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WE HEARAMALFEIANEEZLE A ThERFEFRA EE AMER | XER

I FARAAL NIRRT ARG, £ RRR AIETNARIEEF | BAATRIR;
FTEEEERTREGER, MAEBRKX I LB HEORG  HARMABEXEAIE | ERAZAAEX;
TR A SAETAN F @IAF T RS & 2 b @il — 3k, E2FAHERL, | RAEFT;
Eoimbs BRI AR HAIRINE S T @O L., MEFR,AI+AL WA | A F KA

RREAZMBINRT 2 kiz, ATSHRAEFIRMOATFRRER RILE
Kt AR RS THRERITNE B AFOHFEX BT RKATR, L2
KA A R H I, — A H N 8] o e | 34 ik DeepMind , &3\ #45F, A A B A $h
BREERF LBERF FRRKXE EMRFFART 5408 L6 E IR 28R
W P HFABRAEM P ARFRRAARGLE AR, IHRSEALFIED DL AR
MRS CRARNFHHZHE, REALRBEREANEKRBTRAEH 2L RE
75 8% & Vs 33 T MR AR G2 ALAE A R L ML F AR TRIRR R AK AR TR R LR R
BERIJERENEZRBRETH S HK.

USIEP TR WA NER 23 W SR E FE
IEAER A . — T5 M, 1 48 i ) R U AR X
IEFEPRE K i, I B i PR Bk R A T —
7 TG, N TR RE R AR TR AR K R PR U RS TR Y
AR AU 5 B — AR R S AR SOy
S5 [ P ] P 7 A 8 R AR B SR R R Y
P 7 T8 PR 5 T 10 R O R B OROR 1 A B

1 Ik RFERK

Mo BR AR G BUE TR I 24 A A A e o
HER R GERETE L H o T R B 0 A A2 AL B
Bl FAERL AP RAT G ) F-Be . TR R 50
MEZEN Y TCBE B 22 RUBE R AU — IR AL Bl AR
B T 4% # 4% 0> 2 AT 45 ( Brunet et al., 2015 ; Ruti

et al.,2020;Ren et al.,2023) , HiFk R St i S %
R AR TR, &k R G AR )
R RE . ARG T R SR A R
T R VE VKR VB M oK DK 35 ) S s, 2
TR AN B A 2 ITE R R AR RR AR R
Gt 45 el J2 AR A T 0 ) 3R A0 4 R RS
A I FE U AL ER AT AT, 4 3R AR R FOK 16 2R
T B UL RV DK 8 A8 45 (E i 5, 2008 5 F 2 ZE 4
2014) o ARG B T M ER R GRS A
MEZR  J5 # A A RGBT e 7 Rk .
A= ) b ER AL 2 RN DR Bl e S5 FR DL S D) B R
Z [ i AH B AF H] (Randall et al.,2019) . BR3E & ik
B 2 C T I AR R e X0 H AR i R — AU (A
WA o Bl B2 HR 0 R, % KA VR BT

SR BU/ME  MOA 28, RS, 45,2024 BB R AL R BB E Pk ) BT [T ] AR 224,47 (1) 146-54.

Huang X M,Lin Y L, Xiong W, et al.,2024.Research on international developments of AI large meteorological models in numerical
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UEEPE FaE WIR T AN RN & 14 (T
TR RGN Ty — DA PRI EAT OIS

AR AR O U R GRS R Bk R G
KIEARHE S5 T F ik — K ) CMIP6 ( Eyring et al.,
2016) . 25 CMIP6 HYHLA M A4F il — 2 RS
A VA2 1 20 AR B W 4 v, AU =X A e e K
ForHEAGRE] T A ER 25 km, HEEELGEE] 10 km,
TRELZN EE MK RGEHE S 5H  %E
A BRSO BB 2%, DUAL & ik UG BR O FR A R R 4
B F, VF AU B 1 R AL 2 R 1 B 1)
BHEETHKEMZERLINBEIEN. 25
CMIP6 (1) i 60 4~ #E = v, iy 44 O M 3K &R 48 B X
(Earth System Model, ESM) iy #5088 i 40 4>, X
SeRE A T R S |l K il T A
A R — B A
1.1 ZRIK

