ETF MO-PINN — 4 [R5 min = 50t F i afs

B Y rHRAL T I T AN EAE T ER
1) (FEAE AV R 2l Fe, 794 710072)
2) (P92 RAEEB R RERHA TR A F], PH22 710119)

WE. WIS B4 M %% (Physics-Informed Neural Network, PINN) ik A
YR TTRE, FEM R S5 A NSRS HE S, & TR A R R AR . B X
PINN 7V B AAED B R E THOE . ARSI FilGe /1A 2
Ry I R, AR SCH Y — B T 2000 2 i ) P A S 2% Y (Multi-output
PINN, MO-PINN) . MO-PINN HERY7E Ry Hi = o5 28 B B 5 s b o o 4 il
Hoa It RSH AL, AR YR T NBIE 2 LR 2 42
W5, i 2 o) U A5 B R B A5 I, [ 58 R kG B EE A
S CASAR 4R RS A SRS, AL ST PINN ST HEGERS L. 4K
EAREY]: MO-PINN idy EAAG L IR TT 42.9%, I Fe TGRS FE 52 7T 26.9%,
2R BN T 14 R i AR T

REgE: Zi@Em L, WEGEEMEMNE, WHEM, NP, —4ERESER

1 5

i
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FA (Convolutional Neural Network, CNN) , 7F V401 BT BE TH R /793 A (115 1
N, SEPLT AN EE RO R S A I R R B (Y RS FE TN . Kong 5Bl i
CNN 4 G HCHE SR B 168 7 A A28, ) P XU 0 R A P S0 BV B R
JRREAN NSy, AR 2 A 0 R 2T 16 fif. Peng S5IOUE FIVRFE B pHLE
2%, A6 JUART TR AR N2 S A T 0 2 R B SR B AR, RS E 52 R It 3l 2%
PR SE R PO TN . Zhang 25U VR F S5O TR 2 2% ) 7 ik, RO T M i 240
A o AR, R T R R AR BN S A IR JFE FE . (R
i, PIRRGIREE S S TINER IR0, @B AR s = AT R, B Ak
Y B 55 93 TR &5 B A P B — SO A AR A K R PR BAL

N T RAL BRI E 2 ) JTVE AN 2 5 Raissi ZE09T 2019 4E42 H A FAS B P2 0
2%, @It w S )RR (Partial Differential Equations, PDE) R AR %,
ST AR IRE) S B L R AR ZS G MG —HESE . PINN RefSEA BRAE 264 T K i
SRR TR AR F7 5 U R B T2 B 77 - Cao 2500 @ I 454 PINN
5 A AR i SR, R YA I T P S SR AL S P S BR RE YE IX R B RFALE ST
AR S B ] SRS S ) B RS HE SR 01 SRS RS
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M RAEHE , 56 B [F) T WA L0 A S6IA A3 3 S 45 K60 1 e s FEE A
55 FE AU . Chen Al Zhang!' 3£ 7% 2 M 48 55 PINN,  REMS 72 A4 e 75 141 2514
NSRS U ERE B I . Chen SN I8 T % 5 28K BE A7 AE IEAH DG 1A 5
SRS RN RO R, Kl RSV FE R TR BE B2 T 54%. 158 PINN #
R A W T, [RIREZ B A 538 2 0. 5 B ISHR I T T
1% PSS 2 4 PINN, 383 5] AJEATHa 45 A9 J& T x84 PDE IR fig
BEJT. Gao SEUOMEANHL N Wy EE I IE i A bRAS e S BRI S350, H 454 PINN
A FAFLIR, LT AR X3 =S4 Fa 7 PDE MoK f#. Lu 45017
PEH T A AL R AEI PINN, 38 A5 200 28 1 20K 300 5 2 A R N I 285 485
), FEfE G HR B H 7%y 02 T PINN 78 PDE 25050 ) it 1 5 r fg )32
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2.1 PINN #5%
PINN I8 K3 i S 73 75 R« BT46 26 A Sl sk AR D B 20 SRR A5 2% pR 5
O (R 5 T R 0 25— SR ARAFE 42020,
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u(x,0)= f(x) (1)
Blu]=0, x € 0Q

