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v' Resonant states and exotic nuclei
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v’ Relativistic symmetry and interaction

in nuclei (FRE K F&F /): PLB 801,
135174 (2020); PRC 91, 024311 (2015);
PRL 112, 062502 (2014); PRC 90, 034318
(2014); PRC 87, 044311 (2013); ......
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v’ Stellar nucleosynthesis and related
nuclear physics (4~ BH ., K YE):
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@ Introduction
© Bayesian neural network approach
© Results and discussion

* Toy model

* Nuclear masses

* Nuclear B-decay half-lives

@ Summary and perspectives
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Nuclear physics and machine learning
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Introduction Introduction

Nuclear physics
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Machine learning
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Niu Zhongming

Machine learning in nuclear physics

>

BNN approach

vV V.V V V V V VYV VYV VYV VY V

NN: Neural Network

BNN: Bayesian Neural Network

CNN: Convolutional Neural Network
MDN: Mixture Density Network

BGP: Bayesian Gaussian Processes
CGP: Constrained Gaussian Processes
DT: Decision Tree

NBP: Naive Bayesian Probability Classifier
SVM: Support Vector Machines

RBF: Radial Basis Function

KRR: Kernel Ridge Regression

CLEAN: CLEAN Image Reconstruction
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Introduction

Nuclear physics and machine learning

@ Nuclear structure:
» Masses:
NN: Gazula1992NPA, Athanassopoulos2004NPA, Bayram2014ANE, Zhang2017JPG,
Yuksel2021IJMPE; DT: Gao2021arXiv; NBP: Liu2021PRC; CLEAN: Morales2010PRC
BNN: Utama2016PRC, Niu2018PLB. Niu2019PRC, Rodriguez2019EPL
RBF: Wang2011PRC. Niu2013.2016PRC; KRR: Wu2020PRC. Wu2021PLB
SVM: Clark20061JMPB; BNN (Q): Rodriguez2019JPG
BNN and BGP (Sn/2n): Neufcourt2018,2020PRC, Neufcourt2019PRL
» Nuclear spins and parities:
NN: Gernoth1993PLB; SVM: Clark2006IJMPB
» Charge radii:
BNN: Utama2016JPG; CNN: Ca02020APS; NN: Wu2020PRC; NBP: Ma2020PRC
> Excited states:
NN (energies of 27): Akkoyuna2020arXiv
NN (excitation spectrum): Lasseri2020PRL
NN (giant dipole resonance key parameters): Bai2021PLB, Wang2021PRC
» Extrapolation problems in ab initio method:
NN: Negoita2019PRC, Jiang2019PRC; CGP: Yoshida2020PRC
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Introduction Introduction

Nuclear physics and machine learning

@ Nuclear decays and reactions:
» a-decay half-lives:

DT, NN: Saxena2021JPG, Ma2021CPC

» B-decay half-lives:

BNN: Niu2019PRC; SVM, NN: Costiris2008arXiv; NN: Costiris2009PRC

> Fission yields:

BNN: Wang2019PRL,Qia02021PRC; MDN: Lovell2019EPIWC

» Cross-sections in proton induced spallation reactions:

BNN: Ma2020CPC

» Neutron-nucleus scattering data:

BNN: Liang2021Thesis

> Fusion reaction cross-sections:

NN: Akkoyun2020NIMB
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Introduction

Physics Letters B 778 (2018) 48-53

Contents lists available at ScienceDirect
PHYSICS LETTERS B

Physics Letters B

www.elsevier.com/locate/physletb

Nuclear mass predictions based on Bayesian neural network approach ) |
with pairing and shell effects N

™~

ZM. Niu (4 T B ab HZ, Liang (B2 5EJ8)b.c.dx
a School of Physics anc PHYSICAL REVIEW C 99’ 064307 (2019)

b Interdisciplinary The
¢ RIKEN Nishina Cente
d Department of Physi

Predictions of nuclear $-decay half-lives with machine learning
and their impact on r-process nucleosynthesis

Z. M. Niu (ZF1[)."2 H. Z. Liang ($%£J8).**" B. H. Sun (#M4A18).> W. H. Long (JE3CH#5).° and Y. E. Niu (4-—3£)%7
'School of Physics and Materials Science, Anhui University, Hefei 230601, China
2Institute of Physical Science and Information Technology, Anhui University, Hefei 230601, China
3RIKEN Nishina Center, Wako 351-0198, Japan
*Department of Physics, Graduate School of Science, The University of Tokyo, Tokyo 113-0033, Japan
3School of Physics and Nuclear Energy Engineering, Beihang University, Beijing 100191, China
School of Nuclear Science and Technology, Lanzhou University, Lanzhou 730000, China
"ELI-NP. “Horia Hulubei” National Institute for Physics and Nuclear Engineering, RO-077125, Bucharest-Magurele, Romania

