hERSE: YIRS H% R 2025 F ¥ 55% 55 8H): 286105 </ CPERE ) Zekit

SCIENTIA SINICA Physica, Mechanica & Astronomica physcn.scichina.com SCIENCE CHINAPRESS

T R ASH R ST S48 CrossMark

NEFIEEReeRTEASEHMRFINA

thtZE, BEE, AR, 38 -F

MRz, WA B & BOR SR F R E Ak %, et s ipr e, 2252 5 066004
*Ik & N, E-mail: shidongfeng@ysu.edu.cn

Wieke H 41: 2024-08-29; #:52 H H1: 2024-12-09; P2 Hi fi H #: 2025-03-11
B X BHRR ST 52271154, 52271155, 52471185). H K H KR ZRTHH| T H (45 52127808). W db& H ATHRI(Gi 5
E2020050018)F1 [ 5 # g i & 1K (45 : 2018YFA0703602) %% B

WE FR4LENHFALIRALEMN, BAeREMEMERSEM A AT, ZEMMERE T H K
B kReeMEREFTUTFARAEI, AHEAERTER VT ARERZEGEEZTIE TN, #HIR
FEFEHEER LB AFX, WBFIBAEZTIBARLFTRALEANES. AXERT AIHE
W 4 (ANN). X # [ EH(SVM). # Z 42 7+ 1k 55 5 (GBDT)Fo % 3% 4 £ 12 7 #(XGBoost) £ WL & % 5] B ik &
Aé@%é%%ﬁﬁ%*%fﬁﬁ&mﬁﬁ?EME%%M%&%M%#%ﬁm,#%éfﬁxm%#ﬁ&ﬁﬁ
FREETHARTNRETE. BILEFI TR ERAMBREFRARBE S, HERE L AR MR T
W42 (k357 o B s

KigiE FEes, BT, RTEH

PACS: 61.43.Fs, 02.70.-c, 71.55.Jv

jilllg

1 5 SERDREUL IR B, HLES STHER YD R, I
ZRNHT a2 AER NS S, 19865, RIAfEREHIE

HLES 2% 3 B 70 AT LB BI20 tH 2040448, 241 W, X f A A SR, HESh T A N 4
McCullochFlPitts!' e A T2 4122 /4 44 J2 AR 78 1 2 W E IR AR ANEL 3201 LL904ER G, 2Rk ZE
HLES 2 3] R B SE T 3ERH. 19584F, Rosenblatt 472 H HLES 2 SRR 4k ), 7E T RCR 3R B3 1
TRFINLEE, X EIEREL T AR 2 2, AR, iR 1 s s KR HESh T L8R 2T
EIARN TR BER EIIZ O . L, N TSmOk SR, BE A S AT 568 704 R i & PR 1
B, MR — ARG, [F—8f TIX BN IR . 21, FEE S
W, i FITEH AU R IME R, BLE ERRR, KREURE 5P 1A T ISR R R, sk
IR SRR T B SRR, 201HA0804FEAR, HLAR A TEIRIIHA. 20064F, “URPESE IR HAR H, A
SISk T ARRNEE XM RAMPUE K. SRR B ZARGEE, BT AR g iR T, 1@

SIAMN: B2z, WER, TAR, 4. ILasE I 7k R e T ORI R ORI, s Rl YR 1% KO, 2025, 55: 286105
XuY'Y, Feng S D, Wang L M, et al. Application of machine learning in the study of atomic rearrangement events in amorphous alloys (in Chinese). Sci
Sin-Phys Mech Astron, 2025, 55: 286105, doi: 10.1360/SSPMA-2024-0362

© 2025 (PIERFE) Aktk www.scichina.com


physcn.scichina.com
http://crossmark.crossref.org/dialog/?doi=10.1360/SSPMA-2024-0362&domain=pdf&date_stamp=2025-01-09
https://doi.org/10.1360/SSPMA-2024-0362
www.scichina.com
https://doi.org/10.1360/SSPMA-2024-0362

