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How should we search beyond the Standard
Model to explain these shortcomings?
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Lucas Taylor / CERN - http://cdsweb.cern.ch/record/628469

© 1997-2022 CERN (License: CC-BY-SA-4.0)
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Uil Going Beyond

1. High energy Frontier 2. Cosmo+Astro Frontier

https://www.esa.int/ESA_Multimedia/Images/2013/03/Planck_CMB

Lucas Taylor / CERN - http://cdsweb.cern.ch/record/628469 © ESA and the Planck Collaboration (Li - CC-BY-SA-4.0
© 1997-2022 CERN (License: CC-BY-SA-4.0) and the Planck Collaboration (License )
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i Going Beyond

1. High energy Frontier 2. Cosmo+Astro Frontier 3. Precision frontier

https://www.esa.int/ESA_Multimedia/Images/2013/03/Planck_CMB Marekich - https://commons.wikimedia.org/w/index.php?curid=21701588

Lucas Taylor / CERN - http://cdsweb.cern.ch/record/628469 ESA the Planck Coll tion (L - CC-BY-SA-4.0 © Wikinedia (Li - CC BY-SA 3.0
© 1997-2022 CERN (License: CC-BY-SA-4.0) © ESA and the Planck Collaboration (License: CC ) ikipedia (License )
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Atomic Nucleus as a Probe

1. Looking at deviation from
Standard Model
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UIe The Need for Nuclear Theory

In all cases, nuclear theory inputs are required Iin order to interpret experimental
results:

. Superallowed /) decay: Corrections from Standard Model 0y and O-.

. OvfpB: Nuclear matrix elements M.
* Electric Dipole Moment: The nuclear Schiff Moment.
. Dark Matter Scattering: WIMP Scattering structure factor .
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UIe Nuclear Theory Challenges

Understanding nuclear structure from microscopic physics

Nuclear Interactions Wave functions Observables
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Expansion order by order of the nuclear forces
Reproduces symmetries of low-energy QCD using nucleons as fields and pions as force carriers.
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QA +1 +J ++| \ Three- (and higher-)body forces
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* Large variance for many observables.
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|I||' Issues with Hamiltonians

» Large variance for many observables.

 Little understanding of how choices of parametrization affect results across nuclel
chart

* |Lack of unified description:
* (Cutoffs
* EFT orders

* SRG Hard/impossible to consider all
* Power Counting Interactions together to assign a robust

+ LEC fitting strategy uncertainty

* Jerms included

11



Ui The VS-IMSRG

Valence-Space In Medium Similarity Renormalization Group
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Ut The VS-IMSRG

Valence-Space In Medium Similarity Renormalization Group
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UIe Using other observables
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Using other observables
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UIe Using other observables
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Uncertainty quantification



Mir Procedure for UQ in the Bayesian Approach
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Ning Xiang - https://doi.org/10.1121/10.0001731 18
© JASA (License: CC BY 4.0)
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Ue Procedure for UQ in the Bayesian Approach

~ :
Priorll \ Postﬁrg.'){): /) @) The catch
@ I)

Need many samples.

Probability density

Due to the large cost of many-
body methods, for 1 isotope:
o Take ~1 year to compute all
 Lkelhon samples on HPC cluster.

Posteriorm\-'"!N00 (b) -

pOD. Df \P(Dl6.] e Cost > $2 million!

® Huge environmental impact
(220 tree-years calculated
using green-algorithms.org
v3.0)

Parameter space ¢

Probability density

Parameter space ¢
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Mir Procedure for UQ in the Bayesian Approach

The catch

Need many samples.
| am never gonna retire...
Due to the large cost of many-
body methods, for 1 isotope:

o Take ~1 year to compute all
samples on HPC cluster.

e Cost > $2 million!

e Huge environmental impact
(220 tree-years calculated
using green-algorithms.org
v3.0)
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http://green-algorithms.org
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UIe Emulators for Many-Body Methods

There are two ways to build an emulator for nuclear physics:
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UIe Emulators for Many-Body Methods

There are two ways to build an emulator for nuclear physics:

1. Physics driven
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Duguet, et al., Rev. Mod. Phys. 96, 031002 (2024)
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UIe Emulators for Many-Body Methods