Niu Zhongming BNN approach Tuesday, October 12, 2021



Outline

© Bayesian neural network approach
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Bayesian neural network approach Bayesian neural network approach

Example: toss coin

@ Example: toss a coin of unknown properties;
probability w of the coin landing heads

v' Choose some criterion, such as ¥ Express this unknown properties

maximum likelihood using a probability distribution
over possible values based on our
v’ Find the optimal estimator intuitive believes

according to this criterion, such
as the frequency of heads in past ¥ Update this distribution using

tosses the Bayes' theorem as the
A7 head outcome of each toss becomes
= o known
D w)p(w
p(w| D)= 2L1QP(®D)

p(D)

Niu Zhongming BNN approach Tuesday, October 12, 2021
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Maximum likelihood method
@ HRUARE
BT T N YGRS, BB ERRECN k, FIEHE ERMEAN w, TSR ECH
p(N.k|@)=Chat 1-a)"™

dp(N,k k
p(Nkl@) _ _ . _k
dw N
. N =10, k = 6: 025
!
v w=0.5Hi: 020 1 / :
|
p=C’0.5°1-0.5)*"=021 3 pus- / :
<
v w=0.6 EH‘ %DLIH :
|
p=C50.6°(1-0.6)" =025 | |
|
v’ others: |
pan{ —— Py -
JL&EIZEI ) U
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Bayesian neural network approach

Bayesian method

Bayesian neural network approach

@ MMHrJ5I%

e L1 @)p(®)
p(@| D) (D)
p(@) ~ Beta(e, )

Un: Beta(1,1) = Uniform(0,1)

p(D| @)= P(N. k| o)
_ Cta (1- )"

p(w|D)

p(w|D)

Beta Distribution

Beta(10,30)
Beta(1/3.1}

Beta(1,3) Beta(2,6)

Beta(20,20)

Beta(2/3.2/3) |

Beta(4,4) Betai2,1) |

|
Beta(1,1) -

0o 02

0 tirals, 0 heads

T
0.4

06 08 10

2 tirals, 2 heads

p(w|D)

0.0 02 04

w
50 tirals, 21 heads

06 08

=
é /
T T T T T T Q. T T T T T T
0.0 0.2 04 0.6 08 10 0.0 0.2 04 0.6 0.8 10
w w
10 tirals, 5 heads _ 20 tirals, 8 heads
4 S ]
3
T T T T T T Q i T T T T

04 06
w

500 tirals, 243 heads

10 00 02 08 10

A

A

p(w|D)

02 04 06 08

w

0.0

10 00 02 04
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Bayesian neural network approach Bayesian neural network approach

Bayesian and frequentist (traditional) views

@ Differences between Bayesians and frequentists Bishop2006Springer

Frequentists:
v’ Data are a repeatable random sample
- there is a frequency
v Underlying parameters remain constant during this repeatable
process
v’ Parameters are unknown but fixed

Bayesians:
v' Data are observed from the realized sample

v’ Parameters are unknown and described probabilistically
v’ Data are fixed

Niu Zhongming BNN approach Tuesday, October 12, 2021
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Bayesian neural network approach

Influence of prior

@ Differences between Bayesians and frequentists

ABBRIRIKRRE 7 0879

(MERRE, AKRMNTRE)

AP T IR X BEM 2
APBBRBEMIE.

#E, CAMEBT,
MRIME6, CRRAIE
Lo\ R, shiEE.
S,

RMIX] A8
BREZMATR?

YES. O

N ﬂ

MERRAHFER:

MM AR IRAHF 5

KN EER HIAVHT R

= FRIES01R
%gSEFﬂ”° ERB,
AABRMRKE T o )

o
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Bayesian neural network approach

Example: LDM

O

O
O0® Op® Op

Volume Surface Coulomb Asymmetry Pairing
2 _ 2 1\ _\N
B(Z,A)=a,A-a,, A" -a, Zm ~-a,, M+ap =D)" +(=1)
A A 244

» Minimize x? or maximize likelihood
ay 15.5868

: Ber’pN _Bfl,)zgf/[ 2 Tt 17.0871
X = 2%8 5 | > ac 0.7066
SIS B B H AME2012 a 23.1537
. . ) sym .
likelihood o< exp(—z* /2) CPC 36, 1603 (2012)
a, 12.2047
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Example: LDM

@ Bayes’ theorem: |p(w| D)= p(D| w)p(w)/ p(D)
423 —aCZ—Z—a (N_Z)2 _|_ap (‘DZ\‘/"%‘DN

A1/3 sym
p(@) = p(a,) =< exp| ~(a,~a,)’ /20, | a,=16, 20, 0.7, 30, 10; 6, =5, 10, 0.5, 10, 5

