ETHEZF

M= EYATHER B R F IR MR IR
PR MR

AN NEL BE KSR KER

CTHERZ, (PEHRRSEZER, |RE 071002)

"=
N7 R O AR H R R R R, s ik B A s HL I R
H AL P XES 2K A2B'B’ Xe(halide double perovskites, HDPs)#ALEA1T o
AT TR F 3624 2 HDPs BIEIREE, R T 2 M5 55%F
5 18] U5 553k TR T RRE (Ep) AN S B (Eg) TN PR A1k BE o BT A5 B 7R 35 7
MATLAB V- & S8, GHE K BR A B2 12 T+ (MXGBoost) . 42 & 1 BE $2 7+
(MLightGBM). FEHL A% #k(random forest). %% 7= [ 742 # 4 X % (Residual
Gated Neural Network , RGNN) PL X £F 5 [ 19 J5 ¥ GPTIPS HI
SISSO(mGPTIPS Al mSISSO). &5 REH], MXGBoost HEAILE Ef M1 Eg Tl
MR DAL, HIMPRE e RE(R?) 7L E] 0.984 1 0.816. Ht—
SiarrT RIS, W T X AL BT () LA B A7 FHE - HL
(e o) 2R Effll Eg 5 RS 1 ¢ R OCEEFFAE . FE T FaR LAY i
W, R T PR AT SRR E B B 3 R M Bl NaHgZnFs
TLPbSnFeo. 25— FHTHH R, BT Na;HgZnFs, T1PbSnFs HA H
568 P P AT S SRR AR PR SEAIG AR RE SR IR B, TG ) T ) 2 4
S Ak, HOtE R R REE(SLME)IA F 28.01%, R LR
G RE . B FURI R T AL S A S AT R (A B e AESE .
B e RS R AR BT S T R TR AL 1 B IR
KHRIR: ASEKHT, MLERS), S E, WL, ARAEGE
PACS: 07.05.Mh, 02.60.Gf, 71.15 Mb, 71.55 -i

Y

FHE: FHEEHRREFE S No. 22573026). b HIREL#HE 4:(No. B2024201051). 7]
6B E T (No. BJK2024094) A1 b K 2% (No. DC2026275) % Bl 4 .
T W{E/E# E-mail: misaraty@163.com

5 —1E% E-mail: 16632001711@163.com

]

A KA (halide double perovskite, HDPs) Rl H 45 # Fa g MR 57 1
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JERLPERER, EORBHAE RO oA, ROt T AR (LED)PIAIE FL AR 2516
LM EA RIFOMHE . A 2016 4 McClure 2519 8 Ih & B
Cs2AgBiBrs 1 CsoAgBiCls LA , oA 1w B [ 25 22 1k A0 ] I 17 5 S5 55 A0 T Bl N
TR RRL . HDPs 5438308 AB'B"Xe, H ATIRIE e % Bk RERa E I L
2NN Fm-3m (TS J7 85T E 1 FR). —BSo0F, BAT B ALFH E
FRERBUM TGRS RE T DRSS TR LS, TH—-NM5=M&)E
BHES 7RI & s Wik A SR BB F AL A M. NS KRR T X R
B'Xe Fll B"Xe J\THIfA, JF A48 \H A 0o A IBHE FLERCOK, AR\ H i
[IRGL R, S ffAs T RN S5 e AR e 1 B e )[R, B/ BV ZBH B
FHITIRNRE R AT P T AP AR 9 B AN PR s 01, i X A7 B s 48
Tt 2 LA R B 5 F RIS M BR U2, Oy 1 #E— 254248 HDPs FOMERE, R
AFEEFHE BT, HEATRRTREEMASFE SR, RAGSH
SIZU 4 BB B — P S U SRR G o P B A IR A v 1) AR s A A A B
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Fig.1. Crystal structure of A2B'B""Xs

