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Fig. 1  Workflow of performance prediction model via

machine learning
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Table 1 Feature property parameters of perovskite data sets

No. Prediction property Adding property

1 Formation energy Electronegativity of atom A
2 Density Electronegativity of atom B
3 Band gap Effective radius of atom A

4 Volume Effective radius of atom B

5 - Effective radius of atom X
6 - Energy above hull

7 - Nites

RYEAT I EAR R PR &, B THLER = 211
PR AR R TN AR A T VR AN .
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B TR TR BiRE . PR B dnigik
X 4 A REREAT ALY SR
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B0 A AR O R AT VA

4) BERNH B I 22 AN SRR
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N T SR AR BT, AERE Y I S i
XTEEHAT G . KRV REEEE NG, AT
S WT RF Hik, @k sk £ s s Kk
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FRAHCH 40, HTEBARMFEARSEREA R, K
B AP REW S EE. 5T SVR-RBF 5
SVR-Linear 532, i kAR ik £ 5 A N 15 T T 2
N 1.5 0.5, % RR Hik, HTHEALEHEAK,

*=3 ISAEMSLERLILR
Table 3 Fitting results performance comparison of training

set

Evaluation index

FULEEB NS, R, . sk oY M T T e R
JE 1 1 2 H R kAR FE AT SR RF 0.0700  0.0270  0.9454
Formation ~SVR-RBF  0.1249  0.0503  0.8983
3 g:él: % 5 5:,\ 1:)? energy SVR-Linear 0.2154 0.1274 0.7420
RR 02331  0.1217  0.7537
RF 02348  0.1029  0.9315
{I8R LAE R RE N, 3% 2 %1 T RF. SVR-RBF. Density SVR-RBF 02808 02376  0.8420
SVR-Linear. RR HIE M2 XEGHIESE R . FK 2 HhAT LA SVR-Linear 0.9094 13173  0.1238
F i RF BVALEAS XCIGUEM) 10 kA, H2h AR RR 09111 12737  0.1529
FaE PR T, Xt B 2 VA TR SR T i e A A AR I RF 02041  0.0858  0.9607
OB AR . RIS, EFXTArRR. S5 R AR AR R Band gap SVR-RBF 04232  0.6134  0.7188
PR AZ S5 UE 45 5 RE U B AN [R] 55325 o A [] g P 2 SVR-Linear 0.8208  1.4811  0.3209
PEFE SR, 7B e R R I SR A8 RR 0.8705 13664  0.3735
BEAT HE— 2D PRl RF 11.1 4351 0.9847
SVR-RBF  101.7 294104 —0.0373
2 TRHLAERAE X RAIESS Volume SVR-Linear  27.1 23354 09176
Table 2 Cross validation results of formation energy RR 18.4 790.0 0.9721
Formation energy/eV
Test No. . .
RF SVR-RBF  SVR-Linear ~ RR F 4 AN R L
1 0.2379 —0.5595 0.5520 0.3701 Table 4 Testing results comparison of training set
2 0.9469 -0.0390 0.8792 0.8129 Property R? value
3 0.7715 0.3404 0.7476 0.6781 SVR-RBF SVR-Linear RF RR
4 0.9551 ~1.2600 0.1070 0.2523 Formation energy ~ 0.4202  0.7964  0.6622 0.7761
5 0.8405 0.2031 0.7485 0.6712 Density 03260  0.0596  0.7246 —0.0864
6 0.7249 0.1315 0.8191 0.7694 Band gap 03512 0.2495 0.5783 0.4155
7 0.3566 0.2561 0.5340 0.4132 Volume 0.1765  0.9680  0.9394 0.9742
8 0.9222 0.0214 0.9305 0.8447
9 0.2225 0.0387 0.3515 0.3385 ZH: SVR-Linear. RF. RR ZV:HE T 0 T i RS (1 iR
10 0.5823 —0.2729 0.4831 0.3041 BEMERE G, X T % B2 40, SVR-REF. RF HiAHAY

% 3B T FI AN R AR ()1 S e VA 45
R, BT SRR B R R S B K (0~1000 A%,
= 3 BIEAER M Evags Erwse 15 R HAD 3 A
FEK. RF HE5T 4 M RRI ISR il AR5 4, mI LA
fBRE 90% LA L) 284k, X R FUNTE ISR A A
PNGORTRVTAN N N RPRINE S0 AP b SINE RS RV E S
FELF. 1M SVR SR R% o 51 1% 38 LU RCRUR, TR bkt
FTARRERMERESEL, SVR-RBF Ml SVR-Linear 5%
AR HBRMZEN

53 ARG 1 2 A FE RO 1 4 A
PEREHHAT AL . 3R 4 NIPALEE R, MR 4 T

PIREREIE B s X TH5 B BE, RF. RR BVEBLAY [T
fRREMETE AT X TAAFU4:RE SVR-Linear. RF. RR %
ER R AR RV T AT

WP LL B, G562 EIESALE FSLE
LB 2)rT LA, SVR-Linear SyFA5 S ik
Ae M RE IR SE BB UT , RF Sy AR 0ok 2 B 1 e A4 0
NG R UF, RF BEBR0 A B 1 e i i 25 S
If; RR BIEBAUHARFMERE R4 SR A iif . SVR-
RBF X 4 AMERERIIHASS RAAH&LF, X2EKA
SVR SER T 1% R B = 4E (11 2 B 5 e e T AN,
JoH & RBF AU SVR ik, X 4 ek
MREIEEE, RF BVERRIL T HARIER R
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Fig.2 Testing results comparison
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Performance prediction of perovskite materials based on
different machine learning algorithms

ZHENG Wei-da'®, ZHANG Hui-ran**, HU Hong-qing?, LIU Yao?, LI Sheng-zhou?,
DING Guang-tai’, ZHANG Jin-cang":*
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Abstract: Due to the potential application in various fields, there is great opportunity for further research into the basic

physics and chemistry around perovskites. In this work, four machine learning algorithms prediction models have been

built. They are random forest(RF), ridge regression(RR), and support vector regression(SVR) based on the radial basis

kernel function and linear kernel function. They are used to predict the density, formation energy, band gap, and the

crystal volume of the perovskite materials. The experimental results show that the RF method can effectively predict the

density and band gap of perovskite materials. The RR method can realize the prediction of density performance. The SVR

method of linear kernel function can realize the prediction of the performance. This study shows that different machine

learning algorithms have different sensitivity to the distribution of data set samples, so different methods should be

selected to predict different performance parameters.
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