% LR M 45 IPCC ARG )45 (IPCC,2021) 2
Ja A ER R UM S Ml R AR G0 48 i 2 e B A
P, BT LG KRB IETE R L R,
i) 4 2 VT VK A W R AL 2 AR S A AT R A
N Y b 3K R G5 X T8 iF (Zhou et al.,2020) , [F] I,
K 18 22 11 07 T 0 >R FH b BR R g B kAT R AL
A L ARSI, FERX AR T LR LA
fEE

1) A X0 52 2% 8 A 25 A A R o A B
K %

FERAS[R] B E 2 R 2 50K, Bk R G A
B R AR Ok B %, [F] I 52 2% BE L AE A
W71 411 ( Bonan and Doney,2018) . H4& A1 H5 7K 35 1
Y IT 5 LAARE 2 185 ~F- T 72 A A9 000 i T A 28 ) A
PLCANRR B P B 0 ), R 75 G i T Bk 0908 36
AR ity A AR 00 (CRF 5 /Mo B0 B AR 2 1 A
MERERARM) . AN KB L S AN
EER o w7 1 D R F AN DS & S QR e A R
e 2 A7 118 T 0 T S ASE TR AS T i AT ) 3 R N O
DR R R v AH G T THI Y RE

2) RAAME— AL Rl 5 % e

i S A X i e 11 [ o = O A 3 A
— AR S S BTG 4 AR AU AR T B, LA [ I 9 2
A [] s [] AR 2 )RR ) IR A - e T4l 39000 ) 5 5K
AT RO R AR R B R AL, R
I [E] AL R B LA AR o 6] — AR B T AN
[vi) RO fg F00 , G v oy 38 2 Ak SR R RUBE B 3 B 1)
Il EMAF R EER Y, KK S5~10
a, i o3 R AR A Y G 4 PR T A RS B E g K

Ji X FERBE AW S T e R AR A =2 ) A BE 43
TN —A AR ESM T 8 K S T4 AN A A
I R IT I & R B b (Delworth et al.,
2020) . HHij, FI ] ESM JF Ji& K S W4k 75 40 F #F &
BrBe. B qn, Byl o 45 % AR o0 ((European
Centre for Medium-Range Weather Forecasts, ECM-
WEF) iR WF T R AR 1 ek R, % &
IR A S R FE LR MBS
XK i i) ESM Z 45 0 BE ) 52 20 AR, AR B
JETTREZ 1 Bk &R GE 18 2 22 1) /9 AH ELPE T ) i 72
PG E MRS IE G

BT R R SR U R S R B AE 2 AT
TET , 51 Gk S AH 7 1 HRCH0 [) 1k % 48 DA SR A X 3t 2R R
35 MR A B S A T X Bk R G 255 U 4
5 TR, 53X A B F X6 Bk &R g ad B A TR I e
W HABERE . BOA 7R YR -2 AR 5 T A A
R T TEAE & 2 &R , BARE G X2 58K
Oy AHBE RS ORI S S B LA
AW e PR K

3) KL o3 B AT DL PR R

b 3Kk ZR G AL A 2K 1 2 20 A8 DR AR PR 4
o BR T AR BEAR ST, R TR O B R AR
S5 AL A% 118 T ik A5 X8R S B R ADL Ry T BE S
e 7 1) 4y BRI B T 2 R,
5 065 i 2 AR08 TE P A R S IR R (W et
al.,2019)  [A] M, $2 & i 52 3 B4 P 5] DLk
XF i B Z AR R B = RS A B R
KA TR A e e, B I 2 B e B X =
TG 7K 45 3 R 1 e A, O il 20 Xk 2 Ak O R AR
o ALY B R RE 8 W I D A U i
PNITES WS S B 3 G e A VSR e
TSGR A R T SR T s Y 32 AR AR B