N T IEE 7 HDPs M4 RHA R0 I W S8 A5 R AR 0 45 40 5 L s
LA N AT AL R R T, FEMFINLAS 2 S 5k, )R BRI R AT POk P fE

TR AL 316, 2017 2 2019 4, FEZ KBEISDFT)! EE s ik HAH )
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HDPs B 58— F2FE_EOHL 882 1 34t T ARRAE 0 SCRF® 31, 2022 47, Kim 45014
FEF O RO AL LS IR AL, X 13542 A4 ToHL HDPs fif i A4 kL ik 4T
T RE(En 5 BR(E) TN, W46 g REU(R?) 7 5 0.77 F100.427, Fidid &
B2 3] MG R SR TS T . 2025 4E, Luo ZESET 680 4152 BH H EE B 1
PRFAERY, [FD S Ep A Eg [RIAR E, 5338, TR 238t )
SEIG A A CsaRbBils BTG & FIOGHEAL ST, B0 AIE 1 AL & 27 = 7 e & s
PRSI T RS . SR IZA S B0 SR B A B, AL 32 A e

PRI, T, Wang SUOMG A0 1181 A HDPs HIEUHEE, RGxSE 1 ke
WLAR M (random forest)~ Tf BEHEF [ A FRA6 B 32 Tt (e Xtreme Gradient Boosting
XGBoost) SR A4 M 25 (DNN)AE 2 Fffi B, SR | DNN SEBLGS Eg FORS AE T,
RIS 454 DFT 155 2S00 0R0E 2 S mtk e HDPs #RL ek RS 4t T
HESHE ., SR FERET B, R4 EriX — e M i br i R T R
Gridis.

gi b, BUA W AAERAE R AR . TR bs MR AL R Ge X by )57 et —

NG

TR T, AHER ISR ML SIREE /S N E

dr

E TSRS BT . XGBoost £ Boosting J5¥%, JHiT ik ML 7% 2 AT A i
PR B ARMAEAME R R, C) 2 M TR K FH R FRIb it sl ikt el et
(91 G A R O T 200 B A S A B A 2 VAR A0 o oAb, 36 of EE R ALY
(Light Gradient Boosting Machine, LightGBM)P2ME (i %50l 2540 B 7 A Ak S5
R TR PRI, (Al AT B SRR 45 4) 7 108 2 o F000 o 2 3R
AR IERE, IR R 2 R B R IR AP E RS AT 5 . TEULERRE [, BT
¥ XGBoost 15 LightGBM 525 F - B KU 42 Jo L HDPs M RHE SR, 5
random forest [ ¥% 7 [ 1154142 X 4% (Residual Gated Neural Network, RGNN)i#AT %
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Gixtit, BEMEMESEMHRTES En B Z M0 ERE B AL, RN 4545
o [ VA A AR T A Y AE AL, a8 — W B R i LA v R 2
Fae VR S F MR RE A A4 KL, A HDPs 1R ROF R S5 REHE TR L AT 52 1)
RIS T &
2 WHI®E
2.1 FkER

AHE FE R FHKIm &I A FF 1135424 4 T L i A P BUES Gk0 (HDPs) #i 4 A2 4R
FEFEXT G o EBARELI NABB XA 451, HEBEITRAEAENK, HP AL
S 2308 — M & EHE 1, B/B AL & 2550 & @ HE 1, XA Y = ]
B (F . Clv Brfil). FTA G 45 M35 28 3 25 2 DR 0808 5 40 25 PR )25
ik . Z2BIEHUCHGE, ARG 36244H A 28 AR HE 2, B ik
HRRE M HAR SR T R A IS TRTEIS2 iR« 85745 5 i AR ik 45
V) 5 B TR B G R 8 P B IR 30, ACHIF T BT A T8 T2 AR (ray 7
rer r) BT (as ams g pOfERREIR RN, @ NS SRS EA
TP REB SHE T, HALEN ESE5MZ AR ERE, AR E2RTR.
N REER G NG — TR, T 6 BB, i SR E
MATLABE 5 SE o A ST B 1AL 2% 2 o1 5500 6L 35 B FE $ T (MXGBoost il
MLightGBM). random forestFIRGNN, ‘E411-5 EMIEFEE T ok FE (1 T AE 42 .
PIJAXT IR ZE(MAE) s 77 AR 22 (RMSE) MR = T4 bR A FH R £ £ At 152 20 1
fbo NIRIESE SR AT E A M, Fra BRI 2R K [ e BN LR 7. 5 Re 3 5k 4E
FURRAT PR, SR FH AT 28 SCBE VA AR A i o RCHR B R o N BCEARIE R HANF
%, FUORE—ANFEREAMRE, HRIEAINGE, IEZENIIT X
Bk LS OB RS I 25 5 S AL . B2 00U BG4S R BV E oy e & Pk
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fabs, HAIrA BRI A S 5% S S8 fE .

