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Real-Time Tsunami Wavefield Prediction Using Physics-Informed Neural
Network Based on Latent Representation Learning of Observation Data
(Proceedings of Symposium on Applied Mechanics)
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Current real-time tsunami prediction largely relies on numerical simulations that solve discretized governing
equations; however, achieving high accuracy requires computational resources. Recent machine-learning
approaches predict only at discrete locations and do not enforce physical constraints. Someya and Furumura
(2025, Geophys. J. Int., 242(3)) demonstrated the potential of Physics-Informed Neural Networks (PINNs)
for estimating initial wavefields in a single-scenario setting; however, their framework requires retraining
after each tsunami event and is not suited for rapid prediction. In this study, we propose a method combining
an autoencoder for latent representations of observations with a PINN to generate tsunami wavefields across
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multiple scenarios.
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Accelerated high-viscosity flow simulation using VM-SPH
(Proceedings of Symposium on Applied Mechanics)
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This study applies the VM-SPH method to highly viscous fluid analysis. In ISPH, explicit treatment of the
viscous term requires extremely small time increments, and IISPH still requires small time increments due
to splitting errors. VM-SPH adopts a fully implicit stabilized monolithic formulation, thereby eliminating
both issues. Plane Poiseuille flow simulations demonstrate convergence to the analytical solution regardless
of time increment, with speed-up of approximately 31 times over IISPH and 96 times over ISPH.
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4 0.1m Table 1 Total computational time upto ¢ = 1.0's
S E— |
2 Pa O I— A 1Pa 107's 1072s 1073s 107*s 10735
0.1m ISPH 1177 10034
IISPH 37.7 253.1 17733
0.5 m VM-SPH | 1.23 6.30 18.3 163.5 1268.9
Fig.1 Geometry of plane Poiseuille flow
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Fig.2 Time history of x-direction velocity at the center
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Efficient Seepage Flow Simulation Based on the Implicit ISPH Method
(Proceedings of Symposium on Applied Mechanics)
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Conventional semi-implicit Incompressible SPH (ISPH) methods for simulating unified free-surface and
seepage flows suffer from severe time-step constraints. To resolve this issue, this study applies the Implicit
ISPH method to the Darcy-Forchheimer-Brinkman equation. This approach establishes a more stable numer-
ical framework regarding time increments. In this study, the accuracy and validity of the proposed method
are verified through 2D Poiseuille flow and numerical seepage flow experiments.
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DEFFTHE AR P REW=D, R (6) D LIRS .

Vf(l —8f)2 _ 1 —&f

B o3| |o; (6)
83}D§0 8}D50 b b

fa=|-a

3. HHIE - MATEDORENE O EWMEIREE

3.1. HMMIBEORNEEOBEMY:2 Xt Poiseuille Fih
3, B BRI Ar T 2 RIC Poiseuille FiiALE W

C Implicit ISPH #£12 & 2 MiEIHOBERFH R OB Z1T 5 .

AT E 7V Fig. 112, ERIREBOEE D u(y) & FETHE

U oifgze X (1) 1ORT. BB, B TIEEROFY

TR 5.0cm/s 725 X S5UME B3R E L T-.

1dp, , A h* dp
— WP -hy; U=-—>== 7
u(y) = 2 d W -hy); U 2 d @)

h2
Cyise— ~ 1.6 x 1073 ®)
4

At < min | Ccp,

Umax
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Fig.1 2D poiseuille flow model and simulation results
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Fig.2 Velocity profiles at different time increments

Fig. 2 125 R 5312 & % Semi-Implicit ISPH % ¥ Implicit
ISPHAIC L BTG RZ 2 2Ry, dHEDTn 7 7 4
N T, ?ﬁ(}mﬁ%fﬁﬁfj‘ L, HGnfRe R, TR T
HRECTRT. Ar=1.0x107*s TIZMFEL IR r B
FIC—B L 7243, Semi-Implicit ISPH % T35 %) %j(%
32 e BUEFEEDAE U7z, BARIITIE, Ar=1.0x 1072
TIEEREERBUCE D KR Z, Ar=1.0x1073s “G‘Oi‘(?ﬁii
BRICHWEEICES (il Z i/ 2 R koo iz
K3 % (3 (8)). —H Implicit ISPH %12 & % @, i
U 72 C ORI TR AT ATRE T DB & —B L T
B, FREHHRNCNS 2 B v RS HERE S k.

