HLA% 2 ST ISR IR AR 43 B0 RIB LR A SR EAR R "
k& el R A ENIT
VUK, SR 50 7B Fo i, S 610065
A ) SR IR S EARE N AR P 2 | S5 8 R B RORL T B2 (R R
BRERE, HXHMEGH S AR 5 (Configuration Interaction, CI)ZE ks & it
T v T RS 10 2EL 285 2 TR R 1 R o A S i S N 9 28 9 S R 1 ZEL S AH LA
J59% (Variational Monte Carlo configuration-interaction, VMCCID) HEZEI, 5| AHL
#8223] (Machine Learning, ML) fi# ¥k VMCCI J7 218 FH 52 45 1% RAEBUER BAR K
7@, JFK T ML-VMCCI J7VEHESR o ARSI MINAAS [FIHL s 27 > B3 5 5500
FIN, F I ZE R 2% (Artificial Neural Network, ANN). 35 FHU# 2 % 2% (Convolutional
Neural Network, CNN). FEFL##L (Random Forest, RF) iX =AML 28 2% S A1 47 1
JIMEE VMCCI J5i. [FIRF, # ML ZEARRE R v 4 FALAR] H oo 4285 B S 1
ZorR, BN R S EEMHF A G, AT SRS SRR SRS R R e E
SHAHIRFERR . AR MR SR, MR AR IE SIS . E—07E
Ge-like N&**" & F UK S TFE R0 E EISUE TN E TR IR TR ES B
BRI AR . 45 FREKH ML-VMCCI AR REF S S B S R ERE R
ARG ATIR T, B | H AT USSR, St 1 B A SR RCER,
RMEFRAG T VS B URTH A, JilE K2 I b B R T 25 M S 0T SR A 1 T 47 1Y
T %

S AR T, R L A, SRR, B

CE K HAARL RS HE S 12474253) % Bh AR
" {5 /E# . E-mail: gjiang@scu.edu.cn
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PACS: 31.15.am

1 55

HE B 10 51 45 K 2 ORI G AT SO0 T DR A B o 1 e 0 55 7k 2
H R REEE 2 T A BORE - B R 5 2 v 1 SRR B UE 2 00 S, AR UK A&
435 W 2 MR T R TR FEE P SR T b IR RS A B o OB A DA S B 0 R 4R
)55 A R A AR OO, BRAROR AN AR B 5 B A SCHE A b R RE 5 R )
FRIL G, AT o AT D P 3 2 1 B

R IEOR SIS SR, T3 BRI = kG BE (W a5 i 15 . H Al e e
MR TR G5 ARG AL T R RIES 1 I MR, AR FR AT RRIE
g DAl BG4 45 4 5 B0 o AR TR B (D R A5 T 5 W S 300 B 1 5 B TR e
TERFFHZ s B2 18T B 7 1 2R ROR . IAT 5 Ve R 3 I R )
KHEMS, H 2543 7715 (Meller-Plesset perturbation theory, MBPT) 7E b #
15 PR S B HL T ORI 2R G0 I DAY A ok 52 4% 1 Hl T ORI RO, R R
(Coupled cluste, CC) J5 %1 CI Jr ZAE v SBUR S IR 2 W85 R G IS
KRR SE N (e CC JiE A~ OV, A AHEAEH (Full Configuration
Interaction FCI) J7¥Z AN~ O(exp(N)) ) U2181, HEFEST T Z TR BOKSS, 1EMf
H CL 7 i3 AT KSR 1T B Bl 75 414598 iR #%. (Configuration State Function, CSF)
MBH AR S 107 LE. BFFEEATHAT FE@IE CL VR E A1 BTk
RN, 4585 T CT U7 P (R e B U B R A 1) B B MR A i, A A37E

FIHESER REVE I A 48 CSE B, WA THE IR ROy T Rt . e A EATE A



J51% (Selected Configuration Interaction SCI) #{JF /& ik, EEH#HED) 75 51k
RORFE 53 125271,

