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Thoughts and prospects on large model research in aerodynamics

TANG Zhigong', QIAN Weigi', HE Lei” %", LIN Jie"" # > *, HUANG Mingji',
ZHAO Tun', WANG Yueqing" %, YUAN Xianxu'" 2
(1. China Aerodynamics Research and Development Center, Mianyang 621000, Chinas
2. State Key Laboratory of Aerodynamics, Mianyang 621000, China;
3. College of Computer Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract: As one of the fastest-growing directions in artificial intelligence, the large model technology has
achieved remarkable success in realms such as natural language processing and computer vision and is
vigorously expanding its influence in empowering scientific research. It has also become a powerful tool in
aerodynamics, possessing significant potential to expedite aerodynamic experiments and computations and assist
aerodynamic theory and knowledge discovery. This paper begins by presenting an overview of large models for
language processing, computer vision, and scientific computing. Subsequently, the paper outlines the conceptual
framework of large models for scientific computing in aerodynamics, reviewing the current research progress
from various perspectives, including flow field prediction, turbulence modeling, aecrodynamic performance
prediction, and aerodynamic configuration design. Furthermore, key techniques of large models in aerodynamics
are discussed in-depth from the perspectives of model architecture, feedback alignment, and the generation of big
aerodynamic data. Lastly, developing directions of large models in aerodynamics are prospected, including the

construction of a unified pre-trained foundational model, the integration of aerodynamic knowledge to support
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scientific discoveries, and the development of discipline-specific agents.

Keywords: Aerodynamics; artificial intelligence; large models; deep learning; fluid mechanics
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Fig. 1 Development status of foundation models in the field of aerodynamics

FE I B B 7 10, At T I A Y R 4B 7 v AT 19 2%
RSN T B G e ST B0E5 B 2% T VA 0] SR AdoHs 52
2 PRAE A R, VAL Tk K& it 7O “RIE ST R
P g 5 KRR 0L, G R A A vh [ 5 S s I E A S
KR R E R R ) 1E 2K HUE XU (National Numerical
Windtunnel, NNW) T2 5 51 it 7 i 5 54 A2 B i K
g 01177 4| EZ N TN IO =i = S TN O < 28
PRI ity 1 iy 52 2% U b MR T PSR, SEIR T RS R
WIS BT A B RE 77 R M R0 b R A R 7 i T
W i I 55 % B A e I

FEAS BN PERe TN 7 1, H AT A TR AR IR
A, (H— e pt FU R O B R A AT, JE i 4
TN 25 5 4 AR A ) 2 S O, B R E o K
T 77 E B RS K% Shen 207 $ 7 —Fh 1
= YE AT IR AN R R 753 A O R R A ST HESE, 1%
HERRIE T i = J AT R 7 ok s L 6 AT 8% = 4RSI 52 2,
3 F PointNet++ 1 2 [ 4, 5 5] KAT B AR,
HAEER S f = A bR X LI s ) R ZHESE R
PR IZ A VERE, REAE WA [F] 23 HE 0 s B AE TN
HE SRS KR DS T MR T L
T YII 25 2 it A5 2 (1) = 4 A1 % S Bl 2R 5N A5 A AE
B ZMESE [FRE R A X AT A8 =4SN AT L
i 24, J£ T Transformer !"® 22 i 1 [ 2 AT 25 #4222 1,
R] TR 2R il Y, 38 Ik 0 2% % 2 RRAE S5, SR T
W B TN 2507 20, SEB = 4R Y ) LARTRRAIE 1) Jr 30 A0 4

JRRRAE B3 U5 RAE 5 78 L AR 791 25 56 it 5 2 iy
PR, B0 BN R BOIMAT S5, W 0[] )3 X 28, %o
BURAT LA B RECHATHERL O . ZAESE A
BRIz A RE, W IE BT R AT A = 4R B LA
A