3.2. MAOEOEHNEHOFEMMYE: RERDOYIERE

Periodic Boundary

0.72 cm
Periodic Boundary

Fig.3 Numerical experiment model for seepage flow

R, PUTHEDRRIREOFENMEZMELS 570, Fig.3
RS ET NV EHWTRERBN 21T 5. AEHTTIEEPIK

ISRANZEEER

E2EIGAANREY YR Y L/ EBEEMRICANFHEER
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(a)Semi-Implicit ISPH result (b)Implicit ISPH result

Fig.4 Numerical experiment results for seepage flow

BB = 0.1 MY T 2960 b 2R X, ABERS

s L ORMIEEROEZ BT 5. ZTOSRMFTTIE,
EHIRBIZB TR e PINIDBEID G5 70, FudidHE

L, BB K, RT3 EZoN5. DL2iE
Z, KR & BERKBRE R L X B - DS T Tt
BPEIEL, IREFEOEHEEMEET 2.

Fig. 4 (a) 1 Semi-Implicit ISPH £ ®, (b) IZ Implicit ISPH
ROBNTRERZRT. FEKRBUC X 2BREBROBTX
AL, SEREICBT 2EREMETXAT 5. .—n%k
(REREIE T TR & S S KIREMEIC IR U 7223, &%
HEWV K, =1.0x1072m/s DEFHITBNVT, mﬁ%kkw
S IEMEH NI OB & » THRED & OTREEL R 5 h
7z, 2B, ZOMEMIIAFERICHBEL TVWE. —FTHEK
(REAMEWAEIRTlE, Semi-Implicit ISPH (i&iﬂ#ﬁﬁﬁ?”%’]ﬁ‘fﬁ
UL 2 b BUEFBDAE Tz, —75, Implicit ISPH 71X, W
FTHOBKBFBICBOWTHHEMETLELTNHELTEH
b, ZoZ4Mr HHAESHEE .

4. ¥EE

ARG T, BBRENT ORI E HiE L, DFB H12
AR U THMMEIES X OHIEE EIICED #25 Implicit
ISPH 7£% @ L 7=. 2 2KJT Poiseuille i B & KIRZETRD
BUEEER OFER, (ERFETITRIEREDAE U 2 K & R
0 %ﬁmé*%ﬁ@ FETIZBWTS, RFRIEIEEL
THERA - BEMEICICR L, MEESBEKRERIC K > TR
iéhﬁﬂﬁm#%k%k%ﬂf%% LR R, B
Hax b e BUEZEEOBFER R L 5 % @R IIRER
B TFEE LTEHTH 3. SHoBE L LTHHERENME
BEEL XS RERE O - MEtEE L TARFEOZY
HEHERTZ2TETH 5.

SE

1) K.Tsuji, S.Fujioka, D.S.Morikawa, M.Asai : A reliable SPH
(2) formulation for Darcy—Forchheimer—Brinkman equation
using a density-based particle shifting in the ALE description.
Comput. Part. Mech., pp. 1-29, 2024.

2) D.S.Morikawa, M.Asai, N.Idris, Y.Imoto, M.Isshiki : Im-
provements in highly viscous fluid simulation using a fully
implicit SPH method. Comput. Part. Mech., Vol. 6, pp. 529—
544,2019.

3) D.S.Morikawa, M.Asai : Soil-water strong coupled ISPH
based on u-w-p formulation for large deformation problems.
Comput. Geotech., Vol. 142, pp. 104570, 2022.
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Fast Runge-Kutta ;ZZ HWVc S8 E - SWELR ISPH E
(2RI LEEHE)
A Highly Accurate and Efficient ISPH Method via the Fast Runge-Kutta Method
(Proceedings of Symposium on Applied Mechanics)

HFE EXR GRILR - I i Ber Gk - ID I O Juik - 1D
Yoshitaka INOUE, Tohoku University
Kumpei TSUJI, Tohoku University
Mitsuteru ASAI Kyushu University
E-mail: inoue.yoshitaka.r§ @dc.tohoku.ac.jp

