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Previous Work on ML Predictions of k-eigenvalue
Benchmarks

9

Used the 1100+ criticality safety
benchmarks from Whisper

Random Forest trained on

19F n,y (0.025 - 1.4 MeV)
19F Inelastic (1.4 - 3.0 MeV)

233y Total-v (1.00e-6 - 6e-06 MeV)

sensitivities/biases to predict kg bias

Investigated the kg bias in 233U
aqueous solution benchmarks
Inconsistencies in the 1°F inelastic
scattering cross section data [1]
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8y n,y (1.10e-11 - 2.53e-8 MeV)
2y Total-v (6e-6 - 1e-4 MeV)
23y n,y (1e-6 - 6-06 MeV)

28y n,y (2.53-8 - 7e-8 MeV)

150 n,y (1.00e-11 - 2.53e-8 MeV)
0 n,y (2.53e-8 - 7e-8 MeV)
232 Fission (6e-6 - 0.0001 MeV)
19F Elastic (0.025 - 1.4 MeV)
233U Total-v (6e-6 - 1e-4 MeV)
19F Inelastic (0.025 - 1.4 MeV)
19F n,y (6€-06 - 1e-4 MeV)

233y n,y (2.25e-7 - 3.5e-7 MeV)

SHAP Values for Most Important Reactions

High
R . . -—. “ .
D .| =i
et o | om vl
et -9
— - g
wrove - .
o o H
— | o 5
e -
e 3
B i ke
v e foonfh
e |
-p . 4P

-1.25 -1.00 -0.75 -0.50 -025 0.00 025 050 0.75
SHAP value (impact on bias prediction)  1e-3

SHAP Beeswarm Plot for the Random
Forest predictions of kg
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Previous Work on ML Predictions of a-eigenvalue

Benchmarks

® Predict a-eigenvalues and kg bias
using a-eigenvalue sensitivities

e Use SHAP values to explain top
features

¢ Evaluate the significance of using
« sensitivities to identify nuclear
data impactful to « predictions,
compared with kg sensitivities [2]
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a-eigenvalue Random Forest,
and a — XGBoost, SHAP Values
sensitivities NGBoost
ke, a-eigenvalue,
SHAP Values

Benchmarks +
MCNP6.3.0

Rossi-a, kyr and
sensitivities

ke Bias and Random Forest,
ket —| XGBoost,
sensitivities NGBoost

KCODE,ACODE,
KOPTS, KSEN, =
Modified KSEN

Method Map
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SHAP o Sensitivity Results

e Contribution of energy-resolved
a-eigenvalue sensitivities to the
Random Forest predictions across all
benchmarks

e The reason why other features are
not dominating is because they likely
do not exhibit patterns within the
sensitivity coefficients that drive the «
predictions. [3]
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H-1n,y (2.5€-07 - 2.8e-07 MeV)
U-235 inelastic (4.0e-01 - 9.0e-01 MeV)

U-238 n,y (5.5€-04 -
H-1n,y (4.0e-07 -
H-1n.y (3.0e-06 -

3.0e-03 MeV)
6.3e-07 MeV)
4.8e-06 MeV)

U-235 elastic (6.4e+00 - 8.2e+00 MeV)
U-235 elastic (2.5e+00 - 3.0e+00 MeV)

U-235 elastic (1.0e-01
U-235 elastic (4.0e-01 -

4.0e-01 MeV)
9.0e-01 MeV)

U-235 elastic (2.4e+00 - 2.5e+00 MeV)

H-1n,y (8.1e-06 - 1.0e-05 MeV)

U-234 inelastic (4.0e-01 - 9.0e-01 MeV)
U-234 elastic (1.0e-01 - 4.0e-01 MeV)
U-235 inelastic (9.0e-01 - 1.4e+00 MeV)
H-1ny (2.0e-07 - 2.2e-07 MeV)

H-1ny (1.0e-01 - 4.0e-01 MeV)

H-1ny (1.0e-07 - 1.5e-07 MeV)

H-1n,y (9.0e-01 - 1.4e+00 MeV)
H-1n,y (6.4e+00 - 8.2¢+00 MeV)
U-234 inelastic (1.0e-01 - 4.0e-01 MeV)

SHAP Beeswarm Plot for the Random

Top 20 SHAP Features for a Prediction Using a Sensitivities
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Lawrence Livermore National Laboratory Pulsed Sphere
(LPS) program

¢ Spheres of many different, but distinct Be, 0.8 mfp, Stilbene, 26°, 878 cm

materials were irradiated one at a 1071 — porEne
time by a D+T neutron source rlght in —— ENDF/B-VIILL

t UCRL-ID-131461

the center of the spheres

¢ Different neutron detectors (e.g.,
Pilot-B, NE-213, Stilbene) as a
function of time of flight (TOF) at

three different angles. W 1o —M

¢ Limitations in documentation leading 2: ‘
to sub-optimal models [6, 4] e

Flux/ Source Neutr. (1/ns)
5

1073 4 ——

150 200 250 300 350 400 450 500
Time of Flight (ns)

Simulated °Be LPS spectra are

% Los Alamos compared to experimental data
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FSEN Sensitivity

¢ Time-dependent sensitivities are computed using a new fixed-source sensitivity
tally in the MCNP® code

¢ New fixed-source sensitivity capability (FSEN option) is similar to the existing
k-eigenvalue (KSEN option) method

¢ Adjoint weighted technique which differs from brute force calculations
(FRENDY/SANDY codes) and is similar to the differential operator method (PERT
card) [5]

Example 23°Pu 0.7 MFP LPS Sensitivity Profiles

FSEN Fission XS Reaction FSEN Inelastic Reaction
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Machine Learning Models

e Different MLs will be used (Random Forest, HistGradientBoostingRegressor,
XGBoost, CatBoost and more)
e Different Inputs

— Experiment name + Physical features
— Sensitivity data
— Experiment name + Sensitivity data

e Target C/E
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Current Predictive Power

6li0.5a: OOF Prediction
RMSE=0.2771, median relative uncertainty=4.3%

Iwt1.1b: Best OOF Prediction
RMSE=0.1041 | Weighted RMSE=0.1347 | Median uncertainty=4.6%
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Out of Fold Time of Flight Prediction Plot
for 6Li0.5a experiment
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Out of Fold Time of Flight Prediction Plot
for Iwt1.1b experiment
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SHAP Plot

N-14 n,2n
H-3n,2n
N-14 elastic
W-184 total
Fe-58 n,2n
Fe-54 n,2n
0-16 total
Al-27 n,2n
W-182 total
N-14 total
Ti-46 n,2n
W-183 n,y
W-182 n,y
W-184 elastic
W-186 n,y
Cu-65n,2n
Cu-63n,2n
C-12 elastic
Fe-57 n,2n
0-16 inelastic

SHAP Beeswarm Plot for the CatBoost predictions of C/E
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Top Isotope-Reaction Contributions to Predicted log(C/E)
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Future and Ongoing Work

e Explore ML models for better metrics

e Use SHAP analysis to explain the features (i.e., sensitivities) of our models that
drive the predictions

¢ |ack of data leads to poor results — new and modern pulsed-sphere-like
experiments would be beneficial for this kind of analysis
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