SCI J7i% B A ARG 2 vhid i A [7] i 77 2 s RA i et ek 58 A 08 ek B0 3
TR RS, 8 IR B B 2 TR A S ARt A 7 015 3] FCL )
U A I RITVEEE T B R B2 R -RI8 T2, 1 IE A ik B B Ak
P B R R A, AN T SR BN kG B AL o X D7 VR IR A% o A2 A 4 7] 7 ZH 2 T ik
HBTARE, T8I AS [FRAT SRS A AR T B B2 R B 271 o B i AR 21K
WL ) SR S A T R BRI 1R i 77 kB U B T LA 2% 2J K SCL 7
EEE N B 2] o RO IE M Re RN B . FE IR 2] =)
KI7EA, B STE A A A MR AN 73 2RI . SR R TR AR
SENLE S S A5 S B AR 1R 28 I | 29142931 R B AR BEATL AR A S0 T 75 )
Hlate, Wb >], EYIZR REHS, 788 A MUK S i) L AT B ad 2SN
A, MELLPCHE IS B S O B E AT ik, TR S R B T T
BESHTHE, JHRH T AR IR H A TR ST SR, SCT J7 ik
TEJE T A B A B 5 B R

fEJR PS5 JT T, Pavlo Bilous 25 NIWFTC R B H TR TSRS,
FUFABLAE 5 2 7R AR )5 T U B 4L, 7E 2 404 Dirac-Hartree-Fock (Multi-
configuration Dirac-Hartree-Fock, MCDHF) /732 RN SCI Fi, WiE 1 )5
TG AT AT A AS IR O AT 47 P AN ML A8 2590, Pavlo Bilous 25 A FHF 7T
St R F S5 TS T BB TTIR, A5 A A SRR 1 e e A Sy THT AR AR
BT ST B, AR 2 )RR R R R I A 5 RGIC - 1E T I LAE T,

FATEILGIN VMC J7 kAT Re A VP0G SE it FE 481 3 RAE ML, LS i sioRa



ENE, WhiRBEEWCSH BB E AST E R ReE EA, WE TR T VMC R 145
ATHIEAELE . RN EWCR SR, RIEARE J ER s 2=m, A
Extended Optimal Level (EOL)J7 i[RI TH5AH [ JAEIBUR A e R . X AP AL TT
A RBORTS T 51 NEH A ST EOR A USSR, BE RS AR (4 1 22 4% m R FE U
RARHM . SR VMCCI 75K FH 57 <% (Monte Carlo, MC) #ETH A KAF
HEZHSKREUEZR T AR EERRASH L. XS
VMCCI e ARG ORI = 07 USRI 1 i) R

FEASCH, TERARZLAS I 18 VAN SIORR 58 AN T SE R IR T3 N B e s 2220

AR RSN, A SCK ML 7751 N VMCCIHESE, JFK T ML-

VMCCIA AR T 5 %6, £ Lu iR R B RGNNA T 2 ML a2 S B3 ANN,

RF %, DLKEREES SRR CNN B4R MC REEEA T4 M FERFE I 0] AT
PES IR . TESLIAL b, A PETRAAR LR B S R0%, ASURR T =FcK
PESRNE . MBI A B 2 A B EMEHET DU R A
LEIRFRW], A2 IR T AR TR, Al U T I A B A L IR, TR A
KA IR I A S P S 2R SRR, Sk T AT T R S
T8 5 5O B B BR R 5K o NIRRT TR A R SRS ) ML-VMCCI J7 & A R,
AT Ge-like N B F UK ARG, 15 VMCCI J7ikdT T 3808 5k
FEXTEE . ZRFRH], ML-VMCCI JjVETELREE S 228 225 2% (B v SR kG B 1
R, BE I TSR NSO, R T EEASRMEE, KIEFIIKT

TR IREAL, KRN Rk R a7 a5 SO SRt 7 AT T R



2 PR HE S EHELE
2.1 MCDHF J5:

VMCCI 77 %K SE 8% T MCDHF 757 1) GRASP2018 #25fP, Grant Al
Fischer 25 NIRRT MCDHF J5 7 HIES 40T, FLs2Bi & /£ GRASP2018 2
FranH o FEIX I LA o, AT R T A 4RiZ 07 W R R RFAE . /£ MCDHF J7i,
HSHI R R T 9% A% (Atomic State Function, ASF) 7 AB2l:

¥, (TJM )= |TIM ,7) = ici”d) (y,JM ) (1)
ER, W TR aH Y e =1,y RoRE s CSF IAHNE T, o &
AT, TREAETHE, 7 NEITRE. CSF ] LU 5 i T s i ok 2R R
B RO PRIFERAL IR «

P Q (0,
ann(rﬁgaq)):%[ m((r) ’(m( ¢)J

0., (0.0) L
Hdrp, o) A0, () 73 WIREFBFUER KBRS NrE, Q,, 0,0) EFH T
BRI MR 7B . /E MCDHF J7iET, JR TSR E MR o AR AR %
W AEIERR RN . 1E B RE AR b J6 k% Dirac-Hartree-Fock 7774,
R — AR AP R B KA AL B 16 375(Relativistic Self-Consistent Field,
RSCF)FE 7 RARAA L e OB R REL o, LASLIUH SR A . BlJS, Mg
2H 25 4H H.AE FH (relativistic configuration interaction, RCI)i & % & T Breit #H H.AF T

T 5.3 /7% (Quantum Electrodynamics, QED) A VE, f45 B e Fl E 5 H Ak .