VFZ PO TR E B 3~5 km 3 5 5 5 40 9
R BRORAREE, 1 PR 45 Y 20 HE R o kB o
FRUBE s U RUBE i 1 43 B8 (1 k), 5] 40 0 BE 7Y
Destination Earth i} %1 ( https.//destination-earth.
eu/) ., DYAMOND it %l ( Stevens et al.,2019) Iz 5|
TERZANRAPRRTIEANS S, &P
XL G YIS B T 4 T PR BN, AL SE
R 0 Wi 2 Ak Jr 22 38 5 3d& AT 100 km BB
R, B A 70 A A 3 L X 8 07 R RUBE A 38
[ o i AT B % 35 19 % (Li et al., 2022; Wang,
2022) .

4) B A AN LR REAH B 456 F e i

N TR e i P & Jie 2 M3k & g i 0 & S
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TR L2 B N TR RE C & AR S Bk
RCGHFE S = e B BIR S b R
FIUCH ROBE i 2 K e 00l e 2 80k ROvkad Bt
) G R S B UL Ab
PRI 22 1T 1F 28 2050 5 B0 AT 4 1 9F 9 45 5 T
53] 7z A (Rasp et al.,2018; Reichstein et al.,
2019; Han et al.,2020; Mooers et al.,2021; Wang et
al.,2022) . NPT A2 Be A Sk B CMA 33 #1
N RESS 5 1 5k ) UL 00 A0 i 2 9 3R 00 0k At
B A RE B, B & TE L T m WA R
(https://clima.caltech.edu) ,

5) 4o Z UL K S RN A

o PPN F RE LR S IEAE LR (TIAM) |, &
BRI A 23 3 Bl 3 ok TR SR HE TR R R
4¢, 5 0l 2 4 BR UK 22 A6 9 52 1 ( Sokolov et al.,
2018) o 48 LR PEAG B B TE 2 A9t — D2 PE AL
IR AR R . iy T 2% M RE FI S8, 25 5 0F
it B LA AR I 1 AN Wl R, AT A A s A
B E P — D E R R T W, J3oh, i T
PR AR 2 X Ak 2 2 B0 S A AR AL AR B R
S AHIX AR il T 2 25 PPN AR B L R R ¢
B B T JC R HEAT AN, o 2 TR — A ot 2
235 VAR AR R Rl 2R AR S84 5 A DL A, LAY
E R 1Y R HE FI B R ( Yang et al.,2015) . i —
AR e — > R ) BRAR R T 3 A — A g Ak A 5F
BRAY 2 0] B A 5 S AR — A, JIAh X PR
BRI R T 5022 e B, AR THEHLIE 5 FIAE AL,
IR e T E IR 2 FRATTN AHLAT] =2 [ F) B T AR Y
Wi ) AR AR AL AR AF AR AN o 24T FEE A IE R 25 S
PR B R R IR & R AT G W B HE LAY
VE Ry 3R 3R G i A TR I 2 B o) F) — R IR R
R R A 1 2R AR G S A Y R AU AR i
s 25 A R RY , B 2 R 7R A X Ak 2 T R R
m, & B — 4~ ] 2 ( Calvin and Bond-Lamberty,
2018) ,
1.2 EgHEEXRE

1% G B ASE A U 7 AR T 5 0k T T
R - T I — 28 PR, X SEAR R F L OCTE R
G % A1 8 3 e R AR 9 2R Ak, 5 Bl TR Y T
AT o BAE PR E LT RG24 E iR AR
AN R R L DR M 2 R () A ) e, R UL
Bd 5 R S5 RO 25 A LU = O e . 7RISR
-2 B AR PR AR AURR T A, T S B R R S
ANFV2H 73 2 18] 4 AH EAE T AR 5 R A o i, I 2=
-2 T 2 L b 2 T A B2 A [ AL
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T AT B FATE A s 0000 5 2% PR T 3 ¥ vk R R < il
A FE-E [ 46 ( Zhou et al.,2023)

