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Neutron Interactions
Moderation & Thermalization

10-5 10-4 10-3 10-2 10-1 100 101 102 103 104 105 106 107 108 109

0.1

1

10

C
ro

s
s
 S

e
c
ti
o
n
 (

b
)

Energy (eV)

9x101 9x100 9x10-1 9x10-2 9x10-3 9x10-4 9x10-5 9x10-6

l (angstrom)



Neutron Interactions



Neutron Thermalization
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The scattering law

Using first Born approximation combined with Fermi pseudopotential, it can be shown that 

the double differential scattering cross section has the form

Van Hove’s space-time formulation
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where G( Ԧ𝑟,t) is the dynamic pair correlation function and can be expressed in terms 

of time dependent atomic positions. 
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() – density of states (e.g., phonon frequency distribution)

The scattering law (TSL) is the Fourier transform of a Gaussian correlation 

function
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Nuclear Data – ENDF/B

 Current format

◼ Dated

◼ Limited

 Move to the Generalized 

Nuclear Database Structure 

(GNDS)

Navigate to 

NNDC website

Select thermal 

neutron scattering 

Open TSL (File 7) of 

choice

Open list of 

reactions



Methodology

DFT/LD approach MD approach



TSL Implementation

 General task

◼ Provide the most accurate multivariate

TSL representation

 Current capabilities

◼ Discrete temperature grids

◼ Interpolation

◼ Basis functions

◼ Higher max percent deviations

◼ Higher memory consumption

 What is missing?

◼ Continuous temperature (interpolation free)

◼ Improve memory footprint

◼ Improve accuracy

◼ Maintain or Improve computation speed
 Context dependent

MD/AILD

FLASSH

Reactor 

simulation

Discrete temperature 

TSLs -> XS
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Artificial Neural Networks

Artificial Intelligence (AI)

Machine Learning (ML)

Deep Learning (DL)

Neural Thermal Scattering 

(NeTS) Modules:

Multi-Input, Single Output

Nonlinear Regression

Supervised Learning

Input layer

Hidden layers

Output layer

A data representation originally inspired by the abstraction of biological neurons
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Neural Thermal Scattering (NeTS) Flow Chart

0. DOS: Calculate/verify ab initio phonon density of states

1. FLASSH: Produce training data and aggregate S(α,β)

2. Data-preprocess: Scale alpha, beta, temperature, S(α,β) data and split

between training/validation/test datasets 

3. Network training: Train Artificial Neural Network (ANN)

4. Evaluate network: Produce deviation metrics for train, validation, test 

datasets

5. Produce S(α,β) data: Use optimized network weights with neural 

architecture



1. Training Data: FLASSH Loop

Load in all 𝑇, 𝑐, 𝑑, DOS data

Overwrite input lines w/ 

current temperature data

Run FLASSH

Read in 𝛼/𝛽 grid and 

initialize TSL array

Read TSL data from 

FLASSH output 

Append TSL data to 

collection file 

Loop: 𝑇 = 𝑇1…𝑇𝑛
* If 𝑇 = 𝑇1

Control.txt

DOS.txt

output.txt

s.txt



1. Beryllium Metal Evaluation at 77 K
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1. Beryllium Metal Temperature Dependence
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2. FLASSH Data Preprocessing

1. Linearize alpha (log10), beta (log10) , temperature grids (1/T) to [-.75 , .75]

2.   Transform Thermal Scattering Law Data (log10)

3.   Generate input “edges” to assist training (feature engineering)

4.   Divide dataset into training (99%), validation (.5%), and test (.5%) 
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3. Network Architecture and Hyperparameters

3 LEIP Cluster NVIDIA V100 GPUs, 32 GB onboard memory each 

Intel Xeon E5-2690v4 CPUs ( sharing 128 GB RAM)



3. ANN convergence 
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4. Network Evaluation (Train/Valid/Test)

Dataset Mean APD [%] Med. APD [%] Max APD [%] < 2% [%] < 1% [%]

Train 0.1755 0.1574 3.0190 99.9959 99.8477

Validation 0.1775 0.1579 2.7552 99.9955 99.8139

Test 0.1770 0.1574 1.6474 100.000 99.7913
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5. ANN S(α,β,T) Prediction at 100 K , 296 K 
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5. ANN S(α,β,T) Prediction at 1200 K 
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Finally … What’s a NeTS Module 
 Compact, accurate functional representations of TSL data 

for a specific material over a given range of input 

conditions 
◼ 𝛼/𝛽

◼ Temperature

◼ Porosity

◼ Burnup 

◼ Alloy %

◼ Pressure

 Functional

 Continuous

 Highly accurate

Memory efficient
◼ Explicit vs. representative storage

input.txt output.txt

NN params. Zero 𝛽
Input 

features

Transformation 

+ Inference

NeTS Module



Memory & Speed 

 Adding it all up…

◼ Big improvements

◼ Relative to 10+MB

 Components

◼ NN parameters

◼ Zero 𝛽

◼ Input features

◼ Inference Engine

 Cache memory utilization

◼ L1, L2

205

55

10 10

Total: 280



NeTS- Beryllium One-Phonon Correction, Sd(α,β,T)
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Areas for Development and Application
1. Transfer Learning : Warm-start network 

training from a similar NeTS run 

(implemented)

2. Optimal Brain Damage : Reduce final 

network size, increase network prediction 

speed by selectively pruning neurons that 

don’t contribute to neural structure 

(implemented)

3. Include one-phonon correction and train 

highly structure S(,,T) surface (in-

progress)

4. Extend dimensionality : additional material 

properties (i.e., porosity, burnup, pressure), 

and new materials

5. Couple NeTS to reactor physics framework 

(in-progress) 
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Summary

 Producing first-of-a-kind NN 

representations of trivariate TSL 

data (NeTS)

 Improvements
◼ Accuracy

◼ Memory consumption

◼ Speed implications

Many new possibilities

AI (DL)

Nuclear Engineering 

(Nuclear Data) 

NeTS

Ongoing 

at LEIP 

Labs

Need 

more!

Ongoing 

all over

Computational 

Material Science



Thank You