Dataset
13542 HDPs

Data Preﬁrocessing

formation energy (Ey)
bandgaps (Eq)
. r4

|

K2 ST 3] 5175 AR 5L %3624 HDPs i RE K]

Fig.2. Flowchart of screening 3624 HDPs using machine learning and symbolic regression

algorithms

2.2 F—MEEEE

55—t Ji 3 AR A A N M Sk SRS AR (0. (Vienna Ab initio simulation
package, VASP)*I¥IDFTHESE T S8, 48 A B2 48 N8k 7772 (projector augmented
wave, PAW)2SA HLF 5 B PR A BAE R . HLF A BRI AN R A X
B B 1 L (GGA) ) Perdew-Burke-Ernzerhof(PBE)JZ PO HE , 5%f T i 145 441t
B, FRATTRFH AT S 90 R4 x4 x4 Monkhorst-Pack Rk 5 R R EAT T W1 U6 45 Myt
%, FFIEEUTE %4 (16x6x6 Monkhorst-Pack Tk st IR HEAT A % FETHER, Begilid
TE T Bk st e 45 P ) T AR R AR TS T Re 450 . 3 0bh, BRARAS N
TAZ e O e AR IR R L T 25% Y Hartree-Fock &2 #it fiE R A 32 B
(Heyd-Scuseria-Ernzerhof, HSE06)PUALEE, ARARAEE SR EISL, P itH
[T [E U K KT B 15008 9500 eV, 851574 ) RIS EE0.01 e VAN, AR BSOS 2
TR A1x107° eV

N RE IR E AT EAX S B XoBB XS A, HE AL B L s 4
HS1-S4fi7R. BREADIE AT i g FIIEsE PP s .

AHy,, (Epipt) = Epy = Ey |+ Xt +qEp +E,, (1)

HA, AHp (Er,u) RN FE T I 5 B B, Ep o M ER ) M RoR & A7 BRI 4514
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R R B A e 28 A IR L e B, s DA 56 28 A I T RS B (ni>0) B T (ni<0) S 74
TR BT R34, ErRR KRB, Ecorn iR FA T R A BRI SHAH
FABIETR o AT FET 5 L Aar A ELAE FH 5% 22 R 4T 42 1E 5K FH 1) & Kumagai-Oba (KO)
7 R,
3RS
3.1 R A
3.1.1 HldsE>]

P 3(a)—3(h) 7 [ FE ML 3% 22 S S5 3624 Ff HDPs [ EfFl1 E, 1 [B] ) 00 25
K, B S3-S5 JE/R T U EIETENIZREE . RS XM EE i ar e . 454
1 1% S1. S2 e A vl A, T80 4 T 5% 1Y) MXGBoost 1 MLightGBM £
PSR TR b S R B R RS, JUHRAE E BT, P R? 31k F
0.984, H MAE 1 RMSE ¥J4ERFERARIK T, 3R B H R S5 M fa i PEAR DCRRIE B A
BRI ERE ST 7 E, T4, MXGBoost (IPERERSE T MLightGBM, R H
HAEAL P AR AN R R BT — &% M2 R, random forest 7 Ey#ll
Eo MRAE B/ R2 5355108 0.971 F110.802, W3 T FE 4R FHAH AR . I F BRI
JET Bagging (AL R AI B2 ik 2 ARG R, o B AR5 10 B 56 R 1Y)
FIKRE ST PR o TR FE SR THRDE I A0 & 5k 22, AT B4 R4 b R ik
RFAE, I3RS RS B . RGNN 76 E( T A EXAS T 45 random forest AH 4
HITERE(R™=0.972), {HAE E, TS5 o AR BN 22 (R?=0.723) . X —HLGEEH],
TE 2 BB AR IR S5 AT R IR MRS X 25 Y (¥ R TA B ) R R A5 31 78 70
RIEE, RONEA 52 B EERM I SRR . AT, JET R SE AR A
TEACFR AR AL 25 M IR T I R T ST A R Ve 52 AR ). NDERAR -7,
Ep EEHEFHESIRSE R U, | 5 S5 MR TF 2 18] 5 ST B, DRI 5
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PLER 2 IR I, T B AUZBIZMBI R, & 5E 740, UG &

