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• Fails to explain gravity

• Fails to explain most of the mass and energy of the universe

• Fails to explain neutrino mass and oscillation.

• Fails to explain the matter-antimatter asymmetry.

How should we search beyond the Standard 
Model to explain these shortcomings?
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The Need for Nuclear Theory
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In all cases, nuclear theory inputs are required in order to interpret experimental 
results:

• Superallowed  decay: Corrections from Standard Model  and .

• : Nuclear matrix elements .
• Electric Dipole Moment: The nuclear Schiff Moment.

• Dark Matter Scattering: WIMP Scattering structure factor .
• …

β δNS δC

0νββ M0ν

SA
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Nuclear Theory Challenges
Understanding nuclear structure from microscopic physics

H |Ψ⟩ = E |Ψ⟩

Nuclear Interactions Wave functions Observables 

Figures courtesy of J. Muñoz

⟨Ψ |O |Ψ⟩
Nucleon-Nucleon force 
is not known exactly!

Only have 
parameterizations.

Solving the nuclear A-body is
computationally expensive…

Exact solver               ~O(eA)
Approximate solver    ~O(A6)
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-EFTχ
Expansion order by order of the nuclear forces
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NLO
(Q/⇤�)2

N2LO
(Q/⇤�)3

N3LO
(Q/⇤�)4

+ ... + ...

+ ...

The different low energy coupling 
constants (LECs) are fitted to few-
nucleon data to absorb the effect of 
higher order terms

Three- (and higher-)body forces 
needed
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Issues with Hamiltonians
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PRELIMINARY
Arthuis, et al., arXiv:2401.06675 (2024)
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Issues with Hamiltonians
• Large variance for many observables.
• Little understanding of how choices of parametrization affect results across nuclei 

chart
• Lack of unified description:

Cutoffs
EFT orders
SRG
Power Counting
LEC fitting strategy
Terms included
…

Hard/impossible to consider all 
interactions together to assign a robust 
uncertainty
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The VS-IMSRG 
Valence-Space In Medium Similarity Renormalization Group

Bare Hamiltonian Valence-space is 
decoupled

Core is decoupled

Ĥ(0) Ĥ(s) = eΩc(s)Ĥ(0)e−Ωc(s)
Ĥ(s) = eΩv(s)Ĥce−Ωv(s)

Ĥc = eΩc(∞)Ĥ(0)e−Ωc(∞)

Truncations 
• emax: Truncations for 1-body states. Is given by 2n+l. 

• IMSRG(2) : All operators are truncated at the 2-body level.
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Python version 
on github!

Ab initio Revolution 
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uncertainties for ?0νββ



Uncertainty quantification

17



Procedure for UQ in the Bayesian Approach

18Ning Xiang - https://doi.org/10.1121/10.0001731

© JASA  (License: CC BY 4.0)
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The catch 

Need many samples. 

Due to the large cost of many-
body methods, for 1 isotope: 
• Take ~1 year to compute all 

samples on HPC cluster. 
• Cost > $2 million! 
• Huge environmental impact 

(220 tree-years calculated 
using green-algorithms.org 
v3.0 ) 

Ning Xiang - https://doi.org/10.1121/10.0001731

© JASA  (License: CC BY 4.0)

http://green-algorithms.org
https://doi.org/10.1121/10.0001731


Procedure for UQ in the Bayesian Approach

18

The catch 

Need many samples. 

Due to the large cost of many-
body methods, for 1 isotope: 
• Take ~1 year to compute all 

samples on HPC cluster. 
• Cost > $2 million! 
• Huge environmental impact 

(220 tree-years calculated 
using green-algorithms.org 
v3.0 ) 

II am never gonna retire…

© Free Clipart Library 2025

http://green-algorithms.org
https://www.freeclipartlibrary.com/
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There are two ways to build an emulator for nuclear physics:

2. Data driven1. Physics driven

Duguet, et al., Rev. Mod. Phys.  96, 031002 (2024)
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The MM-DGP Algorithm
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•Deep Gaussian Processes [1]: Stack multiple 
GPs in a neural network-like architecture for 
improved hierarchical learning.

