a3 8 & 2024F $69% £ 34 H: 4967 ~ 4982 ¢ CRER2E) Jedait
EANZES AR REL SCIENCE CHINA PRESS
CrossMark

& click for updates

SRR R phes g AR AR A sk i

WA, B, 3Lk, BRI, A4
WL T AR B, BN 310058
* B & N\, E-mail: guannanwang@zju.edu.cn

2024-06-26 Wk, 2024-08-08 15111, 2024-08-13 $35Z, 2024-08-14 MR A& F
R AR E4: (12322206, 12002303, 12192210, 12192214)H1E T S8 & H-R1(2020YFA0711700) %5 B

i EHFMHEI R Z AN MR, HFERREFI T ENHATRXR BT R AT
AR RT HW AR KT, REFIEANEGENATE., FARTRENSHELEE, FHILE
DA AR, EEHFMBAT RN A ZER FANEERENE.,. ZAEREAKBTEREFRREN
BARE S 7 AL T AT 43 15 B 80 # 4 W 4 (physics-informed neural networks, PINNs) [ DL it 4 4 22 408 5 5 &
3] RS A, AR IR AL, AT R A R N E R A G A TARTUR Y R 7 ok, IF b T Bk T R B At
RARGRMET FA B, 5T E4H T MAR K 7 W AR R AR, A ST 3E 34 5 AT BH4TR o PINNs 77 % 8 b2 B 984T 7
GG, K4 T PINNsIE 5L 3F ) AR} F] B4R 8 09 Tk, WA M7 R S M 7 ik, R4 T 404 KPINNs
EARBREEE MR, REL. 62MEN. AT EERGEEESMEAT LA, £ b, E

ZTH—F WK W, %7 TPINNsE I AR EERN, T2 8y BLA AT &

Keptinl

AR BRPR IZ B T AR . AR SSE
FrRRE S50, HOE KR 2, QLR LT 4/ Ry i
AR SPYEREE L. mYERERIh. B aMETSE.
FEXTARS BB AT EE . BUE A ST SR LR Z
WATS, EEH TN ARG 1 PRI
IR b SR TREEE M B BT 2R . AR Ge iy B 75
VE PSRRI R A, S RARR R B A e, H
JELXINB RN T 1 AR, R R 3] e 1 4
W2y oA — R BB, JFAE LAY BRSO
FERE A EE MBE DT, T s IRALSE 77 14 0 Bk,
TERIE 2 S D7 iR G R AT, ARSI R Rk Ay S
RSk B2 BUS TIRERY AR, HA o [l &
SRAT LAt S0 75 R, (EAESR A A vh 23 T )
PRSP AN 5 R AT I 55— T T, B

WG B E W%, TR, EaMH, REF

SRV (AT BROT )M )R . SRR 5 DX e e
AU v IR I P, PR TR AR Y AR ST
AR AR E A AR

145 TGPURFTH R MLBE (T A PRI A Jig, AR AR IR
Ji 2 2 DR BRI B ARIEE e R
WUR™ . SR VSRS T A PR S,
FFIEBL T 5R RAARLENE RAGEITRE T DU A A5
PRI 2RO T T RE LA e AR ) b B
B, NI TR B TR AT IR
S GURIITTIE S I AR B R, —E R
i pR T AR . SRS S ) RS TR R Sl i 12 v
PRy, B T E KRB S SR,
TREE 2 TR 2T RERSR A T, A S PR e H P T
AAE AL B AR, 2SR H AN B e

SIS PRNEE, BEAOR, 222800, 55, BT WIHE BN 2R W28 A E R PR AP oe e . B34, 2024, 69: 49674982
Lin CJ, Lou J B, Li Y X, et al. Recent progress on mechanics investigations of heterogeneous materials based on physical information neural networks (in
Chinese). Chin Sci Bull, 2024, 69: 4967-4982, doi: 10.1360/TB-2024-0683

© 2024 (PIEREE) Akt

www.scichina.com  csb.scichina.com


https://doi.org/[object XPathResult]
www.scichina.com
csb.scichina.com
http://crossmark.crossref.org/dialog/?doi=10.1360/TB-2024-0683&amp;domain=pdf&amp;date_stamp=2024-09-13

