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Motivation for automation
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Motivation for automation
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Motivation for automation
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Motivation for automation

Experimental vs Predicted Cross Section Quantile Regression: Uncertainty Envelope
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Motivation for automation
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Learning the Function for Uncertainty Quantification

Quantile Regression Results for Varying 7 (3 Resonances)
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Learning the Function for Uncertainty Quantification

Quantile Regression Results for Varying 7 (3 Resonances)
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Learning the Function for Uncertainty Quantification

o 0:I;tescmance Energy (In terms of res. width) Capture Cross Section (Sample 3734)
o T T T T

:;
+18TD
-1S8TD
«» 0.02 0.25 |- Mean -
= True value
3
S)
© 0.01
0 A
-200 -100 0 100 200 0.2
Relative Error (Percentage)
Width
0.1 .
[%)
=
s
@ C 0.15
- z
o (&)
o ®
[
%]
<
I’ = o
-20 -10 0 10 20 0.1
Relative Error (Percentage)
EC Width
0.05
fl 0 Il Il Il Il AI
-100 -50 0 50 100 7800 8000 8200 8400 8600
Relative Error (Percentage) Energy (eV)

TENNESSEE [T

KNOXVILLE




Machine Learning
In Nuclear Data Evaluation

Key take-aways:
1. Hyper-parameter tuning
2. Learning new functions which are difficult to derive



Artificial Intelligence
for Reactor Design



Artificial Intelligence
for Reactor Design

Key take-aways:
1. Autonomous optimization — beyond human capabilities
2. Surrogate models — cautionary tales



Artificial Intelligence
for Reactor Design

Key take-aways:
1. Autonomous optimization — beyond human capabilities
2. Surrogate models — cautionary tales



“Any sufficiently advanced technology
is indistinguishable from magic.”

Arthur C. Clarke
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The Future of Human Involvement in Reactor Design

Spacecraft Antenna Airplane Partition Wall Nuclear Systems
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Motivation for automation

V. Sobes, et. al., Artificial Intelligence Design of Nuclear Systems Empowered by TENNESSEE T

*  Advanced Manufacturing, PHYSOR 2020, Mar. (2020)
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Enrichment 19.75%
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Coolant: He
Inlet pressure
Inlet flow velocity
Inlet temperature

6 MPa
10 m/s
425 °C
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Constraints Fuel: UO,
Min. excess reactivity 1500 pcm Enrichment 19.75%
Max. fuel temperature 618 C Density 10.8 g/cc
Component power 10 kW Thermal conductivity 4 W/mK
i e
Coolant: He

Inlet pressure 6 MPa

Inlet flow velocity 10 m/s

Inlet temperature 425 °C
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Objective: Minimize Fuel Mass

g n
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Constraints Fuel: UO,
Min. excess reactivity 1500 pcm Enrichment 19.75%
Max. fuel temperature 618 C Density 10.8 g/cc
Component power 10 kW Thermal conductivity 4 W/mK
i e
Coolant: He
Inlet pressure 6 MPa
Inlet flow velocity 10 m/s
Inlet temperature 425 °C
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High Fidelity (Full) Physics Model

i .

fuelVolume: 0.0638829 (mA3)
maxFuelTemp: 618.064 (C)
volAverfuelTemp: 521.335 (C)

fuelVolume: 0.063556 (mA3)
maxFuelTemp: 614.554 (C)
volAverfuelTemp: 513.165 (C)

fuelVolume: 0.0637133 (mA3)
maxFuelTemp: 617.432 (C)
volAverFuelTemp: 517.594 (C)

Iy

fuelVolume: 0.0633398 (mA3)
maxFuelTemp: 610.568 (C)
volAverFuelTemp: 508.792 (C)

Shift

STAR-CCM+’
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Velocity (m/s)
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Cylinder Core

Constraints

k>1.01500
T <618 C
P=10 kW
Shape must a cylinder
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Cylinder Core

Constraints Fuel Rod Fuel Disk
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Cylinder Core

Constraints Fuel Rod Fuel Disk

k>1.01500
T <618 C
P=10 kW
Shape must a cylinder

Volume 0.52 m3

Surface area 4.4 m?

8 611.86
7-
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Annulus Core

Constraints Annulus Solution Cylinder Solution

k > 1.01500
T . <618C
P =10 kW
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Annulus Core

Constraints Annulus Solution Cylinder Solution

k > 1.01500
T . <618C
P =10 kW

Minimal critical volume 0.19 m3 Volume 0.25 m3 Volume 0.52 m3
’ Surface area 2.5 m? Surface area 4.4 m?



