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Background: "Ne unbound structure

= X-ray bursts: rapid thermonuclear burning on accreting neutron stars
= 50(a,y)"°Ne controls breakout from hot CNO to rp-process
= Reaction rate dominated by near a-threshold "°*Ne resonances

150(a, y)“Ne
Hot CNO-1. %@

Reaction pathways for hot CNO-1 cycle and Artistic impression of neutron St?:ll' accreting
i - matter from nearby companion [1]
rp-process, with breakout reaction.
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Background: R-matrix theory ;
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= Compound reactions described by discrete
resonances coupled to reaction channels

n I < -
Internal region (.R a): + @ mp =) + @
= Nuclear potential
= Complicated many-body interaction \
= Parameterised as: N2 +
R(E) — z % ®
n=1

€, — E
x1(R)

t Internal Region . External Region

e.g. PO(a, )0 v

= External region (R > a):
= Coulomb potential only
= Match R-matrix at channel radius
= (Calculate scattering amplitude and cross-sections
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Background: R-matrix phenomenology
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Motivation

= Discrete spin-parity assignments: = Continuous energy and width
= Require confident prior information parameters:
= Tedious trial-and-error = Dependent on starting parameters
= Degenerate solutions =  Stuck in local minima
= Difficult uncertainty quantification = Underestimated uncertainties
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Motivation

= Discrete spin-parity assignments: = Continuous energy and width
= Require confident prior information parameters:
= Tedious trial-and-error = Dependent on starting parameters
= Degenerate solutions =  Stuck in local minima
= Difficult uncertainty quantification = Underestimated uncertainties
= This work:

= Predict J* assignments sequentially with ML
= Quantify assignment uncertainties
» Refine E, I' parameters with AZURE?Z2 fit

= Improve confidence of '*Ne unbound
structure
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Experimental data

= TTIK 0O beam on “He gas = TOF and detected energy for PID
= DSSD detects scattered a's at ~ 0° = 50 keV FWHM energy resolution
“He at 467 mbar 0351 } B
L 521mm o 030 - {ﬁ ﬁ
e SR g
/i DSSD § {{ $ { {
) { u
010 ¢ {{ Hﬁ E{EH{ f {%} { Hﬁiﬂ #
!
Experimental setup for resonant scattering [2]

8.0
Energy (MeV)

= UNIVERSITYOF

o BIRMINGHAM Experimental differential cross-section spectrum [2]
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Synthetic data generation

150(1/27) + a(0t)

{Prior level information} " Channel Spin. S = 1/ 2 @ 0 = 1/ 2
= QOrbital angular momentum: 1 = 0,1,2, ...
* D " J=1@s=[l+1/2], n=(-D"!
Sample parameters 200,000 spectra
Jn, En Ty ¥
for each resonance

( } ) Store parameter set ]
| Calculate o;(E;, 6;) ) { and gt e ] = For each resonance:

X » Choose /" uptol=6

A

4 )

Apply Gaussian o ] = Add random noise to Ej.;o
convolution [ = Calculate Iy (I, E)

= SelectT'upto (L, E)
* |nclude random background poles
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ML Architecture
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Encoder-decoder transformer: Vaswani et. al. [3] 8
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ML Architecture
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Encoder self-attention:
Captures correlations across input spectrum
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Sequence index
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Encoder-decoder transformer: Vaswani et. al. [3] 8



ML Architecture
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Encoder self-attention:
Captures correlations across input spectrum

ML Architecture

Predicting ' Resonance

Encoder-decoder transformer: Vaswani et. al. [3]
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ML AI‘Chlte Cture (Decoder cross-attention: A

r ~\ Predicting 15" Resonance Selects relevant parts of spectrum for
do/dQ sequence sequence prediction
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ML AI‘Chlte Cture (Decoder cross-attention: A
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ML AI‘Chlte Cture (Decoder cross-attention: A
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e.g. Classifier trained on animal pictures

Uncertainty analysis

= Aleatoric uncertainty:
= Measurement uncertainties
= Ambiguous assignments
* Irreducible

Prediction: Cat

True label: Dog

g UNIVERSITYOF
S BIRMINGHAM




e.g. Classifier trained on animal pictures

N

Uncertainty analysis

. . W
= Aleatoric uncertainty:

= Measurement uncertainties
= Ambiguous assignments
= |rreducible

= Epistemic uncertainty:

Prediction: Cat

-
= Qut of distribution training data True label: Dog
= [nsufficient training
= Reducible

Prediction: Tiger

Fwm UNIVERSITYOF

o

gy BIRMINGHAM True label: Orange




e.g. Classifier trained on animal pictures

Uncertainty analysis -

= Aleatoric uncertainty:
= Measurement uncertainties

»
. w

= Ambiguous assignments

* Irreducible

= Epistemic uncertainty: ‘ -

= Qut of distribution training data True label: Dog
= [nsufficient training
= Reducible

= Entropy decomposition [4]

Prediction: Cat

Prediction: Tiger

= Shannon Entropy:
H(Y) = — z p(Mlog(p(y))
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Experimental predictions

= Refine predicted parameters with conventional R-matrix fit
= Compare fit to previously reported parameters [2]

Literature This work - —— This Work, x2 =100.09
E / MeV JT J™  Conf. /% E/MeV T /keV 0351 / \ — Literature, x* = 359.53
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Uncertainty analysis
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Conclusions and Future Work

= Developed ML model to predict "®*Ne resonance parameters
= Predicted parameters improve fit compared to reported values

» |dentified inherently ambiguous assignments due to large measurement
uncertainties

= Decompose uncertainties of energy and width parameters
» Predict variable number of resonances
= Test with multi-angle datasets (e.g. '°0 + «a)
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Backup Shides: Calibration

Reliability Diagram
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Backup Slides: Confusion Matrix

Spin-Parity Confusion Matrix

12- 618 336 287 141 94 74 9 406 162 75 30
12+ - 589 396 121 98 42 14 388 96 65 18 5000
3724 - 676 268 100 66 82 12 377 135 36 21
32-{ 313 674 249 113 24 9 229 45 25 8
4000
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L 2000
92+ 410 377 210 172 164 123 93 149 44 2500 1321 43 30
11/2+ 1308 257 150 88 76 126 81 236 85 1565 2656 40 37
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Backup Slides: Entropy Decomposition

Shannon Entropy: HY)=-— Zyey p(y)log(p (3’))

Many instances Mean Distribution
C,C,C;  C GG C GG C,C, G,
H(,)) H(,) H(Y3) H(Y)

1 T
i z H(Y,,) Total Uncertainty

:}

Aleatoric Uncertainty

Epistemic = Total - Aleatoric
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