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Prediction of Conjugate Heat Transfer Analysis Considering Heat Transfer
between Solid and Fluid using Graph Neural Network
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In this study, we propose a method using a Graph Neural Network (GNN) to predict conjugate heat transfer
analysis. We construct individual GNNs corresponding to the solid part and the fluid part to consider different
governing equations. In addition, we consider the interaction between graphs to represent heat exchaning

phenomena between these two regions.
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TR EREBOF TG L. Z DiREE R/
b5 % X 512533 % PINNs ( Physics Informed Neural
Network ) [1]1 %, X v ¥ affiiz 2y s sy Ak L
GNN ( Graph Neural Network ) Z R 5 % /51 [2]. K
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Z 2T, ARBIZETIE, ERC RIRDRYREZ B E L
CHARBMBERT 2 RIS, BENL T &tk b
LTHEHHEIRP D37 -2ty b2HEL, Zh
LT MY EET VMRS 22 2 HIET,
HAKBNCIE, BEHATR & AR IS S 5 @il GNN %
WL, 77 7HOMBEEHZERT 2T, %25
XEHBERD T 2T 6 MRER R 2 THlT 5,

Isometric transformation

l IsoGCN l IsoGCN

Isometric transformation,

X-1 IsoGCN DIE ( XXHk [4] & DIR#E)

2. BIFRRZE
(1) IsoGCN [4]

IsoGCN X, 7’7 7#E 2 W T¥E %2175 GNN (
Graph Neural Network ) D—2>T® %, $##r L CTl.
KEL 20BN d, | DHMBZ 77 EDORXyt—
VB BEM I CTEZHZ 5 Z 2 T, MM R R
HTx 28, 2 0B ANCHEESRSEITREI 2T &
HABECEEEEZIT 2 & W5 RIZEM (equivariance )
BRI ETNTHDRTH S, IsoGCN OREX %
LR,

(2) Physics-Embedded Neural Networks [5]

IsoGCN X R AEA TR SN 2 WHBIRZ 05
{FETERETNTDHSD, MEBHEADHEHIXR
EMTHo7z ZOMHEYE LT, IsoGCN ZIZU®H T
2 BRI 72 GNN TE IS 2 RDEFEO/IMEIER D A%
ERLTTFHZTS 2o, MKEHGIZE W TH#A
FICR SN KRB LEEZ2ETY 2755 Z L3N
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Dirichlet layer + NeumannlsoGCN:
E(n)-Equivariant Graph Neural Network with boundary conditions

( ) Neural nonlinear solver
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Output feature

Input feature ¥ Encoded feature
Neumann Encoded Neumann
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—= Dirichlet boundary
condition

K-2 PENN O#BIER ( 3k [5] & DiR#E)

HThirmEe, BREFEZHBICRMTERVE NS
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2Ty a—RICN LU THEKE R X5 RTa—-x%
W BT, BREM T BEICHT e N TES
X351 L7HTH 3, PENN OBER %X 212785,

(3) GNN DOfRES
GNN Z R 3 2RI T ORMED D 5 Z ¥ HI S
nTWn3, [6]

e Over-smoothing: GNN O 1232 TOTEMA TH U
OBk B L

e Over-squashing: / — FIEDEWD S £ b 5T
KbhzdZr

o Under-reaching: RIFBfOME L ZETE RV L
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Z 23 L\, PENN (X under-reaching DRREZ A3
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W3 50D, ELDERN Do REE RS LR W
WD B,

(4) HEBEREN

FEABEIEMNT [7] &1&. BUA & TR DO BRE % [F]RF
WIT T 2 FETH %, N NCHEERZE, X 20FEHRE
ik, R 3T FEE, X ACHBKIKROIRES 12
RER L, SHEBEET2MEEHERI D +o/hxn
720, AL A NFLEHT A LFELHBLRWVE< Y
NECEULZRE L T20 2 2Ty 1 1XHERT [sec]. u &Ik
AT U [m/sec]. p FEE [kg/m’]. p &S] [Pal
ARG EELREY [Pa sec]. C, IZEHEHE [J/kg - K], « &
BVAER [W/m - K], TIXHEHEE K], R IXKUKEE
[J/mol -K] 2R3, BB, H 2 XBENMD T 375 DHx
BERIT, TLAARTEESED CFE) 5TEBTHR
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GNN for Fluid

GNN for Solid

X-3 Bl REDRRITER EZDBIER

ENZDBDTHY, —BGKEEH TRV 2ICHE
233,

dp

5;+V-Qm)=0 (D
a(g:') +V-(ouu) = -V-p+V-|u (Vu +(Vu)! - %(V . u)I)]
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g@%£2+v-mCﬂm)=v-wvn 3)
p =pRT “4)
3. BREFE

HIEBYLERN 2T D 720 DEFARB L. K
BRLF — &2t v b 2P BICE T O FEEEZ T
BT 3T EICOWTRT,

(1) B REDEREE

M 3 ICARFIEOME ZRT, £, EAHR L FIAERIC
TNENEL L7 7 7MiEZRE L. PENN ZHWT
R XEEAZRZ B X OMWKT 5, Rz, H”A
M DIERD S EAR L FADFHEICHYE T 28Ik Z2 5
HNCES L TH &, Zh s OHipic O W TIREICHY
T 5RHHEZ BVICZ TS E ( MLP : Multi Layered
Parceptron ) Z HIE L7z, BLEX D, EAES & fiAEC
Fhehiin 2 X Rz zxoo, MEMDOEAD
POWMDZETMETZ I EHTE D,

(2) THILE

GNN DR D—DTd % under-reaching DfE%
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I. A7 =R E 08T 25/ N NOBEH R T —
Ko L. T RZIERT %,

2. B L 724§ F Rt LT 3R T — & 20 53551
RIMNGZEIR T 5,

3. AR L PN itz A7 — &K<y
Y7 LT, GNNANDANT =&t T 5,

T T, PN RRIGZETR ST 5 7-DIcHWS 7 —
&+ v M training dataset DA TH 5 Z L IHEET %,
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dataset NDEFE 2 i< Fed DT — &

e Test dataset: training 3 & Of validation dataset ~\ D
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27:DDT—&

Validation dataset X° test dataset D7 — & = FHW T
B ZRAG 2 T 2 Z L 3ARKRAF LSRRV T —
REHFNCATFTETWS Z ¥ (data leakage ) IZHIY
3 %728, training dataset DA% W TR R ITNE
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EHIEWEIRTH 2 W o ARENA D, TR
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ns,

4. FERER
(1) FRIREERE
HABZERME Y LT, Bty L TAL A X
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x-1 AUT—bT 12D FE

Eins p={US b5 2
F, A 160.0 [mm)]

F; 74 VBEX 0.4, 0.6, 0.8 [mm]
F) 74 vEa 50 [mm]
F, T4 v F 10 [mm)]

Ly L—N—F X 45 [mm]
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Periodic boundary condition
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—— Training loss
Validation loss

2 x10°

[4]

- 10° A \J\ | |
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(8]
EOFHEiZ1T> TV FETH %,
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