Time integration in Incompressible SPH (ISPH) is typically limited to first-order accuracy, and high-order
Runge-Kutta (RK) methods are computationally expensive due to repeated the Pressure Poisson Equation
(PPE) solving. To overcome this issue, we introduce the Fast Runge-Kutta (FRK) methods into the Transport
Eulerian ISPH (TE-ISPH) framework. The FRK methods reduce the multiple PPE solves of RK methods to
just one at the final stage. The results confirm that the FRK method achieves numerical stability comparable
to RK methods at no greater computational cost than conventional first-order schemes, thereby improving

OABHEEATIARER BANFEESR

computational efficiency.

1. [FLC®IC

SPH ORI FIEIZ X v & 2 7 UV —OREHED & KETUR
WricE#EHS, ek IEEMEM: SPH (ISPH) (KX RFREFE S
WIXIEEICEE Y, BENREEECHELD - 7.

R = XFE 2 {E1C Runge-Kutta (RK) EZ#HH T 2545,
JEEREE TR RN Tl B 7 72 B HE AR O B W E ST Pois-
son R (PPE) 2 MEX D D, FIHE X b OBKRH
EH EDREEE Y 72 5 TWizD,

Z TR T, HMTIETEFEHEE X N7z Fast Runge-
Kutta (FRK) 2 2% H L7=. FRK BB AT — Y DE
F1%@mEDMED &EREFHME L, PPE ORE% HIKE D 1 [A]
WIRELOOEBRFEEEHMERFTE 2. AFSIEZ D FRK
EERFENEAT S, Bz, HES0BE e EEER
5783 % D Transport Eulerian ISPH (TE-ISPH) JE~EH L, 18
HORME 1 XFEEFE L RAEDEKa 2 N TEREELEZER
TEERRRE 7L — v — 7 DL Z HIET.

2. %EoAEX L TE-ISPH &

2.1. FE2AFER (Arbitrary Lagrangian-Eulerian 52it)
FEEHEME Navier-Stokes FHERUE, MUIFOEEEFRIB X

CHERREFHI TR N S.

Vo=0 (1
do = —le+vV21)+g— (c- V) @)
dr P

ZZT, v lXRHE, plEES], ¢ =v—w 3HEHEE, wik
EREOHHREHEE, do/de lE ALE %R T,

2.2. TE-ISPHZED7ILIdU X L

ABFZE TR % TE-ISPH %13, #EDEH L fiEDHE
HenlET 2 FETH 2. EEEHFHNITFES BT)
ZFEE w=0) LT Euler il X 2 XA HERNERE, *
DRI FEBEIE2HIcH 5. 2Tk, BER T
FEFE OEME 2 AR AR E 2 [EhEE LT w39,

¥ 1 KKEE D% Buler (EE) % i\ 7z TE-ISPH {£D
BRI E 7 LY XU TRO#ED TH 5.

c REEH: HEARHEONE x" WKEEL (w=0),
REFE v* DFFE, T Poisson T2 (PPE) DK fiR,

B X OHFIRFZI D o7 DFEMZITS.

v =0v"+ At (vV2v" +g-("- V)v”) 3)

V2piil = A%V v* o
At
vl = - ;Vpﬁﬁl 5)

UBEHFEUIYEYT: BohiiE ol BT
BLiE D —{bD7d DR F > 7 b or & FAWVTHR 707
BEEHL, HLOVAME x" = x" + Ar ABEj X1
5. ZO%, NTBEICIESMEEDO XL Z/MIET
5728, 2 RIEETOD Taylor JEfE HWTYHES
HiE x! AHEE (Vv By 55, 2T,
Ar =At/2- 0", +v ) +6r TH 5.

