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Abstract

This research is based on three representative theoretical models: the Relativistic Continuum Har-
tree-Bogoliubov (RCHB) theory, Relativistic Mean Field (RMF) theory, and Skyrme-Hartree-Fock-
Bogoliubov (SHFB) model. First, the Artificial Neural Network (ANN) method was introduced to cal-
culate theoretical predictions of single-nucleon separation energies for these three models. Subse-
quently, the neural network was employed to optimize and train the theoretical values of single-
nucleon separation energies, reducing the root mean square deviation (RMSD) between theoretical
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predictions and experimental values. Two partitioning optimization schemes were then implemented:
proton magic number partitioning and neutron magic number partitioning. The partitioned opti-
mization training further reduced RMSD values. The partitioned training of single-nucleon separa-
tion energies demonstrated better performance than direct global training, particularly in signifi-
cantly reducing RMSD in the light nuclei region. Specifically, neutron magic number partitioning
showed superior effectiveness for optimizing single-neutron separation energies, while proton
magic number partitioning yielded better results for single-proton separation energies.
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1. 5|18

JR PR SRR AIR EE N EAYEE L —. REWETE T BRERE RS F RN
K, S EREIRE BEAE— @R bk TR RS RS . H T, SEIRECANE T 2500 2 ML R[], HILH
IRZZR MR TUE RENNT . 70 B Re T E X T 7 TR R 2B o0 B 2, % T B Re T LA
BRHIW R F AR FR5E R4 S et n] DE R 2 AE M B, XHBT KM
HEEZN AR E BOLE 2] [3]. EREMEEMFE Y L, HEpet A HE R L[4].

43 B RE R TN AT DUE A% B A AT o BRI B A BRI i R R B S PE T R AR AL,
RS OS2 I8 5 s X AMZ R RS E . 4 B REMI5 5 #R 1% % (Root-Mean-Square Deviation,
RMSD)M BW Hi% ] 3 MeV [5]3] WS #7300 KeV [6], 1B E AERRTF 5% 4540 . DU TR i B
AR g BR80T A 20 D 2 W DAS SRR ABEARY (R B gk — P At i . PR 2% TV AR 20 tH4D 40 AEAXR
PR, BRAMKM S MRS SRR, AT LN 2 R A 2% ]

FREE R 288 T VEAE R 3 2 A AT VT 22 BCDD B 5 48] 2 DL i B 4 22 (X 2% (Bayesian Neural Network, BNN)
TRIAZ R B[ 7] p A FFM[8], N LML % (Artificial Neural Network, ANN) T fi 17 24 42£[9], BP it
I 4% (Back Propagation Neural Network, BPNN)#F 7% R AR UK HE[10], Fi5##H 24 % 2% (Feedforward Neural
Network, FNN)TIl| o FEAF 52 B[ 11155 . 7650 B RET7 [ LU 2 e A% i ek g A he, 5 LAl 92k
Bl 2> B RE[12]. BN B BERE A VI 2R i i 22 B A B0, 48 0 0 R AR T & 51 B fe iy, R
] EHIEAZ R NS G RE I TS 45 5 -

TEARSCH N T AL T 0 B R 7 = AN ER B X IESLE Hartree-Bogoliubov (Relativistic con-
tinuum Hartree-Bogoliubov, RCHB)¥18[13] [14], %1 F 1437 (Relativistic Mean Field, RMF)H [ 15][16],
Skyrme-Hartree-Fock-Bogoliubov (SHFB)BL Y[ 1], {1 T N TAHE ML iR Zrtbi B, i — 20 5 mont i
T4 B RE T RE 7)o £EASSCR SR 5 IR 1 FH I N AR N 8 77 1, BARIE U 2385080 43 X 7 1
FEER =8 T 5% 120 2 Be B35 7 R 22 76 B RPAS 6] 2 X IR0 S5 () 45

