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

1. Physics driven
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U Embeddings

Nt
Encodes discrete data into a vector space, while learning their relative

positions, e.g.
° emax:4—)6_)8_)10
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‘\ 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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BAyesian Neural Network for Atomic Nuclel Emulation
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BAyesian Neural Network for Atomic Nuclel Emulation
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U Attention!

Nt

* 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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* Projection of embeddings from

the attention mechanism.
 Model is learning nuclear shells!
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UIe Q; Visualizing the Embeddings
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BANNANE achieves state-of-the-art emulation, with smaller errors than other
emulators while emulating over a full isotopic chain. 17



Emulating Multiple Isotopes

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

Predicted Energies for Oxygen Isotopes Predicted Charge Radii for Oxygen Isotopes

I 5 L $ ema I II
—-40 . $ I ZE:i ; g 2.8 - % :::i - %0 $ £ _i_ -|-+: ~.-+: £ -,—{ T i
_L I ::wx -0 — Experl;ent _i_ %_ t % i % ;: i
—-60 r —_ periment 2.6 -
-80 = t I I 2.4 -
~100 —%— :::3 I I I { I } E 22
~120 {_ T ? | ,,l_, | 2.0 -
— X 7 3 b _
~140 i _L % 3 ' | ? 1.8 : i
— _t % % 4 1.6 - ; E_ 2 Y
~160 - e | % %
— 1.4
12 14 16 18 20 22 24 12 14 16 18 20 22 24
A A

Combining this with UQ technique, we can predict observables with associated
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U Emulating Multiple Isotopes
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UIe BANNANE with Experiments

Nt

Collaboration with the Resonant ionization Spectroscopy Experiment (RISE) at BECOLA facility at FRIB
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Predicted Energy ket

Observable: Energy ket
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Model Extrapolation vs. Low-Energy Constants (LECs)
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Case study: EM Moments of Ca
Isotopes
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UIe SHAP Values
(SHapely Additive exPlanation)
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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 z; global only after aggregation

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

Interactions Explicit Sz-j, Sz-jk, ... 97 — §; = "all interactions Interaction SHAP exists ((/)z-j), but usually you view main
involving 2" ¢; 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 E| f(X)]| (or dataset mean)
Cost (2 -+ d)N model evals for \S;, ST 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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U Forces Through the Shells
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UITe Using Emulators to Constrain Forces
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UIe Changes to Likelihood

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

AdL N¥
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Changes to Likelihood
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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.

 Use new emulator to search for best candidate isotopes for experimental
searches.

 Release emulator as a foundation model for many-body calculations.

* |Include convergence in chiral order in the emulator directly.

* |mprove statistical model to include correlated uncertainties.

Thank you!

45