s w(e, ) ACRERIN M, NI¥PRARERIER 57, Q2% X, f(x)
A, B RIA T KT

ININ 3 I ) S o 2 ) 2% B R (o, £) o LSRR EAT AL, e 0 KR 45 1)
B, AW ERIE o FRE S . PINN A AT /MU 2K R
SCILZHAL, SERONZRIERE . 45155 o 0l 2 U B0 0R 55 A iR 22 A A2,
BRI R IR Ly « U ERMBUR Ly~ HIRFAFIUR Ly DSBS R
BHEAR L, -

W

¥

L=Lpy+Lye+ L[C + Ly (2)

2

1 Nppg au Xi ’ti ; i
Lppg (Q;PPDE) = Z 9( oA PDE) + N[ua (x poE> L PDE)] (,x,y) (3)
Nppr = ot
1 Npc ; ; 2
Ly (05 Py) = N z Blu, (x5t BC)]‘ “4)

BC i=1
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Ly (9; P[c) = NLZ U, (inC’ tICi) - f(xilc)‘z 5

IC i=1

1 N, Data
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Fig.1. PINN network model

2.2 MO-PINN # 7Y

MO-PINN 74 Hi JZ AR S0 A7 B B A S 7 (1 i HH BT . AT
FERT A AR AR o, B 1 it od St SR AR 4R B2 0 A A B 2 AR FR AT e 4y
AEZwAY, SR 5 7E 2 @ IE Kt 2 0 00 AN [F) ) B BEAT ST L s T AE S [ A% RR B
B, S EEN N 5 R U AE T LT IR E 2, R S5 an ] 2 Fs

T YA T RG], AR DL 23 AR BRAE N, H R e T 4y
B P, U,V . {EZHL PINN H1, fith 2R A we .

[P, U,Vi=c(W,h, +b,) (7)

Hr, b AR ERBERRL, o) NEERE, W, 55, 72508
iR BB R (B 5. AE PINN RZ8 50, B — B B A I SRR 2 A
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Fig.2. MO-PINN network model
Vg, SEHEANGERETIZHEGELR. 5ZAF, MO-PINN i /=5

ANZ MBS, S E R R R RN A:
P=c(W,h, +b,)

out

U=o(W.h, +b.,) (8)

out

V=c(W,h, +b,)

K, 8w, we, w Fb?, b, b, SHEE x J5 Ty T R AR
o B TE AR RV E R . 3 ANER P, U,V R IE R R EUZ, H
TERHZ M B, AR EE R A 55 B 1 S HO AT SRR . 3 M R
RBST SRR A, AR B R BT, T BB T, FE A
Zh e e TR 5 TR P o %3030 2 40 FEAE ARG I R T T IEAE, Wi 2t N Rk =
vV, L1V LV
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v

A, V,, LV, LV, LAFORGRE L e 4B x 7R
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A SCAE ] OpenFOAM St 48 AN B 447 — o [ Ak S350 308 AT B0 AT ADoK
fif, THESAT RS RIS B 3 R . THRS ) AR R E A T NS
HENE, HEEERNA Lm/s: HEAEDHE, £ERO0: ENEFRERE
AT B FFA, EER 0. KRFEIREER 0.2 s RAF—XIIHEHE . THER
[H359 0 ~ 250 s, IRAARIZBRGTE R ECH 0.008 m¥/s.
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Fig.3. Computational domain and mesh

KH 3 FhAS [R5 A B 1 X i 4T Te e MR BEAIE , T X b (5 A 2 1 52 21 (4 BHL
T &2 Ccd T RBCl, 530F 1 s,

F
Ca’:l £ , Cl:1 ? (10)
5 PPU; L PPU;

KXep, FAE 3R BB IR 71, p NIRIRIEEE, U, AN EREE,
D AR ET.