WEREE. hERY: WY )% R

2025 F  HS5E 8l

B ERIA AR m I ZRA%, R B A% am R 2 o
BE WM. TR M P B2 S RS T KR
MR, FEAEZAGUR A T Sk iR 7 . il
FERIMEEFE P, 80 7 K 1) AlphaGo b L A &
TANBIETF, BRI ML)} B 22 AR %00 28R
R, 32 = 2 WikoR ), pLas 2 S e S gt
WA, RS TN TS a%s, AT RS IEES, A 32
BRVE N — DR, WA THL38 5 I 30T, JEId HL3s %
SURSIIAEE, SRR oAb, MR SITE
MU SERT H 2RE 5 AR ST AT )2 B RS
TERK, WIHLERBIE. SCARR S 1B RIS
ARG 20224F, ChatGPTHI K KL A HHOpenAIZ &
IERRAR, WG T X —3 N T e, ChatGPT/2 %
HTERES AR TR, fefs st bz, R
AEUR, OSSR TEDRE. #:%220244-8 H, Open-
ATFRE A TIN R ML 28 A\ ChatGPTHE 1% K H F iR it 2
¢, ARG SRR G IELEE DS, 20244F,
i JURY)H 2445 T John J. HopfieldfGeoffrey E.
Hinton, UAFRFZAA TR N T4 28 4 25 S AL 2% 2 >
(B R IR R B, LA 2 2] IETE T JA — AN 25080 Bk
TR, R R LI v g

TEMRIBLE R R DifE T, WELT 2R 50 7 k.
FHAR T 2 AT LA I FEah R s v R AT, B
AV IS S A W s AR B A L, SR
RE. MLJE, AORMRIHT TR 0] BE RGBT,
R R RIS A B T R R, KR
— RGBS EINAEH YRR AL TR
BREEIEAL, FEAHESHM B B RO ) B AK
I, QAR RHE AN [F] R ) 26 A R AT NI AL S R Fi
TEIR . AR I B S v e DA R S A S A
PEIZ R IE B S I RS R B . AR, AR A
IFE 7D, HME CALEROUL A BE R B RE T 5 BIMLAR;
BT IR A A A B PR L, A
FA ok —E R, 201 Lk, PR 45 k%
RV A HIBI I Rl LA B v ST B L, A4
BERFEE NP R R B, BEE (S B EAR A5
AR AR 2R, BHIF 5145 22 O 250 v 2
WA HER, Vs MNEmd. ylassdm TR
B AR RS KRR s, B2 2] T AR
BEER A E . %L HFE R, MORVREE U0
A R TR N, ST O LR A ) SRt

TRIRIRNL. AT AL GER 5L T 2 g B A B I,
LB SIINE R AR . Ak YRR, JF
MR ETE B 0SS, HLES2 S R BB 2B 5T
PAE T IREUE B sk AP EAERIR, P
5 ST BRI A T o R PO A AR, s LS
2, WHRE RGOS . iy TEE%
MPEREZ M HIC R, HESNEARIS) . IR SR
B AGHTE A, MR REAE T R LA

2 ERNBFEIEZEEN

Pl 21 N TR — AN 3, el FiEM
REHIRATES], RPN TR, i
ME2, Plasz it BN ERE | 35
2], JEARE P A g b E B A PR A TR . LR
PO EEAFEREES] . BB, B
RN s, BB S SR I A B 2R AT AR
WGk, Ao R RAMEIARE. 52Kk, Tl
AKX R HATIR S, A LEHLES B AT A FEHE R R
Shi, IEERLH TR s ) NE 53R
BAZ BT 2, EN T NSRS, ot
KRR 21 T7 3, HLESER Ae A E R T 52 A
F8, NG —ERE MR X G
BAFHANE, RAVLE GRS LA TR
L.

B2 1 L) M B 5 >0 G e B 2 ST B ALY
FEAR B, W22 3] RE N T4 I 4% (Artificial Neu-
tral Network, ANN). SZF [ &AH1(Support Vector Ma-

B (RSO E)HLAS 7 > 02K

Figure 1 (Color online) Machine learning classification.
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Figure 2 (Color online) Common machine learning models. (a) Artificial neural networks; (b) support vector machines; (c) decision trees; (d) K-

means clustering.
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Application of machine learning in the study of atomic
rearrangement events in amorphous alloys
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Qinhuangdao 066004, China
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Amorphous alloys, as a novel class of metastable metallic materials, are characterized by high strength and excellent
wear resistance. However, their brittleness at room temperature limits their practical applications. Deformation in
amorphous alloys typically occurs through shear bands, accompanied by extensive atomic rearrangements. Overcoming
the brittleness of amorphous alloys at room temperature hinges on the accurate identification of these atomic
rearrangement events, which remains a significant challenge. In recent years, machine learning has shown great promise
in this area. This review highlights the progress made in applying machine learning algorithms, such as artificial neural
network (ANN), support vector machines (SVM), gradient boosting decision trees (GBDT), and extreme gradient
boosting (XGBoost), to the study of atomic rearrangement events in amorphous alloys. It explores their role in
uncovering the underlying micro-mechanisms and anticipates future developments in the application of machine learning
to amorphous alloy deformation studies. By integrating machine learning with traditional materials science approaches,
new insights are offered for the optimized design and performance prediction of amorphous alloys.

amorphous alloy, machine learning, atomic rearrangement
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