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Data-driven technology has been widely applied to various problems in science and engineering. In recent
years, the community has focused on developing machine learning models that can integrate data and
prior knowledge rather than purely data-driven approaches, and in particular, PINN (Physics-Informed
Neural Network) has attracted much attention due to its applicability to both forward and inverse analysis.
Since PINN trains based on both physical laws and data, the weights need to be chosen appropriately. In
this study, we present a dynamic weight tuning method for PINN training. Numerical experiments show
that the presented method enables accurate inverse analysis while keeping the additional computational

cost within a reasonable range.
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1. #%E8

T — & BREN RIS O FAR 1T, WA EFCTE A - S A S
BRI TEY, HGEH & O E Craml a8 5l
BERA L2255, FHMI LESEFIC L IE S oD
HY, WEHRSETMTD-00H = TiEmE LTO
TR EEA T D, ITETI, BERO BRI S B REE & T
— X L OGS BB EET LV ORBNERIN
THY[1,2], HTHPINN (Physics-Informed Neural Network)
[B11E, FEHRHEBILA LI L L\, BT « s
DOWECFIRICHEFATRETH D LW O BN D, TREW
SRR SN TWA[1,4,5,6].

PINNIZ KB HER & 7 — & DGR Mo b - 58 %
15720, TNFNEDOREOELE 5 2 5 ~& 00
HEICHREFT AMLENRD S, ZOERL, < ORETA
AN=RFGA=F L LTI O TNWDHDD[4,6],
PINNDO EEIFEADED HFIZ LV REEEIND D
WYNCT 2—=2 T T D ENEETH H[7,89].

I TEEOIL, PINNOFEBRBRICR Y NU—sH%E
WHRHE T RS D T A — & HFL & A\ 7= B ) 5
£+17 7% (DN: Dynamic Normalization) Z 4228 L TV 5[10].
DNiZ, #H7z/e A R—RTG R = EVTEETHHEDOD,
FRROELEFATHEROICED 2 LEMEEZTY BRE 2D
PINNIC X 2 TP O @ L % alREIC T 2 FIETH Y,
BANCEDEFE A FOHES B HI0% LA D Z &
WTED. AR TIE, FeATHIE[10] THEMHT ~D S HIZ
YL TWEDN%E, PINNZ W =i~ LA L,
ZDOF AR LT,

2 WHEETE
(1) PINN: Physics-Informed Neural Network
PAF O &5 ICRd S 2 W ESE F a8 2 % 2 5.

a

S 46X = Flut,x); pl M
u(0,x) = g(x) 2
u(t, x) = h(t, x) 3

22T, R XEFETH D WMy X, X(©2), 3)
EENENIHSM, BRASGtTHD. /2, K)o
Flsulidpz /35 A — 2 ZESRMSVEMZETH 5. PINN
W, FTfRuEr =2 —J Ry U272 X 0IEET 5.
AJix = {t,x}(e Rfin), 1y = {@i}(e Rfow) & FFOLE D
Za—I VXY NT—=Z 2BV, El(=1,2,..,L)EIC
BT BIEEHZO (€ Rt )13, UTFOMBY Ths.

20 = gO(WOZE-D 1 p©) @)

22T, 20 =x, zW =9TH Y, cOITIEIELEIE L
RN D, 358 2 L ICERT 2 544 (g o
TH%FM) ThD. £72, WO, bOIEIEIC T 5 B,
NATATHY, Zhbid, UTORKBEME R/MET 2
ZETEETD.

L = AppeLepe + AicLic + AscLec + Apatalpata

= Z AL (5)
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Lopg = Z |28, ~ Flagn ©)
Lic= Zlﬁi - g(x)I? (7
Lyc = Zmi — Rt x)I? ®)
Lpata = Zlﬁi —u(t, x)|? )

T, 0= Aty xg; 0), 01FST A—F N M ThS
(0={WO,bOY ) . Fiz, LIAHELIECE A D ES
THY, ZNTNONH e EEE R

RN, ORI TEE VS D & LT 5. ARk Tk
Ck BB, UTOMY Thbs.

e+ — g(n) _ n(n)VgL(B("))

=9@L_¢mzz%vﬂﬂem) (10)

(2) EBIEHA{T(+i% (DN: Dynamic Normalization)
KK LO)D, 0™ E Y TO2% £ TOTaylorEHH
EEZD.