B(Z,A)=a A—a

surf

BV —BEN T gy
p(D|@)— p(mg, | a)e<exp(—x*/2), 1 = Z{ oxp LDM} I E A X H AME2012

Z.N>8 5m CPC 36, 1603 (2012)
1.2 ———rr———rrr 1.2 —mmm——r—————r———T—7rr
- I - a a aa a
1'0 1-0 = c P surf sym 1l
0.8 I ) ] 4 j
2 _ > 0.8 With prior ¢ |
5 = ' J =3 MeV |
-~ 0.6 S 06l , 1
g g |
2 o
s 04 S 04
0.2 0.2
0.0 S L i PN Y g moyia 0-0
0 10 20 30 40 50 60
a_ ., (MeV) a (MeV)
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Example: LDM

With prior Without prior With prior least square
(6,,=3 MeV) (4,,=3 MeV) (4,,=10 MeV) method
aV

15.5786 +0.0238 15.5785 +0.0238 15.5794 +0.0795 15.5868 +0.0244

gyt 17.0706 +0.0742 17.0705 +0.0742 17.0734 +0.2474 17.0871 +0.0758
ac 0.7054 +0.0017 0.7054 +0.0017  0.7054 +0.0055 0.7066 +0.0017
Oy 23.125 +0.0595 23.1249 +0.0595 23.1275 +0.1985 23.1537 +0.0607
a 12.1387 +0.8565 12.2029 +0.8692 11.6717 +2.4851 12.2047 +0.8853

Y

v"When the number of the data is large enough, the influence of prior
distribution is almost negligible and the deduced results are similar
to those from least square method.

v'If 0, are very large, the values of a; are still similar, while their
uncertainties would increase.
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Neural network

HRARAH

HRARA

y=1 Za)ixi_e

v

6
LD EEEX

2 ff 44 AL HET
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Neural network

X, Mz

H 1
input layer (1=2) hidden layer (H=4) output layer _
------------ y(x,w)=a+ ij tanh| ¢; + Zdﬂ.xl.

weights weights i

(d;) (by;)

sinhx e —e™

i
i
i
; tanh x = =—
; coshx e —e

. I outputs

inputs | ] v) f————————

Yo v tanh(0.5x)
(x:) i E ol ——tanh(x)
' i tanh(2x)

i g
i 0
(] [
i s
| A
i 6 3 0 3 6
1 X
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Bayesian approach in regression problem

@ Posterior distributions of parameters are  Neal1996Springer
D|w)p(w
p(a)w):p( | 0) p(@)

o< p(D|w)p(w), D ={(xl,tl), (X3585)5 oouy (xN,tN)}
p(D)
v’ prior distribution p(w):
p(w)=N(@|0,0,), p(r,=1/0,)=Gam(z, |2, 1,)

p(r, =1/0’)=Gam(7, |a,, )

0.9 T 1 T T T T T 1 T T
+ —— N(0, 0.5) ! Gam(0.1, 1) ! Gam(0.1, 10) ]
- 5 Gam(0.1,10) | 5 ——Gam( 1,10) ]
d : Gam(0.1,100) 7 ! 3
= = ]
] U‘ L
S X 0.01F
s E |
(G]

B3 f-----4--- N

L . 1E-4
-6 -3 0 3 6 0

v likelihood function p(D | w)

p(x.tl@)=exp(-x°/12), x° = Z{ -

Niu Zhongming
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Bayesian neural network approach Bayesian neural network approach

Bayesian approach in regression problem

@ Posterior distributions of parameters are  Neal1996Springer

p<w|D>=”(D;(“l’gf(”)o«p<0|w>p<w>, D={(x,1), (Tpst)s o (xyoty))

v sampling with Markov chain Monte Carlo (MCMC) method

@ Make predictions

(5,)= [ ¥, 0p(@ | D)= ¥(x,.0)

Ay, = \/<y§>—<yn )

@ BNN approach can give the joint probability distribution of all parameters,
from which we can get the correlations among parameters, so the number
of independent parameters may be much less the number of BNN

parameters.

Tuesday, October 12, 2021
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Bayesian neural network approach Bayesian neural network approach
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Markov chain
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Markov chain

@ ARG REATFRLA: WX, n=1,2,. . N —FRERKHE, &
FHELURES (n, JEE}, WE

7.20,jeE

J

<Z”j:

NUFR {m, JEE} A7 . MRIEBR S HHE
7,=D 7p;J€E

S

N {X,, n>0}R—FFaRS K, HK{r, jEE}NZIRER—
A, & ARY REEBEMRLRIRSA—E 2 Fiaas A,
FIA RN D RERIRIR > ARl Pl oA HILRE RE
HERMBRRR D AA—E R TR .