2. FFiEiEt
N TR 2 B R B R R B —, TR B0, Behs Rl S ik
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T RO AT 8 I BAE OC &R, 8T 2] K B R I S R P I RCE AR L, AT SR R
HA R A G B IZ AR JI[17] [18] N T AL ML 2 — N HNE . B2 M 2 4R £ )2
LML BNERTTHRVONTRANG S, 2 ZRBZE a2 T RN Z M HE 2 6, 2R
AR . B 22 M 2K RO AR T SRA BB e B, 1 AU BRI R AR 4 R R
y=f2|:¢’2f1(¢’1x+b1)+b2] M
x REINIIEEE, v REHERSEER, £ RRRE M Z0EE R, o M, £ E M
HZBLE, by F by RFEEUZ A4 = BME . LS, (Sl mfei%, oadmNE, #
FIRGEHZ, B B R REN R AR, sl it R, FEANRRE, BEEMAE. AN THEMN
25 LA A 22, ST H SR E bR < TR PR R 22 R )
FEARNT A2 M g, SEEL 0T A BUN ReLU (Rectified Linear Unit)p& %, 2% > id Fid it FELER
T B (Stochastic Gradient Descent, SGD) I /7 VL B /IMEAR R iR H . 2 M Z8 BA 2 MEGR)ZE, BAKGRIZE
20 MG, TR 4 MEIEEZ, N, |Z — Zo|, IN — NoDIERFINERTG, o Z F0 N 5350 4 8 R 1 T4
FAFFH. Zy (8,20, 50, 82, 126)F1 Ny (8, 20, 50, 82, 126)/&Jii FFH FHIZIEL, 24 Z 8 N AT HALI$ 2
[, B PN Z — Zo| 1IN — NolfE 5 3 FH SR /N
3 R B S0 AR 4 [ Br R TR SR A5 (AME, Atomic Mass Evaluation) 2020 SE3(¥E R 45 & R615
H[19]. £ AME2020 31 JE -1 A% Hdh vk BUS A% 5180w 2 Z> 8 I3ds,  DAX SR 45 & 5e(B)
Eemlh, AR4E T
S,(N,Z)=B(N,Z)-B(N-1Z2) ()
S,(N,Z)=B(N,Z)-B(N,Z-1) (3)

I AT B AR B RE(S,), BT B RE(S,)ME v SE B s . I FRER 7 U RCHBL RMF
H1 SHFB 7 (1) A% 73 B REAE N BEAR TOAE o 87 PN A28 0 2% 1| SR BRI TNE 5 Sl i) 2548, 2R
Je K VI 2 I 1) 22 A5 A5 28 F T DA 75 380 B 28 (9 SR 7 1% 03 B e T A

FAZ T B RETE LB ML 2 B0 Mk, DR G TE R 22 I 4 R R s 3 n T iR o X257 20,
MR T8 X (8 < Z<20,20<Z<50,50<Z<82, Z>82), T TLIHHX((B<N<20,20<N<50,50<
N<82,82<N<126,N>126). f)a sk F LAy & A i 00 E A1 525648 2 (8] (135 77 Hidfi 22 (Root-Mean-Square
Deviation, RMSD)E A H| W bR vk o

3. ZR51TR
3.1. BERFHERE

Su BRI RMSD 414 1 fian, 20 BIAJRIGH RMSD, A7 X4 /4% B A% I 45 )5 1) RMSD, Z )%
3 IX NGRS 1 RMSD Fll N £ X 455 1 RMSD. M 1 FF [ LA H S, ) RMSD 7EAN 53 X H 311 45
MGG B R 4 RMSD B#IK T 2.94%~33.30%. Z ZJ%05r XU Sa ) RMSD LEAN 7 X HE: I 2511
RMSD F&A% T 10.15%~37.52% LLJFE 4511 RMSD B#AK T 12.79%~58.32% . N Z150 53 IX I 25 5 1) Sa (1) RMSD
EEAS 3 X B2 251 RMSD F#1K T 13.61%~37.69%, LIR G RMSD 44K T 16.14%~58.44%.