B 52X S 2R T RO BRI 4 i, b BR R
2 A R THI I o5 7 (R Pk A, 7 215 2R TRl Ak B S
PG e RE TS R B 1 M 23 B 55 22 0 TR S EE
=R IEAT TR B R (5 K AE £k 43 B & 6 Rl b o
053 BT VP Ak A B AN W7 A e g Sy A A e I o 2
MY AR S

N TR KA A R A Al 4 O 2 A T i
& A AR A Ry A I RN S A 2 AR E 5
RSB Y BB R S B B E IR Eh R RE R 5 )
MR ILES G, KA B IS, A B T HE s Bl
i B A4S 28 B M ok 2 ( Reichstein et al.,2019) , X
S MEAR JCTE FR R 1 0] L, AT LA kg A5 A S50 0
ST T Sk 5 2 1 BE A A

2 |SRRRE

UTAER AT+ R 1Y 28 SUWF I8 A4 4 5 |
BTz R . N TR B R AL T 2 Rl iR 2% )
ZRAE TR FE 5 K 0 T 55 B U5 A i o 1) B0 s (Rasp
et al.,2020) #H 17 Zk, et DL BT 9 R 27 0 =Xk 47 1
ST AR SR B s X A4 B (Nguyen et al.,
2023) . HAT, HE T WE % 2 45 KB (Large
Weather Model, LWM ) Bt 15 T & 3 #F &, #]
FourCastNet( Pathak et al.,2022) ,GraphCast( Lam et
al.,2023) .NowcastNet( Zhang et al.,2023) %  K
“ (Bietal.,2023) JX % (Chen K et al.,2023) fkZ%
(Chen L et al.,2023) 4§ , 75 $& /& $UHRE B2 AN 3 13
T A o R S T R A AR E R ) .
2.1 ZRIAK

1) Iifa 3 T 45 ( NowcastNet)

2023 47 [ ERR R S EEZ AL T
O EHERZEB R OBKAIE T 4 5 NowcastNet
P14 A8 it g 7 I 0 T AT KA A AR A B s SRS T
G RBAITE IR FE K B R 2% 37 | UKCRT 55 1 i P
IR KA TR AR 19 A L (Ravuri et al.,2021) , Now-
castNet GEM% K [ 7K I 3T 790 412 19 B 550 B 1 JL 1
A ZE K & 3 h( Ashesh et al.,2022) , 25 [6] 43 HE R K
20 km, [ [A] 43 BE A 10 min, e 3 h P K I
AT PR 2 R A R Oy R LA

NowcastNet 7 % 4% 9% 2l i B fith 5] A T 9 22
LT JE ok 2 T A B ST R K ) B AR Y
) oty AT, AR DA rp RUBE i AR A T 25 SR Ok A%
A, 38 3o M 238 A BUASE TR T 8 L RUBE B K 2o B R AT R
YA P2 . NowcastNet >R HI I 7 4 1 W8 I %% kL1 by
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N ZRHERE , PR T — MRl & 804 9K 3l 5 1 31 UK 3l /Y
“BRE e, &at 62 MR R IR T KK
K PFAhi , NowcastNet 7 [# Pr [ 28 J5 ¥ w4k T G5
AL, FAT H B 2 R G SOR S B L A L. AR G
R CAE( Nature ) IEXUR R IJFCTERZ AR
L S I T F- & (SWAN 3.0) #0% F 4.

2) e I} 4l (MetNet Z 41 )

MetNet( Sgnderby et al.,2020) ,MetNet-2( Espe-
holt et al., 2022 ) . MetNet-3 ( Andrychowicz et al.,
2023) J& 443 B T 2020 20212023 AFEAH 4R HE S (1)
BRBE % ] RATRMEY, 24 304 /) BE X N TR g
TE R G AR R .