TESBNAME &I T TH , B RS AL 78 32 2R
G 8 S Bt st 75 20, W48 B A /N, e DA A
5 G0 2 Bk BT Fh A G5 R 52 PR 2 A0 RE LSS 1 i)
I e R AR I - e R W 1 1 G oY 2 = v
AN Wit KRR —— ) E” P R T R =
e HME A B T IR 2 I HESE . 7E LA R AR
U5 TH > 1% AHE 28 R A5 2 X = 4R B A k47 38 P A
R B, HESEEE T Transformer 4244 528 K AT 4% =
Y JLAT T SR A AL, SR I8 L AT Ah T 3L
P+ AT 2RI U A Es 7 J7 AT TR B AR
BT 2, 3R AT = 4E S8 T I 48 [ 25 B AR AE 5 28
J&, BRI NS BIMERE 5] BT B Y, JRERR
26 R AT I S, S =4S Bh AN B A (A 1 AT 9
B B HE B RR % AR U S 30 1 AE s 2 i PR AR
BK & S SN, AR s R B AN T DU A
Bl e R B TN AR B R AT VAN 07 ik, 3 AT DL I
I AT A B 8 Sy A G0 SR 4 T 0 AR B0l o A
B B V2 A BE T, AT PR AR A [ $R S5 4 1)
AT S4B, S T MRS B B Al B T
PRI BATUR S Y T %8, ST BT AR .



%124 J B AR E SRR MR U 5 5

HY

3 ZERINFTEHKREBIF R K BT

3.1 FEEHAFTHEREEREZHFE AR

L TR B ) 52 e 5 A TR fiAf o ) ) 6 7, T AR 2 4
a5 B4R 25 4 T R A FEATL B PR O PO R B e A X —
Bt J1 ) LR o PL Transformer 28 #) 24 5], Transformer
ZERY IR T 50 A B SCIBG, 78 4 M FH I = 0 L A
PN ) 5 B 1 5 R R, R s P R A
Hik R, iR T LSTM. RNN &5 455 84 3fi: D) b 34 3 771
KR SRR S i 40L& 45 i), JF B & R IR AT
THELRE T, ARTE 5 B S 40y 41 A0 B Ak 22 6 R
B e 4t 1 28 K filt o [R]B, Transformer 2244 4k
O ARAE F R, AT DUBUE AR HET R T R AR
LB 4 R ) s G . A R B2 VIT R
AL, ZAE AR R AR T T LA 0 S ) R R ok
TR B Iy 5k, K IR GO R BNANE . SN E I
I )R ARIE B LSS ANE S im AR A AR, KR
TRBN ST AU, SCHEAE T RE TS 4R tH B KR FE
B YN VR RS R e B R

HAl, e AR F 2R R 48, — K2
5 ) BB G R K 22 B 22 ) 25 AR, 05 22 2 Ik
HIPL & AR b 22 ) 5 L 33 I 4 28 I 4% L Transformer 5%,
&M T RAS/AER S SN Rt AR 5 BB 5 s
—REHTFIE T E WA, B T30 H
i& i/ % P Cuniversal approximation theorem, UAT) %5 #f
T HE T R 1) IR 44 28K, 0 I BE T I 45 % Cdeep
operator networks, DeepOnet) . {8 B it f# 22 & F (01
( Fourier neural operator, FNO) # Kolmogorov-Arnold
] 4% (21 Kolmogorov Amold networks, KAN) £ 42 #,
T T R R AR S st o B T IX PR SR 4R M ) 2
B U R AR A E TR 2 R ) BN
KRG b NAE AR B A, DL R AR ASE A 0 250408 1) 75 5K, gk
— DA Y B AT AR AN AR ). RS

D SBNANE UM A R RN . KB IME 2 KAT
a5 5Bl SO BAE R S, B R SRS 32 7
Rt R 2B T SN R I, 2728 1234,
IR AL O N Gz —, B A ) LA 8 A 2
Tl A2 1 9 2 75 080 ) 2 AU R B A F B Al 1T < Bh Ak
L2 B, AR LR 08 F R A R A g
B S e LA A IR SR SRR PO /S E NS LS il
PEL PR I AR AR . N, K2 E AT AR BB
AT EB B AT T AR ()X Bk, 455 B 7E i N\ R0 HH S B A
TEIT, 75 22 B2 W RRAE (8 43 A1 AR N L 1) ) 3 6
FRVEGr 28 X PR #RAE 5 7 S A H0), 1Y e 8

FEINZRo B2 b 2 2 JF 2 AT 28 BN AME o [0 FR
PERLIN o SBNAN IR H RN IE L Ja #B H A B—
PAG T, AT DA% R AR AR B A 5] ON S T S S
D 1 T T PRI 5 AR TE AL