YR TS LE B Cd 5 CT Ay 19 1.28 F110.791, 53EAERIRR 2 BN
3.0%F1 0.6%; SZAHLL, FHPIRS LS SR Z RGN T 8.8% 1 31.1%, T HE
JE£ HE LA A2 225K 5 T RS 40 Wk £ BHL ) RN T ) REGR Z AL 2.3%H0 1.9%,
THEAE R OIS LR A BT SRS B 5 R, PR MR AT J5 S0 B
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Table 1. Mesh independence calculation results

Pk EE PR RS /m RS TR

FHL % 2300 0.869 1.16 0.537
YIS 9200 0.217 1.28 0.791
i 4 19X A 13600 0.147 1.31 0.806
Franke!?*! / / 1.32 0.786

HI 20 R T H AR B A BE AN T g i e nl& 4 Flros, 20 el BUKEE, £ 200 s
Ja i B TR S B9 v S o PR AR STk B TR E 200 ~ 210 s B
Bavlfr, BIRE R — DA MY, {Euials MO-PINN AL i S fE
JIHVEHEEE o [F) I 18 BT [B)AE 210 ~ 220 s B9 B U F AF 9k 56 MO-PINN #
LRI e P BE 77 R A 5 .
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— THhAEK
- AR
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Fig.4. Periodic calculation results of two-dimensional cylinder flow

3 MO-PINN & # S ¥ o007

A4 FH AR 14 2R S 2 T MO-PINN B AU 50 I ZR5E RBUR: Epoch
To B R R Nepes 1B R AESRES Location W45 B8 B Novian, £ 2818 P
Naepn X7 B LRI, BASHNE 2. HEHESHERAENRES %
SCHR TAERSY, b 7t s W86 s AR 7 R B A A5 F 25 ST BE M LRRE J5 V21 A
e m e, TSRS VIR SRR HCRLE 2 120 A1 500, 945 A5 35 R
Adam PRAERHT SHECERT, MRANERILEF 2 BN 0.001. IR R R 4y
B2 S) R PIRG, TER NG 80%F1 90% AN 2 1 HZE N 0.1 5.
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Table 2. Comparison of parameters for different cases

F5  Epoch/Ji Nppe/ T Location Nyidrn Naeprn
1 2,4,8,10 1.5 H34 48 6
2 8 0.2,0.5,1.5,2 H34 48 6
3 8 1.5 C34, W34, H34, H68 48 6
4 8 1.5 H34 16, 32, 48, 96 6
5 8 1.5 H34 48 2,4,6,8

3.1 YIZREC B SR 3 i

R VR Epoch 4t 7€ MO-PINN IR ALFE 5 I ZRise SO (A2 oot
2R, IR IR e 2 P EAUR B U S 8GR, TR NGRS IIES
VERFAE 5P ERLI R, I GRA oS 2 ) 2 B hnvh SEI (8] BeAS . AR F Epoch Xt
MO-PINN HERIVERE 520, 43 7% & Epoch 4 20000, 40000 80000, 100000
T FEE S, % Lb 45 BN 3 s « T, Loss Fon R B4R RAH , Error P Error U,
Error_V 4y MIFRNRBH W IEGR Py x J7 IR U Ay J7 AR E VB T2 2 1A

SN 3 WAL, BEEE Epoch 34K, BALGARAEAMYELE P, U, VTR
FEB RRREE T s . BALSHURELE 80000 #2¢k Y 1.86*10, 100000 %K
N 1.79%103, AV 3.8%, CaBaTiaE. Bl 5 R TWEE Py U Vil
ZERI DA = B, AT A1 Epoch 3% 1 20000 A1 40000 B, [FEIFEIT FE I IX [ BT 1)
J2 W AT A AR I S R AR 22 o 24 Epoch 15 80000 Ji7 » 1% X35 i T 5 22 4
CUH P, AHEL 100000 FFTC2E 5o 4560 25 FE 3 B AP B 5 1 B (] jle A
fifi € MO-PINN #2Y [] Epoch 4 80000

%3 B Epoch % MO-PINN H 54 14: A 521
Table 3. The impact of Epoch on the performance of MO-PINN model