MetNet J -7 B2 bl 25 [0 45 248, i 3 2 > K 4
TR Bk R R TR G E 2 L &
(Agrawal et al.,2019; Ravuri et al.,2021) , MetNet
REAZ LA 1 km %23 [8] 73 B A 2 min {1 10 ) 73 B 5
AERHER Y 8 h K B4, MetNet-2 Jj& MetNet [§)
THR N, 7E MetNet [ 5L Al F 3F— 5 SGH FYT 2 18
TR T RE L R FH T B R A 5 40 46 5 47 Il 25 (Ko
et al.,2022) ,AEAE LA 1 km 923 (8] 43 BE 1 2 min [
W) 73 B HEAT 12 h B K B, $ 1 A R )
AE IR 1 , 04T 45 SR T 4R 5 B (i K AT A Y
( High-Resolution Forecast, HREF ),
MetNet-3 75 ij [f] ) HE il b 3#E— 25 42 &, n) L %5 4R
I 510 110 50 B0 3 5 B b 2 o, BT 24 h B0
KAl B AN R . PR R DR B TR PR RE L, H T
1 google KTy Ml 551847 . #RT11, MetNet % ]
VERIRPE % ) 5 R GRS T — k22, R
FH B4 J2 2 K5 4 3K 2l 1) 1 25 5 s A 4 38 07 =X, AR B
2y ORI i R Ty TS O B B R AR R A5 )

3) H I #ilk (FourCastNet , # K<)

2022 4 2, SEAR IR KA 97 48 W vl A I 5K 5
I3 O R 7 22 IR AR 0 KL SR T R SEHILAL 2
T —F 4 & FourCastNet [ 7 Ji] £ %! ( Pathak et al.,
2022), % M RHE T g 0d N L e 2 M 2%
(Adaptive Fourier Neural Operators, AFNO ) ( Guibas
et al.,2021) , FourCastNet EWSTE 2 s N 32— J& it
] ROBE F4 8 43 Bk 3 (0. 25°) KA TR, B4R N 45 6
T BB R AR 28 A R R M XU 2 o (EAR O
{1 #Y /2 , FourCastNet (% Fi 4 # B2 A [t ECMWF (11
oy BE R E A Wik & 45 (Integrated Forecast Systems,
IFS) £ 7} T 45 000 1%,

FourCastNet 45 4 T {8 B M i 25 & F ( Fourier
Neural Operator, FNO) (Wen et al.,2022) 7£ Navier-
Stokes K2 F R HER LR, BB F#

Ensemble

(Kovachki et al.,2021) P\ FRIE A 55 4 17 T K ALAR L
55 RATRNE FH o 12000 Y 3 i AR T3 2 AR B Al
FRAE RRUBEE AR 5t B 0% 00 45 2R 55 RO o 0 K i
G B IFS A0 Y, 76 /N ROBE 8 & F W AC T IFS,
FourCastNet 5% il 1 il 25 + 50k " 930, Hf %
/b5 2 H08 AT LA S I s 3] i T AT 55 B

FourCastNet 7 AT K T #f @01 38 52 B0 1 /ij oy A&
A I AERR T, R TR BE A 2] TR ARG T 45 1Y
FEURAER, TRAD 1AL G B R AU 2 B A A
AP S AR A

2022 4 11 A B3R H B T —Fh 44
Bl RAKHBTY (Bi et al.,2023) A FIN ALY, B 5 T
3D Earth-specific Transformer %% #4) , 58 % i#F 7 1 41 B+t
RO 1 h B 7 d RS B (0.25°) KA TR, xRl
3 3k RO B S 8 TR B 2 T O B AR T AR S R
K il %O MS BT 58 AEBHOE BE Rt T
fege B, IF BB BE 42 7+ 1 10 000 fif .

