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P EE e W RO 7 — X BEIE T > 70, ET 2540 FTHEL TS 2 IEfEN, 8
HEED H15 5N DHEHRD & 52 HEN T 2 05 4, BRI S LA ZHER T 2 HFAER R 0D
BRAIZBHIZB TR ZIND TS, —/T, 7—2EEET VO THIL 72fh = 2o ¥ — R
72 DY ERE 27 50 5 0 L WO VN ESHEOMESR, ETLVOEEHDIRICKRED T —X
DU NET 27— X EOME, ETNVOEEICHVWON AT T — X e 2 RRZGITBT %
HERRMEREZ HER T X 2008 S 2 WO SMEME DRI, B YRR 2 5 77 B s T DBl
BHOHIBEUTHAPEEN L BHELRFETH 5.

D &5 REMERIEIC BT 2 S oA EofRgIiTn LT, YRR/ &2 e S i A0A T
NA TV R T Fa—F ORMEIEFICRBEI N, BENLRFEORECICHIEATVS
(1, 2] RERTIZ, ZOIIRYHEETV V77 —XBEET) VI E2HAEDELZFIETH S
Physics-Informed Machine Learning (PIML) (22WT, ZOWBESEMRPILEE], BAEDOHFILHR
R R 5.

2 PIML O#E

PIML &, 7— &ZERE1E 7L OmEE e TR, YT 70 ORRMER S 2 SR I 3
LZERMICEDSWT Fa—FTH D, NEMT - S - Faks Rz ¥ OGEICH T 2 S oF A
WEELT, 7—&BEE 7 L ORY - MENEBES oM F, 87— & ofe, SMHEEREom ki
COHMODICHVSLNTWVS (3, 4].

PIML O /LTI, F—XWEEFTY 707 RAB T 28T T L ORPREICEEL
T, WHNBZHRZEHAT2 2 TETLVOMREZ M L TW5. Neural Network OEKBIHIC
FEABEROBEREZRY AN 22T, mlbteErVOE RN HEREZHZT LO1CT 3
Physics-Informed Neural Networks(PINNs) 1% PIML O BRI ARFED 1 o TH D, NEFENFREED
Ay ¥ a7V — RS ill-posed 7RI DRI, TR T — X H o DI « SMER EITH
WHNTWS [5]. F72, FIENIYRERIEE— FOERHEEE LTRETE2 2 WS EHEHRD
BRZEREGRE LT, Blll7—20F T 2T — MICESWTOIHREHREZ O % 7 — X BREhY

2ot $ %5 Koopman fEH D /L, TS OMBHLHlEZ: L IcHHIhTw5 (6. b
DITEE, FIRD X 5127 — ZEREE 7 ORI MENEREZ 5 2 2 7210 T <, K - o r]
BERRESEIZ IR L TV 2 2 VI BBV TH RERREMNEREZE L TV 5.

3 PIML D:Re&E
PIML 134 & 72 BREERY - T2ERYISH A ED — 75T, 2 OB FRIITHER AN RN i D
Z{ALTWS. PINNs i XM iERDIEfTZ2HIic e 5 &, fiHRZERXOMDTEXTH -
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THRMTERWT =205 Y, ZOFRKIELAEHERCER T 2 HABEKERO MR K RXE
% 7= DI AELRE RIEIC X 2B {EDHEEE L R0 TH 2 Z e o TW5 [7]. %7z, Koopman
TEFZEFCHD SRR OITIc BV TIE, ToERERT RWVIEMITHRIL X E % 720 0— k1
REMREPHELINTE ST, HAMISHEA L TL %5 L BRAROYIED & 13BN RS R b h
% Z IR LARTIURR S0 [8].

ZD X512, PIML OfEMMEET —ZANOBHIE L TIVWELZRELRFEZHLTBD, 20
FRDIC T 72 2ED3 R A T b TV 3 [l 21 9, 10, 11]. BEARMARFIEOBH - B 2 i, ¥
HFIRE U COREMRIBRICENT 2 BERIRET b S%lifsh 3.