JITES 5 2 MR R E VA, BRI R IRt 5 B2 k. Xtk 1%

RIAAUE E, TN AL RENR T Er ISR

(@)oo (b) 00 (c) oo (d) 0o
MXGBoost MLightGBM random forest RGNN
-0.5 -0.5 -05F -05
-1.0 -1.0 -10}F -1.0
o -15F o -15 o -15F | o =15 4
2 2 g g .
g 3 ] £ oof g _ i
£-20 g-20 S -20 g -20 ' B
g 2 2 2 n
«-25 T 25 & 25} o4 & 25 Tt
-3.0 -3.0 -30 -3.0
-35F -35 -35}F -35
40 L L —40 Liecnt Leccaticat -4.0 L : -4.0 L e
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True True True True
(&) My (9 (M
MXGBoost MLightGBM random forest RGNN
9 9 9 9
8 8 8 8
7 7 7 7
g g B ° (g3 g°
& ] ] &5 ]
- 5 w - 5 - 5 3 H 5 7
& 4fF- & 4 £ 4F ) e & 4 5
3 - 3F <iaa ] S SO 3k
. Ve | 5 374 X
2 2 2 2 gt
Y Training set 1 Traiing set 1 + Tining set 1
5 Test set Test set
R T R I T R T R I I T 9 0

True

True

01 2 3 45 6 7 8 910

True

) iy L
0 1 2 3 4 5 6 7 8 9 10

True

B 3 T F a8 SUIGIE (L% 2 ST R AL 3624 Fh HDPs [¥] Ej(a—d)Fl Eg(e—h) ) FI A 45 K«
Wt TR U EAE P2 T 25 3, B8 €0 s s I s 1)~ 3 F 45 2
Fig.3. Parity plots of predicted Er(a—d) and E, (e-h) for 3624 HDPs, generated by machine

learning models based on five-fold cross-validation. Blue points represent the mean predicted

results for the training data, while orange points represent the mean predicted results for the test

data

%1 M%) GRS A5EVRAE 3624 Fh HDPs MR EHE i AEvRAL

Table 1. Prediction performance of machine learning and symbolic regression algorithms on the

test data of 3624 HDPs
Ef Eg
Algorithms
MAE /eV RMSE/eV R? MAE / eV RMSE / eV R?

MXGBoost 0.038 0.094 0.984 0.318 0.679 0.816
MLightGBM 0.035 0.094 0.984 0.328 0.679 0.814
random forest 0.074 0.130 0.971 0.357 0.707 0.802
RGNN 0.077 0.127 0.972 0.498 0.839 0.723
mGPTIPS 0.083 0.111 0.980 0.728 0.978 0.634
mSISSO 0.120 0.164 0.954 0.855 1.133 0.480




3.1.2 fF5 A

N — B HE R LA o ST R TN 45 SR AR B, A — R
mGPTIPS A1 mSISSO W F i KA 5 B JH 7%, XT 3624 Fft HDPs (1) Effll Eg 1347
TR AL, TR BB RIA R R o, mGPTIPS il id 18 A4 15/ E AE
B HA BT ] P R AR R IA A, G TR E R R B REPY, 1
mSISSO NI i M @ A e flik 75 43 1), &5 &AL ik S M i, RIFIRYE.
i HEA B P R M I A b 2Rk B AR B 38 AN (A 4 R AL Y B A
P, SRR T T EEDIE. B 4(a). I 4(b). B 4(d). I 4(e) R S6 433l
J&oR 7 ARSI 2R . MR SRR AR PR TR A . &55 3K 1 IR ST, S2
FITERE AT AT AR, PIMRF S RN B 2l EIYIS 1 B ks E (mGPTIPS
AT mSISSO IMIREE R 735179 0.980 A1 0.954). L2 T, 1E Eo FMMESSH, W
P B B M RE B R R B (R 43008 0.634 A1 0.480), J B HH 7y B -5 45 K #5348 £+ 2 (1]
FAEBE SRR R R, M DUB I ARE i b 3k AT 78 40 2 . R itk
5 Al A E 8 75 S B S M PR 3R 5 TS BoAT B AL 3 . mSISSO S tiyfg b= an =X
QMAG) . H EMtr=inT LAt B AR X A7 HL AR 2 52 S5 44 B E PR )
ETHE. 1/ 1, —(logry ) | REUK, o FILH B LML, 13 / 1"
TRREEN, AH yx BPFITUBCR T X AL A PE R g2, AT i 1 5 B-X SR
R R E I ARAE . |1y — o BARD, (EEZH] T BRIRT X fr e gk 2k
K, B=X SEARAAE TRk GR, S5HBASE . boh, (17 +1/ 1 ) RUTBUNE) BAALAN
B'HL AR A S N, R a AR e Tt IRE R R . 12 Eg bl
P ) B'ALAT B AL BH B 1 FEL AR S LA ) R BROK . U HAE B R
FEM . R EAAKIR R AU, BIHGEE S B PR AL IS 5%