Bayesian neural networ k approac h

Markov chain
Bl WSFIRY IREERPIRS TR NE={1, 2}, HEBMREMEN

S0

A WP=p, (BPIR—FIH A e IFA R —1H, el REEA
i, Whr, r,, WErtr,=1H0<r,r<l, A

1 O
5 m)=(m =)y |
Al PR AT R AR, T HA LT 2 A

Bk AR R A R, (E TR
P, B F%%&&@Tuﬁﬁiﬁﬁo

Tuesday, October 12, 2021



Markov chain
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Bayesian neural network approach Bayesian neural network approach

Markov chain

Bl: SR REERFPIRAS 2 MNE={1, 2, 3}, BRI N
1/2 1/2 0

P={1/2 0 1/2
0 1/2 1/2
AR R R ? B, RS,
1/2 172 0\(1/2 1/2 0 (1/2 1/4 1/4

k. PP=p*={1/2 0 1/2|1/2 0 1/2|=[1/4 1/2 1/4
0 1/2 1/2)L 0 1/2 1/2) \1/4 1/4 1/2

UL B PR R K10, W B e A R, EE R YE. Wi

iﬁﬁ%ﬁitiiumﬁﬁiﬁiﬁ%ﬁiﬁﬁ7?ﬂ%ﬂifT

1 1
m—m§+@5+@0

7w, 7w, 7T.>0
v Rz AR SR T =m, =1, =

N

1
%=%—+Eﬁ+%ljﬁ
2 2 T \mtm =1

1
@=ﬂm+@5+@—

Tuesday, October 12, 2021

Niu Zhongming BNN approach



Bayesian neural network approach

Markov chain
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Bayesian neural network approach

Markov chain

F 4 RN R AR
State 1 9 3 "0.65 028 0.07]
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Bayesian neural network approach Bayesian neural network approach

Markov chain

g TE FE LE FnfAN TE k& LE
0 0.210 0.680 0.110 0 0.75 015 0.1
1 0.252 0.554 0.194 1 0.522 0.347 0.132
2 0.270 0.512 0.218 2 0.407 0.426 0.167
3 0.278 0.497 0.225 3 0.349 0.459 0.192
4 0.282 0.490 0.226 4 0.318 0.475 0.207
5 0.285 0.489 0.225 5 0.303 0.482 0.215
6 0.286 0.489 0.225 6 0.295 0.485 0.220
7 0.286 0.489 0.225 /4 0.291 0.487 0.222
8 0.289 0.488 0.225 8 0.289 0.488 0.225
9 0.286 0.489 0.225 9 0.286 0.489 0.225
10 0.286 0.489 0.225 10 0.286 0.489 0.225

RIS RIAEIRE A, B2 n B0 RES, O HRERIRE—1T B A E Hh
Iz 85 [0.286, 0.489, 0.225] IXAMEZR /A
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Bayesian neural network approach

Markov chain

0.00 0.00
1>1 N 22
065  — s /@_J“ 0.67
1392 @ P 253
0.93 TN 05 a 0.85
153 N o s 231
1.00 W, O ,ff 1.00
e . A g 0.00
@ 3>3
{ 0.52
S 32
0.52 0.88
3>1
1.00

1—(0.61)—1—(0.37)—1—(0.61)—1—(0.68)—2—(0.34)—2—(0.61)—2—
(0.88)—1—(0.97)—3—(0.66)—2—(0.55)—2—(0.87)—1—...

fhrE: 1,1,1,1,2,2,2,1,3,2,2,1, ... (1,2, 3SHILFIHER 5 71°50.2886,
0.489, 0.225 )
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Markov Chain Monte Carlo
@ L/RBLREES T RP 7% (MCMC) A AR
v 45 R FIMEER I AT p(x)
v HiE SR A RBERIFEBIEIEQ, i S /R AT RBE R A
T A1 HNp(x)
v LI BURTAR IR 5,
VAT R BRI RS, 13 E— RIUREE: {xp Xy,
X X1 )
v IS A HRAERIE WS S, HNEnD, A,
X1 -} B 7 A p (o) IR A

Tuesday, October 12, 2021



Bayesian neural network approach

Markov Chain Monte Carlo

@ NE-FRR S W R AR Pk 1) 4% 72 70 R QAN 43 A1 p ()1 AE -
p)q(i, j)=p(j)q(j,i)
W p(x) i & 5 BRI~ A, QFFE TCq(i, )R MRS B IR R,
BRI BCT 225 (detailed balance condition)
v' Metropolis-Hastings 71%: WA %R N0 S IREE, — Rt
p()q(i, j)# p(j)q(Jj,i)
RIS AR S A RGL, B BAp(x) AT R XA 5 IREE AR 0 A .
T RSO FAT, IR R a(, j)
{a(i,j) = p(q(j,0)

ST o= e Hal )= p(g(j,De(),i)
a(j,i)=p(i)q(,j) —— \ J

, Y
q'(i, j) q(J,1)
TR, WRHEMEOH S KRG I e AEBCr sk, ENS REEOHF
Fa A EL 2 p(x) o Metropolis et al., J. Chem. Phys. 21, 1087 (1953)