SE X
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1 BE

A & o THE SN 2WHEIL, JEOZRBH - 77 ROBIHEIC L %
UUEIR - BRO O UEIR - BRERTR SN2 IASHETTR ¥ HE B
INBZHRTH O RS, THA - HBREIERNC D ERDO N R » 72 2 S
TH2 (M1, TNHEDRR=VERDXA F I 7 AZHRET 2 L1
WO T - FIANF G EERMA L 52720, BUIEEICE292— L0 A
VIEROBRSWERZ A7 LR BH, BEROZHA Y, — VL RBED | pens oo
WA =V DBRICKERF ¥ v TOPFET 2 L DIERNBBUERT  ORRAKRL~ 73 >0 LF)
WE(TS L RN REEES 265, ATATIEC OFERIKE - ORANTAT
SRR 2AREMED D 2 1 DDk LT, BT ¥ — AR

HIEEE CHE D W IR X — VB O BB E TR R IRR T %,

2 TI—XT4—ILREICEKDE 2 RTIGERIBENF —ERDET) VT

IV T2 B TE U 72— T2 R & O WE 2 ROTHIE MR DI 2 E 2 5, T O#MERIT+
TZHEL L SREHFOZEMIZKEHADOEMIHANBHRTZ 1IN Ve T L, ZORTEEPS
RR2 LR 0RO RIS E Q & L, 5T x € R2, K4t € Ry oBi%e LTERSh 2K
FHEOENS % u(x, t) € R2 ¥ 53, X 5ICHEH QB 2 Mg /MEEfi % 7 = — X7 4 —
RERHEN B DR ¢(x,t) € R CRBIL, JEBRIRMEHRT ¢ =0, BEEETTo=1%% 3 k51
9%, ChoBoRTHVT, RO X — E(t) ZRLND 3 DOHDOMTHEL,

ggpiédxKl—@%ﬁ+&?]+/dxi(&+¢vaFyﬁédxng. (1)

T, VIIZEMMEETERT, B 1 HEROEZFBAESHEZ A LF—TH D, Vu OREY
L15K6ﬂ5E+ZE BFEhZNHE T 3L —FEOWRE T & AR 2 R, WEE AT
TlE (1-9¢)? OFLGRCIDBEZ I LT —2HET 22 2R LTV, & 2 HIFARAEOEFE
WKHRKT 2R LF -2 R L, BRRMEIE s A L TERRE ETORARNIFER G(x) O
S R REEMCIERILT 2 Z e T8 o5, 5 3 HIGZEBIE ICER T 2HEZ 2L —TH D,
n@ﬁﬁ%ﬁf%éoL®ﬁkﬂbfﬁ%%k%k?%%ﬁﬂ%%%%ﬁﬂmﬁl?éK %1 EY
FEFRIL &5 2 RN LiAD 273, 8 3 THOMETHHIIMTE 3, H1H2HEHOHAL G(x) D
A= X D ISTEPDFE LBHIFRET 2, ZOREBMENET 2 7-DICFHE Q 2 BRA
M s & D +oP%R X v > 2 THBIL L2 BT, ZEREMEE = 0 2R DERH 2, L
L, ZolEof@e LTE o2 R AR (PDE) I33EFICEWAER RoTED, M
IRy ¥ 2 OB E o TRENBFEIEEVIHEIX M2 ET 2B 2o TWw 5,
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3 ZENIxIF-EYNREERFIBFEICKLDIBRNY - EHOHE