P KRR KRR T 3D Swin Transformer
(Liu et al.,2021) fE & T M2 , LI i KRS AE
S A I RS A6 R 2 G AR A ] A ROk R AUIR
A, I SRR s R AR TR D3 R A T S A R R
WEAE 55 o [l B feff )2 R Ak B 3 2R 45 36 s ke il 2 T 41
B AR OE, s b R 250 2023 42 7 H L
W RARBEATE (Nature ) 455 FIERX LR, s &
G RMGEBYAE WU PR BE O T AT 1 A, R
KRR I AN S HE T A B S %

4) % fift 1] 71 it ( GraphCast, Xl 15 | fk 3& | Al-
GOMS)

2022 4 12 J] ,DeepMind F1 4 #C I 5% AT BA IR &
(e R I 2 C A O I S I ET = B N I 4
GraphCast( Lam et al.,2023) , 5 JF U 22 25 & W A% 1
o N RCH ke S 3 22 RS B R o o) FRRAE P (Keisler,
2022) . BRI LAAE A (] 23 BE 3RO 0. 25° 1 28 £ i W
M b BEBR 6 h XS AN MR AR R 6 A R AR
1710 d By fidle , B A~ 2 & A 37 DEEE K F,
RECHH Y TR 18 25 kmx25 km [ 53 BEA

GraphCast 1] LI 7E 60 s NI &2k 10 d K
AL HLAERR AR B TR 252 AR R R 99. 2%
b T I R M TR B 2 ) R AR R B A S 7E 2 760
AR A 90% AT 1 M H A R AR O Y
e K B Tl 45 2R . GraphCast J& 1 > BE 8 7 A= i IR
B WURET R 10 d (B 2% ) R PR B A,
5l S5 i B R R TR B A T, B Y
ToORS BE A5 R . 2023 4F 11 ], GraphCast 1E
BB R F W FI( Science) bk, — LR 7 AL
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B REAE SR 1 1E

2023 4F 4 J, BN T8 RESL I WA o E A
SRR A | W ACE KA M R B LR R
B B KA B 92 AN g T R4 R B XL
SRR KA (Chen K et al.,2023) ,7F 30 s N B
AR R R 10 d 3R m A B (0. 25°) Fildi 25

DA TR AR i 2 (8] ) AH LB e B AR R AT 5
2 2 [ L, 2R FH 22 B Pl 28 I 4% Tl 24T 55 A 3l 35 1
AL R il ke 22 b R A7 B RAE IR B 52 W 1 () R
h TARACZ 2L O A5 A A ] G2 A L ROR L T
YN [ B Ao We £ 0 0 v ) 390000 245 SR ok 55 2 i
)25 09 A B B AR 25 . #H LT GraphCast i i i
T a mE BB T 2, 98 A7 81K A T R AR
AERTHIA B BIHI 2805, RS EHZEES 2
55 7 1 TR AT 1A TR SR W o fidk e R A Tl AT ) AL,
PO IR AR A A S = 3] 10,75 d, AR
15 14k 55 I B A o

2023 4F 6 A, B RS N A REQHT 5 7 Mk oiF
R A RIAGEER = RN T 45 LS 8HEN
R Z KA (Chen L et al.,2023) , #E:47 kK%K 15
d 2Bk R EE (0. 25°) Fildl .

k2% T U-Transformer( Li et al.,2023) 2544,
I3 3 A8 AR T % 2 BT O [ B AR:
F AT 2 mf (8] 20450 0% R B A5 22 A 3% AR ) 25 1 i
2535/, DT 980 /0 i i3 2 1) SRR B v 1 1 T
HIPERE . TR 288 YOR IR B 2 ) KA TR I 28 T 31
15 d,7E I 8] 73 HE 250 6 h =S (8] 43 BE 08 0. 25° 1)
10 d iz o 22 BLAC T BROU o 30 0K =010 4 o0 19 f
7€ 1 Wi it ( High-resolution Forecast, HRES) , 7E 15 d
) T 41 v 2 B IO o R R AT R PO R TR Y
4 45 V1 ( Ensemble Mean ,EM ) 34

2023 4F 8 H IR FHIK R GBI EREH T
— N T AR OK 3 11 42 BR VG VE S R 48 ATI-GOMSS,,
fE 0. 25° 75 [ 43 BEFEAN 1 d B[] 43 F R X 15 AR
FEJZ2 0 A 3Kl v B A AR AT T 30 d my SR TIN ,
RE W8 1T VA R0 v 2800 A 3K v H w1300