Lo+ — ) 4 pAgm T G
+%A0(”)TH(”)A0(”) (1

KOO0, L0 = £(00+D), 6™ = v,y(0™),
HO = V3L(0M™ + ar@™) & L. 7285, a € (0,1) TH S
x(10), BLORADNS, UT%EE5
n n) — n n 2
ﬂ+n_ﬂ>_;¢4mum .
2 (rm)emTgmgm
+2(n )'G™ HWG
T, AU IIIPINNO R 25T 5 L THA
THHHDOD[8], HWDEFHHENEAM TH L=, EM
b, ThEZFHLCEAZED D Z LITIERENTH S.
L7e23 > T, BiByE A 4F1F 1% (DN: Dynamic Normalization)
[10] TIXF2HE A EH L, BIAOARICET 2 HICE S &
BLHEEDD. £, RA2)EUTO LI IZERT L.

2
) _ ) ~(n)
D ar® = ™ |1 26 (13)
j j 5
DT, & EOBRIEL N, RET 5 ARG I k5T

2
DD S B LATET I, AL = @ |||
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BY[8,11]. FROERIE L g LT, XEHRERND
DFEFE% T3 5 T Lppg & IR I & & 2 B A A FE
T5 (705, Gl » Gecll, 72 &) [9]. #ERN 72
RORE % FE 3 2 _E TSl 720 ¢ <, wIgRt -
BRRALEHLBETILENH D Z &b, HEOEKE
ERSOFEE TR SELZENEETHS. UL,
BE OB KRIEZ FEOMEE TRV 5121, LLFORE%
D ESINHEREThHD.

n n 2 n n n 2
|76, = —n 426 (14)
DT, MR ES (EEE) 2E2 570, A7 =10
LT5L, UTOELEED.
o1, )
) o
::lei LB CEE SN A AR SV CEE
SINDD, FEHPICEHIELT S, £, ftEANEZ
Mz 579 ,ﬂzni$y7_&_EﬁT5_k&¢5

(212, T=51072 £[8,10,11]) . 7272 L, RASDER
EESEAT S L, AVBkE RBT S Lnb, K
L (e [0,1)% AW T F OV z fid.

&l
2 =ﬂg§f (16)
AV =BV + (1 =PI (17)

IIT, B=0ETDL, RUSHIT—FKT D, BliI A —
RGA=BThHY, BRIICE > 1TAVNEET 5 L
DHHNTWAD (B =0.90997 X[10]) .

3. HEEER

ARETIE, BB E ST (DN: Dynamic
Normalization) % 3# H L, PINNIZ & 2 W8T 21T - 72 5/l
KB ERT. KFETHWEX Y bU— 7 R
{ h(ilc)men}: = fridden = 50, L =5% L[9,12], IEMALBE%k
K&i{a(l)(-)}lL =o0(-) = tanh(") Z &R L 7=[13]. {&M:AL
B DU, EAOYIHIEIZ X Glorot D HTHIE[14]
R LTo. Bol b FIEICIZAdam[1S] 28R L, 58 %y
i dn = 0.001, 17K « 2IRE— A FHEE DISEIHERE,,
&i%ﬂ%ﬂm=o9 B, =0999L Liz. 728, AKik

F 17 B PINN D BH 5 (21X TensorFlow[16] &2, 3 121X

NVIDIA RTX A6000% Fv 7=

(1) NAR—=/3F5 A =2 D5t

F9, #YEAfHFE (DN: Dynamic Normalization) C
MASNDHNA/R=RT =2 T LT, FATHF5E[10]
BLOEP O] 6, —EDHEEHIRIATWD
HLOD, RIEZHERORMMAFEIN D, AREITIE, BINEH

Thd. 72k, PINNOFEBRIZIBNTIE, FHKHEIC -
5 1 AR O AR 12 B & VB S0 Un = & 28K B L C OB EL, BIOESHMEIZET 2R 21T 0.
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MRRERTE & LT, SEATAFZE[ON o BRI 2 D
EF 5. BGRB8 L ORISR, SERJMETLELTO
LI HEABND.

ou  0%*u
E = VW (18)
u(0,x) = sin(mx) (19)
u(t,0) =u(t,1)=0 (20)

