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Abstract

Physics-Informed Neural Networks (PINN), as a novel computational method integrating physical
laws with deep learning, have garnered widespread attention. While PINN have demonstrated initial
successes in applications, improving their limited accuracy remains a significant challenge. The Self-
adaptive Loss Balanced Physics-Informed Neural Networks (IbPINN) addresses the difficulty of loss
function weight allocation in solving partial differential equations faced by traditional PINN by estab-
lishing a Gaussian probability model and assigning adaptive weights to each loss term, thereby defin-
ing an adaptive loss function. In this study, both PINN and IbPINN algorithms were systematically ap-
plied to solve the one-dimensional heat equation, and one-dimensional telegraph equation. Numeri-
cal experiments show that, compared to the classical PINN, IbPINN exhibits superior performance,
with varying degrees of reduction in relative L2 errors. This confirms that IbPINN demonstrates
higher accuracy and effectiveness in solving these classes of partial differential equations.
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1. 518

I35y 77 #2 (Partial Differential Equation, PDES) & #2Ash i H B B —FP 5 RE, Hb RN EZ A5
LS R T IX S B R 2. oy T R F R A IR M B SR R SR I G, ik 1], A%
¥[2]. WA RA[3]5, 2 PDE ASMIPEM, M EMEREIEME, E2RARMMA. Kk, PDEs
FVEAE SR ™ A9 T B, EAR S B B SR R 4 IR 22 43 7% (4] [5] (Finite Difference Method,
FDM) A1 B 5t 779%:[6] [7] (Finite Element Method, FEM)H, 38 75 32 AT T2 ST A% SR AR BT 3 254

AER, B RHFLER S 2 [8] A K H B4 H AR [9] [LO1FIAN M A s N T A EE X 28 S R 5 2 S HoR
CL7E SR A% PDEs FRA5 2 1712 MR 70 RS o #2845 K fift PDES fY 38 AR J5 B = B0 ) P L 58 K ) e B
IEREJI[11], ¥ PDEs HIRMFEAL N — AL AL M) 3 45K, P)HE B AP M 45 [12] (Physics-Informed Neural
Networks, PINN) 1 . FH b 26 35 B2 1 H SR P SRR A ik 73 7 R — Rl 7%, 7ESKRf# PDEs MIR0%
PERAERAIE SRS 1) 72 %0  PINN A% O R 2 AE AN 20 ) 28 HE SR b g B2 B T RN, ) FH 08 2K R
(R de /MU IR AN W70 A T 9 Ao 22 I 286 (AR EE RVl B (5 15 o o 428 ) 286 15 381 1) SRR gk 4 TR o im0 B S
MO ERI S, T HLCAR K R Ul i 2 SOk PDES 1B AME—fil, JFAEMOBO B ki e 55 &, PINN fgfi
TF 5 R (1T ) PN A A PN 4 SR i PDES Il o ARTHT, o] $ v JLA BR (VRS 4752 PININ TD I P 22K Bk K
BRI, N7 oRAMX—ZE8E, PINN st A A W B[ 13]-[15] -

T IR S PINN BVERPERE, 0T 30E BRECRRAE Ik I 7 & MR st 7 i, 9l an vy
PRBE PREL[16] [17]. FRE AP HIERCRAE[18])5F . HIEMN IR A HLE B4 L M 45 [19] (Self-adaptive
Loss Balanced Physics-Informed Neural Networks, IoPINN)7E X 3827 H (5 BAp L 2% i 2t b, i @
WA, BT 2 o m A RO SR A TH T T BCGE FUE RO R, B TE B BT EER R
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WM u(0,t)=0, u(Lt)=0
WIUEZAT: u(x,0)=50sin(nx)
KEWIRI9: u(xt)=50e" sin (nx)
S2BG 1 PINN A1 IbPINN PR RIS 4, TANEA 2 MiEss, MithZ26 1 MM&T, B

DOI: 10.12677/aam.2026.155245 489 N H it e


https://doi.org/10.12677/aam.2026.155245

[IEC P S bl kAl

EA 6 2, BE 40 MHETG, FRIEUE U E DR EL tanh 930S R #HE M E A Adam IR 4b4%
L1 0.001 Jy%: 2] 3% AR 7500 ¥k, YIZRHEE N, =600 . N, =40. N, =100, ¥4 e={e,.5,5} &N
1, Bls={s;,s,,s} 90, AT R Python, A5G — Ak SOTRR )R 28 SO

\/iNZJG(Xhti)'“(xi,ti li
\/izi“h’(xi 4 )|2

L2 error =

ARSI 52 5% R O - Ltota ('9; N ) = A Lope (0; N )+/lnLBc (6; Nb)"‘/llLlc (H; Ni)
IbPINN 3 B 32 WA 795 T 1 T =4 2k

Nt
(B TR Bk LPDE:Ni2|ut(xi,ti)—auxx(xi,ti)r

foi=l

YA PR L,C=Ni§|u(xi,o)_sm(nxi)|2

ii=l

R SRR LBC:NL%UU(O,Q)—OF+|u(1,t)—0|2}

p i=1l

PINN vs Exact IbPINN vs Exact

P

P ~_ //~~-,,\
/ .