2) AR F R RN o — 2 PR R 40 A e
A B, 51N RS U, AR R B SRR (X 4 B R
A B AR DR SR AR B, S B R O RT SR A B A — 2 Tl
N HCHER R0 By 7 R BR ROR AR AR g A
RS, R R R R SR 2, il AR &
2 BT AR N IR 450 2K ok B b, DLt SE 3N B AT 40
SRR RN o Karniadakis 2532 H i PINNE-0-64)
B S T AR R

I 4h, )R H BT Transformer 28 14 78 Tl 25 ) K
RERYFN S N IAR 55 R T 5RO PR RE, H A
X AR T BRI R RS A ) A 5] Cstate
space mode, SSM), 1 Mamba!®”, fF Jy — i ] B % 4%
£ T B W B % 3T 1 Transformer #2781 7 &, L4E K 2
BNz R, [FN, SRR 4 B ) R AL
M5B IIFANEN TG, ARET N Y
AU R AR YA 7 N S
3.2 EREAFGEAE R UER R ISR

Az AT S T A SR R BE 2 2] A0 I K T B o TSR
7 ), AE O B F A gy SR a2 ) 508 B
REEMBREBEZRA0, R85 PR T 1 — M 3 (A AR 4
F P 5 RN 7R BEAT B N B AR Bl SOBoRT 5% 2 A2
R AL R B R, AR H 2 A de AL )%t 5 3
(&5 FRAHDUIC, 8E G A f WL B AR A7 & N R
BV P B AR B R 6 5 AR B S
RS T8 AL 20 57545 o B2 vk 5 AR il OB A 1 0 5%
FURE SRR, B R 0 55 AR — 2 I
ZEl, FEARILAE : — R AEX S NIRRT T, RiE F R
AL CSCAE TR R IR R 55 B SR U AG B VR A
SIS 5%, TR T B AR i RS B 3 6 BV
Wy SR B e AR U IR 0 5 o R AE R T T T 1
RAEF A, AR R 5 AR 55 0
TV R 5%, B A E MRS, TR o A
HEE AR (0 50oF 5 D) 22 SR AR e 5 SR 5 4 s B 18] B AT S
i, 3 SO B SCARAR T X 5 E U R AR RAS
AR B UART AR 21 R0 AT 2 K, T A3 et (06
5 07 X A ) LRI AN T E AT S B M RE S T, A
WHRRWEMACERE EMAERKMER. =2
TE St 77 307 T, G OR8N TR AT bR
T PR AE A R TN 26 I 45t I i 4K %7 = Creinforcement
learning from human feedback, RLHF) 20 4% R 44 A 2%



6 Kl 7))

/;h

71

¥k a2k

#

SRAGHRAN N R R, AT 8 AR R0 N K i e 0 2
AN AL FR P 5 T ok 2 v B 2 Pl R R ) S 45 & 2 o
71 AR T AR OGS B 1K) e M BB T AR B )
r LR, R a R R m B Rl 12 . B, R
2 77 4 i R R B AT 55 (SR B R B

D) f£5¢ CFD A4 RN B Rt F M EoR . o8 T 1E
SRt 5 i R v AR ORE B R B e A AT e
B A, AT SR T CFD $5 AR A2 e X 5 10 <3l g Ak 3t
TS X —J7 G E T AL ANE A sk 2
THEL A%, LU Bk R RO 6, 5 AL R A H 1
& AR WA T X B HE (Bl s R RS, i E
BT BOR L N TS AR 3 59— D7 e
BRI Z5 0 B e F SEAEZE T N CFD it 372 fif
ST, T AL G2 CFD Ui b oK il 12 B0 T s P B
THECF GO, BRI 25 = A TR E A &
KB, AT A AR € E S, N T RIETE
BLRR, 2 “mER T A R IR A
SR AT A .

2) BH B A R BRI 5 R e A BOET U S
B APV 2 AR U 2 A R B A R BT AR Y
(¥ 3 BB 2, FLAC o 2 2 o A Y B I A Y o

(1) — 8 SCBARFAE AE AR N DA — 8 k2245 DU IR, IR4H
a4 A B X H RSB B Bk T 7R O R
R ORI BAE TE B A AR AT RS I I 4 R RN I
(R0 B2 A i A e — TR B HOR, W] 2% i8R 2 Fhd
AR 2 S L s — S T o A J R B A SRR RE S R,
PR R ) 5 A B U A S5 R AT R s R AR BB
ReHEAT FIWT, BRI A7 SO A A T 56 U 2R <3l e
BRE TR, JF¥ HH N R BEAL, 8 I 150 5 I
ol i P 25 3 5 E B AR B 1) CFD vEAl 45 R kAT
XPEE, #7282 MR B AT RE R T B A B A5
(=BG SR .