2.2 VMCCI /i

(a) (c)
Full Configuration Space (N)
o Hc=cE
l: 5 \ \ — GRASP2018
@ ..... @ Other Configuration

CSF Zf/

Active

Learni E,
earning

Module G =2e,,

G

Important
Configuration (n)

Unimportant
Configuration

{(Di}E

Iterative

[ Labeled Data Set
Configuration (n) i
N 7y, Jp, JP L (3N)

Configuration

{q)'}v

Unimportant _

1 RS AT RHEROR BB, Horh(a)-(o) 2 B SCTIRT o VMCCI 5 i

HARRE: (2) VMCCI i KSR G2 (b)) VMCCT il KSR GR R
(c) SCI TSR 7458 ML-VMCCI fE38/R B Kl; (d) E3h BRI g 2]
IZRAR AL B AR 72
Fig. 1. Schematic diagram of the atomic-structure configuration-screening framework:
(a) evolution of the sets involved in VMCCI; (b) relations among the sets involved in
VMCCI; (c) schematic diagram of the atomic-structure ML-VMCCI framework for
SCI calculations; (d) specific process of ML training and sampling for active learning
modules.

VMCCI J7 iR AN F P 3R O SCHR 1 H PN 2 . A ERIFAR ST
AR E M, B 1(a)-(c)RE T VMCCI HEZE i 1 CBERAR , FEAE IR v B



Hoohedm F SCRRILI T 1o ASCI F B AR v 7E ] 1(d) BT R 3 3 I 1R
VMCCI ALY, Hlass: SRR SIS L, HT B4 MC RAEEHE
I e vy R LA A AR Rk . DRI, ATV OR VMCCT 7R ) 2 SRR A TR 224y
4, JFAE 2.3 i E RUR AR SCHE A VMCCT AEZR A 51 AN ML ot

E C1 5%+, ASF RRAN W = ZCCD » Her T BRANT 51 2 R B 0, K I 58
HHERRA (@), B HTEE R R E A (o) T A TAE
HRH 2 A4 Dirac-Hartree-Fock J7 ik TGS [ U7 B Jai it H ARSI &£
SUHE LS HBEMEERNITEFRIFASENEZ S HHEE (multireference
configurations, MR). B85 MR i 4R HUE AN ZAGZRI 5, AR T
SIS AL FE TR 52 2 : -1 5Bk (valence-valence correlation, VV) HifftJ2
LR 3R, -t S5B% (core-valence correlation, CV) HISZE 542 BT
AR A, -k (core- core correlation, CC)  I3E i I it 5 V& A 2 HL T
OB I A FE o FE45 5 MG TERUE nl vh, SVF S5 LA P T TR o5 PR LI
TG, A S b = DB S EOR B NI ERUE SR nl AT AR il
e J MFRMERAA IRAMT IR EEE S {0, ), <@, ), . BT e 2 AT

PIENEE S R (U

E

THD, ), ~{@}, . Bl LR T VMCCI i RIEEA
i, B 1(b)ER T VMCCI i K S K R

FEHRAETIES AT, VMCCI 5N TR 332 RN, ARYE AL 70 SR B m)
H, REEHASTEEER /N, TG S AR JER S U R B M BB . 2 E BRI, IR
AR, SRR S F I8 (Markov Chain Monte Carlo, MCMC)#2: 523X —
Al v B, BEEXHO ) FEEA S TR, ¥ >, M RAS R INE]
Gt (o) . BN E 0] il ML SRR 45 (o), —EH



(@), o SR FEMRAESE AL B M, I 0 W) B LA e 8 3 PO R 2% . B
FERCHGHEAT, b o6 SO 5 3 A A M R B 4 {0, ) T BB 4 S A
L) FIZE 58, ERAFMGRE, SO ~10,) . % o0 I, BEHES
(0} HURER RIS R BB, TR A (0], {0, .

