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ScienceiEMURL(6R— 2023.12.22)
https://www.science.org/doi/10.1126/science.adi2336
(Lam et al, Science 382 1416-1421)

RESEARCH

Learning skillful medium-range global
weather forecasting

Remi Lam'*1, Alvaro Sanchez-Gonzalez'*1, Matthew Willson'*1, Peter Wirnsberger't,

Meire Fortunato't, Ferran Alet't, Suman Ravurif, Timo Ewalds’, Zach Eaton-Rosen', Weihua Hu®,
Alexander Merose®, Stephan Hoyer”, George Holland', Oriol Vinyals®, Jacklynn Stott’,

Mexander Pritzel!, Shakir Mohamed™, Peter Battaglia'®

FHEER (132R—UHY ., 2023.12.22)
https://www.science.org/doi/suppl/10.1126/science.adi
2336/suppl file/science.adi2336 sm.pdf

Global medium-range weather forecasting is critical to decision-making across many social and
economic domains. Traditional numerical weather prediction uses increased compute resources to
improve forecast accuracy but does not directly use historical weather data to improve the underlying
model. Here, we introduce GraphCast, a machine learning-based method trained directly from reanalysis
data. It predicts hundreds of weather variables for the next 10 days at 0.25° resolution globally in
under 1 minute. GraphCast significantly outperforms the most accurate operational deterministic
systems on 90% of 1380 verification targets, and its forecasts support better severe event prediction,
including tropical cyclone tracking, atmospheric rivers, and extreme temperatures. GraphCast is a key
advance in accurate and efficient weather forecasting and helps realize the promise of machine learning
for modeling complex dynamical systemns.

Lk A HTEE0T7T—HhA4THmX .
(96 R—THY . 2023.12.28) Sc1eng£
2312.15796 (arxiv.orq)

Supplementary Materials for

Learning skillful medium-range global weather forecasting
Remi Lam er al.

Corresponding authors: Remi Lam, remilam@google.com; Alvaro Sanchez-Gonzalez, alvarosg@google.com;
Matthew Willson, matthjw@google.com; Shakir Mohamed, shakir@google.com; Peter Battaglia, peterbattaglia@google.com

GenCast: Diffusion-based ensemble forecasting | sz 29
for medium-range weather AT
Materials and Methods
Ilan Price™!, Alvaro Sanchez-Gonzalez™!, Ferran Alet!, Timo Ewalds!, Andrew El-Kadi?, Jacklynn Stott!, Supplementary Text
Shakir Mohamed', Peter Battaglia', Remi Lam’ and Matthew Willson' Figs. S1t0 S53
*Fiquz] conebussons, 1Google DeepMind, 2Impestz] College, Londen Tables S1t0 S4
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GraphCast®ET JLIZDUVT

. GraphCastdXw =1 : /K¥AHMB0.25°C (Lam et al, Science 382 1416-1421

Surface variables (5) Atmospheric variables (6) Pressure levels (37)

£-m temperature (27) Temperature (T) 1,2 3,5 7, 10, 20, 30, 50 70,
10-m u wind component (100 U component of wind (L) 100 125, 150, 175, 200, 225,
10-m v wind component (10V) V component of wind (") 250, 300, 350, 400, 450, 500,

Mean sea level pressure (M5L) Geopotential () 550, 600, 650, 700, 750, 775,
Total precipitation (TP) Specific humidity (() 800, 825, B850, 875, 900, 925,
Vertical wind speed (W) 950, 975, and 1000 hPa

2. BB ERDIEER (BiTEEHNT—F(EChatGPTICKDFAE)
GraphCast(d. TPU v4 (Tensor Processing Unit v4) (CC5Hfh - &R
PC (Intel Core i7) :1 TFLOPS (CPU) ~ 10 TFLOPS (AEGPUZ{EHHF)

TPU v4 : 275 TFLOPS. Googleh'HAFEU#RESZ (ML OtEY Y
ZJ)a> ("5RT) 40 900 TFLOPS. E13& [PRIMEHPC FX1000] . ARMAR—XAB4FX CPU
I)\J> (BEE) :+ 442 000 TFLOPS. ARMAR—XZMAB4FX CPU. < JLFa7 5| niE

