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Overview

A. Motivations
- Compact formulation for TSL data
- Extend Al knowledge
- Advanced reactor simulation framework

B. Accounting for Beryllium and Graphite Complexity: Atomistic, Dynamical and Neural

C. New Material-informed Neural Thermal Scattering (NeTS) Modules

D. Implications and Conclusions
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Deep Learning and Artificial Neural Networks
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A mathematical abstraction inspired by biological neurons
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Existing and Emerging Frameworks

1. TSL Calculation
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ENDF-6 FORMAT

Temperatures = 296 400 500 600 700 800 1000 1200 1600 2000 K

ENDF File 7 Arxchitecture, Weights, Biases

This library was produced by the Low Energy Interaction Physics
(LEIP) group at North Carolina State University, USA. The
thermal scattering law data for Uranium in Uranium Carbide was
developed using ab initio lattice dynamics (AILD)[1,2]. Ten
temperatures are available in this library. The Full Law
Analysis Scattering System Hub (FLASSH) system was used to
produce File 7 MT = 2, 4 data for Uranium in UC [3]. MAT=48 and
ZA=148 are used for U in UC.
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Current TSL Evaluation Methodology Emerging TSL Framework




Ab Initio Simulations and Lattice Dynamics

DOS [arb. units]

Crystalline Graphite

- Trigonal Planar, s.g. 186

- 1s22s22p?

- VASP: GGA-PBE

- 4x4x4 Supercell

- VDW radius parametrization

- Highly asymmetric, anharmonic
forces between layers
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Beryllium Metal

- HCP,s.g.192

- 1s%2s?

- VASP: PAW-GGA
- 5x5x5 Supercell
- High symmetry
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TSL Datasets via FLASSH Loop

OUFLASSH: U_UC - X

Project Create Run Help

FLASSH

Full Law Analysis Scattering System Hub

Do not distribute without explicit permission from Ayman Hawari
(aihawari@ncsu.edu)
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JTFLASSH: U_UC - X

Project Create Run Help
Configuration
Secondary Scatterers
Crystal Structure

Atom Properties ~
DBW Matrix

Density of States ’
o, B, and Energy Grid

Full Advanced Options
ACE

ring System Hub

Do not distribute without explicit permission from Ayman Hawari
(aihawari@ncsu.edu)
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¥ C:AWINDOWS\system32\cmd.exe

/1111 17 11117 11117 11111 11 17
1111 11 /1 /117
11111 11111 11111 11117
/ v /1 e
11111 1111 11117 11111 1171

[Version: FLASSH Beta3 - February 14, 2020

Low Energy Interaction Physics (LEIP) Laboratory
Department of Nuclear Engineering, North Carolina State Universi

Calculation initiated : 11/11/2021 at 16:39:58

Using cubic approximation method for coherent elastic evaluation.
Executing coherent elastic calculation.
Executing incoherent inelastic calculation at...

Temperature = 296.0K
Cross Section Calculation:

Temperature = 400.0K
Cross Section Calculation:

Loadinall T, ¢, d, DOS data

Overwrite input lines w/
current temperature data

Run FLASSH

*IfT=T,

N Read in a/f grid
% C d
| Read da
4 0
e

Control.txt
DOS.txt

Loop: T =T, ..T,

output.txt

S.txt




Thermal Scattering Law Data

0.1+
0.01 -
0.001
1E-4
. a
S 1E-5+
Graphite g
1E-6 o o
1E7d |——0.003548778
——0.010206
1E-84 |——0.1029032
1o | [ 1037535
“ |——10.46108 \
1E-10 T T
0.1 10
B
0.01 4 AV
. 1E-4 4 __.-—\,_.—/\\1
Beryllium
@ -
2
»2 1E-6 4 o
1 ——0.00305
——0.01056
1E84 ——0.10281
——1.00062
1 |[——10.43443
1E-10 T T T
0.1 1 10

S(a.p)

S(e.p)

0.1
0.01
0.001 o
1E-4 +
1E-5 A
1E-6 B
—0.0
1E-7 4 ——0.1185771
1E-8 — 1.027668
——10.07585
1E-9 + ——100.186
1E-10 T T T
0.01 0.1 10
0.1 1
1
0.001 4
-
1E-51;
1
1E-7 4
1 B
1E-9 + —0
1 ——0.10911
1E-11 1 — 1.00927
- ——10.42987
1E-13 4 ——101.5286
1 ——197.6285
1E-15 3 ; T T
0.001 0.01 0.1 10

100



FLASSH Data Preprocessing

1. Transform alpha, beta, temperature, and TSL

2. Generate input “edges’” and identify important beta features (peaks / troughs)

3. Dataset split into training, validation, test (99%,.5%,.5%)
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Original NeTS Architecture

Input Layer (n; = 15):
15 features (a/B/T + 12 1-D edges)

Mipy =1

Hidden Layer 1 (n;; = 128):
128x15 Wi 4. 128x1 by
+ LeakyReLU(0.1)

