yuemye 95t HAIE Y |=

=L _
2003 AP XXO S saexizems

A= Al
Transformations $
Alelrd oied Mek

10/26/23

o . X %\g uié A\
w2 NN =S (?*lmaﬂxrﬂﬁ?ﬂ

AN
- / KAERI Korea Atomic Energy Research Institute



| Instructor
| s HAMATZ| O] A}

e At T3

{27 (Yonggyun Yu)
Z| = M| ol 22 /ER  dol| 2l U= Ofo.
(F2l) gaid 27t ot 9= https://goo.gl/YehHTD
Al ZeIx oIz 7| etsl SRR ST oS O)Af

b
+3

A= SFOCh.- A B SHs Hk BHIR}

A HMRIZIRE | & sungming497@hellodd.com | © 221201809.031544 | @ % 2019.10281753 | BH27

[RISFA St QIS8 HAZIS HEAL-Al 74 2[2HA 917
HCHES ALRIO| Al BE3ts BUE W SH- 53 IS AT

o R WM dr




AERI Korea Atomic Energy Research Institute

F/ - DERAIX|EOIT
- /K



40

A== 0¢

—

|0

| QlEXls 2R

IAS R0 ME oLX| A E2YE A5 :

olr

L

01

r

Figure 2. Potential future electricity generation landscape through 2050’
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Vibrant Clean Energy LLC. “Role of Advanced Nuclear Technologies in Decarbonizing the U.S. Energy System.” NEI Board of Directors presentation, Washington, D.C., May 2022.
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ROLE OF AUTONOMOUS OPERATION IN
IMPROVING NUCLEAR UNITS PROFITABILITY

Impact of O&M costs on the economy of Nuclear Units

= Currently operated units are struggling to stay competitive in U.S. Deregulated markets.
Significant impact of fixed O&M costs (largest portion goes to payroll for staffing).

How can Autonomous Operation help saving on O&M costs?

= Limiting the number of MCR (Main Control RSN Il
Room) operators does not significantly reduce

costs 400
= Most of the savings can be accomplished by .
optimizing the maintenance schedule % «
= Maintenance interventions can be less time- 2° I I ]
0
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Fixed O&M [$/kW-year]
3
Variable O&M [$/MWHh]
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consuming, number of on-site technicians ‘
reduced &

,"'\ U5 DEPARTMENT OF Algonnr National Laboratory is a
7 E"ERGY U.S. Department of Energy laboratory
\,;,’ managed by UChicago Argonne, LLC
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https://www.anl.gov/article/how-artificial-intelligence—could-lower—-nuclear-energy—costs &* LA
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Alis the new math—and an enabler of humanity’s potential

Math and Al become one to better the future of humanity.

0,

k=11 20" ma/P

0 0

1 1 M=9
t t
0 0
1500 vV -1 »
=9,956-10"J
0 o1 0 R
y:— 2 Q. WCT (1 — &) ™ B o x 2
0 yz = { Q3 = vOy To(X — 1) + vCT(1] )
T \ 4 A ;e Figure 1.4 Plots of polynomials having various orders M, shown as red curves, fitted to the data set shown ir
. ' i Figure 1.2.
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minimize F = F(u(p),p) = /“ f(u(p), p)dV
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subject to Golp) = / pdV — Vy <0
0
Gi(u(p).p) <0withj=1,...,m
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Structural and Multidisciplinary Optimization
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P~ ‘tk s Deep learning for determining a near-optimal topological design
| ~ without any iteration

Yonggyun Yu' - Taeil Hur? - Jaeho Jung" - In Gwun Jang?