S St f—

XTFLOPS. F#E/I\#HSE851
— GraphCast(&. JFHAPCTI(IMEgEARRETEN. RO EXTIEARET. TPU v4T S X T:ERBIEE,
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ET )L (Lam et al, Science 382 1416-1421 Fig.1&lY)

A Input weather state B Predict the next state C Roll out a forecast

GraphCast

(MAPTSRIREE(E. 5T 721 x 1440 = 1,038,240 R+ > N THB NS 0.25° BERET Uy RTEE
cNEI, JO0-XPYIT RYITFPION D42 RODEEDLA177—(E 5 DOXKEZEH=EERL., FBED
L7 —I(d 37 DRELNILTIRDIREND 6 DOXREHZRUET (BETT LRI RHED 5+ 6
X 37 = 227 DL, €DOFER. 235,680,480 DIEDIRRERIRMNEIRUE T,

(B)GraphCast (&. Uw R EDORRORDREEFHUET,
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Science 382 1416-1421 Fig.1XkY) (=)
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GraphCast&HRES (High—Resolution Ensemble System: /5 ##{%
E7oH 0TIV RATL) EDFEREE
(Lam et al, Supplementary Materials of Science 382 1416 (2023)K&VY))

1.00 BEUEDFHRICDULT,
— HRES HRES (High-Resolution Ensemble System :

g 0.95- = GraphCast SFMRE YTV A5 L) ([CHERUT
© GraphCastd7 H' True Positive Rate (TPR)
£ 0.90+ <=RE. FHRBE> NSV, EOFHmIER.
3 0.857 GraphCasth'. B2 [ILhEDMETHFE]
£ 0.80- EUTCHIFFCE 2 0aeEN' o D,

0.75-

True Positives (TP)
True Positives (TP) + False Negatives (FN)

T | T T T | T T T | T T T | T T T | , . _
1 2 3 4 5 True Positive Rate (TPR)

(5755) (5671) (5553) (5418) (5248)
Lead time (days)
(# samples)

0. S41: True positive rate detection of cyclones (higher is better) GraphCast and HRES detect a
mparable number of cyclones. decreasing as a function of lead time.
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d GNN (Graph Neural Network) @

- GNN(Graph Neural Network): 95757 —3%=a21—ZI)ILAR YT —OTHS
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2N YERHEERE R

E{&5| At : Wy, Z., Pan, S., Chen, F., Long, G.,
Zhang, C. and Philip, S.Y., 2020, Fig. 1
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https://www.nature.com/arti
cles/s41467-020-19267-x
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CNN (Convolutional Neural Network)
cBEIAAZA—TILRYRT =D EE TN,
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GraphCastzxBiF L 1-Googlett/Rémi LAME D F—L

Ui

PRI S 502447 A, Googlett/Rémi LAME D
* Y| T L[E AIKRETIL GraphCast

CREEILIFETZHTI—DHDH
MacRobert EZ=ZE,

Rémi LAME :
h-index = 12 (Google Scholar, 2024.7.13)
2018%F: ¥ Y Fa1—t vV I H KXFTPhDERF
20214 : Googleft. Senior Research Engineer
20224 : Googleft. Senior Research Scientist
20234 Googleft. Staff Research Scientist
HEICES,

. _ : . . . _
t B : https://www.linkedin.com/in/remi-lam/ _pmEz A AASRFBIRTED
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M.ECMWFT® LE &
HN=FF #y (HRES)vs.GraphCast

Latest forecast =t Latest forecast =t Latest forecast = Latest forecast & Latest forecast =¥
Experimental: AIFS (ECMWF) ML Experimental: FourCastNet ML Experimental: FuXi ML model: Mean Experimental: GraphCast ML model: Experimental: Pangu-Weather ML
model: Mean sea level pressure and model: Mean sea level pressure and sea level pressure and 850 hPa wind Mean sea level pressure and 850 model: Mean sea level pressure and
850 hPa wind speed 850 hPa wind speed speed hPa wind speed 850 hPa wind speed

« ECMWFTI(dExperiments& UT. 5DDAIETIL (BKUT77>2H2TILETILIDZELTANTER,
https://charts.ecmwf.int/catalogue/packages/ai models/
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ﬂ ECMWFT® LB : BUE F ¥ (HRES)vs.GraphCast

#E F #H;RHRES

7%

GraphCast

- ¥ : 500hPaEE &
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- T BEEERTELS
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ECMWFT® LELES : 211E F iz (HRES)vs.GraphCast
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