Hastings, Biometrika. 57, 97 (1970)
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Markov Chain Monte Carlo
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Bayesian neural network approach

Markov Chain Monte Carlo

> Metropolis-HastingsHi#£ D 2% .
v OIGRFER Al g
v G E IR BRI GG IR NX, = x,
v =0, 1,2, . R PL N R R AT Al
o NN ZIE REEIRES X =x, Kifx"~q(x|x)
« MO, 11352 At KFfu

. ﬁD%u<a(xt,x*)=min{p(x*)q(xi|x*),1}, M8z 52 ¥4,
p(x,)q(x" | x,)

Elel‘+1:x*; @)ﬂ”xﬂ%ﬁﬁﬁz, EI:[)(H_lzxt
B IR g R AR, E R E N E A IE, Hobs
HEZo XL K. o/, oK, HBET 2K R E,
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Bayesian neural network approach

Markov Chain Monte Carlo

(x.€ N(x,,0)

MO

RFE AR

x09 u> a(xmx*)

|

X, —> 30Xy, X)) — X, =
Xy U S OU(Xy,Xs)
ue U(0,1)
(x.€ N(x,,0)
xla u> a(xlax*)
X, =>4 00(x,,x,) — X, =
{x*, u < o(x,,x.)
ue U(0,1)
i Sample Rejected

; /ri%/ |
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Results and discussion

Results and discussion

Toy model

True: y=0.3+0.4x+0.5sin(2x) linput: y = f(x)
Data:y=0.3+0.4x+0.5sin(2x)+0.2xrandn 2 inputs: y = f[x, = x, x, =sin(2x)]
» Number of training data: N=61, x € [-3, 3] » Number of hidden unit:

H=20 for f(x); H=15 for f(x,, x,)
» Number of parameters: 61

N _ 2
Likelihood function: p(x, y | @) =exp(—y°/2), y° = Z ( V. — f(x, a))j
i=1 o

input layer (1=2) hidden layer (H=4) output layer

weights weights

d,,, dy,, dsy,
d,,, ... should
have the same
probability
distribution!!!

1
inputs |

(x;)

\AAAA
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Results and discussion Results and discussion

Toy model

2770 T T | E— ] 1000 —_—
240 2 e 2000i d3 - — 5000i d3
210 [ e 2000i d12 1 800 F o 5000id12 T
160 L 600
150
b L 2
120 [ 400
90
60 200
30
0 0
03 02 01 0.0 0.1 0.2 0.3 03 02 01 00 01 02 03
x: 0=Gam Discrete interval 20 x: 6=Gam Discrete interval 20
4 T T ; T v T ' T T T
Training data region
O N ) — N
v 200001k 5, AFEIASEA6 L
T—H.
P

v’ 200025 5500025 KA Fr 5 79 A1 Je Tl
SHERJLF G
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Results and discussion Results and discussion

Toy model

* Data
True
~——1 input, 6=0.2

1 input, =0.01
1 input, c=Gam

'l ' 'l 1 2 I Il A L l A L

6 4 =2 0 2 4

6

v BNN can avoid overfitting if a Gamma distribution is taken as the noise prior.

v’ Direct BNN fitting with x as the only input variable can only extrapolate
around a few steps from known region, while the overfit
the extrapolation unacceptable.

Niu Zhongming BNN approach

ting would make
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Results and discussion Results and discussion

Toy model

N *x Data
-2 True
2 inputs, c=Gam

v Including reasonable variable is very effective for the extrapolation of
neural network and the uncertainties of predictions are also reasonable.
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Introduction

Introduction

Origin of elements
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o FEMER: RPFFIRIE (r-IiE)
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Introduction Introduction

Influence of masses

o

) T
S 10 R..
3 33 .Q' FRDM1995 |
© 10 1
ﬁ ® " ]
o) -4 '
g_ 10 V \ .
t 10-5&. ‘ A' i m Y
S 100 120 140 160 180 200 220 240
o
)

Mass number A

Figure: Variance in isotopic abundance patterns from FRDM1995 mass model
predictions compared to the solar data (dots). M.R. Mumpower et al., PPNP 86, 86 (2016)

ReEiliRapEaEE 0.5 MeV 1 0.1 MeV BZRERRHEENr-BIEEERRD

feiffEdr-JETEFETEZREMSHEE 0.1 MeV
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Introduction Introduction

Nuclear mass models

* Macroscopic mass models: BW [Weizsacker1935ZP, Bethe1937RMP, Kirson2008NPA]
* Macro-microscopic mass models: FRDM, WS4 [Moller2012PRL, Wang2014PLB]
* Microscopic mass models: Skyrme HFB, RMF [Goriely2016PRC, Geng2005PTP]

FRDM mic-mac model (1992) . (2012) Target of
present
Skyrme HFB model (2002) - (2013) research
Relativistic
Bethe-Weizsacker
1935 2008) . .
= -( ) liquid drop model r-process study

L 1 1 [ l | - | 1 1 1 [ 1 1 I/ ']
5000 1000 500 100 50
accuracy (keV)

Nuclear Mass Models

Weizsacker-Skyrme

mic-mac model 2018)

2.