Mpyon3 =1

Mygonz =1

Hidden Layer 2 (n;, = 128):
128x128 wy, ;.p2, 128x1 by 32
+ LeakyReLU(0.1)

Mpaopz =1

'"h.lao =Z’ @

My z-ne =1

Mp1sna = 2

Hidden Layer 3 (n; 3 = 128):
128x128 Wy 5.n 3, 128X1 by p0n 3
+ LeakyReLU(0.1)

Mpzns =1

Hidden Layer 4 (n; 4 = 128):
128x128 Wy 35,4, 128%1 by 34
+ tanh

My oap = 2

My gm0 = 1

Output Layer (n, = 1):
1x128 Wy 40, 1X1 By 4o

Setting Selection
nhidden_myers 4
ny, 128
cascading none

skip connections
skip weight scheme
activation function
weight initialization
optimizer
regularization (explicit)
batch size

training epochs
learning rate schedule

loss function

dense, weighted
multiplicative, 1:2:4
LeakyReLU(0.1) in hidden layers 1-3, tanh in hidden layer 4
Xavier uniform
AdamW
Weight decay (1 — le-6, as implemented in AdamW)

1024
400

triangular, cyclic, w/ exponentially decaying amplitude (see
parameters in Table 4.3)

MSE

C.A.Manring, A.I. Hawari, “Design of a Neural Thermal Scattering (NeTS) Module for Hydrogen in Light Water”, PHYSOR 2022

Is this architecture excessive? Computationally unfeasible for many systems? Prohibits fast network usage?
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Optimizing NeTS Architecture

Potential areas for reduction / improvement:

- Number of hidden layers

- Neurons per hidden layer

- Cascading neural configuration
- Skip connections

- Activation functions

- Weight initialization

- Weight decay regularization

- Batch size / Learning Rate

Iterative tests done with 2D TSL data at 296 K

Input Layer (n; = 15):
15 features (a/B/T + 12 1-D edges)

Miapy =1

Mpang =

Hidden Layer 1 (n;,, = 128):
128x15 wi_p 1. 128x1 bj_py
+ LeakyReLU(0.1)

ayer 2 (np 2

nan2- 128x1

My, 10 =Z| G’/

Mp3-na =1

Mpsng = 2
;

| Migse =1 |

Hidden L. e = 128):
128x128 wy, 8x1 by zna
+ tanh

My g0 =1

Output Layer (n, = 1):
1X128 Wh 400, 1X1 By 4eso

Objectives: reduce network size, training time, and computational footprint



Initial NeTS Search Space

Beryllium Metal ~ Crystalline Graphite
Log,o(B) Log,(B) Log(B *+Byax pos ) B!~ B2
512 256 128 64 32 16
2 4 6 8 12 16
None Uniform Cascading
Tanh ReLU LeakyReLU(.1)  LeakyReLU(.2)
le-6 le-5 le-4 le-3 le-2
4096 2048 1024 512 256 128
100 400 800 1600
Total Possibilities: 518,400

Engineering best judgement -2 identify plausible combinations to train with 2D data at 296 K




Initial Architecture Search Highlights

47 28

W, /b,[KB] 1296 462 190 15

Input Dimensions : 7 7 7 7 7 7

neurons / layer1: 256 128 64 32 24 16
neurons / layer 2 : 256 128 64 32 24 16
neurons / layer 3 : 256 128 64 32 24 16
neurons / layer 4 : 256 128 64 32 24 16
neurons / layer 5 : 256 128 64 32 24 16
neurons / layer 6 : 256 128 64 32 24 16
neurons / layer 7 : 128 64 32 24 16
neurons / layer 8 : 128 64 32 24 16
neurons / layer 9 : 64 32 24 16
neurons / layer 10 : 64 32 24 16
neurons / layer 11 : 64 32 24 16
neurons / layer 12 : 64 32 24 16
neurons / layer 13: 32 24 16
neurons / layer 14 : 32 24 16
neurons / layer 15 : 32 24 16
neurons / layer 16 : 32 24 16
1 1 1 1 1 1




Initial Architecture Search
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Graphite (Dataset 1) Loss versus NeTS Architecture
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Further Architecture Search