ZZT, t€[0,05], x €[0,1], viiirERETHY, v=
1.0& L7z, ERRICIILL T OBEBENATFET 5 (R-15H).

u = sin(mx) exp(—vm?t)

@n

E-1121E, v B X aolUAalE CRT mnBlillacdh,
KO)Du(t;, x WY T 5. & Z T, x = {0.25,0.5,0.75}
D3HITHE W T ={0.1,0.2,0.3,0.4,0.5HIBUH S D IR E
DIERD B ISR E Y & T3 5. 10,000=K v 7 720F
FERETOZEEL, TA M T —OHR, FEaA D
HWINZESEB, tORELZRETT 5. LUK LT
B =1{0,0.1,0.3,0.5,0.7,0.9,0.99,0.999}, T = {1,10}>#%i[H
TZY y R —F 2T fER, wWihooixt LTy
B<O0ITIET AT T —PIFEA LD LAad>Teie®),
£ =1{0.9,0.99,0.999}DFE R D AR

10,000=R v 7 DT A =7 —DHEBZR-2127R7 7.
Fio, t&EFEaA M EOBMRER-TIIRT. R,
D=0, BMEARZHEA LRWIES (wo DN) =
A MERL, FHIMNICIEE S 2R LTS B-280, 7=
1034, B=09,099TIET X b= T —nR AT, B =
0.999 TCOLZ DWWV MR TE 5. T=10TiE, =09
TETA NI =D Lanbon, g=099,0999T
WY R PR NFATTE TS BLELY, B 1,013 VVE
WEDTREE, X(16), (17)TEDDEPELEZIELMHIC
FALEHHZ L CRELZFENAREICRD EBZXD.
BB, R-1EV, tOBRICE > THFEHa X MIfEZ D R
b5, FRROBIZHETAHEMLY, BELIZFEEDOIZDIC
X, BB E IS EL 2 EBGFE L. Fe,
FIzX () DFHFEICER T 5 FE a2 oy IT/hs<
M BHRETHD. LLEND, ABFF TIEB = 0.99,0.999,
T=10%28RT 5.

(2) IRTEMLEEATER

AT & [ CREICB W T, BIRESZ#H LR WE5EE

(w/oDN) & i 3 254 (w/DN) TORERZ L $ 5.
BB, =a—J %y FT—7 OEHZOYIHME[14]1 3R
DD EN DT, FH HERIZIE—ED T U H A
PEREFEND[17]. LR ->T, T2 TRHBEARD K —
R % W CL0E OINT 723 T & AT o 7o i R & s T
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Test error
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-2 #REEAREX: TR IS —DHR

=-1 BLE AR EFERcE2E IR b
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Method T
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w/ DN 1 231.80 (x 1.27)
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-3 BRER AN IR OHEEDHT

T T T
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®-2 BLEARER BBRROHEERR

30,0007 v 7 DT LS FEE BTV, IR IO Method B T Identified v (& std)
ST 24T > 72, SRR COMEMOHBZB-3icr  WoDN ) - o 09952(F7.5x1079
T B-3TH, W0MTOPHE KR T, MLy WON | 099 10 0.9998 (£4.9x 107
ORMEBHIR TR LTS, £, FHKTIATo _WDN | 099 10 09996 (+48x 107
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TEBAR By OHEEE A R-2T7 . R-2THE-3 & FEEIC
1051 T O EHIE & R 2 A2 R L OV 5. B-35L 0, B
HEAEE A LRWEEA OPINNIE, 30,0007 v 7 D%
THERFEEMEAFRLEN TR LT, &R R T O
7eDllE, LY RFMOFENKLETHD ETHRIND.

—77, BMELZEM L-BE121310,000=R v 7 D
B R WA TR TR R I R HEEEZ /TR, £
D%, HRAICHEE~EWRE LTS, ERR LY, AREEC
BT, X(16), 17)TED 2 HEYEAITPINNZ U 72
WENTIZ BV TR - EEEIcFES L TnD EEX
5.

