4§54 5 8 % ¥ #R Vol. 54, No. 8
2022 £ 8 H Chinese Journal of Theoretical and Applied Mechanics Aug., 2022

BE LB F LR E T

DU RV YR RE & ME M E IR F - R IR E
2] R Y Rz

BHEM T A HEF EE e Tofiohed HEg
(R B AT ST RS R G A T R 0 =, JbaT 100190)
(P ERR B AR R B 22 BE, 67T 100049)
(P E R K TR R 2B, 65T 100049)
T (P ERFE B & I RHET IR, & I 230031)

T L TAHIRER DL G A2 28 PE-PINNSs i s FI T PUAHALS (K05, DA AR I 50 1) i Mg P2 T A
B T A M BOR T Be. M3EAE A — POl X i S 20735, FES IO/ T F I i o e, 5 4
TSRS L (EUR A TE T b SRR A7 AR R AR T A2 b 2 (U R L. O T 3T SR R
B, A SCAE PF-PINNS HEAE R, 228 R BE TR 45 5k 22 7575 MIM, KAk 27 REATE b i B A2 fit LA KA 28 0 246 1 i 1 2
—, BT WL R I ] 3, A B A R S A ) R AR S A TR O T AR LR R s 2
% T B S AR A SR A, 52 TR S RLRE A I T SEOTAY. IR, O T PA @S2 PF-PINNS £ 75 i 4k
B BRI SR I RE ), A SR B A28 RT ANEUE P B B IR ST, 5 mks B ooik e
P e FonS B SRR W, Dtk PE-PINNSs A RE 4l 12 21 AR S I ) s AR Ze MR A il R, HAHHOR e e i 4
%, THEERAT G B St S (K0 P A SRR B, IR RER A AR ZE T VA RE S Y K [ AR PF-PINNS 1Yl 25 H]
I AR T TN M ZRd L S TR, I IR ks R B AR 1 4Bt LA,

KA Ea M- ARCENE, WIETR AT ZE Tk, YIE RS 2 2%, AT U

hESES: 0357 XEFFIEEE: A doi: 10.6052/0459-1879-22-253

THE APPLICATION OF MODIFIED PHYSICS-INFORMED NEURAL NETWORKS IN
RAYLEIGH-TAYLOR INSTABILITY?

ek

QiuRundi *T  Wang Jingzhu *** Huang Renfang * Du Tezhuan *

*1*%2  Huang Chenguang * ** I

Wang Yiwei
* ( Key Laboratory Mechanics in Fluid Solid Coupling Systems, Institute of Mechanics, Chinese Academy of Sciences, Beijing 100190, China)
t ( School of Future Technology, University of Chinese Academy of Sciences, Beijing 100049, China)
- ( School of Engineering Science, University of Chinese Academy of Sciences, Beijing 100049, China)

Tt ( Hefei Institutes of Physical Science, Chinese Academy of Sciences, Hefei 230031, China)
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modeling of two-phase flow, and it provides a brand-new way for the high-accuracy direct numerical simulation of two-
phase flow. As an emerging interface capturing method, the introduction of the phase-field method in two phase flow
ensures mass conservation near the interface and significantly enhances the interface capturing accuracy. However, the
high-order derivate introduced by the phase-field method decreases the efficiency of network training. To enhance the
efficiency of the training process, this paper regards the chemical energy as an auxiliary parameter and one of the outputs
of the proposed neural network and revises the loss functions of physics constrain in the PF-PINNs framework based on
the deep mixed residual method (MIM), which transforms the relationship between the auxiliary parameter and the
phase-field variable from hard constrain to soft constrain. The proposed improvements decrease the size of the
computational graph generated in automatic differentiation significantly and the computational cost of calculating high-
order derivates in automatic differentiation is reduced. Meanwhile, the Rayleigh-Taylor (RT) instability is tested to assess
the modeling ability of the proposed PF-PINNs when the Reynolds number is high and an enormous amount of
calculation is needed. Compared with the spectral element-based phase-field method qualitatively and quantitatively,
modified PF-PINNSs can capture the strong non-linear evolution process of the interface, and the accuracy of modified
PF-PINNSs reaches the accuracy of traditional numerical solver. The result of the proposed neural network fits the
characteristic of RT instability well. Compared the modified PF-PINNs with the original PF-PINNS, the results indicate
that the deep mixed residual method can reduce the training time of the original PF-PINNs notably. The proposed method
in this paper is a valuable reference for improving the training speed of the neural network and gives a new insight into

exploring the intelligent modeling method with high accuracy.
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Table 1 Differences between a normal neural network and a deep mixed residual method network in

interface evolution equation
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Fig. 1 Sketch of modified physics-informed neural networks for phase-field (PF-PINNs) method
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Parameter Re At p/(kg-m™) pg/(kg-m™) g/m-s7)
Value 3000 0.5 3 1 (0,1)

Parameter uL/(N~s~m’2) uG/(N~s~m’2) D/m &g/m My/(m-N"".s71)
Value 0.001 0.001 1 0.01 1.0x 107
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Fig. 5 Evolution of volume fraction of RT instability and comparison with Ref. [33]
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Table 4 Relative errors in various typical times between neural network and accurate spectral element method and the total loss when

training ends

Relative error t=05s t=10s t=15s t=20s t=25s t=30s

total 10ss (L1 4.39x 1077 2.19%x107° 2.19x107° 2.87x 1076 7.85x 1076 9.01x107°
velocity in x direction (i) 0.72% 1.17% 1.70% 2.21% 5.30% 10.92%
velocity in y direction (v) 1.55% 1.26% 1.60% 2.54% 4.98% 12.35%
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