AADMEDEZ BN LT, A TIE Z OME 2 WHEER= 2 — 7 L% v bV —2 (Physics-
informed neural networks : PINNs) [1] T Z & %% Z %, PINNs (& PDE OLHEETH D
fpr=a2—7 3y b7 =2 (NN) TRE L, PDE ® /L AZEKEME L2 NN DATX—=ZD
RIE I K D E 2152 /ETH %, PINNs IZBRILD7Z DX v > 2 2By ¥3, FHEER
N DY 74 7l i B CTHERBIE /NS K35 2 & TRIRINREOER 2 AIREIC T 5, AWK TIEE
LR LEABEMBRIDDIC, BHMEZREHETICROI ALY —E % NN I X —-XDEKE L
TEZERELT 247 T 2L ¥ =8 PINNs (Variational energy based PINNs : VE-PINNs) [2] %
RF$ %, VE-PINNs (3% O PINNs KA NN OO BERE DR MR 2 2 e B TE Mok
OB & HI2 NN 2R T 2 BBHOEML U sl b3 #1272 2 PINNs R OREZ AT = 5
WO R E RO, $RELORERIT 2 NN OFGte LT, S50 RIGIENIE /BHIEEF % £ /-
CEIHTRIRBICEL S 570, MBRE— F2MRICKRBITE 5 X5, NN OF 1 EHTEHIR
7=V IR 3] Ik B a— PR L7 T, Feed-forward NN IZHi&ET %, HIZT7 2 —X
74 =LK ¢ ERHTEZNNIZ ¢ 025 1 OMOEZED DD, —EBIRI N-ENIBEL
BNWZ e RERT 70, @Y )25 L IR BRI 2 s 5 EkEt ' U e,

4 RBRSEROFEE
AFETEHEINZ T2 —XT 4=V F pDAF v Fay bEX2
WRT, 22T, KFRENCE L THIE TR 3 2 5 I AR HERN R %
BAL., 7YXl NN 2RERNFBH G(x) £ LTH R
EEROIFEIBER B SN 2B - I K CHEMLFAW R
RE=VHPFoNTWVWD, RERNEE G(x) ZBHEOREE - EREOEM
ZRED I Z2EERETH 20, EREOEBRICBLWTIhzH0EE LT
EEGEHT 2 Z L IdWEE 2D 2, RFEIE, BRARX =V - ZAGRZ 2. VE-PINNs T &
DA DO EHERATHER O 7 — 2 % Bl IEAMAA L C vtk hF—g  TTRERR A=
FftiEe L TOINRDAEZ TH D, BIEAEICHAREE X -5HEEZMZ 2 Z e DA[EETH 5 72
B, G(x) 72 EEEBH K HE 72 8 OHEE 2 #HRINCFATS 2 0 MERE Ly L TOREVfFIN 5,

S AT JSPS BHFE JP22K 03542, JP23H00466, JP24K02951 DB %5237 DT,
BE
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1 Introduction

RIEFHEDFETH S neural network (NN) Z HIW TR J7 230 (PDE) A ## < physics—
informed neural network (PINN) [1]i%. #8572 L ML 2755 scientific
machine learning (SciML) DfFHIE L TIEFRICHFIE STV 5, PINN TIEisy HEew)
B« BERGMEA R E LTEBATHZ LT, BT — 208l 22—y a v lo
BT — 2 HOTIC N ZFICTE 5, BHNIIE Y LS — L [RIZEOfNT 2 X 0 i HIZSE8
TEDLFIEL LTHERESND, KRS U ORBESCHAERMICGREN 0 . PINN OF #h720E
RIFEPR ST 5,

ARG CIIHUEBICE O A B 240 5, HEBISH T oA ThEi< Z & TRAEL, #F
IZEEN (MURE) 267063 &b, KA Ch oL i 25 Xt 23, HFkAE
L, MmO KRG (BALAER) Z5tikd 5 dislocation model % Hii PN O W e 1EE #)
ST 5 2 T, W RoSERMEfE E LTESba g, INETHEEET Y 7Tk
D BIURERCRER OB AERT v Y VDBHEE « FHll S VT X 72, BUN Tl AL shfghr
Z 38 U C PINN OFFE - FRETS L OV OFERIZHOW T %o

2 Forward Model ing

PINN O EARM) 7258 ARG IE, FRRXRDBERICE 2 b b & CRET D NEMEYT (forward
modeling) Td 2, A Tl 2 WoTHEEICB T 2T BB OET V& L THW LD K
& (antiplane problem) Z %5 & 45 [2],