(3) IR RILERATER

RV THATHFZEI8IC bRV, BvRbi A By B
2. R, WIS, BERAIEIILL T OEY Th 5.

ou ou 0%u

E + Ha = Vﬁ (22)
u(0,x) = —sin(7mx) (23)
u(t,—1) =u(t,1) =0 24)

22T, tef0,1], x€[-1,1]1THD. wIBFEE, vid
AR TH Y, =10, v=0.1/r = 0.0318& L7=[18].
LREOREIZ I Fourier MEPRAR AL IZ L 2 BB H1 5T
WAMN[19], Z Z TIE800H £ COARMRMELZ &R &
Z[18] (B-45HR) . =72 L, SBBBBNERCTH 5720,
ZHEMROAOTTRITENET 2 ((19]138) . KRETIEL,
x = {=0.5,0.0,0.5}D3fIZF Tt = {0.2,0.4,0.6,0.8,1.0}
B SN D IREOFE®R (R-4NDO~E B0 ATE)
D DB & YRS 2 WiEAT T 5. F72, 18k
WCEARROBMEEBEST D20, BipsilHe—F
Z W TI0E ORI T A AT o TR A T 5.

60,0007 > 7 DT NNy FEBEITo T fEREZ T,

FEEE TOBTOEEuOHET I, TEEREY OHEE D
HR 2 E-5, R-61c Lo, /i & FEIC10AT D

EE % FERR T, PEHERZEO2E O X & fHNT IR TR

Fio, FEK TR TOZENENOHEM CEYE - 9
W) #%&-2, ®-3UIR-T. B-5, BLUVOER-2LY, 60,000
TRy 7 OFETIE, BINEAZEHA L2WEGEE L
TEHHAOWET, BEEICBIHEEOHENFITTX
TW5b. —J, B-5, £-3LV, BINEAEZEH LAV
A &(B,1)=(099,10) & LCHlH LG4 & T, W#HF I
72 22T E A E R BN, (B,7) = (0.999,10) &
L CEMEAZEA L2612, IEBARE O Mg 23
FEMNZEREEA LTS, BLEX Y, REEIZBS VT,
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-3 BRMBARX HMBERROHEERR
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WD B D Z ERREINTEY[11], 4% EDLD
ZRRIBEICK L CEAEZBET REDERTOILER S D.

- A-10-05 -



© —MHHEABAGEIZS

A-10-05

4. @S

ARHFFETIE, PINNOFEEITEBWNTNA /=R TF A —XH
ELTRESNTE A BREICE X D2 ELOBINRE
O Zigim Le. FE O ORATHIE[10]TIE, H(16), (17)
TRE WD DB E A O A ITNEAENTIZ 8 £ o Tz, AR0F
ZECIE, [RARICTE O 7= A% PINNZ F U 7= AT (3
L7z FEDOBKRENIHET 2 AELO I & - TR
DHEVWHIIRENEAINTNDLOD, FAEERNS, +
O—EOHMMEEZMHER L. BRI 5 5E
FBRTIE, WA O Rk - ERS LI BT —E D AR
DD EEMB LI LOD, BIRILHITERIZB N T
i3, EAEZEALRVEE LR ORIER%E O RE T
bolz. TNETIZ, BAEMELRL L —EDHFET
JEfEAT - WFRMT A FIRECH DB b BE RIS TS Z &
7 5[3,9,20], A EIEKEEERR] & L THRY RS 7= Bk
HRER (Fe, BAWERMN, BRSEM) bEAOZE
MNEEFICENR -T2 D EE XD A%, [T,

K1), 12D~y 7 v HOOEREERT 52 LT

RIREIZIE U, BARBOLER 2 BT 5 FETHD. £
7o, BEODRETLIENELOWE L LT, Rz
ML TWDTew, FE OWMIBRE CITE DY &
WAL TASNTNS, RS, B 1.0ICITVWVEER L S L
&, B OEE 2 LTI ELDEE LBz, 8
MEA T REBORMAH S, 21X, Adam[14]
W, SA T AFIEE T 2 & 72 8T, SR I B
DMYNCEANEITHZ LM CE 5. ERROBE
WEALTYH, S%MitT 52 TETHD.

SiEE: AWFIEIL, JISPSEMFEIP20H02418, JSTIK HEARAFSE
FHHRERAOIGE 7 1 27 F A JPMISP2136, 35 L OVLIN KR Z3K
T — 2P A U AEENE X — DX T EZ T .
CZICRLTHEERERTD.
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