applications. Preliminary results using synthetically gen-
erated data are provided to demonstrate the proposed framework.
Deep learning and autodifferentiation capabilities in Tensorflow
were implemented on Nvidia Volta V100 GPUs.
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1 APPLICATION
This work aims to use a state-of-the-art concept - Physics-Informed
Generative Adversarial Networks (PI-GANS) [4] - to develop a neu-
ral network (NN) capable of generating an infinite number of virtual
material tests that can replace or supplement traditional testing and
accelerate certification of new materials. Digital image correlation
(DIC) will be used to measure full-field displacements over the sur-
face of a small number of test specimens. The data are used to train
the PI-GAN (incorporating the governing physical laws relating
displacement and material properties). This process involves infer-
ence of the underlying probability distributions of spatially-varying
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material properties (e.g., microstructure variability). See Figure 1
for an illustration of this framework. This proof-of-concept study
will involve simple uniaxial test specimens and will be validated
through the use of a high-throughput testing apparatus.

2 PI-GAN FORMULATION
The PI-GAN framework integrates the deep learning concepts of
Generative Adversarial Networks (GANs) [1] and physics-informed
neural networks (PINNs) [3] to learn probability distributions from
data while adhering to relevant physical laws. This section provides
a brief overview of the formulation.

Standard Neural Networks aim to approximate a function ûθ (x) ≈
u(x) by training network parameters θ . The training of theta is
performed through minimization of a loss function L which is
based on observed data {xiu , ui }

Nu
i=1:

Ldata (θ ) =
1
Nu

Nu∑
i=1

∥ûθ (x
i
u ) − ui ∥2, (1)

Physics-Informed Neural Networks utilize well-established physi-
cal laws that govern the behavior of u(x) in the form of the general
partial differential equation (PDE):

r (x) = Nx [u;k] − f (x) = 0, x ∈ Ω (2)

where Nx is a nonlinear differential operator parameterized by
coefficient k , f is an arbitrary (e.g., forcing) function, and Ω is a
subset of Rd . k can be a function of x and is approximated with its
own NN: k̂ϕ ≈ k(x). A PINN [3], utilizes knowledge of the PDE in
the training of u(x). The NN parameters θ and ϕ can be found by

Figure 1: Generating virtual test results from a limit number
of DIC experiments and PI-GANs.
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Figure 2: PI-GAN example - elastic bar in tension.

minimizing the loss

LP I (θ ,ϕ) = Ldata (θ ) + LPDE (θ ,ϕ) (3)

where Ldata is given by Equation (1) and LPDE is the PDE loss:

LPDE (θ ,ϕ) =
1
Nr

Nr∑
i=1

∥r̂θ (x
i
r )∥

2. (4)

Here, {xir }
Nr
i=1 is a finite set of collocation points where the structure

of the PDE (Equation (2)) is enforced during training.
Generative Adversarial Networks comprise a generator, Gθ , that

produces synthetic data given random noise and a discriminator,
Dψ , that learns to discriminate generator output from true data
[1]. Two competing loss functions are used, LG(θ ) and LD (ψ ),
respectively. Wasserstein GANs with gradient penalty (WGAN-GP)
[2] were used for improved stability.

Physics-Informed Generative Adversarial Networks [4] combine
the concepts of PINNs and GANs. Given training data and a gov-
erning PDE (Equation (2)) relating the functions u(x) and k(x), the
goal is to train generative NNs for these functions: ûθ (x, z), k̂ϕ (x, z)
with z ∼ p(z). Training the discriminator Dψ and dual generators
ûθ and k̂ϕ involve the following PI-GAN optimization problem

max
ψ

LD (ψ ), min
θ,ϕ

LG(θ ) + βLPDE (θ ,ϕ). (5)

The GAN loss is modified to incorporate PDE loss with weight β .

3 RESULTS
A simple solid mechanics problem was used to demonstrate the use
of PI-GANs for probabilistic characterization of material proper-
ties given displacement measurements. The problem, illustrated in
Figure 2, consists of a one-dimensional bar with unknown, spatially-
varying elastic modulus E(x) subjected to a known stress σ . The
target for elastic modulus was assumed to be

E(x) = 1.2 + (sin(
5π
L
x +

π

2
(θ −

1
2
)))−1 (6)

whereθ is a Beta random variable, making E(x) a stochastic function
whose uncertainty is to be quantified using a PI-GAN. In this case
u(x) has a closed form expression

u(x) = σ (1.2 ∗ x −
L

5π
cos(

5π
L
x +

π

2
(θ −

1
2
))) (7)

and is related to E(x) through the governing PDE:

r (x) = E(x)u ′(x) − σ = 0 (8)

Two PI-GANs for E(x) and u(x) were trained using 1,000 snap-
shots of u(x) evaluated at 60 evenly spaced sensor locations. The
PDE in Equation (8) was enforced using 10,000 randomly selected
collocation points across the domain. The results can be seen in
Figure 3, comparing the prediction of mean plus and minus two
standard deviations using the PI-GANs versus the target solutions

(a) (b)

Figure 3: PI-GANmean and standard deviation (uncertainty)
versus target values for (a) u(x) and (b) E(x).

Figure 4: Computation time (seconds per iteration) for the
PI-GAN implementation on GPUs (K40 and V100) versus 16-
core CPU (Intel Haswell).

in Equations (6) and (7). The PI-GANs predictions show excellent
agreement with the target values, even in the absence of explicit
training data for E(x).

The computation time (seconds per iteration) required to train
the PI-GANs for varying training data sizes is shown in Figure 4 for
GPUs (NVIDIA V100 and K40) versus a 16-core CPU (Intel Haswell).
Up to 3.1× and 16.9× speedup relative to the CPU is observed for
the K40 and V100, respectively. The efficiency and scalability of
the PI-GAN GPU implementation will be critical for the second
phase of this project which requires extension to two and three
dimensions and a substantial increase in the volume of training
data.

4 CONCLUSION
Phase one of the project has been completed with a successful
demonstration of the PI-GAN framework on a simple proof-of-
concept problem with synthetically generated experimental data.
It was shown that material properties could be estimated with
associated uncertainty using only training data for displacements
with speedup of up to 16.9× using NVIDIA V100 GPUs. Planned
future work includes scaling the approach to the final application
of a real uniaxial test specimen (or set of specimens) and validating
the results using high-throughput testing.
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