Desired
accuracy for
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Results and discussion Results and discussion

Numerical details

H ! Data: 2272 nuclei from AME2016
,W)=a+ ) b.tanh| c.+ ) d x
nmo=at )b (CJ 2. f’x’"j (Z, N>=8 and 6®P<=100 keV)

j=1
M. Wang et al., CPC 41 030003

/
yAM it =M sy it =M M
=M=y, +M;
A
/
A y AM it =M sy it =M M
5 >M"=y +M
P | O=[(-)"+(-D"1/2, P=v,y, /(v,+V,)

v,=min(|Z—Z,|), v, =min(| N — N, )

Niu Zhongming BNN approach Tuesday, October 12, 2021



Results and discussion Results and discussion

Rms deviations of mass and S,

—_ (A
3t EEZ'ELBNN..: = @ - » The predictions of nuclear mass and
| [FZZ] Model+BNN-14 S _
= neutron-separation energy are
2 2 = significantly improved with the BNN
) Mass S =
o == approach.
1 = B
N E : :
- = g% = » After the improvement using the
0 =\ZH=NzE=NZBENZBE N7 BNN approach with four inputs, the
(b) ] rms deviations are generally around
10 S 200 keV.
=~ n
=
e » The BNN with four inputs is more
o = .
0.5F £ — powerful than the BNN with two
= =\ —
= §§ = inputs, especially for the neutron
Y ER =
0.0 L= E§ NZE= separation energy.
RMF HFB-31 WS4 FRDM12 BW BW2

Niu Zhongming

BNN approach
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Results and discussion Results and discussion

Mass extrapolation

- -—-&- RMF i
S 1=~ 2F —o— RMF+BNN(I=2) -
© 12 —o— RMF+BNN(I=4) , & ]
2 2 b
= o - RMF 12
- Ba —o— RMF+BNN(I=2) = .
- —o— RMF+BNN(I=4) . L
40 NI B . ) S N T SR
60 70 80 90 40 45 50 55
Neutron number N Proton number Z

» The smooth deviations can be improved significantly with both BNN approaches,
while the odd-even staggering can only remarkably reduced with BNN-I4 approach.
» The BNN corrections are still reasonable if the extrapolation is not far away from
the training region.

Niu Zhongming BNN approach Tuesday, October 12, 2021



Results and discussion Results and discussion

\WERS predlctlons of RMF+BNN model

10———————————- 100 r
() M0~ 1" (Mev) (@) Mo M (MeV) —
5 80 o I 8ol _ » Smooth mass deviations
2 Lo e 2 ”
E o0} il Er 15 eof P f541 can be easily removed by
c N At 1.V | e N =1.
§ awf e B0 12 1 4@ "1 1 both BNN approaches
ol -l -R2.0-1 = T - adr b e s D ) ]
& 20 B30 & 2 & 3o .
g | g while the odd-even
100 } } : ; } : e — 100 + } } } i } et
. 80| . 80| staggering can be well
2 -] 1 .
E oo} g {5 e0f reproduced only using
c 4 3. !
§ 4 8 3018 40f BNN-I4 approach.
&« 20 : i ‘0 - a 201 -
100 T Ay kv BT , » The extrapolation of
(€) M —M"™ (MeV) L (¢) M =M™ (MeV) _ )
B 1 B 15 [T T BNN correction show
E | | E I ]
z 1512 ¥ 5151 more structure
S 40l oo 15 a0} o0 | . :
° o 05 15 | “os | information for the BNN-
“ 200 4" RMF+BNN-i2 15 {% 200 4 RMF+BNN-14 15 .
o B b o s e et |4 approach, especially
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
Neutron number Neutron number the She” effeCtS arou nd

Figure: (a) Mass differences between the experimental data in AME16 (Z,N)=(28, 82) and (50,
and the predictions of the RMF model. (b) BNN corrections. (c) Mass
differences after BNN improvement. Niu and Liang, PLB 778, 48 (2018) 126)'
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Results and discussion

FNN VS BNN
B Mass rms (MeV)
BW 3.068
Adam  RMSprop SGD
FNN-I2a (Z, N = M,y,) 39.745 33.192 41.226
FNN-A2b (Z N —[M, Mg | = 1186 2247 2812
FNN-14 (Z,N,[8, PJ> My, -Mpy) 0685 1.066 2.080
BNNH4 (Z N, &, P — M, -Mgy) 0.333