HURRRFHIZR A BN Z W T, RO 4 D ER & L CIRENMEE S5 @ (a) #JZ (PDE
FEIE), (b) SEREM: (PDE £%2%%), (c) Wif& (dislocation OFEIR), (d) X1 434fi (dislocation
DEREM), 526N MET T, LLFD PDE EEEREENS 25 HRAZE2MS - (1)
PEAR DAy, (2) Wi O AE e, (3) Wil OIEBG J1E e, (4) BHER (M 0BG )
0)o LED S H () APIE THY | (2)~ 4) 1ZWEIR L OHFEICE T 2ER &M TH 5, PIN
TIFAROFRZE FMEBRBEICEDR/IMET 52 & T, FREEROELMENREOND,
FRBEIIE AR TFR 2 RO - TR L TOMS & LTER SN LD, FEEITH W
Tld collocation point & FEIXILD A REOFHMSIZISIT HFITHIHEL S NS,

EEEOMEAT CIL, AIRWTE 25tk 35 dislocation model |ZHFA DIFEENMLETH D, X
P IS T dislocation [F#E EOKRMaE LTHEZ BILDA, —MITH A IR M A Fr
D (BALOAREM - IS1OFE) 720, HFBHA Tl 2 NN TIXE#ERIE TE v, £2
T dislocation {Z#y> T branch cut % FFOMRFEE A Z VN TN A & B R SR o 2 H#a
THZ LT, WiEEltEz 8O ENGEREICRETE 5, iz, HEFENRNERICE T
HEETE. Ak A RO NN Cirel U fm 2SS 2 3 - fEI 0 EINC L 0 xETE 5,
AR TIX, NYE R BB Rl 23 o 7o I OWT 8 2 & D RIS 2 38 1T 2 fifAT 051 4 1l
L T PINN Ol Al REME A FERET 2,
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3 Surrogate Modeling

AIEID forward modeling (Z XV . 52 H L7 A - WiEEB I K 5 Mgk S8 2 fighT ©
x5, L L—f%IZ PINN OFIBITR A 5720, BRERMZET L TCEEMITL LD &
THEHEENPRELLRVERNKNETH S, £ T, WMENFREDISHZEIZHBNT,
FMERET D37 A—42 (BURALE « K2 ) 2NN DOANEHET 52 & THREDSE
HERICBT %2 —EIZRO D FENBR I, AR T DM ZIT>TnDHDT
PINN {Z & A REEE T /L (surrogate modeling) & FEIEIL 25, NNIZ & V#8271 2 7238 ¢
x5 R0, BEFOBEBILFIEIZIZ/ VW PINN OFFR TH 5,

7272 L PINN I K A REEET /WA RRKRIC/ N T A —Z TR B A, BIECORKMAR 7e & 0 HERR
WILDOKR G % NN D ATJER L 1T TE AR, ARG Tl RO s 22 8 o BRI M )~ & B
JETAR M) &30 A (B ~ORFEEZGRAOCITIFE S L2 L TPINICL D
AT 2 =89 5 (3], BARAICIR, —HR7Z2 B EEmh o5t LT IIR AN EMED LT 5 2 & & 42
KL, BB ICBITT AEREDLEOFH LS5 Z & T, dislocation potential &
AT D W E S O E O AT DM R EF T D, Z D dislocation potential %
PINN TS Z 212XV | ALEOWEEENZ T 5 BG4 EMICERE TE 5 2 & 277,

4 CGonclusions

ASFHETE CIIH S 8 & %5 PINN (2 K D NEMENT 2 3%5m L 72, PINN [ ZTHBHEZR STk - £R
B2t % "3 PDE % LR B2 SEEECRENT C X 2R 2B T 203, KR H R 2R
NdDH, TZTPDEARER E DT A—ZENDANEHETHZ LT, B p 5 XA—4
EZx U—FEfifE 3 5 1RBEE 7 /L (surrogate modeling) 28/ EH ST\ 5, BERUbIZHES<
Bl nox— L B | NNIC K DRI A2 O D 7 OERE OfiE A2 — B2 E 25 2 L
TX 5 ED PINN OENPETH 5,