Epoch/Ji Loss/107 Error P/10""  Error U/10%  Error V/107
2 6.90 1.82 5.96 4.45
4 4.29 1.39 3.90 3.65
8 1.86 1.08 2.23 3.01

10 1.79 1.02 2.12 3.00
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Fig.5. Comparison of absolute errors for different Epoch

3.2 ToMa B R SR R A A

TC B KAE B Nppe /& MO-PINN #EALR A N-S 7RV BR A W #ik, H2
BEBERE T ETTREARER THEBAN KBS TG E R SEA
S, BRI TEIE S 7 A AR N B, B 2 W KRR k&, 1%
MRINRRE . NIRIT Nppe Xt MO-PINN HAY I GE RN, 53 B & Nepe N 200
500, 1500. 2000 JTJ@siss, g Ranse 4 fros.

% 4 B Nppe %t MO-PINN 5 1 B8 51
Table 4. The impact of Nppg on the performance of MO-PINN model

NppE Loss/1073 Error P/10""  Error_U/102  Error V/10?
200 3.26 1.13 2.52 3.34
500 2.26 1.12 2.50 3.22
1500 1.86 1.08 2.23 3.01
2000 2.29 1.04 2.60 3.50

H# 4 8550750, BEAE Nepe B 200 3G H0 2% 1500, BAS4R{E M 3.26%107
FEEF] 1.86*103, FUIE LMK Nepp A BT 1Y 58 ) B 77 FEL) AL 2R 76
AL RSy, TSR THE R B ARS S . T 2 Nppe 4K ZEHG I0 2 2000 I, AR
B TR 5% 22 WA B, L R TN G 2 T I O, R R R A R A 3 i 2
2.29%107. 73 HT & 6 AN[F] Nepe #F EEEE R ATHN, 3 20 10 0 B R RE OO F R 4k 2R3k
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1500, I M B R 2 18] e A i 7 fios o

P/(Pa
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=0 =0 ) ) 0.0
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2 Lol
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Fig.6. Comparison of absolute errors for different Nppg
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Fig.7. Spatial sampling distribution of unsupervised points
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FJ B2 T B SIOH 5 B R RIORS FE T B o R 7 M B i B i 5 1 B o0 A X A B M
(RsZm, ASCo AR T AR RAE C34. RIBXICRAE W34, JRE XIBCRFE
H34 A% R A KA He8 PUFIRAESENS, i 8 Fivk.
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Fig.8. Spatial sampling method of supervised points

X5 B SRR MO-PINN 45554 4 B 221

Table 5. The impact of supervised points sampling method on the performance of MO-PINN

30

WA B SRR Loss/1073 Error P/10""  Error U/10?%  Error V/10?
C34 6.78 1.78 5.90 7.98
W34 2.19 1.16 2.48 3.27
H34 1.86 1.08 2.23 3.01
H68 1.69 1.03 2.11 2.83

ANFRLES RRAFE T2 T MO-PINN (R F5IHS BEX LU &5 R Uk 5 o, AAE R
TR 3 XA BORFE 5 C34 J7 S8 B M SR KA E 6.78%107, TR 72

HEAR B 7 - W34 J7 SERERAT VG Bl ¥ e 2 R 2 48, A A PR B 1 R (B 28 2.19%1073,

H34 5 H68 J5 &3k Be 5 B X 3, S\ T C34 Al W34 &, T
H34, H68 K mAERIAT, HAMAMENH 1.86%103 /Mg FE(KE] 1.69%103, #

FESRTHIBEEA IR . 704 B 9 Wn 4 xt iR 72 = BRI, C34 PRERAE s i LA b 1 [

FEBETH, JTBE R AR P R ZE 00 T e 3 AT 58, DLW R RN s I B R pe g 4t
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St B T B DX S 37 ARG P o (RIZ 7 SRR SR VU BRI PR, 3 i 5 4 M
DAORSHER 4, M1 R 28 8 X K T A R AIE 5 4T 394 . W34 SR A B T2
TRIX L BRI 7 1) 78 5 3 o R kR 2 4 AT BE R 17 . T H34 5 Hes VAR
FF SR MG AR M P47 [ A B 1 5 5 R R I X3, 2 T 2 A B SRR T 7
i XU C34. W34 7. 54h, XFE H34 5 H68 A] W, FAAiigfin il &
BB TC R SR TIUIIDRS FE PR [P B T, J6 22 0 2 SR m o DA s s s A B 0 & 3K
Ko BULZRG B EHAIVER 5RCR, AL H34 AU I B R 5EmE