Lo 1 22 O 28 3)1| 5 i RE 0% PR RS S,y JR UG ) RMISD o BB SR S 42 4080023 X 43 39038 5 28 X 28 )11
53X 543 3] RMSD e LA X B A4, A AR N 5 B LA R S A4, 5314 X5 %44 RMSD, 41~
XPR:

Zf:lo-i *ni

o=t 1 @)
n

DOI: 10.12677/app.2025.154031 280 I EEY/BEH


https://doi.org/10.12677/app.2025.154031

FKERAT

o NEAKK RMSD, o, & i D53 X I RMSD, n, AHE i N XN, n NEBERERSAE, kA
DA TR NS,

L X INZRSS, Sa i) RMSD #Et— B RAC T . AR 1 WEEEH, N L8 KIPERY S, kit
4.

Table 1. RMSD (keV) of Sn for RCHB, RMF, and SHFB models: original RMSD, trained RMSD without partitioning, trained
RMSD with Z magic number partitioning, and trained RMSD with N magic number partitioning

% 1.RCHB. RMF #0 SHFB #&8UK) S, 89 RMSD (keV), 1AIARIEH RMSD, A5 XERINZEH RMSD, Z L%
S XINZERI RMSD #1 N 41815 X INZkEHI RMSD

A J5i4g AorIX Z K Hr X N X)X
RCHB 871 581 363 362
RMF 645 556 472 446
HFB 477 463 416 400

BARFRZE P 25 3 XN ZR 5 ) Sa B9 RMSD S5 5R 405 2 155 3 PR, 46 2 N Z L)y IXIEE R, &3 8
N ZJHOF XHIGE R e 2 AN 3 sl LIRS Sa 9 RMSD E VI 2Rl o #R fE AL X AR fERZIX,
AL DN R 77 125 RE BE R IR P B Ik RMSD, - 46 K 22 Bl 1t 50%.
Table 2. RMSD (keV) of Sx in the Z magic number region: original RMSD (o1) and trained RMSD (o1’) for RCHB; original
RMSD (o2) and trained RMSD (o2”) for RMF; original RMSD (o3) and trained RMSD (o3°) for SHFB

5% 2. Z L1857 X0 Sa B9 RMSD (keV), 4357 RCHB [R5 RMSD (o)FINZREHI RMSD (017), RMF JR15H) RMSD
(o2)FNINZRIEHI RMSD (02”), SHFB JRIEHY RMSD (o3)FIIZREHI RMSD (03°)

731X 1 or o2 02’ o3 03
8§<7<20 1239 467 1011 594 952 649
20<72<50 832 388 763 594 529 507
50<72<82 883 358 526 380 312 299
Z>82 703 267 437 341 382 331

Table 3. RMSD (keV) of Sn in the N magic number region: original RMSD (1) and trained RMSD (o1”) for RCHB; original
RMSD (o2) and trained RMSD (02”) for RMF; original RMSD (03) and trained RMSD (03°) for SHFB

= 3.N LIH 2 XHY Sa B9 RMSD (keV), 43779 RCHB [RI5E RMSD (on)FIZ/EH) RMSD (1), RMF [R#5#9 RMSD
(o)A NZEHI RMSD (02°), SHFB JRI8HI RMSD (03)F Y112/ 8 RMSD(03”)

731X o1 o’ 02 o2’ o3 03’
8§<N<20 1375 239 1086 431 1035 421
20<N<50 925 490 844 636 667 626
50<N<82 742 296 610 391 349 300
82<N<126 877 354 501 377 329 309
N>126 741 304 477 358 374 333

3.2. BRTHEEE

Sp BRI RMSD 14 4 Fiian, 40 BIAJRIGH RMSD, A4 X4 /48 B A% 45 )5 1) RMSD,  Z )%
X INZEJE ) RMSD Al N £330 XI55 i RMSD. & 4 Haf LI S, 9 RMSD 7E A7) [X B4 25
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(TG HL T LR 4 RMSD FEIK T 7.27%~39.27%. Z Z1EU0 X IR S, 11 RMSD HLA 43 X EH2I1 45 1)
RMSD F&{I& T 15.76%~35.46%, LLJFE 45 1) RMSD B#AK T 31.53%~59.73% N 1505 IX 1255 1) S, (1) RMSD
EEAS > X BRI 251 RMSD F&{% T 18.03%~30.42%, ELJRIEHT RMSD [&MK T 24.28%~57.74%.