2
ot~ 4 Z i’(Ar - V)Ml (6)
A m!
3. TE-ISPH EDKMBED OEREEL
3.1. Runge-Kutta 7&IC & 3 TE-ISPH &
RS OEREEEZ BN LT, 2 B Runge-Kutta 7%

(RK2)V % TE-ISPH IEIZH#EA S 5. d6;;, & 13 RKIEDHRE
TH3. 7ATYVILZUFOEY TH 3.

cFT1X7—Y (REEXL PPE) :

U:l) =v" + Ald]y()F(Un), (7)
2 P *
Viray =z 5V vy ®)
. At
v = l)(l) - ]Tvp(l). (9)

cE2RAT—Y (RIBEEDRE) : FH1 AT —Y Dk
REACTHERBELZEHE L, PPE &\ CTRi&GH
FEontt 2R 5. WH D RKIETIE, #RT—IT
PPE 2R BB H D, ZOFIHHE I A FKEW.

MIBEFHEUIVEVS: BoEEICH W TH
FHEZEHT 2. MFBENCE S WEEDORES
FIET 5728, 2 XD Taylor JERZHWTHEB XU
[ENZFAE xm+ ICHEB T 5.
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3.2. Fast Runge-Kutta (FRK) ;&DiE

BE D RK ETIE R T — 8 [AE D PPE KENNET
H5. —F, MTIETIREIN FRK 2 1%, AT —
POENEBFROE S 2 53885 5 Z 2T, PPE OXKEE
B RAT—YDAIBET 2 FETH 5.

AWFFETIE Z D FRK %% TE-ISPH LIS 3 5. 2 B
FRK (FRK2) {EYXEHE O RKIEDTRRE VI TOED T
»Hb.

P11 RT—=: PHEIEN%E P = p" LiE L, PPE
% @3 D) A BCTE % B U C R R o) B3R
D5,

s P2 AT (BIRER) : IEEMS R T2, Z
DEETPPE X RKEHEEEZIRET S, Zhuck
D, RK %L FEORHREE 2 H#ifF LoD, PPE DK
FEEE 1 A7y 7HD 1 ENCHIBTE 3.

4. BEREEE
REFEORE L $IREMGET 2729, JETMmLIRARE

DR F~—2 T3 2 RIT Taylor-Green Vortex (TGV) i

B Wiz, 22l 2 X 2R3 SPHR)Y ZHWVWTW 5.

4.1. FERERTE L FHEIEIE

SHEMER%E [-L, L] x [-L, L] DIEAEMERE L, 2FE1C
JEIRMR SRS 2 BT 5. HES v = (0r,v,) BEUEESS
p DEERIULTOWBYTH 5.

vy = Uexp (—2vk2t) sin (kx) cos (ky) (10)

vy = —Uexp (—2vk21) cos (kx) sin (ky) (11)
2

p= % exp (—4vk21) { cos (2kx) + cos (Zky)} (12)

ZZTC, Fk=n/L, RREX L=1m, HE p=1kg/m’,
BIRE RIS v = 1073 m? /s, REHEE U = 1m/s LREL
(L4 7 VX Re = 1000). &&= M7 FHMFEMRE & U CTHIXT
M IVL L, BV,

42, BEERERCEE

SRESTE: #IHARL R Ax = 270 m & [EE LR BIICGR %
FREE U 7z. TE-ISPH {EIEHER ISPH TRICLER, #ERRA %
2 A —&Z— KL 72 (Fig.1(a). —J5, JEHRRZIZRRZ
ARNLTIE—ETH D, EHEBRENERL TNWE Y
DR & 7z (Fig.1(b)).

UIyEVIREDREE: BERN FHITTE, Ar %
INE L F B Taylor fIfEIC & 2 REBRENE KL 72
(At < 1/51205, Fig.1(a)). RK{%, FRK {EZEA LT ffifd
BENEBL, BER IRENTH 5.