P/(Pa
5 5 5 5 ¢ )0,2
=0 N N ~0 =0 0.0
_5 _ _ _ .
=5 0 ¥ 5 10 5*5 0 ¥ 5 10 575 0 ¥ 5 10 575 0 x 5 0 02
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e
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Fig.9. Comparison of absolute error for different supervised points sampling method
3.4 48 BE L SE A o A

P £ 55 FEE Nuviaon FAE MO-PINN B Bl J2 40 22 o s, Bk iE 1A
FHESR IS AR LR MG RE J1 . W48 58 B B0 N AR AL O i iR 1 (R FE 2R VEARRAIE
P 2% T FE R ) 2> A B S A B 2 AT 0, I R B 5 i 0L XU
KIS ERA . AIEIE Nuiao 5 MO-PINN BEELEERE (IR0, 23 BV E Nuwia
916, 32, 48, 96 JFJESLES, XHLAE RN 6 Fros.

H13% 6 S5 T RT AN, S350 Noian Yo B BEAY P RE ¥ 52 0 52 2 2 1R AR R MERRAE -
Y Nuwian 9 16 B, BERUFAESR IR /P E AL, ToVESEIA RO A o 24 Nuvian
HEINZ 48 I, RIS AR R S I B R R ZE 3 R R, R E LI A& ot
K ny B W R S MR AEBE 7T o 1124 Nuian 3G K ZE 96 J5, BLAY 45
KM 1.86%107 J/NE 1.75%1073, 1T 5.9%, SGEAFR. R HomizzE g
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UiRZE—5 T, (HIEE VIiRZER N N B0 — € R 5 AR
PR B U 2 T AN TE A3 3BT B 10 ANTE] Nowian XoF EESE FERT SN, X125 95 2y
48 55 96 I AR it X AN [ AT 30 B X Ssk ) iR ZE A B 5 S8 3 Nuvian 9 96 I
R 22 5 ZE NS BRI ZR A, [AEH € MO-PINN A=A Nyian 9 48

R 6 S Nyian EHURIEXT MO-PINN BLA! P RE #2001
Table 6. The impact of Nyiam on the performance of MO-PINN model

width width

Nuidih Loss/107 Error P/10""  Error U/102  Error V/10?
16 14.22 2.35 7.48 5.15
32 3.56 1.27 3.18 3.78
48 1.86 1.08 2.23 3.01
96 1.75 0.90 2.02 3.12
5 5 5 5 Pibay
A
=0 - ) o =0 =0 ) 0.0
s 0 5 0 s o . 5 10 5 [ 10 5 [ 10 :02
5 5 - 5 . 5 i U/(m'sro)z
. - -
ao‘ =0 =0 =0 0.0
-
-02
5 o . 5 0 s o . 5 10 s [ 10 s [ 0.
5 5 5 5 ™)
=0 - ¢ i»"“ .‘I(’?' =0 oopd :'. =0 =0 S 0.0
5
-~ o . 5 10 s o 5‘ 0 s [ 10 s [ o O
N_ =16 N =32 N,..,=48 N,,.,=96

B 10 ANIE) Noviaon 1 20T 1% 72 068 L &
Fig.10. Comparison of absolute error for different Ny

