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Abstract

This paper employs the Bayesian neural network method to optimize multiple nuclear mass models,
including the macroscopic model LDM, the macroscopic-microscopic model FRDM12, and the mi-
croscopic model RMF, etc. Based on the AME2020 nuclear mass data table, the BNN method effec-
tively reduces the root mean square error between experimental values and theoretical predictions,
especially in the LDM and RMF models, where the root mean square error is reduced by 80%. By
testing the single-neutron separation energies of light, medium, and heavy nuclei, the results show
that the single-neutron separation energies of the BNN-optimized nuclear mass models can better
approach the experimental data and reproduce the odd-even staggering phenomenon.
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W B B G e R SR AL SR A R o SRS I B R A R A AR, R AR R R AR SR N
[1] [2JFTEAR[3] [4]55 R G AFAE, DRI B 1A 00 B (RS A S AE AR B A e rh B G L 2. H TR
H 2500 Z RN E DA ES], (AE M U E IR T ERS A A E, KItEZEED
PR T X S R IR &

FL A A 5 AR R AR A 7Y (Liquid Drop Model, LDM) [6], ‘B & ik IR 1 4% 45 4 RE 1Y 48 3L 5 W A
B FORAEJE A% 2 T b EE RS A A R AR R B . W - O A B AN O T A A
M - O AR 40 Duflo-Zuker (DZ)FEAL[7] [8], F BRYE B #5%Y Finite-Range-Droplet Model
(FRDM12) [9]F1 Weizsicker-Skyrme (WS)Jii SR [10]-[13]. AT EAL AL 41 Hartree-Fock-Bogoliubov
(HFB)#E %[ 14]-[16]LA & Relativistic Mean-Field (RMF)R#[17],

XoF JER A% Joi R P TR 52 0 R A KB (B FE R, (RN T R AR X A 3% 10 o B SR AT A gk —
B E . BEE T EALE R SRR B, ML ) (Machine Learning, ML) TEAZ 4 FE ATk ) 3 FH 32
BN, AR5 SRR T & R R A B IRAME GBI AR AR AN JE o PR I Z R ML AR 2 2 P i —
ANEETTIEL, WL > AR TN AZ T 55 FH (4 20 X 28 5 181 G 8 1 255 ek B [ 18] DL P i ot 8 ) 4% (Bayesian
Neural Network, BNN) [19]#1 Levenberg-Marquardt (LM) #4528 45 ,

AR SCASE FH DL S 2 0 45 D7 VRN A% ot B AT DA OR S e A P B T 5 RS R . BB a0 4 D
Wi 2 2 (BRI A1, 28 =300 35T AME2020 27 & 505 3 [ 20156 A% i A AL AT Ak, JLU06 BNN
TrEARAL JE B rp Ay B REHEAT TR, ISR A4S

2. AMHhE R E

DU S 22 o] 4% 1) JEAE R 2 FE MR 2 T VA NN B 22 I S5 R ey, IR Lk I 2% e i s I 45 2R, 15
BT EE REATE M. W 2 & LSRN SHOE DR, 8 AW > 3 DU RN
LS BRI A, B2 TN 45 R AOME R 0 AT o DL S 28 o 4% 2 T DL 87 18 B IS 7Y 2400
JER I, BB A EZREERE D={(x,.y, )} » Hobx, REASEE, y, . BRI H
R NG 52 FO LR D I AR S 8 0 H R 30 o0 Al AR DU e 3E, 550004 p(6|D) TR A

=)

p(Pl0)p(9)
0|D)=———"7-"—"""> 1
p(é|D) B ()
AICE Xy, WL RSB E M, SERAE M, Z A5 %
yn:Mexp(Zn’Nn)_Mth(Zn’Nn) (2)

A 151 75 HR % % (Root Mean Square Error, RMSEWE N %, € XN
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RMSE = |3 (v, - 3,) ®

XH y R NIRRT R, §, AR T PR
AR IR 2 P 8RR 19108

f(x,.0)= a+Zb tanh[c +Zdﬂ ’j 4)
Jj=1
AH o= {a b,.c,.d, }i‘%ﬁﬁéﬁélﬂﬁ%ﬁ‘]%’%ﬁ, H N E T, | NS E. B8 f(x,.0) SIS E

MLt ZHAE G K. x BEUNMINSE, B x=(Z,N,6,P), Z N Z3H5THMH T4, 5
P 7 SR T R R RS AN TE RN o

3. {EBIIZk
BNN {i4L#9 LDM =&
DL LDM #5495 58 BNN J7 26 B A I ARA R, ASOTHR R F A% 45 6 5E LDM A [2114
ELDM(Z,A)=aU(1+tf; (. +1)]A+a (1+— (T.+1) ]A“
e e (6)
A”3 +f —+E
Hha,,k,.a..k a,, [, SIS, Z, 4T 53598074 BUREEUL RIAIE =7 &
d dp d"p
N—]’;}‘F 7 1/3 , Zﬂ]ijtI#(
E,=1d,[Z", ZREHL NI %L, ()
d,/N", ZAEEL NAFHL,
0, ZFINA AL

Aid,.d,d, ATESH, BESEMEHRRES DN e, =-15.628 , k, =-1.860, a =17.881,
k,=-2292, a,=0711, f,=-1.120, d,=4873, d,=5.102, d,, =-7.188 . W&J5MLE R TR
RZEHN 2.543MeV.

