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% 17 PR HEIE (density functional theory, DFT)EL il A A 24
I3 PR EMA R IR0 TR, JHEEERER MR
RLARTRE(AL for Science)RiTTAIF T Hh & 142 i/,
DFTUIHL T B A i, R W TR E TS TR AR
it LA SO0 R 0 4 5 SRS Ry — A R, R E 1
SR AR BT 1 ek 2 (A AH EL AR FH AT A 3% A 28 4 DG HK
XO)EEZmz, BARIERIEX B AIRH, Haxt
BHEMARS 1, BeERCRE T — RS GERT Hh Hei
BERVSCRA B Bz eI, TERL T SNSRI
32 R A AR 5 — T, TR 440 T RIb RHMA
RIS E AT T E R, A IS DG BRAE
S FH AT AR T A AR 2 A IRIRED). ARS8 R (IZ BR K
Jre ) A SR B LA S A TR AR AU, B 2
AB 4R, PLgsa > (machine learning, ML)4% AR 1Y 244 K
AL GE Iz PR R BRI SR T T BEE. R LA 2 25
REAPLE I BRI FRIREES], LSS DFTH B1E
KERE T 20 T A 2 R R R AT RE O AZ SEDF T 5 A
TSR LR, ARG 1R BEIE AT 1 56
FEPL HA AR A B B R Y DeepMind 1 BA T
20214 B RN ILT F 407 S5 2 2 RBP4 1
DM217Z bR, 38 X 111652543 RN AN 10744 K 43
KRB AT/ T R FUMA R 04 VRS B2 By Bl SR A 2, AU 32
BRITEMNALE AT TR ARG R, IR Re X R fb 25
il B3 L HAT A RS AL 1 eR A T R TR AR A AR 4 R
BTN, 55— 5 1A, Hla%2% I DF TSRS T IS T4 A8
H i Re, BANEEA &R MRe - 3E-m OL TE 400z ik it 6e

R RSCR IR S . S M R .

Gavini A B\TEIE ¥ Science  Advances iz 25518312,
B DL PR Ay TR R OR i Kohn-Sham(inverse
Kohn-Sham) J5 B2 B 3845 MRS B FL T 25 B . ZCHAH CHE FNZE
ARG, FIMEE AT RE R T ERREY
P22 W 28 A HAH ICTZ PR, IR R ML A2 ST DF T ik I
B ToRniseR, BA RS E TR,

GavinilZl BA 1 563 33 = kG B L A AH BAE FH (CDiT 5k
15T BUEAE T P SE 35 o T % 12 AR J5 38 23 5K ff ¥ K ohn-Sham
[ RARAT T XF Rz (A B S AH DG RE AN A4 AH DG, 1K ohn-
Sham i) BEHE 245 22 FL 25 B SR AT R 1A B A DG 34, 7E8%
AT — AR e/ MU, L5 0K T AR e AR
ZHUEIT R LAY RXE. Gavini A AT 43k & 8 T 3T R gtk
WA BROTHREAH PR Tk, AT AR T HUE T AR
PEFIERGPE. (HJ2, TGS 2Rk B CI A, &K ohn-Sham
(Al SR e, HRELRAE R = B TRk, BRI H R R BEXT
FL R 0 1 SR AT 4 R R A RE AR AR BUE RS T 19 22

TEARARG 6 B S A S BN BE I,  Gavini[# B/ 5I7E
Jey i BE A AL (LD AR SCRE BE T AN GG A)YHESE A R S A
4 22 [ 24 DF T(NN-DF T){Z BRI {Bl——3 i 7 U NNLDA I
NNGGA. 1E#RM TTECA sl B VT Ll PWO2 )™ SUASRE
I LIPBEYZ pR JEAMl S IINNZ R IE W i 118 58 X T —
1922 16 45 RENN ] = [ en [p)(ndr, AT AYNNLDAF

NNGGAIZ bR B PR B s i
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Machine learning XC functional

Configuration interaction (CI)
* PDE-constrained optimization

« Well-posed due to complete basis
# Unified closed- and op hell for

Inverse DFT with Finite-Element Basis
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« Correct asymptotics

i - *
{pT(r)~ pi I‘)} o =l {iric(r)_ (i[(r]} s Eye

o

& o g B[N
) e 2 o
P @ e e ML[
ot @ - : 5 : o 0]
: Vp ® ® " o e
: : .;“’_"‘”'huj‘r! = | 2 ”‘\Ir’:_r Ly
L = MSE(Ey.) + ¢ MSE(puyc)
Limited training set Test set
Five atoms: Li, C, N, O, Ne G2 atomization energies
Two molecules: H2, LiH BHT76 barrier heights

B 1 LTRSS - A O AN A o 1 2l 28 0 4 2 4 - M DG 32 R T B Y S A JEL B AN T AR AR 12 Copyright © 2025, The American

Association for the Advancement of Science

Figure 1 Schematic illustration on the construction of the Neural network exchange-correlation functional based on exact Kohn-Sham XC potential
and energy!'?. Copyright © 2025, The American Association for the Advancement of Science
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Figure 2 Mean absolute error (MAE) for the 97 molecules in the G2
dataset containing up to second-row elements calculated by different
density functional approximations''?!. Copyright © 2025, The American
Association for the Advancement of Science
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