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Automated Tool

Methods
 SAMMY

* Robust, non-linear least
squares algorithm

* Feature selection

Results
* Accurate resonance I.D.
* No spin groups (yet)
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Methods
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Computational Framework — ML approach
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Resonance Parameter Distributions
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Resonance Parameter Distributions

B PDFs for
%0.075 resonance
£ owo parameters
known a-priori
I, E;
/Synthetic cross section Experimental Cross Section

. . — True
realizations I exp ﬂ

Ta-181 Cross Section ‘
101 4

Ototal

E;_, |E;

760 770 780 790
Energy (eV)

760 770 780 790 800 810 820
Energy

Walton, N.A.W., Brown, J., Fritsch, W., Brown, D., Nobre, G., Sobes, V., Methodology for physics-informed THE UNIVERSITY OF

generation of synthetic neutron time-of-flight measurement data, Computer Physics Communications, Vol 294, TENNESSEE T
2024, 108927, ISSN 0010-4655, https://doi.org/10.1016/j.cpc.2023.108927. KNOXMILLE




Evaluation Benchmarking - Initial

| — Fit
Fit std
I exp
10* - ﬂ
8
2
o)
Synthetic data generator RS "| b
il .
o 'i“?:;i””}:::"i““'i o !::.”"‘ ' Automated
Resonance Parameter Distributions | ”Ii‘:l I|!“l ) I ||l‘|” Al
et i procedure
PDFs for
resonance
parameters
known a-priori : : : : : : :
760 770 780 790 800 810 820
Energy Experimental Cross Section
I e

Experimental Cross Section

Synthetic cross
section realizations

// Ta-181 Cross Section

Ototal

Probabilistic
Generative
Model

THE UNIVERSITY OF

TENNESSEE [

KNOXVILLE




Synthetic data generator
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Evaluation Benchmarking - Final
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Performance Metric
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Performance Metric

—— Fit result
Theo

Synthetic data allows quantitative
performance testing

=

What should the metric be?
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Computational Framework
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Developing a generative model for the
resonance experiments
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Developing a generative model for the
resonance experiments
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Leveraging Al/ML to benchmark region of

automation
* Benchmarking the automation:
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