A ST G5 DU B 2 I 245 1 Ji 1% R B 54 I T AMIE2020, BT A N > 8 il Z > 8 ) 2457 /MJ&
TH%, B 2457 AR AL BT R SEBENL Y R 90% A 11 2% S LR 10% B 1 A 3SR .

SRR 5 TIE Z A 45 & Ref 22 an 1] 1 fios, THEARAE SR 1 rhénth . BITh T DL A %) LDM KX
RIAEXUH e AL SR 96 5 TINME A BORRIMW 22, T BNN J7ik )5, LDM AR REAA R 507 R R 72 A
2.543 MeV [#3] 7 0.458 MeV, FKH] BNN J5 % #0578 FUl 2 18] 5% 2 8 70 ROEFR 1T LDM AR 7 15
SEEREN P AERIR ZE

FEZRHH BNN J52: 10 25 RO 100 6 DL i 22 I 445 )80 1 IR AOW o A5 28 FRDMLL2, AOW I
BRI RMF. SRR TN AR B 277 iR 72 S5 A ) BNN D7 i IR 22 2 TR0 B g SR sk 1 i
No

1 JE/RT BNN J5 i 5O A 4% o o s A 2R K O IR ASE A 1) 2 o ARG AIE B r (A o s AEDGS T 5256
BRI RAR %z . S5 R BR = M ES R B T RR Z R AT 2] 1 BRAR, JUHR R A A 22 S FE 1 1Y
TitiRZE I 2.552 MeV [#£2 0.352MeV, Y77 IRRZE N T 80%, RMF B2 STER I TR IR 22 M\ 2.109
MeV [%25 0.388 MeV, ¥Rz HIRIFERD T 80%. TEIGIFSE I3 77l iR 2 R IR BAr, EW T
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(1% I 56 B0 ARS8 2L MR 2 T 1) o 8 7 S DA BNIN 7 ¥k 50 174 J o T -2 10 FF) s 7 o M <] 2(2) T BABA
B AR X R ] X3 SR U Mo 5 PR 2 MAF AR BOR ZE S, AL 2(0)F 2] LDM R 3R 22 7 A1
22 BNN JHEAL G 15 2] 3, R W] BNN VAR AiAL 1 Seie$dls 5 LDM R T 2 8] ) 5T &4 25

10 = DM 4
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Figure 1. Difference between the calculated and the experimental binding energies
1. BRESRSIRESRNRE

Table 1. Correction results of BNN for different models
%< 1. BNN A A ERE S IE AR

it LDM FRDM 12 RMF

Oy (MeV) 2.552 0.607 2.109

)4 Opos (MeV) 0.352 0.289 0.388
Ac/a,, 0.862 0.523 0.816

Oy (MeV) 2.389 0.589 2.011

I UEEE Oy (MeV) 0.494 0.393 0.547
Acfo,, 0.793 0.333 0.728

ARy IR B R EATIIN, THE TR TR 2= 166,280 1 [F AL R BERL T
SyEfRE. MR TN BNN 74840 J5 9 FRDM12. LDM LL A RMF K570 (g 4% o B i 1 5 L e
%R B A B R, SRS S AME2020 H0E R i SIS T LU . g5 R lE 3 fos . KL
ZE R E AME2020 34 2% 0 s2ie Bmidt 47 e, R IUE A BNN J5 ikt f5 1) RMF A7 42 5 & 1) F
W0 B R AR A X IR IR, T AE A% S SR XA AR 0 5 AME2020 SESE w22, (H S EE
b HAEEIT AME2020 $04E 3R 152568, BNN 7772208k 5 ) FRDM 12 LDM A58 (A% 5 & (1) B 14
BIRES AME2020 #0422 1) 5250 f (1728 A i 34 G B G, 1 HL A b 43 B Re I AR AC R At 15
7 HI. BNN FiEA R4 7 FRDM12. LDM LA K RMF #E8 fA% i s £d, F BW A s k% i &
THEH RS2 B Rt S5 AME2020 045 3= Hh i SEBE A 1A 1 HE &, 300E T BNN 735 T A% ot == 1)
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Figure 2. Panels (a) represent the mass differences between the experimental values and the predictions of the LDM model
for the entire dataset. Panels (b) show the mass differences between the experimental values improved using the BNN method
and the predictions of the LDM model
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Figure 3. The single-neutron separation energies (Sn) of Z = 166,280
[ 3.2 =166,280 BB hF 5y EERE

AR DS 22 0 45 77 1R R T AME2020 #% 5 S E i 200 7 a2 A LDM, 200 - ol
BRI FRDM12, fOUiEAS RMF 45, 45 J R 8] BNN J5ikA Rkl 7 e ie (-5 2 18 TONME 2 18] 138 J7 i iR
ZE o ARICEXT BNN B )E iz R &5 . . SEAZ RS 4y B Aeidk AT TR, BL Z= 166,280
(R A% N, R BNN Ji4LJ5 ) FRDM12. LDM Al RMF B8 (4% i 5 5 AME2020 $5¥E % (152
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