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Image-to-lmage Translation with
Conditional Adversarial Networks
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Image-to-Image Translation with
Conditional Adversarial Networks
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Image-to-lmage Translation with

Conditional Adversarial Networks
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Deep Learning the Physics of Transport Phenomena
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Deep Learning for Topology Optimization Design

Deep Learning Neural Network
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Deep Learning for Topology Optimization Design
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Deep Learning for Topology Optimization Design

0
10 - 1D - 1D
20 A .y 2P
0 20 0 20

=
o

N
o
o -

20 0 20 0 20
F_y BC_x BC_y Optimized
Shape

olad 9l £33 [O|E{9Q A|Ztst

i)
- Karea Atomic Energy

5 4 o 2
a&%xﬁg?%‘rr‘gi 8 C /MAERI  Research Institute



ISSAID|LE:E2{ Y2 0|83 A A U Al220|M A7) ‘

Deep Learning for Topology Optimization Design
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Inverse estimation of the temperature field
within a gas-filled duct section by use of acoustic data
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Flaw Detection based on a
Mesoscale FE Model

Incident signal
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fMRI to Image
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Convolutional Neural Networks for Steady Flow Approximation

y=t"(x)
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A comprehensive physics-informed machine learning framework

for predictive turbulence modeling

y=f(x)+f"(x)

Learning Both Reynolds Stress & Eddy Viscosity
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Accelerating Eulerian Fluid Simulation with Convolutional Networks

y=g(f'(x))
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Neural networks for topology optimizatior’
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Aleatoric & Epistemic Uncertainty

(a) Input Image (b) Ground Truth (¢) Semantic (d) Alealoric (¢) Epistemic
Scepmentation Uncentainty Uncertainty

https://arxiv.org/abs/1703.04977
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Dimensionality reducibility
for multi-physics reduced order modeling

The final goal of this study is to construct a surrogate model for the coupled
Rattlesnake-BISON models

The computational cost needed for the construction of surrogate models for a multi-
physics model can be significantly reduced if one employs dimensionality reduction to
identify the effective DOF.

Another important conclusion of this study is that while fine mesh simulation is highly
needed to accurately describe the multi-physics nature of system behavior, it comes at a
great cost.

T Temperature Distribution
¢y 2 Macroscopie Cross-Sections
| P Pawer Distribution
B: Bumup Distribution
l F: Fission Rate Distribution
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Combustion modeling using principal component analysis

e Direct numerical simulation of combustion systems is impossible
* Resolution requirement
* Number of equations to be solved
* Ex) 53 species and 325 reactions
e 57 strongly coupled PDE

* PCA offers the potential to automate the selection of an optimal basis for
representing the manifolds
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Digital Twin
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Simulation vs. Real Data
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Domain Adaptation
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- Duraisamy, Univ. of Michigan
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Principles and Applications
of Data-Driven Fluid Dynamics Modeling

RIAL 4 /908~ 1008 Tutor: Prof. Karthik Duraisamy
FA sTIORE) WS AuEassl Dep. of Aerospace Eng., Univ. of Michigan

¥

Registration (10:00~10:30)
1. Background in data-driven modeling:
* Linear and non linear regression
* Intreduction to statistical inference
* Intreduction to machine learning

(10:30~

Day 1

(5, Man)

2 Projection-based reduced order modeling for fiuid dynamics

3. Data-dniven discovery of closure models for dynammcal
ayntems

4 Data-driven turbulence modeling (1/2) (10:30~
* Nature and form of uncertaintios in turbulance modaling
* Techniques for salution of inverse problems
Day 2
(4/10, Toe)
5. Data-driven turbulence modeling (2/2)
* Field Inversion and Machine learning

* Applicatione in data-driven tarbulence modeling
6. Discussion (16:00~
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Facebook group: Physics-informed Machine Learning
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