47 HN =2 VLD
2$%§:$ﬂ2 HIT A B E RSl A

ZH 1) N1694 YyEE ] DL 2B 3R T 4 N 28 T R
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Results and discussion

FNN VS BNN

O
o
I

Orms (MeV)
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© Results and discussion

*

*

* Nuclear B-decay half-lives
Q
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Introduction Introduction

Nuclear models for B-decay half-lives

Nuclear models for B-decay half-lives
* Phenomenological formula Zhang2006PRC, Zhang2007JPG, Zhou2017SCPMA
* Gross theory Takahashi1973ADNDT,1990PTP, Nakatal997NPA, Koura2017PRC

% Shell model Pinedo1999PRL, Caurier2002PRC, Langanke2003RMP, Zhi2013PRC
% Quasiparticle random phase approximation (QRPA)
Nilsson BCS+QRPA: Staudt1990ADNDT, Hirsch1993ADNDT, Nabil999ADNDT
FRDM+QRPA: Moller1997,2018ADNDT, Moller2003PRC
Woods-Saxon+QRPA:  Ni2012JPG
SHF BCS+QRPA: Sarriguren2005, 2010, 2011PRC
DF(Fayans)+CQRPA: Borzov1996ZPA, Borzov2003,2005PRC, Borzov2008NPA
ETFSI(Skyrme)+CQRPA: Borzov1997NPA, Borzov2000PRC
SHF(BCS)+(Q)RPA: Bai2010PRL, Minato2013PRL
SHFB+QRPA: Engel1999PRC, Niu2018PLB, FAM: Ney2020PRC
RHB+QRPA: Niksi¢c2005PRC, Marketin2007,2016PRC, Niu2013PRC(R)

RHFB+QRPA: Niu2013PLB
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Introduction Introduction

Nuclear models for B-decay half-lives
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Moller et a/, ADNDT 125, 1 (2019)
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Introduction Introduction

Influence of half-lives and capture rates

Solar r-process abundance

80 100 120 140 160 180 200 220 240
Mass number A

Figure: Variance in isotopic abundance patterns from FRDM1995 mass model
predictions compared to the solar data (dots). M.R. Mumpower et al., PPNP 86, 86 (2016)
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Results and discussion

Numerical details

H
v (x,0)=a +ij tanh
=1

J

( ! j Data: 1009 nuclei in NUBASE2016 (Z,
C. ;
J

N>=8 and B-decay fraction=100%)
G. Audi et al., CPC 41, 030001 (2017)

Z v, +1og(T,") :1og(T,) < y, log(T,™ /' T,")
\ = log(T,") = y, +log(T,")

z

N v, +log(T,") :log(T;™) < y, :log(T,™" / T,")
5 = log(T,") = y, +1og(T,")

Qg O=[(-1)" +(-D)"]/2
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Theoretical framework Nuclear B-decay half-lives

Nuclear B-decay half-lives

@ The nuclear B-decay half-life in allowed GT approximation reads as follows:

In2 D Z, N
T1/2 = =

Ay 92 Ber(En)H(Z,AE,)
—T,, =alf(Z,AE,=Q, —c(5-1)/JA)
7 3
where D = %= 6163.4 s, g, =1, B4, (E,,) is the transition
probability, and E, is the maximum value of B-decay energy. Z+1, N-1

The phase volume is

1 m 2
f(Z,A,Em):—5 peEe(Em—Ee) F(Z,A,Em)dEe,
m_ “Me
100 ~EAAREER) | LA REE | BARAAREAE | LEZLREBALE] | LA AR BE) | E&AELEREE | LR b B | LR AL n!"': 100 NN E RN RN RN LA AR LA AR LARRR R
: Theo ;-Ex Tl 3 60 +Ex o
log, (T, IT,;) i 3 log,,(T},/T57) plha
80 F 80 F :
N N 3
2 60F 2 60f
g s £ =
c 3 g E
§ 40F S 40
5 f 5
“ 20F a 20F
0 b 0 : ;
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
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Results and discussion Results and discussion

Half-lives of BNN approaches

10 e B B R B B
WS4+BNN-14 @ The WS4+BNN-14 approach
usually better reproduce the half-
10’ : : :
o . lives of short-lived nuclei.
mt:
= 107 @ The WS+BNN-14 approach gives
the best results, which can
e describe nuclear half-lives around
10° 10" 10° 10° 10° 1002=1.6 times of experimental
TSP (s) o :
112 data for nuclei with half-lives
T,,<10%s | T, <103 T,,,<1
| T<05s | Ty<10°s | Tyt s [N
WS4+a/f 0.8060 0.6302 0.5631
WS4+BNN-12 0.4766 0.3542 0.2383
WS4+BNN-14  0.3999 0.3146 0.2036 . X e\
Z[logm (Tlszp /Tl/Tzh )}
FRDM+QRPA  0.8190  0.5969 03906 ¢ ={|-
n

RHB+QRPA 1.8844 1.6196 0.4631
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Results and discussion Results and discussion

Half-lives with BNN approaches

10° Prr—r——Tr— T
‘A —o—Exp
............ aff(Z,A,Em)

BNN-I12

10"

nnnnnn

......