Cone Core
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Tapered Design

i
fuelVolume: 0.0637134 (mA3)

maxFuelTemp: 620.822 (C)
volAverFuelTemp: 520.948 (C)

fuelVolume: 0.0638829 (mA3)
maxFuelTemp: 618.511 (C)
volAverfuelTemp: 522.089 (C)

v

fuelVolume: 0.0635566 (mA3)
maxFuelTemp: 618.068 (C)
volAverFuelTemp: 516.19 (C)

fuelVolume: 0.0633399 (mA3)
rmaxFuelTemp: 613.854 (C)
volAverfuelTemp: 511.944 (C)

one Core

Flow
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Tapered Design

fuelVolume: 0.0637134 (mA3)
maxFuelTemp: 620.822 (C)
volAverfuelTemp: 520.948 (C)

fuelVolume: 0.0638829 (mA3)
maxFuelTemp: 618.511 (C)
volAverfuelTemp: 522.089 (C)

v

fuelVolume: 0.0635566 (mA3)
maxFuelTemp: 618.068 (C)
volAverFuelTemp: 516.19 (C)

fuelVolume: 0.0633399 (mA3)
rmaxFuelTemp: 613.854 (C)
volAverfuelTemp: 511.944 (C)

one Core

Flow

Blunted Design

r_.

fuelVolume: 0.0638829 (mA3)
maxFuelTemp: 618.064 (C)
volAverFuelTemp: 521.335 (C)

fuelVolume: 0.0637133 (mA3)
rmaxFuelTemp: 617.432 (C)
volAverfuelTemp: 517.594 (C)

o

fuelVolume: 0.0633398 (mA3)
maxFuelTemp: 610.568 (C)
A2 volAverfuelTemp: 508.792 (C)

I

fuelVolume: 0.063556 (mA3)
maxFuelTemp: 614.554 (C)
volAverfuelTemp: 513.165 (C)

TENNESSEE [T

KNOXVILLE




Cone Core

Anticipated Tapered Design Optimal Blunted Design

fuelVolume: 0.0637134 (mA3)
maxFuelTemp: 620.822 (C)
volAverfuelTemp: 520.948 (C)

fuelVolume: 0.0638829 (mA3)
maxFuelTemp: 618.511 (C)
volAverfuelTemp: 522.089 (C)

- \ ‘(
1 R
P

A7 il
i
fuelVolume: 0.0635566 (mA3) fuelVolume: 0.0633399 (mA3) =
‘maxFuelTemp: 613.854 (C) VE/OCfTV (m/s\
)
0.031451 7.8363 15.641 23.446 31.251 39.056

maxFuelTemp: 618.068 (C)

volAverFuelTemp: 516.19 (C) volAverfuelTemp: 511.944 (C)

Flow
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Design Algorithm
Gaussian Process Learning

Il Estimated Critical Level Set
¢ Simulated Data
* Optimal New Samples
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The Curse of Dimensionality in Design Space

10 100 1000+
Parameters
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Artificial Intelligence
for Reactor Design

Key take-aways:
1. Autonomous optimization — beyond human capabilities
2. Surrogate models — cautionary tales



A Modular Framework

"\
ﬂ?uter Optimization Loop [ Candidate Geometries for \

High-Fidelity Physics Evaluations )

[ Al Optimization Model J 4 Inner Computational Loop V\

£ ﬂ Newtronics: MCNP

.

"

>,

Surrogate Model Evaluation

[ Candidate Geometries for J \Thermal Hydraulics: Star CCM+

‘V’

g Tramning Data for Surrogate Model ]

\ ) [ Surrogate Model J 4 U

V. Sobes, B. Hiscox, E. Popoy, et al. Al-Based Design of a Nuclear Reactor Core, TENNESSEE T

®  Nature Scientific Reports, DOI: 10.1038/s41598-021-98037-1 (2021). KNOXVILLE
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Full Core Optimization
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Full Core Optimization
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FNS Design Concept

Boron Plate Fission Plate

Fast Zone (1/2) \ / Thermal Zone (3)
\ | /

Experimental

Volume \

Neutron

/ Generator

Location

Boron Shutdown Plate
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Simulation Results

Fast Flux Thermal Flux
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Heuristic Design Objectives

Best vs SFR Flux (Log-Log scale)
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Heuristic Design Objectives

Representativity vs Total Flux
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Design Algorithm
NSGA2 Genetic Algorithm
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Human Design
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Neural Network Acceleration of Genetic Algorithms
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Massimo Salvatores



Massimo Salvatores

“Simple is beautiful”






“Not only have they not created artificial intelligence,
they haven't yet created artificial stupidity.”