REET WMIHRRITC/NT A —% ((LE - RERE) 2Rz 505, BRI TTOXIG (ST -
BE%72 &) 13X NN CEHEERBLTX oV, AGEE CliE, HERAEOBERIOMEE 2 H WV Tt R
(Bfr]) - 30 oA (BIE) 2 AR OWERALEICRE SE 25 2 & T, PINIZ L VLR
O W E B 5 D S B A IS HEER CX D T LB LT, 2D L D12 PINN O— 5 BRGR
IS ORI GR A M A G DR D 2 LT ERTFIRICIX R WERN R R TE b
EWIrFE NS,

EE PN

[1] Raissi, Maziar, Paris Perdikaris and George E. Karniadakis, Physics—informed
neural networks: A deep learning framework for solving forward and inverse
problems 1involving nonlinear partial differential equations, Journal of
Computational physics, 378 (2019), 686-707

[2] Okazaki, Tomohisa, Takeo Ito, Kazuro Hirahara and Naonori Ueda, Physics—informed
deep learning approach for modeling crustal deformation, Nature Communications,
13 (2022), 7092.

[3] Okazaki, Tomohisa, Kazuro Hirahara and Naonori Ueda, Fault geometry invariance
for physics—informed crustal deformation learning (2023). Preprint at:
https://doi. org/10.21203/rs. 3. rs—3689706/v1
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1 EL®IC

HIFEEHICRCER S N LB IR O FER L 2 & BIRALE O HEE 217 5 BIRDVEREX, HIEZEICB N T
BRI TH 5, BIRVVEIR, HTOMBREEZBE LT, HEROKEOERKZLAT 57
A aFGRERERR SRR LIPS REE LTI b s 22 wv, Zoga, Bl
HEHAR T COMBIERERME CGER) OBDRLHBEIREL LS, 74 a - OBERTE
¢ LT Fast marching i [1] ZEDBHWHN S Z 2BV, —7, BEIVEROFHE X MR 72
B, EWMEEFE. FICREEE 2 V. BRO H 2 FFHNTOEEDER - Bl O ER Z )
TEHORMETNAZERT 2 VI FRIEZEZDN D, KT, ATEXD & O HZEE ITH D AD
% Physics-informed neural network (PINN, ¥/HIHEREEZE) [2] 1%, BUEG B MR R 210k
I TN EER T - X OWEFR LICREETAVEERTE 28 TENTH S, L L, FEMYL
WKTRESINIZ2ME=2—J 12y bV—2 (NN) ZfH L7 PINN I, EE2RIEHDS 5
TR D FEBE DN L 725 AR P4 7R (Spectral bias) [3] & W5 BEBNET 5, &
FCid, ERFIEICNT 3 PINN 20 OME, 2R7 MAAL 7 2OMEL ., Z DL T DfiE
WEIZOWTHENT %,

2 TPAOFILARERICEDCERFTED PINN IC&3REBEETIL
7A aFVFERIFEHOEEE2RAT 2 HBERTH D, BIRA L ZIRAMEICE DIRE ZERD
e A RS 2 A O 5
VT, x)[2 = ——, ¥xeQ (1)

260’
T(XSaXs) = Oa (2)

T 2T QIR IR, d BRI T (x,x,) EFIROME x, 25 x FTOER. v(x) 1ZQ TE
RINZHEME, VIZYETH S, 2FHORIIABHEOWML I NEZME2RT, HIRETORE
2R 272D, T(x,x5) = To(X,%x5)7(x,%5) (72U To(x,%x5) =[x —x5]) &0ET 2, T
&0 (2) XiFEBC 7225,

7%, xs) ZEMT S NN & fo1(x,%x,,0) ZEATZ (4] 2E)s  ZEARTXA—RTH 5,
PINN Tli&, Z® NN Zilf#3 2Dz, Q 2+ h\—F % 5#t (Collocation points, CP) 128
3% (1) XA &2 2HREBZE AV 2, x4 ZHEET 25HEITE

ZLNC o) — 1 :
L(®) Nc;< ) |VfT(Xgi),Xs§9)|> 7 ?