AI-GOMS ( Xiong et al.,2023) fj — 3L T {# 57
M1 2 A% B 8] 15 455 Y ( Masked Autoencoder, MAE)
4544 (He et al.,2022) iy 11 1| 25 455 B0 1 — > 58 o 1Y)
TR A A B, ol PN T8 B Uy 3 5 90 o 39 i 1)
FRAERY ] LA B8 B (B AR =0k 7 i A7 o o B A
A3 Ry DI RURE | IR ) B R0 (A= k27 ) B
AN [F] S5 AL 8 T A TR 4 3k VAT UL TR Y % A
KR AE 55 . AI-GOMS fif# e 1 25 [if 4 %0 {1 15
PR AL A R E M T B R ORI

50

B AR ) A ) L, S A R A B0 9K Bl Y 4 BRI T
HIE R
2.2 BSAEIURE

BB B, R KA RIS T 85 R 28 m , (H IR
AR T 55 22 Bk B, A — 8 90 A% 0 1) 0 2 s
FKIE

1) W fige R 1) 0

KGR ] fg Bt R ARORF R T . IR
JE 2 ) AR R A B X DA R L B
SR pR SR g R A X T A 45 SR R R4 4 I T
AT R o BLBRY B, 5 R = 08 1) 4K
SEBRIE AT AT, AT X AT g B T 1 2 0 £ 4 g A Ry
HECE AT T AR R B R R RS 0], 35 B4R
R EE— RIVBE T, SRR 4
AT ft 25 1) 24 K figk Al o o i AL 1 5 2 R 5 B
J1% o HRF TS UK 2 A B 9K S mil A T Rl 2
3,3 i Y P S R 2 S B A AR R G KA T
WG | AW B L SR BIE 9 AR A ) AT fige R RN ) B B
JE R G KT S i 5 B T g S T AR 2 ) A

2)Z A 5T B kK

Y25 58 B S5 KA TR RE A% LA 4511 14 Bl AR 52 B0
TER M, 0 FourCastNet 1 B He 4% 4 5 {H Hidl &
45 IFS R 45 000 5, 1155 66 #E 7T BRAK L 77 fi5 o 4R
T, KBRS G A A%E 7Y (4 DI G a7 28 D K 1 34
VR, FourCastNet 5 %I 75 24l F ¥ 55 1Y 720 A1 9% Rt
ERAS 9K gh I 45 , 11 55 A 1 A0 45 1% 50 5 (E B
T T WA H R G KA (1 55 1k 1 B 24 1F
— 2 RIZ AR S AL AR 1 () R, 5k AL i
PR, b 25 0 45 LA o iff 3 S T R AR R Mk iE S
TR LR S237 BRI RE T, IR I, AR5 R RN )
HIZALRE J1 o 3 1 B 12 o sk &k i, 7€ Banach %%
[f1] Xof 2 Hi s 18] A 55 7 2R A7 350

3) 2 S i ) A

BB B, AR5 R R A s = A T RE 473
A R, L FourCastNet , % iy K% MU R K
GRAGEHI L e Z PP T W AT 55 o SE BT 3808 1) U4
SR AF R 3 d5k =2 XoF A i R K 2R 1 TR BE 1 . R
SRR B SR X R 2 R g AT AL, (A G it
AR A7 [ AT 1 /IR A 38 S 1 ) A, 0141 205 51 % 4
T () A A5 I, A R iy S A 1 00 85 S8 AT B A AR B
KA o B, AT AR I 25 K 4 55 A e ok 18 1 2 )
PO 245 240y 45 J2 T 4 2R 3k S i I R A e ke JEL R et
B i AR N 2 S BOR A S T TR R R R
RUHEATOEAL | A 3R S 52 RS 70 A i = 1 041 5 1
) T BT 5% 4R
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4) VR I 2 2] HE B8 )

