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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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• 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! 

232, 321 citations 46, 426 citations 
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Emulating Multiple Isotopes
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BANNANE achieves state-of-the-art emulation, with smaller errors than other 
emulators while emulating over a full isotopic chain.
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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.

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

19
Global sensitivity analysis is consistent with other emulators!

Calculation are sped up by a factor of 105!



BANNANE with Experiments

20

Collaboration with the Resonant ionization Spectroscopy Experiment (RiSE) at BECOLA facility at FRIB

• Study charge radii of 
Aluminum isotopes.


• BANNANE is used to 
understand the trends across 
the isotopic chain from theory 
point of view.


PRELIMINARY

Brinson, …, Belley, et al. in prep
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Emulating To Unseen Data
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Difference with model and 
IMSRG when no data is used to 
train in a specific isotope.
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M(N, Z, f ) = P0 + C1S0P1S0 + . . . + cEPE + h1P1 + . . . + hNPN
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Feature Resolved Affine Matrix Emulator (FRAME)
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Anchor and Refinement

26

M(N, Z, f, α) = [Mfmin
+

f

∑
p=1

ξ( f; N, Z, α)ΔMp]

Anchor: Matrix at the lowest fidelity Refinement: Corrections from higher 
fidelities

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

https://frame-architecture-explorer-553167399436.us-west1.run.app/
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Training cost 
was reduced by 
a factor of 5!

PRELIMINARY
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Rch

Physics driven version reduced worst zero-shot learning case from 44% error to 7% 
error!
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Difference with model and calculation 
of IMSRG(3f2) when no IMSRG(3f2) is 
used to train in a specific isotope.
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Miyagi et al., Phys. Rev. Lett. 132, 232503 
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Issues with GSA
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• Very costly

• No indication of how the 
parameters influence the results

• Initial range of the prior influence 
the final sensitivity

• “Bad” samples impact sensitivity as 
much as “good” samples
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(SHapely Additive exPlanation)
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SHAP values in Ca Isotopes
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• Created new ML emulator: speed up calculations by a factor of ~105.
• Improved 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.

Summary …

… 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.
• Improve statistical model to include correlated uncertainties.

Thank you!