There are two ways to build an emulator for nuclear physics:

1. Physics driven 2. Data driven
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Duguet, et al., Rev. Mod. Phys. 96, 031002 (2024)
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Ui Using Gaussian Process as an Emulator

Cdipaolo - https://commons.wikimedia.org/w/index.php?curid=47589433
© Wikipedia (License: CC BY-SA 4.0)

- lPriorl

2t A -

e AN

= O0OF v
. / ’
ol )
30 2 4 6 8 10
T

J(X) = N (u, K(X, X))
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Ui Using Gaussian Process as an Emulator

Cdipaolo - https://commons.wikimedia.org/w/index.php?curid=47589433

© Wikipedia (License: CC BY-SA 4.0)
Prior Posterior
3 I I I I 2 O ! | |

2+

Jx) = N (u, K(X, X)) Pyiyy ~ N (ZxexZxxYs Ty — ZX*XZ)_OI(ZXX*)
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Ui Using Gaussian Process as an Emulator

Cdipaolo - https://commons.wikimedia.org/w/index.php?curid=47589433
© Wikipedia (License: CC BY-SA 4.0)

3 Prior a0 Posterior 15 Prediction with Uncertainty
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I I I
_ —1 —1
J(x) = N (u, K(x,X)) Pyijy ~ N (ZxaxZxx?s Zpexr — xSy xxs)
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Ui Usmg Gaussian Process as an Emulator
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Ui The MM-DGP Algorithm

‘Deep Gaussian Processes [1]: Stack multiple

GPs in a neural network-like architecture for

improved hierarchical learning. O
X

‘Multi-Fidelity Modelling: Model low-to-high
fidelity differences by passing outputs from one
fidelity as inputs to the next.

-MM-DGP Extension: Adapted to handle @ @
multiple outputs across fidelity levels, creating

the Multi-output Multi-fidelity Deep Gaussian

Process (MM-DGP).

/1

[1] Kurt Cutajar, Mark Pullin, Andreas Damianou, Neil Lawrence, Javier Gonzalez arXiv:1903.07320 (2021). -


https://arxiv.org/search/stat?searchtype=author&query=Cutajar%2C+K
https://arxiv.org/search/stat?searchtype=author&query=Pullin%2C+M
https://arxiv.org/search/stat?searchtype=author&query=Damianou%2C+A
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UIe Getting Posterior Distributions

~ )
Prior: 8188 “non-implausible” samples (Phys. Rev. C 109, 064314)

- ),
~ )
“Solve” many-body with emulator for all samples
- Y

Weight the samples by a likelihood for some calibration observables
(correlation with target observable)

- Y
( (] (] n \
Final results is given by
Y = YLECs T €emulator + CEFT + Gmany—body T €0pemtor
where y; . Is sampled from the weighted interactions
- Y

The different sources of errors € are assumed to be normally distributed and
9 iIndependent y
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UIe The MM-DGP Algorithm: GSA

Belley, et al.,Phys. Rev. C 113, 014319 (2026)
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UIe The MM-DGP Algorithm: GSA

Belley, et al.,Phys. Rev. C 113, 014319 (2026)
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Results for energies are consistent with results of

physics-based emulators of the coupled cluster method.
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Combining All Sources of Uncertainty
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Uir o Embeddings
Encodes discrete data into a vector space, while learning their relative

positions, e.g.
° emax:4—)6_)8_)10
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Embeddings
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Uir o Embeddings
Encodes discrete data into a vector space, while learning their relative

positions, e.g.
° emax:4—)6_)8_)10

* Positions In the nuclear chart: ordering of N and Z
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UIe Attention!