Received: 3 December 2017 /Revised: 17 August 2018 / Accepted: 17 September 2018
© Springer-Verlag GmbH Germany, part of Springer Nature 2018

Abstract

In this study, we propose a novel deep learning-based method to predict an optimized structure for a given boundary condition
and optimization setting without using any iterative scheme. For this purpose, first, using open-source topology optimization
code, datasets of the optimized structures paired with the corresponding information on boundary conditions and optimization
settings are generated at low (32 x 32) and high (128 x 128) resolutions. To construct the artificial neural network for the
proposed method, a convolutional neural network (CNN)-based encoder and decoder network is trained using the training dataset
generated at low resolution. Then, as a two-stage refinement, the conditional generative adversarial network (cGAN) is trained
with the optimized structures paired at both low and high resolutions and is connected to the trained CNN-based encoder and
decoder network. The performance evaluation results of the integrated network demonstrate that the proposed method can
determine a near-optimal structure in terms of pixel values and compliance with negligible computational time.
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Unit module-based convergence acceleration
for topology optimization
using the spatiotemporal deep neural network

Younghwan Joo', Yonggyun Yu?, and In Gwun Jang3, Member, IEEE

'Korea Institute of Energy Research, 152 Gajeong-ro, Yuscong-gu, Dacjeon 34129, Republic of Korea

*Korea Atomic Energy Rescarch Institute, 111, Dacdeok-daero 989 beon-gil, Yuscong-gu, Dacjeon 34057, Republic of Korea
“Korea Advanced Institute of Science and Technology, Yuseong-gu, Dacjeon 34141, Republic of Korea
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3 Physics Informed Machine Learning (PIML) ™

Neural Network AD

Loss

I
Lopg = f(2,8,0,0.4, ..., 4) :
Lpata = tilg — ulpata I
Lic =1lae, — glae, | | Branch net
I AN
I
I
I

Lgc = (Ontllan—=0nFlan) + (@lan — glaa)

90| 606

AN
B Gwm)

L =wLppg +W2Laata*
Y w3Lic+ wyLpc y —»| Trunk net
End AN

Note: & = [u,v,p, @], x = [x,y], 6: weights/biases, A: unknown PDE parameters, w;,i = 1, ..., 4: weights

é-

Physics Informed Neural Network DeepONet

* Physics-informed neural networks (PINNs) for fluid mechanics: a review
** Enhanced DeepONet for Modeling Partial Differential Operators Considering Multiple Input Functions
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AgentGPT**

Assemble, configure, and deploy autonomous AI Agents in your browser.

th Export v

% Embarking on a new goal: How to accelerate CFD analysis on unstructured mesh using Graph

Neural Network

4 Thinking... (Restart if this takes more than 30 seconds)

4 Added task: 1: Research and identify key concepts and techniques in Graph Neural Networks
(GNN) and Computational Fluid Dynamics (CFD) analysis on unstructured mesh

4 Added task: 2: Develop and implement a GNN-based algorithm to efficiently process and

accelerate CFD simulations on unstructured mesh data

4 Added task: 3: Validate the GNN-based algorithm on real-world CFD problems to measure the
efficiency and accuracy improvements in comparison to traditional methods

4 Thinking... (Restart if this takes more than 3@ seconds)

Completing: 1: Research and identify key concepts and techniques in Graph Neural Networks

Web Search @ Pause Mode ®

& Name

Stop Agent

B Current tasks

1: Research and identify
key concepts and
techniques in Graph Neural
Networks (GNN) and
Computational Fluid
Dynamics (CFD) analysis on
unstructured mesh

O 2: Develop and implement
a GNN-based algorithm to
efficiently process and
accelerate CFD simulations
on unstructured mesh data

4 3: Validate the GNN-
based algorithm on real-
world CFD problems to
measure the efficiency and
accuracy improvements in
comparison to traditional
methods

[x]

“* Research existing GNN-
based approaches for CFD
and identify their

Completing: 1: Research and identify key concepts and techniques in Graph Neural Networks
(GNN) and Computational Fluid Dynamics (CFD) analysis on unstructured mesh

To achieve the overall objective of accelerating CFD analysis on unstructured mesh using
Graph Neural Networks (GNN), we can start by completing the first sub-task, which involves
conducting research on key concepts and techniques in GNN and CFD analysis on unstructured
meshes. The following sections outline the key concepts and techniques involved in GNNs and
CFD analysis on unstructured meshes.