3.5 PHLRURFE R 73 AT

5 IR P Naepin FAE MO-PINN Y BRGEUZ K2 HL,  whoE T AR A RHAE
RIRIZIZIRAE 77 A B W 28 IR FE RE LRI AL R AR ORI AR AE S5 m 4ERFAE, A
AL SR I B o IO 208 TR TEE AN S (B R TR IR EE 24 20 1 I 2 SRR
fiE, VREEI RN Gt A T SRR “RIE” IR, SEEAIGATEE, B
PR B2 R B o AR T Naepn X7 MO-PINN HERIVERE 200, 73 500 1% B Naepn N 2+ 4+
6. 8 JFJEILLG, XfH&ERaE 7 s
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B3 7 AT, 24 Naopn 9 2 BF, AR RAR L F) 3.65%1073, R aik % Error P
SHEERZE Error_V W RARK, UHRJE WL HME LTS 43 2] B 2RI IR 2 I 25
KIFHFIE o BEAE Naopn G0, MEAIEREARNE BERFSE0E, 24 Nuen 3 INE 6 B, 1Y
AR RAA R B AR 1.86%107, 2 WK FE RENS AU 1 P BT RFAE SR I BE 77 S5 I 2R A
TEME e M Naepn BE—DHINNE 8 B, R SFURA AL 70 2 2 LB T 2 i
11 AN JE) Naepn (B 4855 22 %68 By I Natepn 79 6 BT B BT A0 978 DX 458 ) 0 22
I ATECNIIS], R E MO-PINN B3 ) Nagpn A 6.

R T BB Naepn HEEUHHERT MO-PINN HLR 4 2 500
Table 7. The impact of Naepn on the performance of MO-PINN model

Naepth Loss/1073 Error P/10""  Error_U/102  Error_V/10?
2 3.65 4.90 16.33 9.60
4 3.16 1.13 3.16 3.50
6 1.86 1.08 2.23 3.01
8 2.17 1.18 2.25 3.10
S S PiPa)
=0 =0 0.0
o . 5 10 %5 o 3 0 s o s 0 02
5 5 U/(m-s"o)2
=0 =0 0.0
-02
o . 5 10 %5 o . 3 10 %5 o . 3 V/(lrgs“&
5 5 3
L
hoo . b =0 ) 4 0.0
AL |
o . 5 10 5 o . 3 0 s o . 3 0 O
Ndeplh:4 Ndeplh:6 Ndel)lh:8

B 11 AN Naepn 1026506 15 22 % EE 1B

Fig.11. Comparison of absolute error for different Nyepm
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Table 8. Comparison of flow field reconstruction error

it Loss/1073 Error P/10""  Error U102 Error_V/10?
MO-PINN 1.86 1.08 2.23 3.01
PINN 3.26 1.16 2.52 3.34

=0 "".. =0 ".'.. =0 "".. 0.0
-5 [ 10 s o . 5 0 -5 [ 10
G PINNTI MO-PINNTilliit &%

& 12 MO-PINN 5 PINN il % b
Fig.12. Comparison of flow prediction for MO-PINN and PINN

SRHT L 12 I TR 45 AT DUA B, MO-PINN H. 4% 8 (0 [ 37 4 25 g B M R
71, X R ENEAE R AR T =8 FER IR ML L X, 1%
TR BT T S 32 8 S5 B M35 B, R S S e IR o it — 25 0 M R AR A o
TARB) )1 ARR I R AE B8 7, AR SO EL b7 T B IR 34 13 2 T 1 R EOR
BHA RECRL 2R, 45 1B 13 Bk, MO-PINN T3 2 50 77+ FH 77 &%k

15



28, (EPENRME . AL K A TR A B2 5 HSE DO W &, X1k
(LA (1 o S PR A1 35 R A 2 SE DL AR BRI & 20 R o 1T PINING 3000 445 5 L I ) i .
RFeE R, BRI, HIIESE, MO-PINN MY AEHE A 2 bR im 4 i
IR B, I RERSHE R LR I VA U5 3 I AR 58 H i sl ah 71 st Rt .

