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Fig. 1 Summary of publication quantity on Web of science in the past 10 years for “machine learning” (a) and “machine

learning” + “materials” (b)
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Tab. 1 Common machine learning algorithms in the field of materials science
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Tab. 2 The comparison of several machine learning tools

T HXF b faj A [ 41k
MATLAB ~ MATLAB J&—F i vk 68 /Y 4 B2 15 5 R 3R BT L 35 2 1 T 8008 7158 5080 43 i fn https://www.mathworks.com/ %]
BT K.

Weka SR T IR AL &8 2% 3 APE T E 4R AL SR 0 Bl 2 IR S AR P A A i A https://cs.waikato.ac.nz/ ML/ wekal'1]
T, TR A4 R R A

OCPMDM #4722 i LAR 5% 20 50k T 1 2% A 450 0 5008 43 530 2 4. http://materials-datamining.com/ocpmdm 2
TensorFlow TensorFlow f& i Google JF % (1 FF YR I8 B 2% 2] HE 42, I T #4 2 Al 25 4% Fh Bl https: //tensorflow.google.cn /13

A 2 BEAL SR S AR A SO e AT B
scikit-learn  scikit-learn J&— 4~ FF U AY Python HL AR 2% 2J 4, 42 44 T 3 & i 58 K f 1T 2 A http://scikitlearn,org! "]

SR T R A2 U O 23 B FORIL 8 2 > B0 0 A g S5 T4

2 HSEFINAEMBSUEN —RRE

BLAS 2% 2T FE ARG 1 N F B 76 DU e kit % B A MR B FR PR g 5 L i R 3R 2 A OC &R BIL
o 2R HT LR S8R J BLAN A BHE R (9 D0 A B RE B FR P B A2 B AE AL 8% 7~ @A h d AT AR H A
70 b B PRI g AR H AR PR BE 9 52 0 R 3R AT B B AR i REAE AR i R R AT L A4S O 3R A R S5 R AR R RS
5 S5 A1 4 R ORL SIS P AL 5 2T s I A — i it R A A AR v A R IR TR BN O B BRI TEALD L LA
RN 42008, an &l 2 BroR.
2.1 HBEAEE

B A 00 A R ML 2% 2 S AT B Y S B D IR RS M AR Uy X 3R A A S 0 = B R S K L 0 T
SCHR H B AT A O LA KRT A SN AR L S 0 O LA v 1 T AR B E 5 e S e R A A T RE
A A v A ) SR Y R S 48 o O S R TR U AT R ok R T R I HL B — BOME N B AR IR 45 b
B 4 A R 1 AR L (E AT S Y O T M ASC R B R P AR . B AR 2 U T Y B AR A R AR SR 3 b AR A
R RO 5 B A I i % D) AH G RG ME T RE R SR A B TR s B RS 5 5 [ 28 i 2 ) AV TR DG &R L TR RS
5 22 R 1) B5 Al A DU xfE L 52 R R e 00 s8R S e i I S 3 o X RS TR AT T R AL B A0 Ak P A



% 4 TSRS 5 T LR T e MRt 123

FERRME R HHEBIRE e
BB A A I B A 4
X T LA BOCE
2L, AN B & R UE 8 IR
2 AL R Al o A 5 1
e 2 Rl
22 HEIR

Rk A2 4 2 5 4k
PRI SC Y H A2 o IR
TR M R K el
R AR AR B A I R B A
R AR A A S R R AT A
R B P A I AR

Y
BRI R et

.....

T

VAN

o i

Ol H Ok A SRS O o : HHAE
T IR A 3 e
¥ 5 S (5 B 44 BT Fl2 LB TR R SRS — AR

Fig.2 The general workflow diagram of the application of machine learning methods
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Tab. 3 The common material databases
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Machine learning-based materials design
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Abstract: Material innovation has always been a crucial driver for human civilization, and with the growing demand for
high-performance materials in modern technology. the importance of materials science is becoming increasingly evident. How-
ever, relying solely on traditional trial-and-error methods and first-principles approaches for complex materials design has sig-
nificant limitations. Machine learning has evolved into a new paradigm for materials science research, enabling high-throughput
screening, performance prediction, crystal structure prediction, and material formulation optimization through the analysis of
large datasets. The combination of machine learning with first-principles methods in materials design has introduced innovative
approaches to material research. This review looks back on the applications of machine learning in materials design and explores
its potential applications in accelerating material innovation, reducing trial-and-error costs, and customizing material design,
providing an outlook on the opportunities and challenges in the field of materials science.
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