Graph Neural Networks (GNN):

1. Graph Representation: Graphs are mathematical structures consisting of vertices (nodes)
and edges. An edge connects two vertices, and it may have a weight assigned to it. Graphs
can be represented by adjacency matrices or adjacency lists. Specifically, for GNN,
graphs are represented as tensors to enable computational processing.

Graph Convolutional Networks (GCN): GCNs extend convolutional neural networks to work on
graph-structured data. They use local neighborhood information to generate node
embeddings. The key idea in GCNs is to propagate information from a node to its neighbors
through convolutional operations. The update equation for a node embedding can be written
as:

Completing: 2: Develop and implement a GNN-based algorithm to efficiently process and
accelerate CFD simulations on unstructured mesh data

To perform the sub-task 2, we'll follow these steps to develop and implement a Graph Neural
Network (GNN)-based algorithm to efficiently process and accelerate Computational Fluid
Dynamics (CFD) simulations on unstructured mesh data.

1. Understand the CFD problem and unstructured mesh data: Before implementing the GNN-based
algorithm, it is crucial to understand the CFD problem you want to solve and how the data
is organized in unstructured mesh format. Unstructured mesh data consist of a set of
nodes with their respective coordinates and their connectivity in the form of elements
(i.e., how nodes are connected to form cells such as triangles or tetrahedrons). This
information can be used to create a graph representation of the mesh.

2. Choose a suitable GNN framework: There are various GNN frameworks available, such as
PyTorch Geometric, DGL (Deep Graph Library), or Spektral. Choose a suitable framework
based on your requirements and familiarity with the programming language. For example, if
you are comfortable with Python and PyTorch, PyTorch Geometric could be a suitable
choice.

3. Convert unstructured mesh data into graph representation: Convert the unstructured mesh
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What would you like me to research next?

Shou|

Select your agent:

a M

®Finance Agent ®Travel Agent ®Academic

Research Agent

What type of report would you like me to generate?

Research Report

(&) ¢

®Computer ®Math Agent

Science Agent

Task

Research Questions
Generator

final report

Generate research
questions

Scrape mul‘tiple sites

Summanize
visited sites

Aggrego\te and
write research report

U.S. Nuclear Industry's Strategy For Utilizing
Artificial Intelligence

The United States nuclear industry is currently in a transitional phase. Amid the push towards
implementing sustainable, clean sources of energy for the future, utilizing modern technologies
such as artificial intelligence (Al) is increasingly vital. This report provides an in-depth look at
the strategies employed by the U.S. nuclear industry in leveraging Al technologies.

Introduction

Al's potential applications to nuclear power and projected benefits deserve constant attention.
Taking cues from other sectors that have utilized Al to streamline operations, reduce costs, and
increase efficiencies, the U.S nuclear sector aims to integrate Al into its operations. However, this
must be done strategically and maintaining a safety-first culture due to the high-stakes nature of
nuclear operations.

Al in Nuclear Operations

One key area where Al can offer substantial contributions is in nuclear facilities' operations. This
includes tasks such as asset management, maintenance, and even the handling of nuclear
materials. Al-powered systems can be integrated to continuously monitor and manage assets,
predicting potential breakdowns, and scheduling maintenance tasks efficiently to extend lifespan
and reduce unplanned downtime. Such applications have already seen success in other energy
sectors, hinting at similar potential benefits for the nuclear sector.

Further, Al-powered robotics can handle hazardous work in nuclear facilities, reducing risks for
the human workforce. Al can also assist in the monitoring and detection of radiation,
automatically alerting staff to potential leaks or escalation of radiation levels.

Al is also being explored for its potential applications in enriching nuclear materials for energy
production. Machine learning algorithms can be utilized to enhance uranium enrichment
processes, optimizing parameters for efficiency and reduced energy consumption.

Al in Nuclear Safety and Regulation

Al has promising applications to improve safety and regulation standards within the nuclear
industry. Al can be employed to boost security through intelligent surveillance, potentially
identifying unauthorized access. Through predictive modeling, Al can also assist in anticipating
and proactively dealing with potential accidents, enhancing safety.
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