
AI for Clima t e  Mode ling: Pre s e nt  and Fut ure
Chris t ophe r S. Bre t he rt on

Se nior Dire c t or of Clima t e  Mode ling, Alle n  Ins t it u t e  for AI, Se a t t le
and t he  Ai2 Clima t e  Mode ling t e am

1

Exte rnal partne rs

Chris Bretherton Anna Kwa Andre PerkinsSpencer Clark Oli Watt-MeyerBrian Henn Jeremy McGibbon Elynn Wu James Duncan Troy Arcomano

M2LInES GFDL LLNL         



ML-bas e d we a t he r fore cas t s  a re  s t a t e  of t he  a rt
● 2019–2022: pioneering work showing 

potential for ML-based global weather 
forecasting trained on reanalysis (e.g. 
Dueben and Bauer, Weyn et al. DLWP)

● 2022–2023: Pangu, GraphCast, etc. 
demonstrate improved 3-10 day 
deterministic weather prediction over 
operational benchmarks

● 2024–: development of probabilistic (e.g. 
GenCast) and ocean-atmosphere models 
(ORCA, OLA).  ECMWF  develops AIFS

GraphCast: Lam et al., 2023 (Science)

(ECMWF)



Dive rs e  ML a rchit e c t ure s  us e d for we a t he r fore cas t s

● U-Nets, Graph neural nets, neural operators, SWIN transformers, diffusion 
models

● 106 - 109 learnable weights

● Train on 40 years of ERA5 in days to weeks

● 10-day forecast on a single GPU in a few seconds

● Large efficiency gains from long time step and GPU-optimized matrix math



Exis t ing ML fore cas t s  a re  oft e n  not  s t able  and/ or 
accura t e  be yond ~ 2 we e ks

Karlbauer et al. 2024; https:/ / arxiv.org/ abs/ 2311.06253

https://arxiv.org/abs/2311.06253


We at he r vs . c lima t e  e mula t ion

● ML weather emulators are trained on decades of global atmospheric 
observations (‘reanalysis’), which are most reliable since 1980

● The goal of climate models is to predict past and future climates that may lie well 
outside this historical range.

● Data-driven ML models are generally unreliable for extrapolation, because they 
are not directly grounded in physical principles.

● Ai2 CM goal: Train an ML emulator of an excellent high-resolution physically-
based global climate model for 100-10000x speedup of routine simulations, 
ensembles, downscaling… 

● This may also help us tackle the grander challenge:  how to develop data-driven, 
physics-informed AI climate models that generalize across unseen climates.



Our approach: ACE (Ai2 Clima t e  Emula t or)

● De rive  c lima t e  as  s t a t is t ic s  of s imula t e d we a t he r, like  phys ics -bas e d 
GCMs .  We  only le a rn  6 -hour a t mos phe ric  s t a t e  upda t e ; good c lima t e  not  
a s s ure d!

● Tra in  on  c lima t e  mode l out put , not  jus t  ERA5
○ Want  t o  us e  da t a  from dive rs e  range  of c lima t e s  (globa l warming 

e t c .)

● St a rt  s imple , t he n  inc re as e  comple xit y:
○ Us e  re la t ive ly coars e  1° (10 0  km) grid  and 8 t e rra in-following laye rs
○ ACE v1:  Climat ologica l SST and fixe d e xt e rna l forc ing
○ ACE2:    More  re a lis t ic  forc ings  (h is t orica l SST, s lab oce an mode l + 

CO2)

● Ongoing progre s s : 
         



Prognostic :
→ horizont a l winds , t e mpe ra t ure , 
s pe c ific  t ot a l wa t e r, s kin 
t e mpe ra t ure  of land/ s e a -ice , 
s urface  pre s s ure

Forcing :
→ ins ola t ion, s e a  s urface  
t e mpe ra t ure , s urface  t ype  
frac t ions , e le va t ion, [CO2]

Diagnostic :
→ pre c ipit a t ion, TOA and s urface  
radia t ive  fluxe s , s urface  t urbule nt  
he a t /mois t ure  fluxe s

Our va riable  s e t



Tra ining Se t up
Los s  func t ion: me an-s qua re d e rror of 6 -hour fore cas t  comput e d 

ove r a ll t he  out put  va riable s  ( for ACE2, accumula t e d ove r 2 forward 
s t e ps )

(forcing + prognostic vars) x 180 x 360

Humidity Wind

Temperature

Input at  t ime t

(prognostic + diagnostic vars) x 180 x 360

Prediction of  t  + 6 hours
Humidity Wind

TemperatureSurface pressure Down SW sfc rad flux

Showing subset of inputs/ outputs

SFNO*

*SFNO: Spherical Fourier Neural Operator from 
Bonev et al., 2023 arxiv.org/ abs/ 2306.03838

https://arxiv.org/abs/2306.03838


ACE t ra ining da t a

Tra in ACE on 6 -hourly 3D out put  from NOAA FV3GFS/ SHiELD a t mos . mode l on C96  (100  km) 
grid .

