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An MPS algorithm accelerated by neural network on edge computing
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Abstract: As a meshless method, the moving particle semi-implicit(MPS) method forms the pressure
Poisson equation by using the incompressibility of fluid, which not only obtain the accuracy of pres-
sure but also bring a high cost of calculation. Therefore, it is not appropriate for MPS to solve large-
scale fluid simulations. IA new algorithm NN-MPS is proposed to solve the above problems, which
transforms the solution of the Poisson equation into a regression problem by using neural network. The
NN-MPS algorithm realizes the quick solution of the Poisson equation by constructing the prediction
model of flow field features and pressure at each step. In this work, the procedure of solving the pres-
sure Poisson equation is further transported to Atlas 200 DK device for a faster speed of solving proce-
dure. Results show that the acceleration method of MPS mentioned in this work has the characteristics
of low cost, high speed, and low accuracy loss, and the solution speed has been improved. We also
verified the feasibility of applying the edge computing device in the field of CFD.
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BAER R s sl R4, R sh B g . B a0 BRI AR ik R 8 M mids . ®T
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72 (FDM )il 35 X 1538 DX R 20 A, BRI A, ARAS WA o545 o 20 i P B AR Ak s Pk B H i )
TF 8 AL 1 4 P o B P ) 9 28 Ak, 3 T B R 44 1 341 415 90 (Chikazawa et al., 2001) 58 # K AR TE 3t A4
(Gotoh et al., 2006)F 375 .

AR SR RA% B A )7 1593 % &, SPH(Monaghan, 1992) . MPS(Koshizuka et al., 1996 ) &5 k. F 7 15 32
%% CFD &M . H:/f MPS (moving particle semi-implicit ) iz - i Koshizuka et al. T 1996 4E 42 H, FH1 T
e ARG 2 M S 2 B T 2R AR A T2 O L Bl E MPS BRI it — 20 & 2, Khayyer et al.(2008) #2
T CMPS LB IE T B A F B0 g ASFE, 35T A h R FFR e M, 38k PPE R A
B IE AR T MPS-HS J5 % . MPS-HL J7%5. ECS ik, GC S, MK T M AR EN:; Tsuruta
et al.(2013)$& 11 T MPS-DS /LB IE T Jf Jj#i A, #F— P58 7 it iR et Tsuruta et al.(2015) $2 1
T SPP Jy kil L 5| A A5 [ B4R 7 X HE P B 2 B () AN T Ak s ORI 2 198 1E 7 VA58 4k T MPS 119 ft ik
PE, TR ARG, R RN T R E AR KA . Z A S 24 4 ) @ b (Shibata et
al., 2007 ; 5K TR 1%, 2012 8, 2018).

MPS SR F Tl A& E it R ) WA 25 TR SR fige it A4 42 il J5 2 (K oshizuka et al., 1996) , Filffi 2L rh
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MPS JE JJIFAFS 7 FE 0 NN-MPS 5.3% , %5 26 IR i MPS w10 5 R 1 oK fife 287 16 3R g [l U3 e R, 42
HOXF YA AR SR ffe e 32 S VR FH R AE 2 80VE R L R8RS S A, FF 51 AR 4% (NN, neural network ) fiff 2R-1%
mYSIEE
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N, BEADEHAE TAJZ . SRR AN HE, )2 5)E ZE R ReLU (Glorot et al., 2011) bR &K
VE RO A A2 o WUHET b+ 5 oo FIE B e, X R R 7 =T DURS Bl ph 28 ) 28 2 2 &
G TERHLE .

=5
NI

O

O vy L O > [ Bare
O d)pre: d)lp;es m S50 HEZE TG

KBz 5 Bk =4 Ko =3
() ety T =4 o =
e e b

(O Pt 80MLE 80MLZE

J

P12 25 n

Fig. 1 Structure of the neural network
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Fig. 7 The liquid level height near the left wall
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Table 1 Computational time for solving PPE
X _ _ THAR T RESR A ST /s
X1 ik I RN CRL T4 SR EL
MPS(CPU) NN-MPS(CPU)  NN-MPS(Atlas)
1 I#i] 7 5 41 8*16*16 13 456 5103.8 379.4 392.7
2 F gl A 8*16%16 13 456 5169. 1 395.1 401.3
3 [ 7 B A 8*40*16 28 800 41756.3 3750.9 3151.0
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Fig. 8 Pressure developments
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