M, Xt Eg A BAT IR E TR



Ve, =0.983-0.227- 13 / yit - 0.686-[1 / 1a —(logrs )2] o
+0.125-(1/ 1, +1/ 7. )= 0.090- i — 72

vy =0.290-1.270-( x5 — 1y — 2 ) —0.018- £, (r.)
’ ; )
—0.015- £, (1) +1.845- £ (1, X»)

itk GBI RFE L, A U 45 & MXGBoost B84 %F mSISSO fifiizk H 1)
RRAEREAT T BRIV (SHAP) /- 710, JHURFAE B ZEMEHE 7 W & 4(c) R 4(f)
Fione 16 Epllg, px BA e EEN:, HoPY) SHAP HZ8 0,440, TMiTE Eg
W, e pe T SHAP B 7374079 0.428 #10.412, RIVHAHIT H 5 EF
ITTHR . 1X— 4 RS RS BIAR B AT R B RIF—8UE, W B A5 X
fir H RS 4% B-X B IE SRR, PR BXe \ AL I R HLF

2, INITAE [ HE MR I8 7 2 e e 1 5 e P

(a) *

mGPTIPS
—05F

~10F

=15}

redicted

—20F

& -25F

-30F BTN

e

-35F

- Training set
=

Test s

-4.0

(d)

=

True

L, SiaEe
4.0-3.5-3.0-2.5-2.0-1.5-1.0-0.5 0.

0

mGPTIPS

Predicted
O~ N W R U O N @ W O

True

............

0 1 2 3 45 6 7 8 910

(o) *°

—
(0]
—

=

Predicted
O H N W R U O N R W O

Predicted
| |

=0.5

“10F

in
T

|

Lo

o
T

N
n

-3.0F

-35F

-4.0

mSISSO

&
Fe,

1%,
g

(c)

e

i q‘Q-‘ > 1 A

Training set
Test set

L L
—4.0-3.5-3.0-2.5-2,0-1.5-1.0-05 0.0

True

(®

e

mSISSO

XX
B

x B

B

0.1 0.2 03 0.4 05

MXGBoos!‘ feature ihponance

2 3 45 6 7 8 910

True

0.1 02 03 04 05
MXGBoost feature importance

| 4 mGPTIPS(a, d)F1 mSISSO(b, )X} 3624 F HDPs () E A1 E, Tl 2518 B, €0 i R om il 2k
O - B S R, R SRR A - TN A5 R, B (e, DR 1A MXGBoost
A TR I P B A
Fig.4. Parity plots of Erand E, of 3624 HDPs predicted by mGPTIPS (a, d) and mSISSO (b, e).
Blue points represent the predicted results for the training data, while orange points represent the
predicted results for the test data. (c, f) show the feature importance rankings predicted using the

MXGBoost model
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FIRBLER AT 5T BIAAR S A R BN AR R T 1A R R 6 G ) 2K

=

G WRREE, yeid s R IR ARG R R IE AR TS T A 7E
i MR R b, AT S TR 4F) Shockley-Queisser(SQ) IR IR BA K
AT B AR SR S RIBCRE I, TR E RS 5 BRI Z10 1.3-1.4 eV