•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] Kurt Cutajar, Mark Pullin, Andreas Damianou, Neil Lawrence, Javier González 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
https://arxiv.org/search/stat?searchtype=author&query=Lawrence%2C+N
https://arxiv.org/search/stat?searchtype=author&query=Gonz%C3%A1lez%2C+J
https://arxiv.org/abs/1903.07320


The MM-DGP Algorithm: Energies
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Root Mean Square 
Error = 11 MeV

76Ge

emax
# of training 

points

4 250

6 100

8 90

10 50

12 50
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Getting Posterior Distributions
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Prior: 8188 “non-implausible” samples (Phys. Rev. C 109, 064314)

“Solve” many-body with emulator for all samples

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

Final results is given by  
 

where  is sampled from the weighted interactions
y = yLECs + ϵemulator + ϵEFT + ϵmany−body + ϵoperator

yLECs

The different sources of errors  are assumed to be normally distributed and 
independent

ϵ
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Low-energy constants, i.e. parameters of the nuclear 

Belley, et al.,Phys. Rev. C 113, 014319 (2026)
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LO NLO
… …

LO NLO NNLO NNLO

The total matrix element mostly depends on one LEC!

Belley, et al.,Phys. Rev. C 113, 014319 (2026)
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LO NLO
… …

LO NLO NNLO NNLO

Results for energies are consistent with results of 
physics-based emulators of the coupled cluster method.

Belley, et al.,Phys. Rev. C 113, 014319 (2026)



Choosing a Likelihood: Example 0νββ
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Likelihood 1: Only contains 
 neutron-proton phase 

shifts at 50 MeV.
1S0

Likelihood 2: Contains  
neutron-proton phase 
shifts at 50 MeV  and 
observables for A=2-4.

1S0

Likelihood 3: Contains  
neutron-proton phase 
shifts at 50 MeV and 
observables for A=2-4,16.

1S0

A2-4: E(2H), rp(2H), Q(2H), E(3H), E(4He), rp(4He)            A16: E(16O), rp(16O)



Combining All Sources of Uncertainty
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Belley, et al., Phys. Rev. Lett. 132, 182502
 

M0νββ = 2.60+1.28
−1.36
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Ekström, et al., arXiv:2305.06955 (2023)

76Ge

Data driven

MM-DGP

Physics

Driven

vs

Belley, et al.,Phys. Rev. C 113, 014319 (2026)

https://arxiv.org/abs/2305.06955
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The MM-DGP Algorithm: GSA
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Belley, et al.,Phys. Rev. C 113, 014319 (2026)

Ekström, et al., arXiv:2305.06955 (2023)

76Ge

Data driven

MM-DGP

Physics

Driven

vs

https://arxiv.org/abs/2305.06955
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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!

36

• 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! 

244, 184 citations 48, 990 citations 
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I am going 
completely bananas!

WEEEEEE!ChatGPT:

3Blue1Brown: 
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Key matrix: 
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WQ → Q = WQX
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Embeddings: ’s⃗xi

Query matrix:  

Key matrix: 

Value matrix: 

WQ → Q = WQX
WK → K = WKX

WV → V = WVX

Attention(Q, K, V) = softmax ( QKT

d ) V

N input of dimension M i.e. X ->  NxM

Finally X → X + Attention(Q, K, V)

All matrix elements of these matrices are 
tunable parameters.
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• Projection of embeddings from 
the attention mechanism.


• Model is learning nuclear shells!
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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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Belley, et al.,Phys. Rev. Lett. 136, 082501 (2026)
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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

44
Global sensitivity analysis is consistent with other emulators!

Calculation are sped up by a factor of 105!
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Difference with model and 
IMSRG when no data is used to 
train in a specific isotope.
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Jose Miguel Muñoz Arias
Feature Resolved Affine Matrix Emulator (FRAME)
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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



Physics Driven BANNANE!

53

Rch

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



Physics Driven BANNANE!

54



Extrapolating to IMSRG(3)

55

FiLM

Z N f

Embeddings

MBT



Extrapolating to IMSRG(3)

55

Difference with model and calculation 
of IMSRG(3f2) when no IMSRG(3f2) is 
used to train in a specific isotope.

FiLM

Z N f

Embeddings

MBT



Extrapolating to IMSRG(3)

55

Difference with model and calculation 
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Miyagi et al., Phys. Rev. Lett. 132, 232503 
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Issues with GSA

58

• Very costly

• No indication of how the 
parameters influence the results

• Initial range in 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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Munoz, Belley, et al., arXiv: 2603.26905 (2026)
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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.
• Develop a unified embedding for the nuclear interactions so that they can all be 

included 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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Extrapolation
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Correlation between observables