oy

40

301

— Exactt=0.25 \ ) —— Exact t=0.25
104 ——- PINN t=0.25 \ 104 / —=~- IbPINN t=0.25
—— Exactt=0.5 y — Exactt=0.5
=== PINN t=0.5 ) ——- IbPINN t=0.5
—— Exactt=0.75 —— Exactt=0.75
0 ——- PINN t=0.75 0 —== IbPINN t=0.75
0.0 0.2 0.4 0.6 0.8 1.0 0?0 0.‘2 0;4 0j6 018 1.‘0
X X
(@) (b)

Figure 1. (a) Comparison of the numerical solution and the exact solution of the PINN algorithm. (b) Comparison of the
numerical solution and the exact solution of the IbPINN algorithm

B 1. (a) PINN BESABUEMSIEFRRXILLE; (b) IbPINN BIARER SHE MMM ELE
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fift S REHRRERIRT LG o ST S, PR RIS R R S AR (B ACR I, E5 0T FE8 LU i P (] P 284
B 1(a) 2L T — 4t SRR IR RS PINN SR EUE AR 0T LL I, ] 1(b) e an T 7 PR R 5 IbPINN
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Table 1. L2 relative errors of the PINN and IbPINN algorithms for the one-dimensional heat conduction equation

1. —HREFHIEPINN EES IbPINN BE3ER) L2 #3HRE
(=A7R L2 relative error
PINN 1.0108e-03
IbPINN 9.5124e-04
Exact Solution PINN Solution IbPINN Solution

1.0
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w
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o
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Space (x)
Space (x)
N
R
Space (x)
N
IS

=
IS

0.0 0.2 0.4 0.6 0.8 1.0 i 3 i
Time (t) Time (t) Time (t)

(a) (b) ()

Figure 2. (a) Exact solution; (b) Numerical solution of Algorithm 1 (PINN); (c) Numerical solution of Algorithm 2 (IbPINN)
[E 2. (a) 1EHER; (b) B3E 1 (PINN)RIBUERR; (c) B 2 (IbPINN)RY#ERR

s 2 =g E AR, AT TR PINN SEEUEM LA IbPINN SEEUE M. =R
BAEREE BRI R AR AR GO A, B 3 78 23 1AV 248 P el vl X v ARG X T i I8, AR
(I SEE b R Bt 5 ) PR A — S AL L A . (AR, S48 PINN 5 IbPINN IR fE BRI S B S
R AR R, (R 24 P E R K AR el 2 S (T TR TPINING (28 4 v X3 (€8 RO B AR A i I 25
Ab) SRR IO E A B . IXR ], AHECT PINN J77%, IbPINN 7EH#§E — 4Rt S U7 FRRG 4075 RFE, T
FORAE R IX I, FA S R EEA S AF AR, AT SE R It ST B 1 SR B 7 A

3.2. Z#EAM(Poisson)F 1R
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—Au(x,y)=f(xy).(xy)e [0,1]2 ,u|aQ =u"(xy) (13)
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WA Au™(x,y)=-2n’sin(nx)sin(my), f(x,y)=-Au"(x,y)=2n’sin(nx)sin(ny) .
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Figure 3. Comparison of absolute errors and error differences between PINN and IbPINN in solving the two-dimensional
Poisson equation
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Table 2. L2 relative errors of the PINN and IbPINN algorithms for the two-dimensional Poisson equation
2. Z“4EAMA5FE PINN 3L S IbPINN H3AR) L2 HEXRE

Bk L2 relative error
PINN 4.7588e—02
IbPINN 6.7813e-03
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N, PINN BER L2 #HXF 1R 2N 4.7588x1072, 15| N HiGMN A2 1 IbPINN %% 6.7813x107°, X} T
[%4) 85.7%, MAKEEEHRTZ) 7 %, Ui IbPINN #HLEE PINN M8 &, Aef8 208 B i i e a5 5, v

DOI: 10.12677/aam.2026.155245 492 N H it e


https://doi.org/10.12677/aam.2026.155245

[IEC P S bl kAl

RERFESETH, LI T P A AR S AR RS IR Z AR — N R 0 B 2, BRAE T IbPINN
SRAE SRR —AEirha TR, 0 22 R AR IE T RE V) 2 25 M5, REAS SRS Il e 0 R (K ) B AL

Exact Solution PINN Solution IbPINN Solution

0.0

0.2
0.4
0.6

08
ig 990

(a) (b) (c)

Figure 4. (a) Exact solution; (b) Numerical solution of Algorithm 1 (PINN); (c) Numerical solution of Algorithm 2 (IbPINN)
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Figure 5. (a) Comparison of the numerical solution and the exact solution of the PINN algorithm; (b) Comparison of the
numerical solution and the exact solution of the IbPINN algorithm
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Table 3. L2 relative errors of the PINN and IbPINN algorithms for the one-dimensional linear convection equation
T 3. —HEEMINRTEE PINN BJAS IbPINN SR L2 HXHRE
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Figure 6. (a) Exact solution; (b) Numerical solution of Algorithm 1 (PINN); (c) Numerical solution of Algorithm 2 (IbPINN)
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Figure 7. (a) Comparison of the numerical solution and the exact solution of the PINN algorithm;
(b) Comparison of the numerical solution and the exact solution of the IbPINN algorithm
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Table 4. L2 relative errors of the PINN and IbPINN algorithms for the one-dimensional telegraph equation
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Bk L2 relative error
PINN 3.1449e-02
IbPINN 5.3313e-03
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Figure 8. (a) Exact solution; (b) Numerical solution of Algorithm 1 (PINN); (c) Numerical solution of Algorithm 2 (IbPINN)
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