% 8 3 PBE 2 R BEAETE RGUMEARAT IR 22, i Gyl 7E s PEREAT LI IR, X
PR IR 3 I8 P 2 1.0-1.5 eV fERLIEAE b, SEPLa87 g R, *t
MEHE Er R s TR0, DML Se R BRI R e B s ik ik R b5,
SH . Eq 5Ra0E MRS AR 8 DFT 15, Uit S 1454
VR, BLFRRETT AN YRR LA RIS, DI IEATL &% > Tl () T 51k
B, B SEE IR I S IR, FERETEE € T NaHgZnFs
55 TLPbSnFe Pt [ /& Ee~1.0—1.5 eV H B H AL L% HDP {5#ik
FHBE, LB IR THON 40, S B a=b=c=11.49 A. a=F=y=90°[I45 1 I H]
R IR AT SR AL . O T IRE R AR SR I AR e 1, FRATTHEE T\ A
T Goldschmidt ZZERF 1 ¢ MFTEZR 1778, R WE 2 Pos. fE
T1.PbSnFs (1) 5448 1 #7(9.49 A) KT NaHgZnFs(8.57 A), TEZHT TI's P M
Sn*' B PR AR BN S EUM IR . W S A R R AR B R FR T m AR

[ B 2oF1 ¢ YLEAS AT Fa 5 0 FE 19 (0.41<1<0.90, 0.80<t<1.00), /NT 4.18, #
B M R A 35 DA E A BRI 4544« AHELZ R, TLPbSnFs BRI e ¢ UK 7,
R S RUCECSE Y5 . B H FRAE Sy A5 HLR A TLAT AR b e/, DR it A

¥ EE NasHgZnFs £ 5E
K2 AR S Bands S HU R 8 TR b

Table 2. Optimized lattice parameters and stability metrics of the crystals

Structures alblc 1A alfly I° 1 t T

Na,HgZnFs 8.57 90 0.66 0.87 3.97
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TLPbSnFs 9.49 90 0.82 0.88 3.74

3.2.2 W45

5 &7~ | NaHgZnFe il TLPbSnFe [ HL T 4514, QIEREH A A%
J& (projected density of states, PDOS) A RE 7 T i FELAT 25 B2 . 4 P& 5(a)FIE] 5(e)
Jfi7~ , NaaHgZnFs i) PBE E, 4 1.41 eV, TLPbSnFs N 1.02 eV, H. ¥ #4115 i (valence
band maximum, VBM)AI-5 )& (conduction band minimum, CBM)JAF I 4,
T ZHBPNEEAFR SUAAR, B E, TS R . HSE06 15
1FEIM E. 70508 3.40 eV AT 1.73 eV HIE S(b)FTE 5(H PDOS #5473 b el 15,
NaoHgZnFs [f] VBM H F f1 Hg JR FHUIEM L viik, CBM H Hg i FHUIEM I
LETTHR. TLPbSnFe 1) VBM H F Al Sn J& F4UIE M EZ 5Tk, CBM i T JE-14L
B EETER. y TiE—2 0 VBM M CBM HLfa AR AR AE, FRATTTHE
T PFRRE R R, R 12 5 i (inverse participation ratio, TPR)PYE AL

T TR RECTEE, PR AR @) R
IPRzl/N-(Zkfj Ik} )

Hort NAREERFERIRS A & ARFRAEA WIS ) i er &5 B2, IPR BUEVE Y 0 3
1, BUEB/MRER BRI B Se)ME S(g)Rn 12 MR y 57
VBM Hifif (T A5, B S(d)FIE S(h)E7R 7 CBM L S A 1 1, 5 48 (A X 45k
REWAHERAL, ROBEBTA AR EE R, 458EY, TLPbSnFe
f¥) VBM F1 CBM HLT /341 #5) Et NaHgZnFs 54 A3, IPR 23 % . NaHgZnFs K
0.137. 0.304 [%% 0.057. 0.224. R4 Franck-Condon JRFRM, Ff fif 5 vy ) J 1
WHRHE S BT 5 2 RO A E S, MRS E A, AR T KR
FAFamIRTHEHERE
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Fig.5. Electronic properties of (a—d) Na,HgZnFs and (e-h) TL,PbSnFs: (a, e) band structures; (b, f)
PDOS, (c, g) charge density of the VBM, (d, h) charge density of the CBM. The Fermi level was

