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This work in few words

I We employ a feed-forward ANN to extrapolate at large model spaces the results of ab-
initio hypernuclear NCSM calculations for the ! separation energy B, of the lightest

hypernuclei, obtained in accessible HO basis spaces using chiral NN, NNN & YN
interactions
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Machine Learning
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Supervised Learning

Known input-output (feature-label) relations !"# $%&#'() (*# +!,*%'#
#1"%'$ 1-$)"%(*+ () trained %('. infer a mapping therefrom. /'\# (*#
+).#- %6@rained based on the known datal)'# ,I' 20#2'3)4' .I(! %'()(*#
+).#- () $H(5"#.%,(%)&Y0#. 8)" Classification 9 Regression 5"):-#+0

Unsupervised Learning
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Reinforced learning

?%&#'! framework of rules and goalsl!" agent @%)"%(*+Alearns in an
interactive environment :> trial and error 20%'$feedback from its own
actions and experiences !'. %%$#(Orewarded )" punished .#5#.%'$ )' 4*%,*
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Machine Learning in Physics

Machine Learning has been applied in different areas of physics that include among others:

I Condense matter 6000
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| Statistical physics —— Materials Science ;
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I Cold atoms g —— Physics /!
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I Quantum many-body # 2000 / /3
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I Cosmology Year
I Particle physics I I"H$%&S (& +S)H&IEH $%&)* &+ "# ,(*-./0$."1 +&-0$82$%
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I Nuclear physics



Machine Learning Applications 1n Nuclear Theory

Since the pioneering work of Gazula et al., NPA 540 1 (1992), who employed a feed forward neural
network to study global nuclear properties across the nuclear landscape, Machine Learning has been
used to predict
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Machine Learning Applications 1n Nuclear Theory
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Machine Learning Process: General Scheme
The task of making a machine to learn is made of 2 phases
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Feed-forward Artificial Neural Networks
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The Learning Process of an ANN
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(Gradient Descent

Most of the minimization algorithms employed in ANN are based on the so-called gradient

descent algorithm
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With this idea in mind the weights w]l-k & biases b]l- of the network are updated at each iteration

according to:

oL L oL
ol Tl TGy
Jk J

l l
Wi = Wi — 1

where “ is the so-called learning rate, one of the hyperparameters of the newtwork, that controls
how fast or how slow the network parameters are updated



The Backpropagation Algorithm

j%@—.

Error Estimation

Target
variables

1 Non-linear transformation

. Forward Propagation
—
Backpropagation is a method used to calculate in an efficient way —
. L . . u
the gradient —, al of the loss function and adjust the e
connection weights & the biases to reduce the error during the —_— |/ =
learning process. lput  Fhdden

layer layer

Output
layer

Backward Propagation
.

= 281, xN6AT @4A3345DA:C8<7IMB78A= x; EA3B<@I23A:)-th AH @3:D2B8F43
= 0"42)J)4 NEA38<@8F4B=2,3,-,L <A>D274/ = ¥, w; ai " + bj and a; = f(z)

= P#Q)-  $ ")) NEA28<@8F4B=L—1,L—2,-,2<A>D278! = ¥, 61 wit?
— A0/ 1 0 oL — l -1 a_L — l

AY'4%8, 2,8 100218k %7 = ofal ", T =5
= AN 1 10/nk (WALl l l _ i l l_a_L

R-4") $' J%*$,0S 1%"0'MNw;, — wjy naw}k , bj = b; a1

= SNV Q.M &HE YHS%'M'4

= Gl-1, )).) 6&'NA>D272@433AREA8<@273AAE @88568F4R, &) = % f'(zf) = (,fTL f'(z)
J J

)




Overfitting of an ANN
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Regression &)
illustration
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Classification
illustration
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Input Dataset
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Loss function [MeVz]

Performance of the ANN

%107 e To illustrate the performance of the network we show

- the loss function L(W,b) of the training & test
B —— Training | . . . .
. TSN datasets as a function of the number of iterations in
8x10™ - - the calculation of the ! separation energy of the
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I Similar good performance for yH and yHe
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A General Comment
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A separation energy of the ground state of 3>, H
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A separation energy of the 0" & 1" states of 4, H & 4, He
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Convergence of the extrapolated results of the 0" & 17 states at N, =100

0" state 1" state
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Comparison with other extrapolation schemes
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