2.3 ML-VMCCI & iE7 4

ARTARIEFT 8 FldE T A MR I35 2% o1 43 SR, i 1 AT o e ik 3]
R AR TR0 R, f1F5 ANN. RF. K iE4F% % (K-Nearest Neighbors,
KNN). #h& M- (Naive Bayes, NB). iZ#[A]J (Logistic Regression, LR)+
WIEM (Decision Tree, DT). #f/Z$2F} (Gradient Boosting, GB) LA CNN. LA
A58 A4 THT VP 98 2Q7E S AR TR AT 55 P 03 P I, S L AE TR AN ) R P 2H 7
AR 2P AT N ZER, RGN LR 7 7R RO . Aoy i
TR LA 5 S B AT A B M T AR 55 DL S M HE AR 5K
BEATAHARAE . S TAHRRRHE, R SO 32 20 1 5 258 CSF fif
RFFALFE T 0. BT N BLIE ) CSFs| D, ) IIME—HRHEZ 3N 4L GiFRN a.
XPFHOE & EATHPUE ST . BT ASE S RS AR P
CEH Jo R D 2. RS, K m BB SCREN BFH0A—1k, Ji Al
JP A% B AR A A B R IA— AL, X AT B TR DGR A B AR AR E
. LAE 3N ANUIE & B0 OB S NRFAE . B CSF (1 5 2 5 25
Grasp2018 I P B WU PR SKARES A IR i IR TE ¢, 2 ¢, ) CSF #IAE Nyt
YA BN “17), ¢ <c,, [0 CSF il AR IFREMLE GFh “07. &

ZAFBIREAFREE LU H) i e B A A N R 15O 3N+1 1 —4E 84 .



FEIEAEAE Y, FTLURYE SCI vH5 45 R bR id A Hh i) CSF s 22
WA R E bRt LA IR EidE 142 F T Il Z5 ML B (70% 11255, 30% 50 UE4E),
SR A FH I ZREF 1 ML AR SR BUNR AR 1 ZH ARV I CSFs & 75 228l CSFs 1)
FEIEEHET o RIS DGR TE I AR I R v — 25 SR I (1) B R A A SRR R R IR
AR SRR ] . B B BT B S B0 AL U & 5 i A8 XRIE (5-fold
cross-validation, cv5), 2R ZHon TR IR A5 R A FE ). PERRIALE 7 2
S BRI R VO A 25 R AN FE A BB % 1o

AHFR T R OIEYIGE . MCDHF 5. JWEREI. HLEe2STI14%
5 R A S S SR A AN B AR B HE AN B 1(o) R, b AR S R 2
BCIARILAE ] 1(c) i 8057 I . T3~ IR R4 AR W 1(d): £ VMCCI
AR IR TSI AN IR, DUBRIEAR MC RAE S i B A1
iR . FEDIRINTS (PR RIE DY D B Wb 7844 BB 5% 1D

(1) FIH GRASP2018 H1ff] CSF A il ttie (@}, » H{D, |, TRIERI L4 L
BIHILEA D, o [FISHIUEAL o BWT{E, FHRELLE] (4B 4GRS
OH 5 HRFFALASE LB, SRR B ARSI

(2) MR @, ), WX SR RE I fa B A R0 SR AR Dirac-
Hartree-Fock 77 FEMIAAEAE 72 He = cE » 133 E, ¢io 4E3Kfif Dirac-Hartree-Fock 77
FELFEH R EOL 77 RARAAES

(3) MR E, ci ABOGIE T, I B AR R B0 B3 B0t . #7 H AR R 2
ARAF BN W EFF 2RI AR, R 87 Ok B ZEHES, HEREE
JERIBIA PR SEA: BEL L R BORS B s, 9t 1 7% e B A0 o

LIRS 6N C AT T e v 2 S o



(4) 25 H BBk o8 HCA5 38 sk I 00 FH SR 2 21 (9 S5 1 S5 44 CSF liid 77 b
BT, ), PHIASHE W ¢, > ¢, FARAELL BN B BRSO B g, Bl S
18 E 3% ] JENT ML AR EAT 1 25

(5) F{o, ), L& Mc 2c,, MWHBRMEN @} . BEEHRYEBE M
Jetbfl, MR A (@], FF ] ML BTN RAEFT S AN @, }, — ey
Fio (o), .

(6) W2 756 R YT AT I o SR i85 A2 WA SIohm o U S U SIS (R B 24136
M {d,) , FHX{@) BT KA BreiQED MMM RCLiHH EHiH E, ci,
(@, -

(7)) FEANTH EUSAruE NI B0 38 (2), EEDE (2) - (6) HEWHLI
SIPRHE .