23 12 28I 5 5 RE S BRI AR S, SRR 1K) RMSD. lid/r X k), k@), ToX AN e N
4, F3F|BAKH RMSD, S, #J RMSD Bt — B IRMIC 1. A& 4 thEER 1, Z 20500 KBRS, kit
it

Table 4. RMSD (keV) of S» for RCHB, RMF, and SHFB models: original RMSD, trained RMSD without partitioning, trained
RMSD with Z magic number partitioning, and trained RMSD with N magic number partitioning

%< 4.RCHB. RMF F1 SHFB #&8K] S, Y RMSD (keV), 73 HIAEIEA RMSD, Ao XEZENZER RMSD, Z 4%
SN EHI RMSD #1 N L3495 Xl FEH RMSD

B JR 46 Ao Z L%y X N Z)JHoy X
RCHB 904 549 364 382
RMF 812 660 556 541
HFB 523 485 313 396

BRI XGRS, B RMSD 1% 5 flEE 6 AR, % 5 N Z X XHIER, £S5 AN
LI X R . e 5 Fik 6 ol LA H, S, 11 RMSD Al S, [FIFETE I ZRHT )5 52 7 HAZ X AR, (B1E
BRXINZRRIBORELF, KHB5r RMSD 1R 50%.

Table 5. RMSD (keV) of Sy in the Z magic number region: original RMSD (o1) and trained RMSD (o1’) for RCHB; original
RMSD (o2) and trained RMSD (02”) for RMF; original RMSD (03) and trained RMSD (03°) for SHFB

5% 5.7 L1849 XH9 S, B9 RMSD (keV), 435 RCHB [R5 RMSD (o) FIIZREHI RMSD (01°), RMF [R5 RMSD
(o2)FIINZREHY RMSD (02°), SHFB [RIAH) RMSD (03)F1IIZREHY RMSD (03”)

73X a1 or o2 02’ o3 03
8§<7Z<20 1307 320 1122 329 1047 432
20<Z <50 770 433 844 693 610 308
50<7<82 1016 352 686 518 342 285
7=>382 623 265 867 432 377 326

Table 6. RMSD (keV) of Sp in the N magic number region: original RMSD (1) and trained RMSD (o1”) for RCHB; original
RMSD (02) and trained RMSD (o2”) for RMF; original RMSD (o3) and trained RMSD (o3°) for SHFB

6. N LJH 7 XHY S, B9 RMSD (keV), 53579 RCHB [RIGH) RMSD (o) F1IIZK/EH) RMSD (01°), RMF JRIEH] RMSD
(o) FNINLRIEHI RMSD (02°), SHFB JRIEHI RMSD (03)FAIZEH) RMSD (03")

X o1 o ) o2’ 03 a3’
§<N<20 1384 451 1100 255 1173 323
20<N<50 961 534 875 685 734 615
S0<N<82 754 297 795 608 378 316
82<N<126 955 401 746 483 338 305
N>126 690 300 787 292 389 339

4. B4
AN T AR W% 77135 RCHB. RMF A1 HFB BZE5E4T T U400k H 40 B A%, S BUHIE(H(Z,
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N,|Z—Zy|,|IN—No|), TAtJG SaF1 S, ] RMSD #£3 3] 7 3%, I H RMSD 7 Z fl N L1405 X tith J5 75 2
THE— B, =AY S, [ RMSD 7E M4 M 48 5y XA AL JG BB T 250 keV A4, S, ) RMSD
FHIFRIK T 350 keV 4T A IXUIZRIE,E R BRI GR0 45 T 4F,  BEA RN FHTE 4 B RE R T |

W KJHP X, REAR DAL T 70 B RERT RMSD B8 Z A1 N BOIEINT BEAR, 70 DU Zhth g S 25 AR A

K  (R E24% X ) RMSD. 24K I S, 1 RMSD #7E N 41505 X _E8cUf, 1 S, i RMSD MIZE Z Z1%05 X
.
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