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This work in few words

Based on: !"#"$$%&'$()*+,$(++-+.$/+)+*0

! We employ a feed-forward ANN to extrapolate at large model spaces the results of ab-
initio hypernuclear NCSM calculations for the ! separation energy BL of the lightest
hypernuclei, obtained in accessible HO basis spaces using chiral NN, NNN & YN
interactions
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Machine Learning
!"#$%&' ('")&%&* 958 B38:<@AE'379E9<986!:74669=4:<4?@A545<AD4957Adevise algorithms able to recognize
patterns in previously unseen data without any explicit instructions by an external party" J9EE434:77FD45AEIK
9:<62C4

Known input-output (feature-label) relations !"# $%&#'() (*# +!,*%'#
-#!"'%'$ !-$)"%(*+ () trained %(!'. infer a mapping therefrom. /',# (*#
+).#- %0trained based on the known data1)'# ,!' 20#2'3')4' .!(! %'() (*#
+).#- () $#(5"#.%,(%)'0670#. 8)"Classification 9 Regression 5"):-#+0

! Supervised Learning

! Unsupervised Learning

; *# )2(52( )8 (*# %'52(("!%'%'$.!(! %0unknown6;*# %'52(.!(! %08#. () (*#
<!,*%'# =#!"'%'$ !-$)"%(*+ !'. %020#. () ("!%' (*# +).#- 4*%,* (*#' %0
#+5-)>#. () search for patterns in the data6 70#. 8)" Clustering 9
Generation 5"):-#+0

! Reinforced learning
?%&#'! framework of rules and goals1 !' agent @!-$)"%(*+A learns in an
interactive environment :> trial and error 20%'$feedback from its own
actions and experiences !'. %($#(0rewarded )" punished .#5#'.%'$ )' 4*%,*
0("!(#$>%(20#06B!,* reward "#%'8)",#0(*# ,2""#'( 0("!(#$>14*%-#punishment
-#!.0 () !' !.!5(!(%)' )8 %(05)-%,>6BC!+5-#Dgames 02,* !0 Chess )" Go



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

! Condense matter

! Statistical physics

! Cold atoms

! Quantum many-body
theory

! Quantum computing

! Cosmology

! Particle physics

! Nuclear physics

! …

! !"#$%&$'(&)*+$)#&!#"# $%&'()*&+ "# ,(*-./0$."'1 +&-0$&23.$%
!4 "+ 56 .1"*1&+7&2.' ,%81./0-1/.&'/&1.' $%&-01$8&0+1



Machine Learning Applications  in 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 Process: General Scheme
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The task ofmaking a machine to learn is made of 2 phases



Feed-forward Artificial Neural Networks
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The Learning Process of an ANN
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.-,%3"/ 0', .2 2%,,%&*-")"3',')0 /J'%*$,08:C I%"0'00 𝑾,𝒃 ≡ 𝝎𝒊𝒋
(𝒌), 𝒃𝒊

(𝒌) AE7@4:47?A3P"

Choice of the loss function
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Gradient Descent
Most of the minimization algorithms employed in ANN are based on the so-called gradient
descent algorithm

!C48< O8P434D4874C574D59: 7@4ADDA5974C934<79A:AE7@4
=38C94:759:<47@4*)"4%'&, .2 " 31/,%LM")%"I/' 21&#,%.&J 𝜽
4'2%&'0,$' 4%)'#,%.&.2 %,03"+%313 %&#)'"0'N1:4 578375?97@
8=2455⃗𝜃2 8:C<A:59C4357@454S24:<4⃗𝜃', 𝜃⃗-, 𝜃⃗3, ⋯ 8<<A3C9:=7A

With this idea in mind the weights 𝝎𝒋𝒌
𝒍 & biases 𝒃𝒋𝒍 of the network are updated at each iteration

according to:

𝜔%#4 → 𝜔%#4 − 𝜂
𝜕𝐿
𝜕𝜔%#4

, 𝑏%4 → 𝑏%4 − 𝜂
𝜕𝐿
𝜕𝑏%4

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

𝜃⃗5.' = 𝜃⃗5 − 𝜂∇𝐽 𝜃⃗5 , ?97@h > 0



The Backpropagation Algorithm

Backpropagation is a method used to calculate in an efficient way
the gradient +,

+-()
* ,

+,
+.(

* of the loss function and adjust the

connection weights & the biases to reduce the error during the
learning process.
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Overfitting of an ANN
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Input Dataset
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Performance of the ANN

To illustrate the performance of the network we show
the loss function 𝐿 𝑾, 𝒃 of the training & test
datasets as a function of the number of iterations in
the calculation of the ! separation energy of the
ground state of /3H