ARSI A Y B SR tE U I 226 SCRR[1T 2 3(7) - (8) BT SIS Scbn i
BRI S, SRS EARUEE Esp RWN:

Eypp = M 3)
L-1

AL RIS AL () B B AL S HOR AR X AR HEZE Nrsp RN :

N o L X (Y- ) "
N L—-1

soppeiaorn (B ey aaern (2
L 7R ik A H Wi St T % e i L A 5. A A S Rk 0 R
VMCCI 5 ML-VMCCI 75 SPREER K ] L=3. Estp =10, Nrsp =1%.
BRI A2 S 25 SCRR [ R I N P57 1) L=5 Esto=107 Nrsp=1%ISbR1E H

/20N 1 Ut B S BT A I RE W6 18 B RE SoAs BEARBR , oA St S A i



SURE B I AR APERE R S . FRATIGAE 3.3 WiEI Ge-like Nd®*Kk &R J=0-5 1)
e SIGAE PRI BE T B9 VMCCI §ii% fg 2% DL S A SCIRIAE 13 B R 1) ML-VMCCI

i RE N LE K Ut B AE 2 BT SCHHE T, ML-VMCCI 15 RefREF 5 25 35418

THEA M RESURS B, R Ok B S 25 TSR A 2t

3 4iR51TR

3.1 AE AT PSSR

TEARBEFEH, AT AL 2= > 51 X VMCCT J7v i AT 425 3 s 1)
FIATPE, IR 2P [ S SRR 7E 2 AN IR AR 55 I A AUt EAT WD E e « A SC
¥ Z MR RN E] VMCCI J77E P AT /NEA R T Lu I([Xe]4f'*5d6s%) 14 R ik
AREZIG IR I VMCCI 34T 7 X b, 78 IRl 2 Fp L 88 2 ST S A7 56 i
AW MR o RO AE S . ARG AL E B Sdes” 1E N T,
[Xelaf'" fENZ LT, FFEMIERE 25 18 T S L) VV AR CV AR I LT
KRR B T INSHHET R SR E— RS nl (n=10, <) IEH
G2 A, AR TR L) 2.1 X108 4 CSF L&/, 7F 3.1 35 Lu 1
RRMER A, T ARFEEAR ML-VMCCI Al VMCCI 738t — W BN, ¥k
LELBIA 2%, §RELLEIN 1:2, #ETRERE RN 107,
F 1 VMCCI B AN AT IR ML-VMCCI §iiit it 240; HA Step Ronik 2SI T R ISP 4G Energy
NESREEMANE, H47°8 Hartree; CSFs o BL 107 BT IER, g fE i S Or 8 10 8 A S50
Se R IRIET o Atimes T IEAITHE Rl AN, AL I FEN MR B FLAENS , BN S0 Mimes

ROREACTFE BT HLgs - ST RER, W HE IR [0 A TG (7], ®847°4 s. Recall, Precision, F1, PR-AUC ¥4




WS RE R IME, RS AR, R, FL AL RERA -1 Bl AR i N AR

Table I Screening workflow parameters for VMCCI and model-specific ML-VMCCI variants. Step denotes the number

of iterations required for convergence. Energy is the absolute value of the energy in Hartree. CSFs indicates the number

of important configuration state functions retained after convergence using a cutoff threshold of 10”7, Sg denotes the

average sampling efficiency. Aimes denotes the total cumulative time spent during the iteration process, including both

machine-learning and ab initio calculation times, in seconds; Miimes denotes the total machine-learning time spent during

the iteration process, including both training and prediction, in seconds. Recall, Precision, F1 and PR-AUC are averaged

over the convergence process and correspond to recall, precision, F1 score and the area under precision-recall curve,