St

* Attention Mechanisms learns how the embeddings need to be adapted due
to other inputs

 Responsible to for the improvements of large language models in recent
years!
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Query matrix: W, — Q0 = WyX
Key matrix: W, = K = WX
Value matrix: Wy, - V = Wy X

Attention(Q, K, V) = softmax (

OK"
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W>V
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Attention

1 All matrix elements of these matrices are
J tunable parameters.
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Embeddings: X;'s «——— N input of dimension M i.e. X -> NxM

Query matrix: W, — Q0 = WyX
Key matrix: W, = K = WX
Value matrix: Wy, - V = Wy X

1 All matrix elements of these matrices are
J tunable parameters.

. OK"
Attention(Q, K, V) = softmax vV
(%)

Finally X — X + Attention(Q, K, V)

38



UIe Q; Visualizing the Embeddings

Training step: 1/200
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BANNANE achieves state-of-the-art emulation, with smaller errors than other
emulators while emulating over a full isotopic chain. 42
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Predicted Energies for Oxygen Isotopes

Emulating Multiple Isotopes

Belley, et al.,Phys. Rev. Lett. 136, 082501 (2026)

Predicted Charge Radii for Oxygen Isotopes
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Combining this with UQ technique, we can predict observables with associated
uncertainties over the full isotopic chains in a few minutes.
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UIe Emulating Multiple Isotopes
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UIe Emulating To Unseen Data
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There are two? ways to build an emulator for nuclear physics:

Physics driven Data driven
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Jose Miguel Mufoz Arias . .
Feature Resolved Affine Matrix Emulator (FRAME)
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Anchor and Refinement
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Anchor: Matrix at the lowest fidelity Refinement: Corrections from higher
fidelities

https://frame-architecture-explorer-553167399436.us-west1.run.app/

50


https://frame-architecture-explorer-553167399436.us-west1.run.app/

Extrapolating In emax
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| ' Physics Driven BANNANE!

-7

- 6

<‘> 5
an :
5 4 =~
@ ¢ &
K} 3s

Zero-shot 2

Learning
1

4 5 6 7 8 9 10 11 12 13 14
N

Physics driven version reduced worst zero-shot learning case from 44% error to 7%
error!
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Physics Driven BANNANE!

Model Extrapolation vs. Low-Energy Constants (LECs)
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Extrapolating to IMSRG(3)

Embeddings
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Case study: EM Moments of Ca
Isotopes
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UIe Issues with GSA
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* Very costly
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L}
* \ery costly

* No indication of how the
parameters influence the results
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L}
* \ery costly

 No indication of how the
parameters influence the results

 |nitial range in the prior influence the
final sensitivity
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Ui Sobol vs SHAP

Aspect Sobol’ SHAP (standard ML usage)
Primary question Which inputs drive variance globally? Which inputs drive a specific prediction level relative to
baseline?

Scope Global by design Local per x; global only after aggregation

Units Fraction of variance [0, 1] In output units (additive contributions)

Interactions Explicit S,;J-, S'Uk” el S';;. — 5; = “all interactions Interaction SHAP exists ((f),;j), but usually you view main
involving ¢" ¢; or sum of interactions

Input dependence Assumes independent inputs (classic Sobol’) Can use interventional (assumes independence) or

conditional SHAP (uses empirical dependence); each has

trade-offs
Baseline None (centered by variance) Explicit baseline Ef(X)] (or dataset mean)
Cost (2 —+ d)N madel evals for 5;, S7. with Saltelli{Jansen Depends on explainer; TreeSHAP is fast & exact for trees;

KernelSHAP Is expensive (many coalitions)

Interpretability "% of uncertainty due to X;" “How much X; pushed this prediction up/down”
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UIe SHAP values in Ca Isotopes

Munoz, Belley, et al., arXiv: 2603.26905 (2026)
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Ui Forces Through the Shells
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Using Emulators to Constrain Forces
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UITe Using Emulators to Constrain Forces
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UITe Using Emulators to Constrain Forces
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UIe Changes to Likelihood
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Ue Changes to Likelihood

—  Stiffening (+Ap) O Low Shrinkage
- Decoupling (—Ap) O High Shrinkage

AdL N¥
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M Summary ...
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M Summary ...

 Created new ML emulator: speed up calculations by a factor of ~105. g@%

* |mproved emulator using physics driven technology.

 Can predict IMSRG(3f2) from IMSRG(2) with sub-percent accuracy.

* Applied emulator in the Ca isotopic chain to find new constraints on
Interaction parameters.

... and Outlook

* Use new emulator to quantify uncertainty of many-observables.
* Develop a unified embedding for the nuclear interactions so that they can all be

iIncluded together.
 Use emulator to get a better understanding of the correlations between different
nuclear observables in different nuclei and how they constrain the nuclear forces.

Thank you! .
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UIe Correlation between observables
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