Re grid  t o  8 laye rs  on a  1° Gaus s ian la t / lon grid  for SFNO compa t ibilit y, s pe e d, compac t ne s s

Re fe re nce  da t a s e t s :

1. ACE: Annua lly-re pe a t ing SST forc ing (c limSST)
● 100  ye a rs  of t ra ining da t a , 10  ye a rs  of va lida t ion
● Each ye a r is  an inde pe nde nt  s ample  of t he  s ame  c lima t e  forc ing

1. ACE2: His t orica l SSTs  (AMIP)
● ERA5 or an SHiELD AMIP e ns e mble , 1940 -2020

2. ACE2-SOM: Slab oce an wit h  CO2 forc ing
● Pre s e nt -day CO2, 2xCO2 and 4xCO2 (50  yrs  e ach)  wit h  a  s imple  s lab oce an



ACE v1: St able , accura t e  s e as ona l cyc le !

Temperature 
(boundary 

layer average)

Total Water Path 
(vertically integrated 

moisture)

Watt-Meyer et al. (2023)

Indefinitely stable far as we can tell
Remarkable accuracy given ACE is trained only to make good 6-hr 
forecasts
800 simulated years/ day on one A100 GPU

https://arxiv.org/abs/2310.02074


Re a lis t ic  we a t he r va riabilit y
Outgoing longwave radiat ion (OLR) for first  100 days of simulat ion

ACE (prediction) FV3GFS (target)

Mostly realistic OLR despite model not explicitly prognosing clouds! 
But also see evidence of overly smooth prediction. 



Exce lle nt  c lima t e  accuracy
10 year t ime-averaged precipitat ion rate bias

Natural variability of the 
system (noise floor)

2x coarser physics-based model

Watt-Meyer et al. (2023)

https://arxiv.org/abs/2310.02074


10 year t ime-averaged precipitat ion rate bias

Exce lle nt  c lima t e  accuracy

Natural variability of the 
system (noise floor)

2x coarser physics-based model

Watt-Meyer et al. (2023)

ACE outperforms the 2x-coarser 
baseline on 90% of the output  variables 

(time-mean pattern RMSE)

https://arxiv.org/abs/2310.02074


Daily precipitation PDF over all grid points

Not  unique  t o  FV3: Emula t ing DOE EAMv2 wit h  ACE

Duncan et al. (2024)

https://www.authorea.com/users/714381/articles/705584-application-of-the-ai2-climate-emulator-to-e3smv2-s-global-atmosphere-model-with-a-focus-on-precipitation-fidelity?commit=74a13b57e7d4cc9d1a932645a9acc995982182a9


ACE2

● Built -in  dry a ir and mois t ure  cons e rva t ion, CO2 adde d as  an forc ing

● Archit e c t ura l improve me nt s  in  capac it y, los s  func t ion, normaliza t ion

● Tra ine d and t e s t e d on AMIP (his t orica l SST va riabilit y)  wit h  ERA5 or 

SHiELD

● 150 0  s imula t e d ye a rs  pe r day on an H10 0  GPU

Watt -Meyer et al. 2024 , h t t p:/ / a rxiv.org/ abs /2411.11268, s ubmit t e d t o NPG Climate & Atm Sci 

http://arxiv.org/abs/2411.11268


ACE2-ERA5 e mula t e s  h is t orica l c lima t e  give n obs e rve d 
oce an t e mpe ra t ure s  and CO2 t re nds .

● Wat e r vapor pa t h: a  proxy 
for globa l wa t e r cyc le

● The  t hre e  ACE line s  s ample  
random we a t he r va riabilit y

● Eve n wiggle s  due  t o  El Nino 
a re  we ll capt ure d by ACE

Watt -Meyer et al. 2024
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Highly accura t e  c lima t ology

20 0 1-20 10  
t e s t  pe riod

Watt -Meyer et al. 2024



ACE2 re s ponds  accura t e ly t o  El Niño SST va riabilit y 

Bas e d on 20 0 1-20 10  
pe riod

Watt -Meyer et al. 2024



ACE2 t ropica l pre c ip 
va riabilit y

…als o doe s  a  good job wit h  
t ropica l cyc lone  c lima t ology 
and s t ra t os phe ric  s udde n 
warmings

Watt -Meyer et al. 2024



● Ge ne ra t e  t ra in ing/va lida t ion  da t a  
from t hre e  50 -ye ar s imula t ions :

○ 1xCO2

○ 2xCO2

○ 4xCO2

● Tra in  ACE-SOM wit h  CO2 as  an  input .