1.5

———————————————————

e

____________________
_________

L S

0.5

0577 —— HSF A -e- HSFH T
—— MO-PINNTUJll /7 -+~ MO-PINNTlIBH 77
—=— PINNTil Tt /7 -=- PINNTHMI A /7

oo 201 202 203 204 205 206 207 208 209 210
i /A

Kl 13 MO-PINN 55 PINN Ft 7 5 B0 7 il e %) Eb
Fig.13. Comparison of lift and drag curves for MO-PINN and PINN

4.2 Uit 0SS R Hr

I B P B B e 7 W Y BEAT IR AN SR, AFAEN PR, BRI 254
XHRZEAF R RIS L 1) G8— PN R AR

Eseq:\/(ei+ej+ev2)/3

1 & |j>k(t)_yk(t)|| (11)
- 2 ke{PUV

ME e

X, NOARTEFFU R RS, v (05 P, (0) 7 B2 s B SR 1
(6] 7 F A « 236 AR R 28 AR AE TIENAE AR X B S 3 IR B i O &5 o L, Al
AFEN. AFRRERSG =T, G—fE A BR K-,

ek—

9 AFAU 8] =5 500 45 SR b

Table 9. Comparison of time series forecast results from different models

R Eseq Error P/10""  Error U/10%2  Error V/10?
MO-PINN 0.455 5.062 9.984 59.539
PINN 0.623 7.835 11.418 73.357
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Flow field reconstruction and time series prediction of

two-dimensional flow past a circular cylinder using MO-PINN*

YE Pengcheng)? YE Chenhang? SHI Yao"" HE Yue! HUANG Qiaogao? PAN
Guang!
1) (School of Marine Science and Technology, Northwestern Polytechnical University,
Xi'an 710072, China)
2) (Xi’an Tianhe Maritime Technologies Company Limited, Xi’an 710119, China)

Abstract: Physics-informed neural networks (PINN) is applied to solve the fluid

dynamics problems. It reconstructs regional or whole flow fields under sparse data

conditions by embedding governing physical equations. However, conventional PINN
models usually employ a single shared output structure for multiple physical variables,
which may introduce cross-variable coupling errors among pressure and velocity
components. This design can introduce cross-variable optimization interference. In
addition, their time series extrapolation capability is often limited when dealing with

unsteady flow fields. To address these limitations, a multi-output physics-informed

neural network (MO-PINN) is developed here, for the reconstruction and time series

prediction of unsteady flow fields. In the proposed MO-PINN framework, separate
output channels are assigned to different physical variables, allowing each channel to
be optimized independently. Such a multi-channel architecture effectively alleviates
the coupling among physical variables, thereby enhancing the overall prediction
accuracy. Specifically, the spatiotemporal coordinates are first fed into shared feature
layers to extract the common latent representation of the flow field. Then,
independent output channels are constructed for pressure and velocity components.

Each output channel maps the shared features to a specific physical variable and is

* Project supported by the Shaanxi Youth Science and Technology Star Program (Grant No.
2026RC-KJXX-119), the National Natural Science Foundation of China (Grant No. U21B2055,
52301387), and the Fundamental Research Funds for the Central Universities of Ministry of
Education of China (Grant No. D5000250340).

T Corresponding author. E-mail: shiyao@nwpu.edu.cn
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optimized separately. By reducing coupling interference among different physical
quantities, the proposed architecture improves the capability of flow field
reconstruction and prediction. The proposed MO-PINN is applied to the flow field
reconstruction and time series prediction of two-dimensional flow past a circular
cylinder. The numerical flow field data are obtained from computational fluid
dynamics simulations and used to evaluate the reconstruction accuracy and temporal
prediction performance of the model. Comparative analyses are conducted between
the PINN and the proposed MO-PINN. The results show that MO-PINN can more
accurately reconstruct the spatial distribution of pressure and velocity fields and better
capture the unsteady wake characteristics behind the circular cylinder. In time series
prediction, MO-PINN also shows improved prediction stability and temporal

continuity. Quantitative results demonstrate that, relative to the baseline PINN, the

reported accuracy gains are 42.9% for flow-field reconstruction and 26.9% for

time-series prediction, indicating a significant improvement in prediction performance.

These results demonstrate that the proposed multi-output architecture can effectively
reduce coupling interference among physical variables and provide a feasible method
for improving unsteady flow field reconstruction and prediction using PINN.

Keywords: multi-output, physics-informed neural network, flow field reconstruction,

time series prediction, two-dimensional flow past a circular cylinder
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