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Towards a general -purpose Al

NUuCLR is an interpretableleeplearningmodel that predicts various nuclear observables.
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Tasks

large set of nuclear observables (e.g. binding
& decay energies, charge radii etc.)

achieveworld -leading precision

understand the Al causative mechanisms

addressopen problems in particle, nuclear
& astrophysics
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The architecture
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Validation Loss

More Tasks, More Information |

A proof of concept IS prowded with a toy model: i Trainingsimultaneouslyn all taskexploits
' data correlations over multiple tasks and

100 ¢ IModels Functions

...... S — 3 b
v A leverages joint informatigmmproving
—— MTE — YVaTor _ _ _
T ogtat b 1) generalization compared to singktask
— exp=gE training (MT > ST).

10-1 ¢ o

U Novel: we introduce the tasks also as
trainable embedding8TE) and
concatenate them together with the Z & N
embeddings for processing by the MLP.

U Structure formatiamthe embedding space
encodes taskndependent information!

10—3 L

The model can makmferences for all tasks
corresponding to a (Z,N) pair, for which there
2000 2000 6000 8000 10000 existat leasbne task with a measured value.
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Tasks / Nuclear observables

U Binding energy: It represents the energy required to break apart a nucleus into its nucleons.

3 %- 7?— 7 N-2)?
Ep(Z.N) = Zm, + Nmy — M(Z. N2 &4 — g2 — o2 =20 _ | S 5N, 2)
S 1V A N )
Weizsicker, Zeitschrift fur Physik, 96(7):48458, Jul 1935. Volume Surface ~ d v

’ Pairing
Coulomb Asymmetry

U Separation energies: The stability of a nuclide is determined by its separation energies, which
refers to the energies needed to remove a specific number of nucleons from it.

Sn(Z,N)=M(Z,N —1)+m, — M(Z,N) , When training, we must avoid

S,(Z,N)=M(Z—1,N)+m, — M(Z,N) . prediction biases such as correlations
between separation energies and
Qg(z N)=M(Z,N)—-M(Z+1,N —1), binding energies of neighboring nuclei.
Solution : 106fold crossvalidation
Qu(Z,N)=M(Z,N)— M(Z—-1,N+1) — Miape -

U Charge radius: A basic measure of the size of the nucleus is the RMS radius of its proton
distribution. Empirically, heavier radii ( ¢ Jtfollow the relation’Y ior.
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M Sn Sp Qr

mc\W mFRDM mHFB mNNs (STL) mNuCLR
I Database (energies)Vang et al (AME2020Rhys. Lett. B, 734

2155219, 2014

U The achieved accuracy foharge radii ,,
T8t pElis higherthan all theoretical and STL NN
modelsj.e. T8¢ &£l & 8t p /&l, respectively.

Database (charge radi&ngeli& Marinova Atom. DataNucl. Data
Tabl, 99(1):6895, 2013
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What are ML models actually learning?

U The success of MTL gives the first hint towards the potential of creatiogradation model
that caninternalizethe fundamental laws governing the nucleus. But, how can we actually trust
the inferences of the model?

U Manifold hypothesis: Realworld data presented in high
dimensional spaces are expected to concentrate in the
vicinity of a manifold of mudiewer dimensionality

embedded imigh dimensionahput space.
| Bengiq Courville,Vincent.206.5538

U Mechanistic Interpretability (M) encompasses
techniques of identifyingw-rank structures inhighD -
datasets, and uncovering (partially) tdgorithmsthat are =~
Implemented.
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Interpretable Al via: Latent Space Topography
U Latent space topographVA) is an Ml procedure which consists of the following steps:

1) extract high quality features of the NN using a dimensionality reduction method on the
latent space; heraarinciple component (PC) analysis,

2) identify the emergengieometryin the first PC dimensions usingmain knowledge

3) study the effects of smalkerturbationsof the geometry on the tasks and vice verse.

ULetds considero af bl M. Luetal2205.10343g5adl £TIAD stydy
grokkingThey found that generalization coincides wathucture formationin the PG
transformed embedding space and identified the predictiyerithmthat the NN employs.

Initialization (0 iterations) Owerfitting (1000 iterations) Representation Learning (20000 iterations)
traam acc: 0.0 val ace: 0.0 tram acc: 1.0 val ace: 0.1 Erain act 0 val ace: 1,0
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Eg Error [keV]

Are the PCs meaningful?

1) PCscapturemost of the performance!
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2) PCs exhibitich structure:
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LST on the embedding space

3) In the first 3 PC dimensions,rabustspiral emerges.

Magic Numbers (Goeplgarger and Jensen, Nobel 1963)
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For even (odd) neuclei: PC4 > 0( < 0)I'Pauli exclusion (Nobel 1948)

PC,
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Deciphering the nuclear spirals |
U Parametrization : () = R [cos(27 fl + ¢1)U + sin(27 ft + ¢2)v] + Pdt + g
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Deciphering the nuclear spirals |
U Parametrization : 7(l) = R [cos(27 f{ + ¢1)u + sin(27 [t + ¢2)v] + Pat + 7o
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Deciphering the nuclear spirals |

U The change iw
corresponds to achangdn
the spiralgeometry
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