! Very fast decrease during the first 500
iterations becoming (on average) essentially
constant at about 1000 iterations and above it

! The loss function of the test dataset is smaller
that that of the training one, indicating that
overfitting has been substantially reduced

! Similar good performance for /=H and /=He
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A General Comment
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L separation energy of the ground state of 3! H 
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L separation energy of the 0+ & 1+ states of 4! H & 4! He 
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Convergence of the extrapolated results of the 0+ & 1+ states at Nmax=100
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Comparison with other extrapolation schemes

6K-')&1#/'10 7@@:5)'4%#,%.& 9+,)"-./",'4:)'01/,0:.2:
T;U:S:TDU

9+-')%3'&,"/:V"1'

>
3H (g.s.) 0.16 ± 0.02 0.158 [1] 0.13 ± 0.05

>
=H(0.) 2.49 ± 0.05 2.48 ± 0.04 [2] 2.157 ± 0.077

>
=H(1+) 1.35 ± 0.16 1.40 ± 0.28 [2] 1.067 ± 0.08

>
=He(0.) 2.43 ± 0.06 2.45 ± 0.04 [2] 2.39 ± 0.05

>
=He(1.) 1.33 ± 0.11 1.34 ± 0.28 [2] 0.984 ± 0.05

H2! /$(" &.$#.- )2(58.%9(5/$("#+ -.015!' ." '(50!%"("&82!)2!%A<< (5$ %!#($*#!502!/! ). !@)%$,.#$)!<IJF
%!51#)5$)#$%&!%/.'!# 5,$0!5%$)2!%)2$" ()5$001%$0+." %!,%.'10("&)2! !@,!%(/!")$#%!51#)5; H. 5102!"' 8! 0./,$%!
.1%%!51#)58()2 )2! !@)%$,.#$)!'."!5 .- 3)1" "#$%&P:LJ S=K=B=DMTOUDVC ?(%)2"#$%&PWXI TYK=BDZMBSOED>U=V

A5 () (55!!" .1%%!51#)5$%!(" !@0!##!")$&%!!/!") 8()2 )2.5! .- 3)1" "#$%&C ?()2 "#$%&P0."-(%/("& )2(5)2$)A<< (5
$%!#($*#!/!)2.' ). !@)%$,.#$)!%!51#)5.- 2+,!%"10#!$%<IJF 0$#01#$)(."5). #$%&!/.'!# 5,$0!5



Take home message

! V4 4>D6AF8 E44CQEA3?83C'%% 7A 4;738DA687487 683=4>AC465D8<457@43452675AEab-initio
@FD43:2<6483%GHI <86<26879A:5EA37@4L 54D83879A:4:43=F] ! AE7@469=@7457@FD43:2<649, AB789:4C9:
8<<4559B64^1 B85955D8<45259:=<@9386%%,%%%_ `% 9:7438<79A:5

! O@4AM43E9779:=D3AB64>958MA9C4CBF 4:683=9:=7@459U4AE7@49:D27C878547_ BF 9:73AC2<9:=8
W825598::A954C239:=7@47389:9:=D3A<455AE7@4:42386:47?A3P

! V4 E9:C7@878 :47?A3P?97@8 59:=64@9CC4:68F43AE49=@7:423A:5954:A2=@7A4;738DA6874<A334<76F
7@4M8624AE] ! 7A>AC465D8<45AE59U4%B&Hb())

! 123 34526758349: 4;<4664:78=344>4:7?97@7@A54AB789:4C259:=A7@434;738DA6879A:5<@4>45AE
@FD43:2<6483%GHI <86<26879A:5,5@A?9:=7@957@87'%% 95834698B644;738DA6879A:>47@AC

8133")K:S:F.&#/10%.&0

O1,1)':5')0-'#,%M'0

! GA>D8347@4'%% 3452675?97@7@A54AB789:4C?97@A7@434;738DA6879A:5<@4>4552<@7@87AE9:E3834C
4;738DA6879A:/!L0 ?@4347@4>AC465D8<4D838>4743ℏ𝜔 _ 𝑁?7@ 834738:56874C9:7A8: !L 64:=7@5<864
𝐿ABB 8:C8: 26738M9A647/c#0 <27AEE5<864ΛCD

! ':86FU4 7@4'%% D43EA3>8:<4, D8379<26836F7@4<A:M43=4:<4AE7@4'%% 3452675,A: @48M943
@FD43:2<649



! !"# $"%&"#%'()* + ,''*-'("-

! .,-(*/ 0,12, $"%3%"4(2(-5)* 6('7 '7*
89:; %*<#/'<#<*2'" '%,(-'7* =88

! :3*>(,//&?@*'*%$"%7(<'%*)*-2"#< <>(*-'($(>
/*5,>&