MG 8 & 20245128 $£69% $£348#

BRI 24 2 5 B B BB AU, (A5 sl g
GO BE 27 2] B R 1 RSF; 550, TREE2E 2] ik
(Y ERA R BE AR CRR BE AR T B5HiE 1 45 o o ot i
SR AR, T R T A A A AR RO T 20
B ) AR

RAMTH 2, PR A 9K sl g7 A5 ] SE A BRIS AR
P, 2 TR N A7, (HR 2 i B AR AR A
A AR Z B T ECEy . b, B AT TR A R
{ERAS R VA B — MR, OB A o M A v
TPREEERE, FESRE. BAEAXE. SYEH
PR IR I, R 2 ) O LA AR R B
HEITREST TR L Ak LG v AU oo A s S0
B R B2 EOW PRI RE LA B AR A R Bl A
FRH I REE. 25T LR T4 H LIRS, Kiese
D7 R Y BRAE BRUR % & R IR B 4 S ik a5 &
8 O B i e, BARBAE201H22904F4K,
P [ 24 5 sk © 2 g 4 R O 25 TR g oo O
N (2D ES B T L B RSNl 7 Sl s Bite
HiAT KRB, AR, B AR Karniadakis
2 NSO E R X — ARk, IR A4 B
M2 4% (physics-informed neural networks, PINNGS),
PINNsZE W AKAS T 1z WIS FN: FH, B i P
PINN s 2 Jo 56 (1) P BRI R 38 5 I 28 5 B T T2 R
P, R MR F T —E R RRE, ReTEL
UGB 20T H Sl e B R S, SEEt
P sh, JFaeiemis iz, Az etiae. AR B
R Z R B 2 HLAS [ 2H 0 0] ) S T Ab S AN T 4
R, WFTEA AR B AR & 22 03 3B A
BRSO BUE AR T, — e PR L BRI T ¥ o [
A RHRFSE S0 . TS A B i F e
JHIFUA PINNSTE 359 [543k Ay 11 1oz FH B9 5 1 S fi,
S A MM AR LN E R BRI AR R R, BORBZ Y
5T TF U3 2 RS A T PIN N s fiff DR | 25 S5 R4 el 45 38 P4 1)
[] .

FR AT = H) H T JCPINN s 78 247 o [E 444 R1H45
BRI LR, ASOH ICHE T T R4, TR
FEhh LR TR T . S, /44 T PINNs
FEA JFUHE DA KXo AR 28 SR R ) T i A 7 () it SR
JG, ST PINNSTERURL/ AT AR M kL. A 4
TR« TRBE A LA B HL At A 357 J5 W1 4% ) 2 e 14 18 FH
JE, AYRTCAR T TR, RE T AR
Jr1A].

4968

1 PINNsJjiEMBE B i g

1.1 PINNsHJBEA T8

VMR T R R R i b, B ARt 4R
S0l 2 S FE AR IR S AR L iR B, T
KT LB VE T R AR REGE T AR, 7T LAE S Z4K
HIREE LA AT B R AR Lt si gk, XN 2R 4 H T W
o TR R RS T RTRE. S — I, FETFIREE AT
Ve T R A SR, wT LR R 3
T T LA KR IO 1430 S AT s 25 o 281) o 22 D) 24
A BRI 20 R 25 )11 2, X & PINNs ) — ik 11
SO ARG 7 AR AT DR BRI IR T R B
DI BN IR 7 R sl W LIR O e,
T B AR AR O 537 IR 2 1 7 U PINN's
ghb. N IRATTLASCER LB 2 M Burgers Ty 2 R 171,
7 1 54 27 PINN s fif S A< vk J g !,

Koy =y Y (1)

i =0 (1) & HAT A3 1R iR 2% A Dirichleti) 45
MZGMEBurgers T 2. uR/nHUE, vRORENE R, AR
BFE], xFmiike. (E5eR) AR T DL o H K
WL I FEFAH TR, SR AR EOMERRAS B, AT LLIE
A PR 25 3 535 A IR OT A5 k- 7oK A, TTPINNs I
T 2B FAS . QR TRt 2 2 P Burgers 5 2
Xof I B EL AR PINN S5 412 0 i 2R HE P f 4o 22 R 2%
TR B 45 b i AR B T O AR AR, AR 2
EE A DU ot 2 X % 000 1) i 64T B B, AR T i
T R ZE 0. s 1) FH A 2 IO 5 000 1 e 5 a0
LR AR TR BN R sk 25 10, [l sl o
P14 7% 2 T [ g o 22 DO 286 P 483 2 pRIEC:

PDEifit :

|
I
:
I
(Buldt+u(duldx)-v(&uldx?))* :
I
I
I
|
|

SR <R—/\FEE?