FRK 7I)L3V X LDM4EEFF: Reynolds £ (Re = 1000)
FHENCBWT, BEFHEIEH Buler (EE) X IR L T
9 4 5K & IR RERIAI A Ar CREFTHEDWRETH D (Fig2),
LEFBD KIBRILREMER L2, AU E R 7 D
A & D BENARZERESHRINIH X /2 2 2 2R
LTW3%. X512, Table 1 \IZRTIED, FRK % (FRK2) O
FHEaX MIERD 1 ZIEEFEOMW 12 5128 %D, RK
G176 L ChEIERCENS. DlELD,
AFEITZERR L HENROMZER L TWd
MRS NIz,

E2EIGAANREY YR Y L/ EBEEMRICANFHEER

Convergence at ¢ = 0.05 Convergence at ¢ = 0.05

Conv Cony
—-— T
| == RK2TE
f o FRK2TE

o is

~ ~ o
10-5 _’[' .\// ; __[1

oo oL
10 10 107 1072 10 1074 107%
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[ ~o+ FRK2TE

(a) velocity (b) pressure

Fig. 1: Time Convergence at t = 0.05s (Moving particles)

10-1/ O RK2/FRK2 (TE,ALE) Pass
X RK2/FR E,ALE
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_-RK2 /FRK2
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Fig. 2: Numerical stability (Re = 1000).

Table 1: Computational cost per step (ms).

Resolution EE RK2 | FRK2 (Prop.)
L/64 (N =16,384) | 18.85 | 32.14 22.36
L/128 (N = 65,536) | 74.61 | 120.25 89.99

5. #E

AMGEEIZ & D, 2RI DFEZE & Taylor #ill 0 Rz
HPREEEOR EZHIRT2E R LTRET 20D,
FRK {E%E A L7z TEISPHIED 7 L — AV — 21X, ek
ED 12 50K E 2 2 F T RK &% ¢ IS OBIERENES
K TE 2 Z e RSNz, PPE 2 KB TOAMEL Z
YIZEBa MIBIREAE L, ERMEOGERZET 2
FEIERRIETRIRENT OFEHEIZ Y NAN— LTHETH 5.

SE

1) Sanderse, B. and Koren, B.: Accuracy analysis of ex-
plicit Runge—Kutta methods applied to the incompressible
Navier—Stokes equations, J. Comput. Phys., 231, 2012.

2) Aithal, A.B., Tipirneni, M., Ferrante, A.: Temporal accuracy
of FastRK3, J. Comput. Phys., 475, 2023.

3) Matsunaga, T. and Koshizuka, S. : Improvement of the time
marching method in a particle method, Trans. JSME, 87, 2021,
pp- 20-437.

4) Asai, M., Fujioka, S., Saeki, Y., Morikawa, D.S. and Tsuji, K. :
A class of second-derivatives in the Smoothed Particle Hydro-
dynamics with 2nd-order accuracy and its application to in-
compressible flow simulations, Comput. Methods Appl. Mech.
Eng., 415, 2023, 116203.
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BRFEE D+ — L2 — FFAFICE D ERNERRY ILN—DERL
(S VRS LEEHE)
A machine-learning-based warm-start predictor for accelerating an implicit
kinetic solver (Proceedings of Symposium on Applied Mechanics)

fam BE TR - 1B

LH BN (TR - 15H)

Martin FRANK (SCC, KIT)

Yuma SHUKUNAMI, Graduate School of Information Science, University of Hyogo
Shugo YASUDA, Graduate School of Information Science, University of Hyogo
Martin FRANK, Scientific Computing Center, Karlsruhe Institute of Technology

E-mail: minamium.shukunami@ gmail.com

HEEGE 7V OREME T, HZEICER 3 2 58 WEEREITE D 72 D NER Picard KB [EIEHE K
L, st X M XER 25, RKIfFFETE, BERED I A7y TEHFEE =2 —F 1%y b T —
7 CFHIF % Warm-Start TR T E2EA L, BEIEOIHMELY SGE T 2 FiEE2IEER T 5. Boltzmann
- BGK SR T 2 BIRIAEEARIEICEA LU, Sod B4 52 3\ T Picard RIE[HIE % KiIE

WHIRTZ 2 2t 2Ry,

1. EL®IC

ESUR DB 0KF - Bz Y, REhLE cmuy
B HE U 2 R DEIEHR R I LTIX, 9T OE%%E
WREEER L 2K TEE KLy <y aE) gk
BEBBREY 12 3. FELY < v ARERIEG AR
ICBWT, BEOREIEOERSERTHEF =2
N2 ZHFBEREPEHTEZ 200, MEHIEDORXY R
avy 7HEEGY LTHEERERZETS.D