Graphite (Dataset 5) Loss versus NeTS Architecture Graphite (Dataset 5) Mean APD versus NeTS Architecture
NeT 32 NeT 32
W, /b,[KB] 190 147 111 . NeT 33 NeT 33
Input Dimensions : 7 7 7 NeT 34 NeT 34
neurons / layer1 : 64 56 48 o
neurons / layer 2 : 64 56 48 2
neurons / layer 3 ... 64 56 48 §
neurons / layer11: 64 56 48 7 s \H
neurons / layer 12 : 64 56 48 v ‘.l»,, ” ‘ \
Sl VWW&' W’lumJ i J
14
0 10(‘)00 20(‘)00 30(‘)00 40(‘]00 0 10(‘)00 20(‘)00 30(‘)00 40(‘)00
Training Iteration Training Iteration
299
NeTS:2D 7327 (64 x 12,190 kkb) 2 GRAPHITE Beryllium (Dataset 5) Loss versus NeTS Architecture Beryllium (Dataset 5) Mean APD versus NeTS Architecture
Mean APD Median APD 10 1000
train 1.0950 0.7154 NeT 32 NeT 32
: 1 NeT 33 NeT 33
valid 1.1620 0.7714 NeT 34, NeT 34
test 1.1882 0.7773 or] 1004
[a]
NeTsS-2D 33’ (56 x 12, 147 kb) > BERYLLIUM 2 2
Mean APD Median APD o0 g
train 1.1574 0.7735 oo 103
valid 1.2405 0.7926 ’
test 1.4313 0.8506 1E-4 5
14
0 10000 20000 30000 40000 0 10000 20000 30000 40000
Training Iteration Training Iteration




Hyper-parameter Search
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Hidden Layer
Activation Function

Batch size

Loss

Graphite (NeT 20, Dataset 4) Loss versus Hidden Activation

Graphite (NeT 20, Dataset 4) Mean APD versus Hidden Activation
1000 Graphite (NeT 20, Dataset 4) Loss versus Final Activation
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HardSwish
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Graphite (NeT 20, Dataset 4) Mean APD versus Final Activation

LeakyReLU(2)]

Loss
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Beryllium (NeT 20, Dataset 4) Mean APD versus Hidden Activation

Beryllium (NeT 20, Dataset 4) Loss versus Final Activation
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Final Architecture Search Results
| NeTS: | 10-NeTS-Graphite | 171-NeTS-Beryllium _
143

W, /b;[KB] 1718

Input Dimensions : 7 7

neurons / layer 1: 96 96 Long-range

neurons / layer 2 : 64 56 Skip connection

neurons / layer 3 : 64 56
neurons / layer 4 : 64 56
neurons / layer 5 : 64 56
neurons / layer 6 : 64 56
neurons / layer 7 : 64 56
neurons / layer 8 : 64 56

neurons / layer 9 : 64 56
= . Short-range

/1 10: . .
neurons / layer 64 56 Skip connection

neurons / layer 11 : 32 32
neurons / layer 12 : 32 32
1 1
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ResNeT Original Paper: He K et al., Deep Residual Learning for Image Recognition, 2015




Architecture Visualization / Comparison

Input Layer
Hidden Layer 1
Hidden Layer 2
Hidden Layer 3

3D NeTS- Water (201 kb )

15
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3D NeTS- Beryllium Metal ( 143 kb ) 3D NeTS- Crystalline Graphite (178 kb )
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2D NeTS Training

NeTS-Graphite (NeT 70) vs. NeTS-Beryllium (NeT 71) 2D Performance
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2D NeTS Performance Statistics !

Crystalline Graphite, res(.4)NeTS-70 [96-64-32 x 12], 178 kb

Dataset Mean APD [%]  Med. APD [%] Max APD [%] <2% <1%
Train 0.3700 0.2603 3.1055 9948 9351
Validation 0.4229 0.3015 4.1002 19908 9160
Test 0.4214 0.3098 3.0302 9941 9160

Beryllium Metal, res(.4)NeTS-71 [96-56-32 x 12], 143 kb

Dataset Mean APD [%]  Med. APD [%] Max APD [%] <2% <1%
Train 0.3066 0.2086 2.5763 9984 9566
Validation 0.4130 0.2756 3.8964 9849 9129

Test 0.4062 0.2577 2.9965 9892 9118




3D NeTS Performance Statistics !

Crystalline Graphite, res(.4)NeTS-70 [96-64-32 x 12], 178 kb

Dataset Mean APD [%)] Med. APD [%] Max APD [%] <2% [%] <1% [%]
Train 0.1878 0.1464 29173 99.9979 99.5816
Validation 0.1792 0.1461 1.4321 1.00000 99.9695
Test 0.1818 0.1433 1.4687 1.00000 99.9085

Beryllium Metal, res(.4)NeTS-71 [96-56-32 x 12], 143 kb

Dataset Mean APD [%] Med. APD [%] Max APD [%] <2% [%] < 1% [%]
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New NeTS and Future Work

B input scaling B% logio B DOS linearization, include
B=0

S(a, B, T) features 4 (altl,ahtl,bltl,bhtl) 4 (altl,ahtl,bltl,bhtl) 12 (all) Reduced input redundancy
Network Architecture [96,56,32] x 12,143 kb [96,64,32] x 12,178 kb 128 x 4, 201 kb Smaller, material-specific
Cascading Cascading Uniform 10-30% size reduction
Mean / Max APD .1-.2/2-3 % Comparable

1. Include one-phonon correction and train highly structured S(a,b,T) surface

2. Extend dimensionality: additional properties (i.e., porosity, burnup, pressure), new materials,
extreme temperatures (cryogenic, advanced reactor conditions)

3. Couple NeTS to reactor physics framework



Thank You!




