International Nuclear Data Evaluation Network (INDEN) Evaluated Nuclear Data
of the Structural Materials, December 16-20, 2024, IAEA, Vienna

Research on Machine Learning Methods for Nuclear
Reaction Cross Section Data of Structural Materials

Speaker: Xiaodong SUN
China Nuclear Data Center, China Institute of Atomic Energy
Nuclear Data Section, International Atomic Energy Agency

N
- iy = / )q
§ nEEFERTHRR e 2 {,iﬁ Yy IAEA
H:Jﬁﬁ SERELZS PO R AN IR ML DRl ke CHINA NUCLEAR DATA GENTER ﬁ‘/ International Atomic Energy Agency



§ nEERZERTHEE MOTIVATION

China Institute of Atomic Ener
% o
CNNLC

Nuclear data, which encompasses experimental measurements, Tﬂfﬂﬂ’v & EX(ID@[?HWD@W& + Statistics
theoretical models, evaluation, processing, validation, as well
as database management and dissemination, necessitates = evaluation
highly specialized expertise. Models Evaluation
TALYS > method Simulation
4 g /\ Linearized method
I Zad

-

-@-0- &
:
,

% EMPIRE % ¢ l
Nuclear Reaction Model Code i

ENDF #1 |

ojeD SlUOW (210 ‘ ‘ fioay | uonegqinuad

. -
Experiments
ECZaHE
REACTION Lo | McNP, Openmc,
Geantd, etc.
El. Prod. #1

Element

What problems can be ) prod 52| b Prc:-dJL:ctlon
addressed with the assistance Cov

of machine learning?

% B 1 B % B Department of Nuclear Physics



§ nEERZERTHEE MOTIVATION

China Institute of Atomic Ener
Mi%EE o
CNNLC

Al has withessed remarkable success

cirsenciement. MACHINE ,
LEARNING In recent years.
i e G While Al systems are essentially
D43 responsive to input data, lacking the
O S ———] autonomy and depth of human
|l Y cognition.

1950s 1960's 1970 1980°s 1990s 2000's 2010

 In the realm of nuclear data evaluation, established
theoretical models and data processing techniques ,.
currently hold sway. These methods, grounded in (= - important than knowledge.
rigorous scientific principles, are not readily displaceable I A Knowledge is limited.

Imagination is more

by Al. i Imagination encircles

«  Now we will discuss the way of integrating Al-related -~ the world.
algorithms and data processing approaches to enhance PO NP—
the efficiency and quality of nuclear data evaluation.
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Three elements of machine learning
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DATA for training neural network

target nucleus is intricate.

nhuclei.
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* The relationship between reaction cross section and the properties of the
* The number of neutrons and protons is the fundamental feature of atomic

Creating a dataset for training a neural network allows for the automatic

Is there any underlying pattern
present in the cross section data
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- | Tanh+Sigmoid
Effective strategies avoiding overfit: T
« Early stopping: halt the training iteration if g o T
the loss of validation set begins to increase. o
« L2 Regularization: smooth prediction of 6x 1072 T
cross section

« Dataset splitting: the training and validation
sets are randomly selected.

Onginal data

10-] .

* Neural network structure: only ReLU
activation for hidden layer can reduce the g
loss.

Data augmentation
add 5 samples

Data augmentation
by add 10 samples

10-3
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Prediction error

Likelihood

Posterior . . . .
« Bayesian Inference allowing us to iteratively

Noise incorporate new data, thereby refining our
estimates of the true value.

Uncertainty

Expectation Estimate Reality

« The graph offers a clear reflection of the
DATA relationships among various quantities.

* Fill nodes denote data or physical constraints,
whereas open nodes represent the outputs of
our interest
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nucdataBaynet: Bayesian networks for nuclear data evaluation - v0.2.0.
G. Schnabel, R. Capote, AJ. Koning, D.A. Brown, "Nuclear data evaluation with Bayesian networks",

preprint, arXiv:2110.10322, October 2021 )
Elastic scattering

’/
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Smooth constraint Positivity constraint convexity constraint

nucdataBaynet: Bayesian networks for nuclear data evaluation - v0.2.0.
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Solve nonlinear least square optimization efficiently

4  The Levenberg-Marquardt Method

The Levenberg-Marquardt algorithm adaptively varies the coeflicient updates between
the gradient descent update and the Gauss-Newton update,

TTWT 4+ M | by =T W (y — ), (12)

where small values of the damping coefficient A result in a Gauss-Newton update and large
values of A result in a gradient descent update. The damping coefficient A is initialized
to be large so that first updates are small steps in the steepest-descent direction. If any
iteration happens to result in a worse approximation (y*(a + him) > x*(a)), then A is
increased. Otherwise, as the solution improves, A is decreased, the Levenberg-Marquardt
method approaches the Gauss-Newton method, and the solution typically accelerates to the
local minimum [8, 9, 10].

In Marquardt’s update relationship [10], the damping coefficient A is scaled by the
diagonal of the Hessian JTW.J for each coefficient.

JTWT + X diag(JTW.T)| him = T "W (y — §) . (13)
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Advantage: cross section predictions for nuclei lacking experimental measurements

Limitation: angular distributions and other quantities are beyond the capability
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Summary

« Machine learning methods helps nuclear data research evolve.

« Machine learning offers practical tools for data processing and
optimization algorithms.

e Qur current neural network primarily focuses on cross section, but we
plan to encompass other types of data in the future.

« Bayesian inference hold promise for studying uncertainties and
covariances in nuclear data, warranting further attention.
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Phase Shift Deep Neural Network (PSDNN)
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Frequency principle: Deep learning tends to
prioritize fitting the low-frequency component
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The neural network acquires the capability to learn the resonance cross

Physics Letters B, 855 138825, 857 138978. . .
techniques employed in nuclear data.

section of rapid oscillations, thereby enriching the investigative
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Systematic study of (n,2n) cross section adopting ANN 250 17 1% Z‘Zi\/\/\/\*\m |
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The proportion of data exhibiting a prediction deviation of less than e .
10% surpasses 85%, enabling the successful calculation of covariance 0 20 40 0 o 100 120
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for cross-sectional data predictions across various energy levels.
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Comparison of ML results, evaluation and experimental data
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Machine learning techniques uncover systematic patterns within nuclear
EPJ Conferences, 294, 04008 (2024) reaction cross sections.
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