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Nuclear Data Evaluation and Machine [earning

@ In recent years, many attempts have been made to use machine learning
to evaluate nuclear data N (p X 98
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¢ We are studying nuclear data generation by combining nuclear reaction models and Gaussian
process regression to find the optimal value of optical potential for nucleon-nucleus scattering.

* Nuclear data generation by machine learning (I)
application to angular distributions for nucleon-nucleus scattering
S. Watanabe et al, J. Nucl. Sci. Technol. 59, 1399 (2022)
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Framework 1: Nuclear reaction model
€ Coupled Channel Optical Model

(|:ddr22 Lo (lc+1) + ke } (1) — ;VCC,UC,(T)> 0

u.: Wave function of scattered wave (radial direction)

c : Reaction channel ({l,, j.,n.})

V..r: Optical potential(Between ¢ and ¢’ channels)

We solve coupled channel equations using CCONE 0. Iwamoto et al., Nucl. Data. Sheets 131, 259 (2016)

(Neutron-Nucleus Scattering)
a
V(r) = —vr(¥& + [imaginary| + |LS
() = ~0R(E) Ty + imaginary] + (LS

S. Kunieda et al, J. Nucl. Sci. Technol. 44, 838-852 (2007)

Optimize the value of v} (F)



Framework 1: Gaussian process regression

~— predict mean
® training data

1 sigma confidence

O Gaussian process regression

— A model that estimates a function y= f(z) .
from inputs 2 and output ¥ variables, and 3
find the minimum value of the objective function ,

O Assuming all inputs-outputs follow a Gaussian distribution > == = 35 1 1 1
and calculating conditional probabilities given training data

O Gaussian process regression has two characteristics

> No assumption of function form
— Even Complicated functions can be estimated.

> Estimation results are given by Gaussian distribution
— Gives the error of the estimate.



Framework 1: Bayesian optimization
O Bayesian optimization

A method for finding the input & that has the minimum value of the function y= f(z)
based on the estimation results of Gaussian process regression

OObjective function describes the deviation between
experimental data and theoretical calculation.

1 Z s | Ui';)(w) 2
data Agld) 10 -0

data Oexp exp

O Determine the potential parameters £ to minimize the Objective function ¥ .

&L :Parameter of optical potential
Y :Evaluation function

We use GPyOpt as Library of Gaussian process regression
https://sheffieldml.github.10/GPyOpt/



Result 1: An Example of optimization by machine learning

Estimate the evaluation function about optical parameter vy by Gaussian process
regression from the sampling results .

Calculate the evaluation function for v, , where the large uncertainty and the small
predicted value.
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Result 1: An Example of optimization by machine learning

Estimate the evaluation function about optical parameter vy by Gaussian process
regression from the sampling results .
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Result 1: An Example of optimization by machine learning

Estimate the evaluation function about optical parameter vy by Gaussian process
regression from the sampling results .

Calculate the evaluation function for v, , where the large uncertainty and the small
predicted value.
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Result 1: An Example of optimization by machine learning

Estimate the evaluation function about optical parameter vy by Gaussian process
regression from the sampling results .

Calculate the evaluation function for v, , where the large uncertainty and the small
predicted value.
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Result 1: Optimization result

The cross section calculated using obtained vy 1n this way is as follows.
Experimental values are reproduced with sufficient accuracy even
for different target nucle1 and incident particles.

3 **Fe(n,n) 103{(|\ % *Fe(p,p)— optimized
10 . : ¢ expt
—— optimized ) pt.
o s expt. — 10
5 10 e
S S 10
E i) 13.9MeV E‘IOO K
& g L e
=10 210 ¥%17.9MeV x10-
(] Q
S 1071 31072
* 1073
1072 x102 =" 4 Sl o -4 .. .
0 30 60 90 120150180 90 30 60 90 120 150180 970 30 60 90 120 150 180
scattering angle [deg.] scattering angle [deg.] scattering angle [deg.]

12



Result 1: Optimization result

Another model. (only to the depth of the central force part of KD03)

The optimal cross sections are slightly different due to different default values for
the model and other parameters. In any case, experimental values are reproduced
with sufficient accuracy.
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Next motivation

This method can be used to find the optimal value at an energy for which
experimental values are available

Conversely, 1t 1s not possible to estimate optimal values at energies for
which there are no experimental values

The functional form of v (E) is phenomenologically and empirically determined
S. Kunieda et al, J. Nucl. Sci. Technol. 44, 838-852 (2007)
vr(E) = VR + VA(E — Ef) + VE(E — Ef)2 + V3(E — E;)3 + VPP exp=Ar(E-Ef)
A. ). Koning and J. P. Delaroche, Nucl. Phys. A. 713, 231-310 (2003)

vp(E) =VR+ Vgx(E — Ef)+ Vi{(E — Ef)* + Vi(E — Ey)°

Using Gaussian process regression, it may be possible to estimate optimal
values at arbitrary energies without assuming a functional form.



Framework 2: Research Procedure

v¢ Predict the energy dependence of v (E) by the following process.

/ 1, Collect the v (E) list 2, Predict the vy (E) using ML\
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Framework 2: Research Procedure
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Result 2:°3Ni(n.n) cross section

@ Gaussian process regression given as training data the optimal value of v
that reproduces the experimental data
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@ Angular distribution of 38Ni(n,n) calculated with CCONE using the estimated value of v

Reproduces the experimental data, showing that the sensitivity is large around 50°
CCONE: O. Iwamoto et al., Nucl. Data. Sheets 131, 259 (2016) 17



Result 2: 2®Ni(n.tot) cross section

@ The optimum value of v, for>*Ni(n,tot) was estimated using the training data
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@ Repeat the same operation with different selections as training data.

Result 2: >3Ni(n.tot) cross section
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ve (MeV)

@ Repeat the same operation with different selections as training data.
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Result 2: >3Ni(n.tot) cross section
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Result 2: >3Ni(n.tot) cross section

@ Decrease in )? and variance relative to experiment as the number of training data increases
Accuracy improves rapidly for 2-5 data sets, and does not improve beyond 7 data sets
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Result 2: >3Ni(n.tot) cross section

@ Decrease in )? and variance relative to experiment as the number of training data increases
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Result 2: >3Ni(n.tot) cross section

@ Decrease in y2 and variance relative to experiment as the number of training data increases

Accuracy improves rapidly for 2-5 data sets, and does not improve beyond 7 data sets
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Result 2: >3Ni(n.tot) cross section

@ Decrease in )? and variance relative to experiment as the number of training data increases
Accuracy improves rapidly for 2-5 data sets, and does not improve beyond 7 data sets
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Result 2: >3Ni(n.tot) cross section

€ No matter how the training data was taken, with 8 points, the cross section
could be reproduced with the same accuracy as S. Kunieda and A. J. Koning
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Summary & Future work

(OCombining machine learning and nuclear reaction models to find the
optimum value of vy (E) that reproduces the experimental data

OBy using the obtained optimum value as training data, the optimum
value of v, (E) at any energy could be obtained

OBy estimating v (E) with more than 7 training data, we were able to
reproduce the cross section with the same accuracy as S. Kunieda and A.
J. Koning

@ uture work will also aim to estimate multiple dependencies of a large
number of parameters