I ZTXew New i ZZENFEN, CP OPEFE, 5. 4 VT v 7 ATH 5, IHIT, FEHRIT x, dFRIR
MOBEREFH?LS 7 VX AH IV T 22T, @HENOEEORIRMEIN T 2 EREZEE T 5,
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BERBEBOR/MEIZ Z DG 50T 0% = arg min L(0) 12 X % Ty(x,xs)/fr-1(x,xs,0%) 1&. RAH#
0
PN TOIRIRED S QBT 2EREORIRA T TOERTREORIET VL U THEET 2

3 ARYT BMILNAT RS

JFERLTH 5 [2] 21U, PINN OZ < OfFITIELHEA NN 2 bh b, Lo LEEE NN
DVTIE, FEMROBEBICB T 2 RIEERDICHA, FEERSO¥EMEL, LIZULIERFE AR
WWRHT 2 ART PILANL ZADFIHNT WS, ARY LA 7 2%, ERICIEL W NN OZEE)23
B — FNVAFIGERITE % 2\ 5 E 2 12HD W7z Neural tangent kernel (NTK) Of#EHiH 5, NTK
DT MTANDEEHEO ZWABRLE WH T TREN D, BEIEICBVWTIE, H2EEOMEIIE
W% 1 oN—F 2 [ROFEIBOMBRGRERE 20 R L. £ OHIERGEE IR C RTINS <
73R BB AL D 570, PINN RFEE F AL DIERDERICZARY ML 7 2D FEEH#H T

ZREPRUIXLIRAET %,

A TIE. ART FAANAL 7 Z2ONK e LT, Fourier feature embedding[3] ZEA L7z, ZD
FETIE. AT x. x, Z8fa NN ICEITENC. =ARBRKE W TEZRITD Fourier ZZfiA &
vy By T 5, ZAUCED, TTOANEMTOEEER EERE) B0 5EE S 8 A HE
%5, X5, ETUELMREEDEIL. Th2NO/NEEBIHEBIO PINN 252175 222k 3
ARY FANAL T ZADBERDRATz, ZHUE. F NN ONRE T 2ETFAHEME/NIL T LT,
JEIFT 7 MO O E DA D 27 — LB HXINC R E K L, BEE X D EENICHIRL IS5 T57
Ta—FThb, ZNOLZODMKOMAEDLEICELD, AR ML 7 2D EH, PINN 1R
ETVICED S BIRIREDBEICHEMNREE L AR VIEEE TN RoZ %, BUEERE
U THERR L 72

4 HDHDHIZ

Fourier feature embedding & sHEIENC X D 74 aF LRI ED C HIEREEREETED
PINN REEE FAAERICBIT 2 AT b IUANA 7 AN AR BT FNC DN THEN Lze 7272,
NN 228 (FE&E P MHALEEHATORITIE 36 ) BAT 2 0HDH 2B ENS, FH -
HEFm e DICHIRDPEL IR S 72D, —RHRMLEE BRIRETH D, FH. KO ENLFHEHE
DIABFIEZID A, H—D NN Z21F 2 W7 & DR A2 RS 5,

BIEE  ZOWZRIE JSPS BFE GRESE S 24H01042) OB R = Lz, /2. JAMSTEC OHiEks 2 =
L —EZBIUOHETERFEDRA——a Y Pa2—% TSUBAME4.0 2 HWTERBINE LT,

BE R

[1] Sethian, A fast marching level set method for monotonically advancing fronts, Proceedings of the
National Academy of Sciences, 93(4) (1996), 1591-1595.

[2] Raissi, M., et al., Physics-informed neural networks: A deep learning framework for solving forward
and inverse problems involving nonlinear partial differential equations, Journal of Computational
Physics, 378 (2019), 686-707.

[3] Tancik, M., et al., Fourier features let networks learn high frequency functions in low dimensional
domains, Advances in Neural Information Processing Systems, 33 (2020), 7537-7547.
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