—hHT, KLYy <2y HEASLZDOET VAR GEE)EN
ETV) T, KRB X OEMERICIA T, KEKTTFD
HEDHNERY LTRSS BDERD 5 7=, EHERE TN
DOFUEF B, AT L LI U TEEa R PR
{725, 51z, HAMRAE T, 5T 0E%EEs
OIS 2 EZEIH ORI S, ~ 27 v el 2 o — izt
NRTIEFIZEL 25720, BERZRILESREE 725,
BUBERIAIPE 5 2 (BRI ILTE © U TR W
SNB D, EHEE TOVXEIUEICERE R I IEE A D
72, B2 PREE TR EARE R T v Iz W IR M
BERLT2DOC I —NVRIEPLEL 5. LHL, ZO
RABEBITEGARIRIC B WTE L EMT 270, R
EDATIIEERRINEE 5B T 2 Z e LWL,
COFMOFEICH LT, FEHEmET L BEET 2ERE
FHRENXEEH L2k 3l 212, HOLO R ¥ — 2.2) o
JTRTERL 2 % — L\ (Asymptotic Preserving %) 72 ¥, ¥ 4 72
FERBER ¥ — L D% - IIRDNERIITOh TV 3.
L2L, ZTho60BMERX—2113, Hir0EERET LD
FERA T IC X o TIEBNGEHR I N 23D TH D, —i%
TEEERE TS T 3 INAED H 2 FiE L xS V.
Z ZTCARWFE TR, EHIEE 70— BRI R B2 TE R
F—LIINLT, =a2—I1%y b U—2%EAL, W
Y h — VR E 2 NE S 2 Warm-Start Tl % fHAA T T
PRETS. Uk, BFEORREOHE R L 2
FEEa A N TBIERRMEOMEEREMT 2 2 TE S
k21T 3.

2. Boltzmann-BGK PEf#% ¥ Picard R1E

AHEICUE, PEEZER 1 KT, #EEZERM 1 XKoL BGK 712
R T BEERAF — L 8 ZONEE H — L KIBIZTOW
TS 5.

2.1. BGK EFILAER
PIEIZERT 1 2RT (x), HEEZER 1 KIT (v) D BGK AR
B RD &S IcEIT 5.

of  of _fm—f

S tUao =T 6))
2T, f(t,x,0) 1ZHESAEE, far (2, x,0) YR~ 27 A
v VA, (1, x) W EERIEENRRTH 5.
AP~ 27 227 2 V53R far(t,x,0) SRR (7, x) 1,
BEEE AR BEEL £ (1, x,0) DE—X Y P BRD LD ITERX
N2 EMHE BEE (L x), TE u,x), BE T, X)),

n(x,t) = / f(x,v,t)do, (2a)
n(x, Hu(x,t) = / v f(x,v,1)do, (2b)
n(u?+T) = / v* f(x,v,1) do. (2¢)

ZPRHWT, LT XoIcRkdD5NS.

fm(x,0,0) = n(x.1) ex (_(U—M(x,t))z)
o \/m 2T (x,1) ’

3

T(x,t) =

?
- 4
n(x, ) VT (x,1) @

ZZT, %, REMICKIFE LR WER ST X—XThH5.
22, BfFEEIX—L

BGK A (1) O EREREIERICE S S BEEA F— 21%
RDES1TEINS.

At A N
=ty o (14, - 7

At
i+lj ,7%,1') + Tik+l (fI\,i;:ll,j _flk]+1) )
®)]
ZZT, EFERTFLEKRERT Yy 7, TRHERTL &
Fhzh, By 2 b HEEBRA Yy 2 %2RT. iz,
FHE 2T H By b < ITERKEL LV ABETOK
7oy 7 2%KT.

23. AFEH-ILRE
BRREIEZ % — 2 (5) DfE 1113, Algorithml D ¥ —)b
RIBIZE o TRD 2. 2 2T, IRHIEIZFFARR abs_tol
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ZRAWTRD K S5121T5.

W{z+1) _ Wﬂz)
! . <l 6)

)

w

abs_tol + picard_tol max(‘Wf”l)

M.