respectively.
Step Energy CSFs SE Atimes Miimes Recall Precision F1 ~ PR-AUC
VMCCI 28  14547.871494 4608 3.23 1050.60
ANN 7 14547.871657 4618 18.94  298.14 8599 0.80 0.79 0.79 0.84
CNN 7 14547.871782 4629 2043  441.30  240.55 0.87 0.82 0.84 0.89
RF 10  14547.871441 4607  11.62  453.06 120.51 0.82 0.83 0.83 0.88
GB 14 14547.871489 4614 6.20 901.74  621.37 0.85 0.84 0.85 0.89
DT 11 14547.871390 4627 5.79 369.12 2.68 0.78 0.79 0.79 0.71
NB 18  14547.871259 4619 5.47 649.62 1.44 0.58 0.81 0.60 0.78
LR 18 14547.871361 4609 5.97 687.12 1.63 0.82 0.80 0.81 0.85
KNN 10 14547.871298 4598 10.69  337.50 1.84 0.82 0.72 0.77 0.77
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RN 2 Fos. B3 1 AT, 8 ML ST RS NI (1) ML-VMCCI J7VA1E Lu
LR R PRI S R 5 VMCCL 7B A Re RS R, oKW Z Al 0.000514
Hartree, {H T & i ABHH B9k D JErb, ANN FI CNN Ui, IFREE 7 25,
RF. GB. KNN I DT 75% 10-14 2, NB fl LR % 18 2, i VMCCI /7%
B8 . IXRWAGIANLER G, VMCCI AR 1% 72 8 0% 78 SR E IR St AR
SLUETE ST E 3 TSR A€ i &

[FS, iR 1 stk ABERLIZR. HEBETFAS LA MR EAERT 5, ANE ML-
VMCCI J5 7% WSS T 204 298.14 - 901.74 s, ¥4 T VMCCI 5% 1050.60
s, RIHBIFZEE IR R . % ML-VMCCI J7 LM T VMCCT 4 ik
L4 ANN: 3.5 f%, CNN: 2.4 %, RF: 2.3 £, GB: 1.2 fi, DT: 2.9 %, NB:
1.6 f&, LR: 1.5 f%, KNN: 3.1 f%. X0 3 ZoRIE T ML SRAERCE AT MC
KAL) ST B 2(c)FI(D P I, TEEARAIH, ML SRAE R 3 1) 15 40% -
60%, 3 T MC RFEL 20%107KF; BEEIBNEET, P&z T, &2
TR 2 25 2% [ v 3L I S L A 1 LL B A BB B BT B8 (HL MIL SRR (-1 E SRR 0%
BMC RAERTT T 1.7-6.3 %, H A B BIAPFBERMERCR 2R TE T ANN: 5.9
¥, CNN: 6.3 ff, RF: 3.6 f%, GB: 1.9 f%, DT: 1.8 1%, NB: 1.7 f%, LR: 1.8
%, KNN: 3.3 ff. FREERERHLL ML RAEE A VMCCT H11) MC SKAE, BES

FEORFFUS SR A 1 0 (R P 408 35 3 iR R R, SEIUX VMICCI 53 YA 28U
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Fig. 2. Comparison of ML-related parameters in the iterative processes of ML-VMCCI
methods based on different ML models: (a) energy variation during iteration; (b)
variation in the number of important configurations during iteration; (c) variation in
sampling efficiency during iteration; (d) variation in training time during iteration; (e)
variation in prediction time during iteration; (f) variation in recall during iteration; (g)
variation in precision during iteration; (h) variation in F1 score during iteration;(i)
variation in the area under the PR curve during iteration.

HH T ML B2 7 3R AR 32 SR ZH S T 45 1) A €, DR L AE R A R
AR E PRI AR A TR BB SOOI AR . BRARAE LR, B A R R

ML R EA R [FI, RERTRER A I Or B BE 2 IEFEA, BT B S 25 e AN



DA RS o [RIE,  ASCHE SR B RS B AR IR A 1Y) Recall Precision F PR-
AUC FEI. Hrh, Recall AR R EE IEFEARRE /T, Precision J BUAS R 7 176 45
RHTHERATE ;25 18 B A 7 08 AT 55 b 22 5 A 5 SRR A EU ) A B AN 2975, PR-
AUC Lt ROC-AUC H ¢ e WAk R 78 /DS E AR AR ) o B 1k
BT, ASON SR (RS E PEAIA R FR PR AT 1 bt 2(H) ()P
7N, NB HALK] Recall Al Precision JZ# AfEll #l. Precision b %= ik 0.1252,
HUETE A H] 0.5577; Recall bRt 2155 0.3671, fEAFIEFLH M 0.9504 LRI
P& % 0.0985, f KHPARALIL 0.8518; Z UL, F1 H7E 0.1770 £ 0.9295 ZIA]
KIEIEZ), AafEZEN 0.2957. IXFKE] NB R 25 531 B4 Ui feoe s =,
A5 2 BIEARPEAR S AR . HER 1 B, KNN B Precision ${EHAL
4 0.72, KT HAREE ANN (0.79). DT (0.79). LR (0.80). NB (0.81). CNN
(0.82). RF (0.83) 1 GB (0.84). UtHIHE RS2 EHEEMAR, K
BIHERHEAR ST A AL . DT #5574 B4R Recall 1 Precision #4E 431X %] 0.78 1 0.79,
{HH: PR-AUC BMANCH 0.71, TEFTA BRI AL T 5RARKF, R ETE E SR AR
JEAFHTRI AT, DT X B Z BRI X 73 e 1855 [Fi, DT -~
KRR 5.79%, HoorRPEREME LARR S S MR . L2, GB Ml
LR BB (8o R AR I AR ST, HP R RCRALA 6.20%F1 5.97%, A
AT ANN. RF. CNN GRS, #t—Lp &1, GB M1 LR 1EHT 5 kAL
PSR RFERCR M BIN 23.31%F1 21.59%, 105 6 D2 Ja il FFFAE 0.11%F1
0.39%, Ja)LFIiERrE RN EZEALS . X GB M LR BARAES LN
AR LR RFRUT B 70 23R, B LBtk 40 79 RE Uk LA 78 70 7 o B2 2% L M HLARZR
VMRS 8], S B FARIRAR B B B AR h 1 SE BRI s« BRIBE, GB



