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Table 1 List of important material databases or platforms
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Figure 1 (Color online) Machine learning assisted DFT calculations. The solid arrows represent the traditional workflow. The dashed arrows indicate

the DFT computational route based on machine learning methods
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Figure 2 (Color online) Three machine learning strategies for material discovery and screening

4734



P A

THRERIPERE A FETHAI B2 A AR AR R,
ARk, Esh ] BT Z M T AR AU B,
BEBRAKBRI, RSB R AR R4 4
S RN, AR A SR AR BE 1A R AL R A Rl
IGE TR R A B P T R . X AR
TURBEE DT BRI R 2 R T 2R SE H A TR
I HEZRAE, JREL T ALER REALAT AT 99 71

2.3 AL RHEEAE

TERP RS2 400, TR A BRAR BRI SO S5 48 5
FWMEREZ AR R B RH 2. 1948 THMES B T
BAEE . FARREE R R R SR
MEEEAR, FATRES AR AT AR R 7 R M B B, kst
B B RPE B TR A5 S 2R, BEE
IS (O, B AR B — N ER A HER.
TR — PR, A DIRE BT A Ak TRk AL
HUA AT I LERE. FEX— 5T, AR AL BRI
fiR PRI R IR TR IR TT R ARSI
B BRI RIS /A S B T B
71, GBI ATEAR, WFE NG RERE DU B R Ak B
TSR AR, TR ASZ 8 B B
MUEEAURIA,

AUREAE AL BSAZ D5 TGS T 5, W
AR R R, PR e T R R, DR
B ORE R AR SR AL T8 ) SR T R
WS BORHEL,  FVFERE N ] N A AEAR,
I T AR A BB RE. BN, TSR A R 2%

(1477595 L RS T i v rl 1 IO AT S5 A 90 R
I8/ O LRI i PR A, ATREBEH
REF A AR T A P 3 Sy e o o B A PR,
RIS T ). SO 1 R ged e, b
P TSI AR A ] SRR 5 A B R AR
R ATHOAR IEHE SR UG 55 FAE T B 1
— T, I TR A BRI REDE L.

AIBORTE MG AL PRATIR B ) S5 RE, i)
SETERMRIR . 328 WA A PRUR ARG 1 560 25 5 1T A
RS A RAE A T At 13 R SR (1813 (a)). X fi7S
M 2 AR oK 73 B AN TR OIS F I 1A T Bl 25
ST FTRE.  ATAREMEAST = 2ERE dh OIS F O TR A
FRAE, BT B U RE i 1 SCBE RO £
fltn,  ATE BN T 65 AT T U — 4k 5 4
L S URRPRHEIR M, LR AR 8O ST b
PEATARAEIRN, 3 B A 38 1 FA T b1 52
IRESHA R I, 30 AR T AR IR AR,

AT BGRB8l 2%
FERCE SR 55 0 W AR S B0 RO s g Ak L
TEHAE A BRI S3%) . AL E
TR R A . XLk A T R A B
e, $RT+ T SEBBE A SR AR AT L, (TN B RERS
HRA MR R PRI TIOULEE A

PE—AP M, ATE 255 WS SR DR R A
BRI P R Z R R, JCHAR B 57
WSS AR R -5 22 AR BE 2 18] SRS B O ARG, et
BT ML SR BERT LA (K3(b)). Bldn, (M2

SRIGHIE BB ML
(a) BFETRBBR
BIRHEELM BRERL&M SR

(b) MR

5% e :

B3 (MR E) N TR RER AR TARIRAE. (a) R Ik S B AR RHEMR 532, (b) TR LA T J7 10 ST Tl -2 WL i Fr e S5

Figure 3 (Color online) Application of artificial intelligence techniques in material characterization. (a) Utilization of deep learning methods for the
classification of crystalline material images. (b) Establishment of a “microstructure-macroscopic property” mapping relationship using deep learning

approaches
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Figure 4 (Color online) Autonomous scientific discovery based on self-driving laboratories (SDLs). (a) General architecture of SDLs in the field of
chemistry and materials science. (b) The process and facilities for autonomous material discovery at A-Lab
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Figure 5 (Color online) Automated synthesis workflow using LLMs as intelligent agents
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Materials science plays an irreplaceable role in driving societal progress and technological innovation. With the rapid
development of artificial intelligence (Al) and big data technologies, the research paradigm in materials science is
undergoing profound transformations. This review discusses how the integration of Al and big data is reshaping the
research paradigm in materials science (Al for materials science), accelerating the advancement of computational materials
science, and innovating the experimental process.

It begins by outlining the infrastructure development of material databases in the context of big data, which serve as the
cornerstone of scientific work by providing robust support for the storage, management, and analysis of material data.
These databases facilitate efficient data handling, enabling researchers to extract valuable insights from vast amounts of
experimental and simulation data. Subsequently, the review explores the application of Al technologies across different
stages of the material discovery cycle, including theoretical calculations, experimental design, data collection, and
synthesis. Al algorithms, particularly deep learning, have revolutionized these stages by enhancing the ability to process
and analyze complex datasets, revealing intricate relationships between material structures and their properties.

A significant highlight of this review is the introduction of self-driving laboratories (SDLs). Resulting from the
integration of Al with laboratory automation and robotics technology, SDLs have realized a complete closed-loop process
for material discovery, promoting a significant shift towards autonomous scientific discovery models. These laboratories
can independently design and execute experiments, analyze results, and iteratively refine hypotheses, greatly increasing the
efficiency and accuracy of material discovery.

Furthermore, the development of large language models (LLMs) has brought about revolutionary changes in natural
language understanding, leading to the emergence of scientific LLMs, thus expanding the capabilities from text
understanding to scientific exploration. The review provides an overview of the latest advancements in LLMs within
materials science, emphasizing their critical role in expediting the material discovery process. These models can parse and
understand vast amounts of scientific literature, enabling researchers to stay abreast of the latest developments and identify
novel research directions.

The review concludes by evaluating the challenges involved in building an intelligent ecosystem for material research.
These challenges include the need for high-quality, standardized data, the integration of diverse Al tools, and the
development of robust methodologies for cross-disciplinary collaboration. Despite these challenges, the substantial
potential of Al in materials science is evident. Al technologies promise to transform material research, enabling the
discovery of new materials with unprecedented speed and precision.

In summary, this review aims to inform researchers about the significance of Al in materials science, highlighting the
transformative impact of Al and big data on the research paradigm. It underscores the importance of developing intelligent
systems and methodologies to harness the full potential of Al, thereby advancing the field of materials science and
contributing to technological innovation and societal progress.

artificial intelligence, material discovery, self-driving laboratory, large language model
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