L s

1 (P2 R (0 PINNs S5 #) Bt B ™)
Figure 1 (Color online) Structure of PINNs and computational flow™
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Figure 2 (Color online) PINNs based on domain decomposition and interrelationship. (*): In cPINNs, each subdomain corresponds to a separate
neural network™”, and local trial functions are used. In hp-VPINNs, only a single deep neural network is employed, and trial functions used are
globalml‘ (**): Different subdomains are distinguished by different colors, and black solid lines represent interfaces. The graphic “C” is used to
represent the simple domain decompositionm], while the graphic “X” is used to represent the complex domain decompositionm]. (***): Domain
decomposition. The computational domain is divided into several subdomains, then the neural network is constrained during training based on prior
knowledge of the solution within each subdomain to improve the accuracy of the solution in subdomains. Concerning heterogeneous materials, the
computational domain can be divided according to different components. The specific network structure may be different
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Figure 3 (Color online) Classification of PINNs for applications in heterogeneous materials and corresponding literature
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Heterogeneous materials are a widely utilized concept in the field of engineering. The explosive development of deep
learning methods in recent years has introduced new approaches for addressing many complex problems within
heterogeneous material systems. However, deep learning, due to its high degree of parallelism, nonlinearity, and numerous
complex parameter operations, is difficult to interpret intuitively. In the application of deep learning to heterogeneous
materials, challenges such as generating physically meaningless solutions, low generalization, and reliance on high-quality
and large datasets are often encountered. Physics-informed neural networks (PINNs) effectively address these issues by
integrating physical knowledge with deep learning methods. Consequently, PINNs have gradually become a popular
method in the fields of solid mechanics and structural engineering, offering new ideas for predicting and designing
heterogeneous material systems. To better understand the related research work, this paper provides a systematic review of
the application of PINNs in the field of heterogeneous materials and summarizes the improvements of PINNs adapted to
the characteristics of the problems of heterogeneous materials, including the use of the idea of domain decomposition, the
use of reducing the order of derivatives to cope with the poor training accuracy of the network resulting from the higher-
order partial differential equations which describe the problem, the combination of physical information and large models
to cope with the increasingly complex physical problems in practice and other types of physical neural networks such as
deep material networks. Subsequently, the practical applications of PINNs in heterogeneous materials are systematically
introduced, with the most extensive applications in composites, concrete, alloy microstructures, and elastography of
heterogeneous materials, etc., and are mainly focused on thermodynamic problems and material properties (strength,
fatigue damage, etc.), as a large number of theoretical models of partial differential equations (PDEs) have already been
accumulated in the research of these areas. On this basis, we look forward to further research directions and highlight the
prospects for more in-depth and extensive applications of PINNs to heterogeneous materials. Three main points are
mentioned: (1) Different types of problems cannot be directly migrated to use PINNs trained for other types of problems,
which limits the generalization of PINNSs to a certain extent. Is it possible to develop a generalized framework for PINNs,
so that arbitrary partial differential equations can be solved under this framework? (2) Nowadays, the application of PINNs
mainly focuses on the mature heterogeneous material systems, while the emerging materials, such as meta-materials and
nano-materials, have fewer applications. On the one hand, it may need the development of related theories, and on the other
hand, it can be used for the construction of new network structures according to the new characteristics of the new
materials. (3) At present, the training of PINNs on heterogeneous materials mainly uses single-source data, but some
scholars use multi-source data to train PINNs. Research on training PINNs with multi-source data can be carried out to
optimize the network structure of PINNs, and further improve the PINNs in terms of reducing the cost of data acquisition,
accelerating the convergence, and improving the prediction accuracy.

physical informed neural networks, heterogeneous materials, composites, deep learning
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