3) RAG(Retrieval-Augmented Generation)® 4% A&
e R TR 2 R ) ) 156 5% o RAG BEAR & —
Foft FH T A 1 LLM i DL £ 58 F0 B RCPE B A, A% O
S AR, T A R AP B AR R R SR AT v B
i) 568 CRERED, IR A R 305 20 Sk B LLM AR Rl
R 7 AT R0 Ak LLM 7 TR 25 B8 R
FEE AT 25 I B8 DA 2 [ ) f o 2B AR AUE T
LLM, i&3& F TR R A, i o 1) 8 = <3 ) 22 40
BRR R, FE A o B N SBEER A KR &
IS AE RN BT, AT 4 A ORI A R

TR i i
Zy T T T T T T T T T 1 E i
[} ] 1 1
| ] 1 !
I:] ! I ! i
| = [ =} | i !
Denoising I:] _L % § E | E E
transformer . I:] : (é > % g % : i E E
: < < s} H H \ 1
Lo |8 = 20| AN | |
L] I : . ! :
: | : | i
ERBERASAE fRisE : ﬁ%} i AR Z A ;
E R I E
@ o 9 |V
| SR o 5
- Vpe -
PR S5 LT £ P s S R Ax :
LB SR AU 5 !
! XIS TR 5 i

& 2

—HBRAN AL R G E S N F TR RSB S E

Fig. 2 Diagram of aerodynamics large model with human feedback technology



%12 J B AR E SRR MR U 5 7

3.3 AMESHEFEERBA

RS o R L 500 A ) T KA T 1 S, (L
BN ) ORI FE AR B R D A FEAR UK, K
& B A 2% 5 o Rk, Dt s A2 U S B
U AR Y, 7 A g ) S B A BT T A = A
Ir] L

—RIRHHERER S . BRENSAES
2 1A R BT FENLA 5 5 AR A T K& il e 2ol
H 3 A7 RO R R IC R AT, BR A4, £5
LB 70 N R 45 i) L, 75 B0 D s B 3 AT i e 5
Ao AR AN S B K, T IE E BE Al A
BORBEAT * 4, B0, b T R T sh B e s )
AT B O O, T LU I A2 3] CFD Ash e 5
JE 73 s 22 18] i SRk 5% 2 i S2 AR B 70 il 5 7 3
A7 KA 22 8] A I S AR 2R, 3 i S B R R Bl 0k e R
R I 7 AT A

T IR S 2 R R BT A R R ORI B A
FEo BRI A LB B AR A D, (E A Xk
ANEARRE B AT R AR, T, X S

RS EE 5
At S o 2%

O O O
Y
O A\\VIIL O A\\Y'VIIA O
N
LA
Ny
DA
AN N

_________

SRR ST '

/
Oy

i
s

wm - — PG

______

oo

FRPIRZS A1, 6 208 1o 136 BT 550 777 3k 3R I R B3
33— AR B I, T SR A IE RS 8 5 5
VeI T BHAS BT 7 i SR AR SR L
=R 2 U 2 T E PR R A R A A
AU, S g SR BT 9 rR, T i R A B R/
20 4 J v B 7 R SR AR R e TR AT IR AR 2
F BRI B, (HAS R T Boak B S SR R AT
A YIAFAE R ZE 5 o TR A S5 AN WL /290 4 i 4 5
7 7 R SR AR BUHOHR A AR RO e, (BAE RS
WA s BROR XU 6 AT 1k 36 3R A5 o dle TS R
ey AE SR AS B o (R, 0181 3 B, A BAAAAS
[ A Y 4 1) A7 A2 N AE SR BRI BB N T2, AL 2R
JE B R B 5 i, BRI P KB mT A5 58 000 4 4
BARAR S, FEA D R R o AR AT 2
1B SR T HCHR AR B, I 3R A5 K A v it R A A
o WD 2B K LLM A1 b K A 45
Z B R R TT %, 45 A RS Bl R bR, Bt
B 2 RS M Rt S A, 20— 2B BT SR A
AL P R

R
B o) 2%

R
R

S
(©

Fig.3 Diagram of aerodynamic data augmentation model based on multi-fidelity network
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