R AN P AR 208 H 2 2 T Fortran i 5 %5
F, A0 2 X IR TR AR AR S 3 A R AR A 5
( Weather Research and Forecasting Model, WRF)
(Skamarock et al.,2008 ) fsf HI{E 5 0 & fA ¥ 1 5 X
(Hybrid Coordinate Ocean Model, HYCOM ) Fl#% )™
1208 FH Y Hb BR £ 48 45 X ( Community Earth System
Model ,CESM ) (Hurrell et al.,2013) 2, 4R, X Fir
FEE ROk 8 2 25 5 1 IR B2 20 i k2D L 3
REHUE A HE ) (Innes et al.,2019) , #4 il TR R
RUKZ M F Al 7 2 i, 4 Tensorflow A1 Pytorch
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Research on international developments of Al large meteorological models
in numerical forecasting
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' Department of Earth System Science , Tsinghua University , Beijing 100084 , China;
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Abstract Earth System Models (ESM) are powerful tools for studying the earth system and play an indispensable
role in conducting scientific research on disaster prevention and mitigation,climate change,and environmental gov-
ernance.Traditional weather and climate models rapidly evolve towards ESM , including ocean,sea ice ,biogeochemi-
cal,and atmospheric chemical processes.At the same time,an increasing number of applications are adopting ESM
for weather,climate,and ecological prediction.The current international mainstream trend in developing numerical
models is to achieve seamless simulation and prediction by constructing integrated models, simultaneously meeting
the needs of weather-climate forecasts and predictions at varying temporal and spatial scales.With improved model
complexity and resolution,traditional numerical weather models have rapidly progressed in climate change research
and climate prediction. However, challenges remain regarding data assimilation, ensemble coupling, high-
performance computing ,and uncertainty analysis and evaluation.The combination of artificial intelligence ( Al) and
meteorology has recently attracted tremendous attention.Based on various deep learning architectures,deep learning
models can be trained using powerful computing resources and massive data for weather forecasts in a new scientific
paradigm independent of traditional numerical weather models. Some technology companies, such as Huawei,
NVIDIA , DeepMind , Google , Microsoft, etc.,,as well as domestic and international universities such as Tsinghua U-
niversity , Fudan University ,the University of Michigan,Rice University, etc., have released several Large Weather
Models (LWMs) covering from nowcasting , short-term forecast to medium-term forecast,and even extended-period
forecast.For instance , FourCastNet, GraphCast, NowcastNet, Pangu Weather, Fengwu ,Fuxi,etc.,show significant ad-
vantages and great potential in improving forecast accuracy and accelerating the forecast inference process.For accu-
racy,except in areas like extreme weather, LWMs have matched or even surpassed that of traditional numerical
models.Moreover, with continuous development of deep learning methods,their forecasting precision is steadily in-
creasing. For timeliness, LWMs, leveraging deep neural networks” powerful generalization capabilities, far exceed
traditional numerical models~ predictive abilities under the same resolution conditions. For computational speed,
LWMs have significantly increased inference computation speed compared to traditional numerical models,
gradually reduced the enormous computation times required by traditional numerical models. The emergence of
LWDMs signifies that the cross-fertilization between AI and meteorological fields has reached a new horizon. Al-
though these LWMs have made significant breakthroughs at this stage,their development still faces many challen-
ges, such as the interpretability problem, the generalization and migration challenge, and the over-smoothing
problem. The advancement of numerical weather prediction is closely tied to developments in computational and
data storage technology, as well as observational techniques.Its application requires interdisciplinary integration,
combining insights from various scientific fields.A critical scientific challenge in this field is to foster a more pro-
found integration of numerical weather prediction with emerging information technologies such as artificial intelli-
gence ,quantum computing,and digital twins.This challenge also involves tailoring complex and refined component
models to meet diverse disciplinary demands and societal needs.Advancing numerical weather prediction within the
broader context of earth system science requires a concerted effort to promote cross-disciplinary collaboration, ad-
dressing vital scientific questions at the intersection of multiple fields.
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