ACE2 + int e rac t ive  s lab oce an (ACE2-SOM)

Q

Ts
h mixed layer

deep ocean 
(reacts slowly, 

so ignored)

Fnet (predicted by atmosphere model)

Source: Absorbed sunlight + infrared
Sink: Turbulent heat loss + emitted IR 

Clark et al. 2024 , h t t ps :/ / doi.org/10 .48550 /a rXiv.2412.0 4418, 
s ubmit t e d t o  JGR-ML

https://doi.org/10.48550/arXiv.2412.04418


ACE2-SOM is  s t able  and accura t e  in  mult iple  c lima t e s

ACE2-SOM globa l warming pa t t e rn  mat che s  t he  phys ics -bas e d mode l, 
capt uring robus t  fe a t ure s  like  amplifie d warming ove r land.

Clark et al. 2024



Out  of s ample  t e s t :   Abrupt  4xCO2 inc re as e

● ML-cont rolle d fie lds  (e xce pt  oce an t e mpe ra t ure )  unre a lis t ica lly jump t o  4xCO2 re gime .

● Oce an t e mpe ra t ure , a ide d by pre s c ribe d t he rma l ine rt ia , warms  re a lis t ica lly s lowly.

● ACE2-SOM s t ill finds  t he  right  s t e ady s t a t e , he lpe d by it s  e quilibrium 4xCO2 t ra ining.

Clark et al. 2024



Phys ics -informe d advance s  t o  ACE2 fix abrupt  4xCO2

● Globa l e ne rgy cons e rva t ion built  in t o  ML

● Radia t ive  fluxe s  ca libra t e d t o  le a rn corre c t  s e ns it ivit ie s  t o  change d CO2

● Le arn t e nde nc ie s , not  s t a t e  upda t e s

● Tra in on a  70  ye a r 2%/ ye a r CO2 ris e  re fe re nce  SHiELD-SOM run



Couple d e mula t or (ACE + M2LInES Samudra )
● Samudra  oce an e mula t or: 19  laye rs  s panning oce an de pt h, 1° re s olut ion, 5 day t ime -

s t e p 

● Couple d t o  ACE via  5-day me an ACE-pre dic t e d s urface  fluxe s

● Int e rac t ive  le a rne d s e a -ice

● Tra in uncouple d  e mula t ors  on 160  ye a rs  of pre indus t ria l CM4 GCM run; fine -t une  
couple d

● Te s t  on 40  re ma ining ye a rs  of t h is  run 

● Infe re nce  is  s t able , wit hout  c lima t e  drift

● Mode s t  TS and oce an he a t  upt ake  bia s e s

Samudra : Djeeshjith et al. 2024 arXiv



ACE2-Samudra  Couple d SST and Nino3.4 inde x
Couple d e mula t or s hows  Nino3.4 va riabilit y comparable  t o  t he  ground t ru t h  CM4 s imula t ion  (and obs ) .

[wandb]

https://wandb.ai/ai2cm/ace-samudra-coupled-cm4/runs/s62njj7w


Summary
● The  Ai2 Clima t e  Emula t or (ACE) is  a  s t able , accura t e  ML-bas e d a t mos phe ric  

mode l t ha t  is  ne a ring s uit abilit y for c lima t e  pre dic t ion

● Fa it hfully re produce s  re fe re nce  mode l’s  c lima t e
○ Skillful in  c limSST, AMIP, and s lab-oce an/ pe rt urbe d CO2 configura t ions
○ Capt ure s  force d re s pons e  t o  GHG and oce an-a t m va riabilit y (ENSO)

● Eas ie r and 1000x fa s t e r t o  run t han t he  re fe re nce  mode l!

● Ongoing work
○ Ene rgy cons e rva t ion & accura t e  ML of CO2 e ffe c t s  on radia t ive  he a t ing 
○ Coupling t o  an e mula t or of a  dynamica l oce an mode l

Ope n-s ource  code , da t a  and mode l che ckpoint s : git hub.com/a i2cm/ace

ACE: Wat t -Me ye r e t  a l. 20 23; Duncan e t  a l. 20 24; ACE2: Wat t -Me ye r e t  a l. 20 24; ACE2-SOM: Cla rk e t  a l. 20 24

https://github.com/ai2cm/ace
https://arxiv.org/abs/2310.02074
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2024JH000136
http://arxiv.org/abs/2411.11268
https://doi.org/10.48550/arXiv.2412.04418
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