10-5.|....|....|....|....|.
40 45 20 95 60

Neutron number N

@ T,,,=a/f(Qg, Z, N) generally overestimates the odd-even staggering in half-lives.
@ BNN-I2 approach cannot easily remove odd-even staggering in half-lives, while BNN-

14 approach well reproduce the experimental data. 7. M. Niu et al., PRC 99, 064307 (2019)
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Results and discussion Results and discussion

Predictions of nuclear half-lives

T - ——Exp

B ONTTY e HFB-31+GT2

; RN e RHB+QRPA

, ‘ ----=- FRDM+QRPA
» 10 R ---—- ETFSI+CQRPA
o —— DF3+CQRPA

+

10

N=82
3 r~-path nuclei

10-3|.|.|.|.|.|.
52 50 48 46 44 42 40

Proton number Z

@ The results of WS4+BNN-14 approach are in good agreement with the experimental data,
even completely agree with the experimental data within uncertainties for short-lived nuclei.
@ When extrapolate from known region, the results of other models generally agree with

WS4+BNN-I4 predictions within uncertainties. Z. M. Niu et al., PRC 99, 064307 (2019)
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Results and discussion Results and discussion

T .. 0 00 e
- Capability of Producing Nuclides

Nuclides Available (Production Yield) at HIAF

One of the world's most powerful facilities to explore the nuclear chart

10'®

10™
: : — — i
= 8Ni: ~0.5/s : 1012
=
Sl 100Sy: ~0.3/s B
S =y 10
A 132Sn: ~109/s i - 10
x e 126 "
s 8
5 . 10
2 10°
28
20 g Boundary of Known Masses 10*
e 20 28 10?2
8 Neutron Number
»
From Xiaohong Zhou’s slide 1

Prolific sources of nuclides far away from the stability line will be provided using projectile
fragmentation, in-flight fission, multi-nucleon transfer, and fusion reactions. The limits shown are
the production rate of one nuclide per day, which enable the “discovery experiments”
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Results and discussion Results and discussion

Predictions of nuclear half-lives

r-path nuclei
10°
O
I—:
10” g
N=126
10-4.1....1....1....|....
80 75 70 65 60

Proton number Z

@ If we can further measure three more B-decay half-lives for each isotopes
v’ uncertainties of BNN predictions are similar in the training region
v’ they will be decreased about 3 times when extrapolate to the region far

from known region. Z. M. Niu et al., PRC 99, 064307 (2019)
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Results and discussion Results and discussion

Predictions of r-process abundances

Solar r-process abundance

100 120 140 160 180 200
Mass number A

@ Uncertainties from B-decay half-lives lead to large uncertainties for the r-process
abundances of elements with A>~140, which can be remarkably reduced if we can

further measure three more B-decay half-lives. Z. M. Niu et al., PRC 99, 064307 (2019)
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Outline

O Results and discussion
*
*
*
* Some preliminary results
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Results and discussion Results and discussion

BMM predictions

0.084 0.078 0.105 0.083 0.111 0.096 0.099

HFB31 0.559 0.451 0.456 0.489 0.496 0.566 0.557
FRDM12 0.576 0.340 0.442 0.341 0.420 0.411 0.450
WS4 0.285 0.254 0.261 0.261 %D 300 0.324 0.327

* The first nuclear mass model
with accuracy smaller than 100 keV
is constructed.

% Its accuracies to S, and Q, are at

Proton number

least about 3 times higher than
other mass models.

0 40 80 120 160 200 240

Neufroninumber * The shell structure in the known
Fig: E,.. of BMM with the training data from AME16. region is well reproduced.
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Results and discussion Results and discussion

Giant dipole resonance

Input layer Hidden layers Output layers J. H. Bai et al., PLB 815, 136147 (2021)
| | . b Opitimizer(E)
> 250
I ‘ °
1 = 200
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Magnetic moments and excitation energies
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@ Summary and perspectives
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Summary and Perspectives

@ H4h: RAIBNNJTAWI I IR T2 i MR AL T fim . K
* BNNJJVAR e m 1571 o AN B2 AR 75 i O B 1%
* ALE TS W TR AT ST AT B TR e R B
MNE: PiE: oMp; EEH: sMQ,
M= SeEe-3i

@ JiH.
* R As 52 ST N HARAZ 1
ko BTt IE A AR ) T A 2 X 4 2
* FE T 2 MV E IR T ML 5 > 1k Re
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