FILR 10 26 &5 00 5 IR R BE TR R RUEA A2

NB. KNN. DT. GB #1 LR F&HH55, FREIR T HIMHLH] 5 ML-VMCCI i%
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Table II. Comparison of ML-VMCCI methods using different machine-learning




models and sampling strategies with the original VMCCI method for the Ge-like

Nd*¥* J =2 system. MCDHF denotes the direct GRASP calculation performed in the

reference configuration space. The convergence time is given in minutes. Energy is

the absolute energy, in Hartree, of the lowest level in the odd-parity J = 2 manifold.

The CSF column gives the number of configurations retained with a cutoff of 107%:

for MCDHF, this number is obtained by applying the cutoff after direct

diagonalization in the reference configuration space; for ML-VMCCI, it corresponds

to the number of CSFs retained after iterative configuration screening has converged.

The suffixes M, C, and S denote the hybrid strategy combining configuration-

importance ranking and binary classification, the binary-classification strategy, and

the configuration-importance-ranking strategy, respectively.

Jrik o WSobHe W TE] REHE CSFs  “PHERFEHE
MCDHF -9230.488929 41668
VMCCI 45 150.18 -9230.488179 41403 2.48%
ANN-M 7 37.19 -9230.488654 41025 19.40%
ANN-C 9 47.12 -9230.488907 41195 13.32%
ANN-S 11 50.86 -9230.488861 41049 12.93%
CNN-M 6 45.51 -9230.488741 41079 21.01%
CNN-C 7 52.68 -9230.488655 41034 15.64%
CNN-S 9 94.55 -9230.488979 41132 10.32%

RF-M 9 57.45 -9230.488968 41056 14.34%

RF-C 14 91.86 -9230.488872 41260 9.50%



RF-S 13 88.90 -9230.488644 40313 10.23%
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Fig. 3. Comparison of the iterative processes of VMCCI and ML-VMCCI methods
based on different ML models for the Ge-like Nd?** system: (a)-(c) comparison of the

energy convergence processes as functions of iteration step; (d)-(f) comparison of the



number of important configurations at a truncation threshold of 10® as a function of
iteration steps. The insets in panels (a)-(f) highlight the local convergence behavior
from iterations 2 to 7. In panels (a)-(c), the inset y-axis represents the energy in Hartree,
whereas in panels (d)-(f), it represents the number of important configurations obtained

with a truncation threshold of 1078,
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Table III. Comparison of the performance of ML-VMCCI methods based on different
machine-learning models with that of the VMCCI method for even- and odd-parity
calculations of the Ge-like Nd**" system. VMCCI-2 represents the calculation result
of VMCCI when the convergence threshold is set as L=3, Esrp=10", and Nrsp=1%.
Atimes denotes the cumulative computational time required to achieve iterative
convergence within the corresponding parity space, in min. CSFs denotes the total
number of important configuration state functions retained in the corresponding
parity space after applying a cutoff threshold of 10°8. Sg denotes the average sampling
efficiency during the iterative process within the corresponding parity space. The
suffix M indicates that the model adopts a hybrid sampling strategy combining

configuration-importance ranking and configuration binary classification.