a3 2

setat 0 eV

3.2.3 AALHREE

AR AR FH B2 & % NaaHgZnFe 1 TLPbSnFe BRI PERERISEM, AHHF 5T
MNZERLBRIE ] B SR LSS SR = A 7 T 328 B AR A ARAE s BRI 10 AT LG
B o TEESERD SLERRE T, TN A A7 B 4 B AL BRI (Am) HL A AR IR BREATE
e, AR G AGE  B R AR Rk, AT IEEC T NasHgZnFe
A TLPbSnFe (1)) \FhAAE fE SR B EAT 04T, RS =P L8R (Vie/ Vi, Ving/ Vs
H Vzo/Vsn), = FhE] BEREE (Nai/ Tl Hei/Pbi A1 Zni/Sni) LA B Ff A 5B (Nape/ Tlpo
1 Nazo/Tlsn)o AHRLIERFETE AR FIRIT RE G A& 6(a)—(DfT . FEZALBRIE T,
NaHgZnFs [ Vzo Al TLPbSnFs (1) Vo HI(—/0)~ (—2/0)ERIERE S 733 75 F VBM 0.28
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Fig.6. (a—c) Na,HgZnFs and (d—f) TI,PbSnFs defect formation energies: (a, d) vacancy defects; (b,

e) interstitial defects; (c, f) antisite defects
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FEIL T NagHgZnFs 7 B 19 FELfir 20 A1 BN R 38(IPR 73718 0.057 A1 0.224), H
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wm)SEI 7RG R ER O SR (SLME N 28.01%), oo HIAR S A Bk Fa 2 22
PERDG R PERE . 25 BRTIR, AR T e B, RCH AT R A8 2 =) I AE
B, IR % H MR RE SR TLPbSnFe MRH, AHRZE BT B m vk e e fi A RHE

7 IR TR

BAREE . WLas IS i 7458 available free of charge via the internet at
https://github.com/LY B-maker/scripts/tree/main/ML_RF outputs.
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Machine Learning and Symbolic Regression Guided
Screening of Halide Double Perovskites with Superior

Optoelectronic Properties’

LIU Yanbo LIU Jiadong XIONG Qing ZHANG Wutong ZHANG Zhaosheng’

(College of Chemistry and Materials Science, Hebei University, Baoding 071002, China)

Abstract
To meet the growing demand for high-efficiency optoelectronic devices, it
is imperative to accelerate the screening of halide double perovskites
(HDPs)—specifically the A;B'B""Xs family—that possess exceptional
optoelectronic properties. In this work, we systematically investigate the
predictive performance of multiple machine learning and symbolic
regression approaches for formation energies (£y) and band gaps (E,)
based on a dataset comprising 3624 HDPs. All models were implemented
within a unified MATLAB framework, including eXtreme Gradient
Boosting (MXGBoost), Light Gradient Boosting Machine (MLightGBM),
Random Forest, and a Residual Gated Neural Network (RGNN), together
with symbolic regression methods GPTIPS and SISSO (mGPTIPS and
mSISSO). The machine learning models were trained and evaluated using
five-fold cross-validation to ensure robustness and generalization
capability. Among all tested algorithms, MXGBoost exhibits the best
predictive performance, achieving coefficients of determination (R*) of
0.984 and 0.816 for Erand E, on the test sets, respectively. Furthermore,
symbolic regression analysis provides explicit mathematical relationships
between structural descriptors and target properties, revealing that the
electronegativities of X-site anions (yx) and B-site cations (ys and yz)
play dominant roles in governing both thermodynamic stability and
electronic structure. Based on the combined machine learning and
symbolic regression framework, two thermodynamically stable direct
band gap semiconductors, Na,HgZnFs and TI,PbSnFs, are identified.
Subsequent first-principles calculations are carried out to validate their
electronic structures, intrinsic defect properties, and optical responses.
The results demonstrate that T1,PbSnFs exhibits more localized charge
distributions near the band edges and a significantly reduced
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concentration of deep-level defects compared with Na,HgZnF¢, which is
beneficial for suppressing nonradiative recombination. In addition,
T1,PbSnF¢ achieves a high spectroscopic limited maximum efficiency
(SLME) of 28.01%, indicating excellent optoelectronic performance.
Overall, this study establishes an efficient and interpretable computational
framework that integrates machine learning, symbolic regression, and
first-principles calculations, providing valuable guidance for the rational
design and discovery of high-performance HDPs for optoelectronic
applications.

Keywords: Perovskites, Machine Learning, Symbolic Regression, Electronic Structure,
Intrinsic Defects
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