Algorithm 1 Fully implicit BGK step with Picard iteration

1 #HE: O — fr e L, O s WO = (n, (nu),T) %
AET 3.
2. forz=0,1,..., Nmax — 1:
@ [ > WO = (n, (), T) ZEHE L, 1), 2 %
MRS 5.
(b) {A;(WD), by (W)} ZHIAT, A;f5 = b;
GHEEZ ¥ D =EX{f4) % batched GTSV T# X,
fle) 2182,
(©) fED s WD) BB U, ICREM (6) 278
XEIET 5.
3. fk+l — f(z+l).

3. MIWS-Net: Macro Informed Warm Start Neural Network

MIWS-Net &, BGK H XD IR ERBICRE T
ZHICERHL, - RKEOWHEE <EHREZER T
EiEET 2 720D Warm-Start Pl FETFILTH 3. BIR
B2, LT D AT LT WK = (nF, (nu)%, T%) ¥ 2
=M (AT BHZ, Hie LT AW CREFZNCHNT 72
EREOEHRR) %2 FHlT 5. CNN T & b 22/ 5 ArisiE
(BT EED B - JHTE) ZH X, ResNet 12 & D ZE 5%
Y LT AW 2583 2 2 2 C, FHEHEBTORE R
BEEMZz o0, XMW RIEREE— FREICET I %
HS . IR R Ty 722 1 ETH Y, DB
FRIT L HERITCE D Z IR T, MIWS-Net (3973
RILDAHDHEFR T H 2 DTEHE I 2 MKBEERE Y A
FTE 73 kS REHABETH B. Z LT H#HRmITL-T
BoEI AW ICESWTEY - A KEOWHER 5 %, B
FREDO 70 —D F FREHIREITZ 2 2 PRBETH S
(Algorithm?2).

Algorithm 2 MIWS-Net warm-start for fully implicit BGK
step

AT WE v &0 (A1 T).

HESR: AW — MIWS-Net(WF; Az, 7).

warm-start AR E: WO — Wk + AW,

warm-start FIHA3 1 fO — £, (W) ¥ U CHIHAME
PR T 5.

5. LI Picard )K1E1Z Algorithm] ¥ [Fl—& § 3.

Ealb o e

4. tReFHE AR

—RJC Sod shock tube [ %, 22 EIH n, = 1024, &
FEZE R EIE n, = 256, FRIZIAIE Ar = 5x 1074, 2T v 7
B 100steps, FEFIRFRI R T X — & T=5%x 1077 O THIE
FHE L, HREFHEFS R % Table.l B X Figl I&RT. 22
T, ‘“‘Base’” l& Algorithml , ‘‘Warm-Start’” { Algorithm2 D
TERE LT

Table.1 &, Picard IXCRFFAME tol Z 2L S HGED
TR ABIAEL iters, (Base), iters,, (Warm-Start) ¥, ZODLt
sp;, = itersy, /iters,, 7R3 tol = 1070 \ZBW\T sp;, = 3.33 2%
A5, Warm-Start 12 & D RIBEIEDIKE CHIEXN S Z

E2EIGAANREY YR Y L/ EBEEMRICANFHEER

DR TE 5.

Fig.1 (i) & 1 X7 v 747 h FEEERMERL, K
BRI DO HITFI G LT Walltime b [FIFEEE D% TR X
NTH Y, KFRETIE MIWS-Net DHEZ =2 2+ 1F Picard K
WRIEIC RTINS e 30 5. £z Figl (i)
1%, Base D tol = 107 2 ZRE L L THRMKRT v SIeBY
LZEREDHED L, /VL%/RT. Warm-Start 1 tol = 107°
BEF TSRO LTREE, H20EZA TR
WIRLTE Y, KIEHFEE EEOMY AR TE 3. i1
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Table 1 Total Picard iterations (Base and Warm start).

Here sp;, = iters /iters,,.

tol itersy iters,, Spit
107% 150493 113602 1.32
107> 347869 133962 2.60
107% 504556 151724 333
1077 586876 184022 3.19
1078 609104 225637 2.70

Walltime and L« per tolerance
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Fig.1 Mean step time (Base and Warm start) per Picard

tolerance and final L, differences.

5. kineticEQ
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