Even Odd

Method Atimes CSFS SE Atimes CSFS SE

VMCCI-2 154955 295683 2.65% 390.26 129878 4.30%

ANN-M 253.79 296018  24.09% 84.74 129942 26.32%

CNN-M 314.69 295997  27.32% 98.54 129701 27.26%

RF-M 386.62 295436  22.41% 120.21 129025 18.32%
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Fig. 4. Energy error distributions of the VMCCI and ML-VMCCI selected levels for

the Ge-like Nd*** system relative to experimental and MCDHF calculated values. The



level index is shown on the horizontal axis, and the relative error in percent is shown
on the vertical axis. The gray dashed lines mark 0 and +0.5% error levels. (a) Error
distributions of VMCCI and ML-VMCCI predictions based on different machine-
learning models relative to experimental energy levels. (b) Error distributions of
VMCCI and ML-VMCCI predictions based on different machine-learning models
relative to MCDHF energy levels. The convergence thresholds for VMCCI-1 and
VMCCI-2 are respectively set as L=5, Estp=107, Nrsp=1%, and L=3, Estp=10,
Nrsp=1%.
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Machine—learning—accelerated variational Monte

Carlo selected configuration interaction method’

ZHANG Jinzhe LIU Jinde QINYi LIU Renjie JIANG Gang'

Institute of Atomic and Molecular Physics, Sichuan University, Chengdu 610065, China

Abstract

High-precision relativistic atomic-structure calculations for many-
electron heavy atoms and highly charged ions are often limited by the rapid
growth of the configuration space. Selected configuration-interaction
methods alleviate this problem by retaining only configuration state
functions (CSFs) that contribute appreciably to the target wave function,
but their efficiency depends on how rapidly important configurations can
be identified. The previously developed variational Monte Carlo
configuration-interaction method (VMCCI) improves the stability of
configuration selection through a variational rejection-acceptance
sampling mechanism!!!. However, as the configuration space expands,
Monte Carlo sampling becomes increasingly inefficient and converges
slowly because the probability of sampling  physically important
configurations is governed by their typically small fraction of the candidate
space. To address this bottleneck, we develop a machine-learning-
accelerated VMCCI method (ML-VMCCI), in which model-guided

sampling replaces random Monte Carlo sampling.
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In ML-VMCCI, each CSF is represented by an atomic-structure
descriptor containing orbital occupations, orbital angular momenta, and
coupled angular momenta. Importance labels are assigned from CI
coefficients obtained with GRASP2018 and updated during the iterative
screening process. We first evaluate eight machine-learning models in the
Lu I system, whose reference configuration space contains about 2.1x10°
CSFs. Under identical screening parameters, all ML-VMCCI variants
converge to energies consistent with VMCCI, with a maximum deviation
below 0.000514 Hartree. The number of iterations decreases from 28 to 7-
18, the total convergence time is reduced from 1050.60 s to 298.14-901.74
s, and the average sampling efficiency increases by a factor of 1.7-6.3.
ANN, CNN, and RF show the best balance among sampling efficiency,
machine-learning cost, and iterative stability.

We then compare binary classification, configuration-importance
ranking, and a hybrid strategy in the odd-parity J = 2 subspace of Ge-like
Nd?**, which contains about 5.9x10° CSFs. The results indicate that
ranking enriches high-contribution configurations in early iterations,
whereas classification improves coverage near the importance threshold.
Their combination gives the most balanced sampling behavior. In this
benchmark, VMCCI requires 45 iterations and 150.18 min to converge. By
contrast, ANN-VMCCI, CNN-VMCCI, and RF-VMCCI, all employing

the hybrid sampling strategy, converge in 7, 6, and 9 iterations, respectively,



yielding speedups of 4.04, 3.29, and 2.61 relative to VMCCI.

Finally, we apply the ML-VMCCI method with the hybrid sampling
strategy to J = 0-5 excited-state calculations of Ge-like Nd*** in a reference
configuration space containing 7.14x10° CSFs. For even-parity states,
ANN-M, CNN-M, and RF-M reduce the convergence time from 1549.55
min to 253.79, 314.69, and 386.62 min, respectively. For odd-parity states,
the corresponding time decreases from 390.26 min to 84.74, 98.54, and
120.21 min. Overall, ML-VMCCI accelerates configuration screening by
about 3-6 times and improves important-configuration sampling by about
6-10 times.

The acceleration does not introduce a noticeable loss of accuracy.
Relative to experimental energies and direct MCDHF calculations in the
reference configuration space, the ML-VMCCI error distributions remain
comparable to VMCCI, with no systematic increase in bias or
dispersion?%2l,  These results show that ML-VMCCI connects
configuration-space compression with sampling-process acceleration,
substantially reducing the cost of high-precision excited-state calculations
while maintaining reference-space accuracy.
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