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Abstract: Although deep learning has significant achievements in addressing nonlinear and high-dimensional problems, it
faces challenges in complex scientific and engineering domains (such as high computational costs and data requirements,
the difficulties in interpreting its black-box nature, and the lack of capabilities for following the physical laws). Therefore,
a novel framework called physics-guided deep learning has emerged which enhances the performance, explainability, and
physical consistency of deep learning by integrating domain-specific physical knowledge into the construction and training
process of deep learning models. This paper reviews and analyzes the researches (e.g., methodologies, applications, etc.)
on physics-guided deep learning thoroughly. Firstly, the main motivations and theoretical foundations of the physics-guided
deep learning are introduced. Secondly, a detailed discussion is conducted on the two modes: the combination of physical
information with deep learning and the fusion of physical information with deep learning. The characteristics, limitations

and application scenarios of the two modes are summarized and discussed. Finally, the performance of physics-guided
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deep learning on various applications is analyzed. Furthermore, the challenges of the physics-guided deep learning are

discussed from four perspectives: computational complexity and convergence, biases while involving control equations,

dependence on observational data, and difficulties in knowledge fusion, based on which, an outlook for the future direction

of this domain is provided. This paper strives for providing research reference and multidimensional perspectives of

physics-guided deep learning for the researchers.

Key words: scientific paradigm; physics-guided; deep learning; model fusion; governing equations

PR I L HESR 5 IR RPN B2, Bl
hsxtaa )l 1 a5
20 0, A B I A2 W ) B 8 A A
A0 PR AER R TR HLEOR RS R
¥, Wl Ansys Fluent, COMSOL Multiphysics Al FLAC
(fast Lagrangian analysis of continua) 4§, E 8% 2 T
ABURR R 22 P BRI R, (HIX S SE T AUE ML Y
B PRSP 22 RUBE [l R I DR AR, a3 miiAs
R R A A B R 1 A R SOGT A b T 12 AR
I i | 22y = W B o W T o SR B b W b e
ZHE B R EE 22 2 07k R LR 6% [ ShHE BURHIE 5 3L
BT P RO Y 5 4 R S I e TR )iz N
EL7E EHR N AR JAS b RHE B 0 K SCE,
KR g MR IS T B R . AR B SIR
25 BAG VLT LA R (1) 2R G Rp v A HE LUAR (5 HE
R AS n] R v H 5 W3 AR AH — B 25 15 (2) ™
R Ui e[S I SR B2 € i N i S T S A
Tz ARE I AN 5 (3) MR T a A ORI i , 25080 A 3
Wk 3 0y, EOULIN SR AS R 3k oo b R B 25 AT g
R 2 D G5 RTCPAR BN N e B . BTt
R EA LR IR B 2 2] O ik i R PR 456 48
515 HLS S5 ARRAE AR TR 25 ) iR o
PR TR U

2205 e HRREEEE T TR K, ]
AT FEMRIR SRR . TEURBE 2 > G, X 4
AR ST R G YR E BN L RE R,
BERR YA S (B3I KX se PR A B T
fllA BITR B 27 2T v, ] LR R B 2 2T B0 A i s ) 2
R JE T P35 | S 9 TR B 2% 2] (physics-guided deep
learning, PGDL) 5 3 i 5| 3 ¥ i %= ~J (theory-guided
deep learning, TGDL) . )35 B 5B B2 2] Iy vk fil
G ATE—E B D3RI 22 2 i T i R 5
PR—FE, [ RS BRI RIA AT R IR B
2 2 5 RIS AR

P20 22 90 4RAK, B AT 23 FH S 6 1 TE e i
ZMZEIBESE . 2017 4F, Raissi SR H T35
54 25 W 4% (physics-informed neural networks, PINN) ,

https://www.cnki.net

R P B R A o | AR 2 SRR S T i
TR ASR A . X — TARK D PG| S0 2 W 45 7 vk
SIATHHRRIEAT T, IF5 100 T %885 S K i oT
IFFJE . X SRR TAEAGHE — R R T35 iR
FE2E 2T TS T 38 S AR A S i PR At T E Y
PSSR . ITAER  VF 2 A TR SRR T 3
SIS RREE 25 2] i T T IR AR GE 20, 18 2240 sk
S T 8 RIS , X R — 2 B0 T %57
TEPE R RN R (2 A B — B A
IV T1 o I, e 454 24400, Wy B 5 | SR 2R 5T
2 LTI F TS5 8h 71 A5, B RS SEORS f b TN 45 44
BRI R I 3 oA 20 FE A 2 AT, Wy B | 0 e gl R s g
FHF A2 ol BRI, 45 Bh & BB AL & 02220 i e 7K
SCEAGTIE, YRS | SR 2 20 7 VAR AR I I R B A |
KB AR | R AR AL K I A K SR 43
Bra&EJr R R 1 T IR AR, JE IS T 4 A = ik
EME R S = SNy pe e (8L EAN 2 7P
Yk )8 T HAT Tz N F R

WERE B IR R SR ) kR R
B4 AT T B 2 PSR R L, s RS
UREE 24 2] ik Rl T L 2F R 2 (R B % M A . SR,
H TR W IR B 2 2] S5 PR AS BARLE & O RFIE 1 2
NG SR NI R VAR 5 AP A0 -a B S |BT97N
[ 9 A 2 () i AR RS 3L, FFHEE Y RS | IR 2 )
D5 ST 5 N AR SCOWHZ AT Y T kA T
TGS IR T HAEAS [ AU ) N B AT, B
TE MR H PR — A2 A BERS T AR BES | IR
JE 2 2 W T R A AR T o

1 YRGS IEF

TER B G | SR B 2 ST HER A i T v 3l A7 A
Y5 S-G5BS SRS IR EGC (I D)o 9
PR B2 5 1 U B G )y Wy 315 | S T AT
PRI AT |2 R 2% AT A, 08 R A B | R I
PR B~ >0 R0 34 i s AR S ) B 5 | S 40 Bl Ak 2
J7 % AT O i AAG i R DA T s A AR B
Bk s, AR TS B4 151 ASMR



B % WIS SHREZRIMRER SR EANRE 279

WAGTRBE S I B A T IR BE Rl MR R S HE SR L S B
PHATAN . H BT AR RS | A Z5 BT
GRS BT IR SRR EAE

AR FCRE NP ERAE S-S P R RS HE A
B SRR T Ik I KBS S5 B S | IR E
] WRLH GBI A F R B A A5 D7 T B G
ST BB G| S AR A B g AR AR 2K bR
Bost 2w, Wy, A R B B RS R
5, iy 5| S p S et BN RAE 55 B AR
BRI . 3% VR AT OB B R Y | S TR
A 2 FRRTT IR PLAR] LS R R Gl I AT T
WEZE . BRI B G| S TR o ) U P
WA ARG, it — e s Yy B 5 | R R > O

Hh | &N

Bl BRG] IR L7 ST HER 3% Jy ik

Fig.1

Construction methods of physics-guided

deep learning frameworks
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Fig.5 Physics-guided residual modeling
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