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Christensen & Zanna (2022)

Reminder:
Super-resolution

Also known as “upsampling” or

"downscaling”
GCM spatial Spatial resolution relevant for
: . luti limate i t h

The process of going from a low-resolution resolution climate Impact researc

(LR) field to a fine-resolution (FR) equivalent

e

Downscale

Challenges

- No feedback of FR back onto low resolution
evolution (recall parameterizations)

- Requires that predicted FR remains =
physically consistent

- Desired that captures extremes in FR

. Preforms well out of distribution

04
0.002 0.003 0.004 0.005 0.006 0.007 0.008 0.009 0.010 0.011
Specific Humidity (g/kg)

st Y | Rampal et al (2024)




Dynamical vs statistical downscaling
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Understand physics and feedbacks affecting

local changes in extreme weather

J;'. Downscaling

Microphysics:
Precipitation,
Rain/Snow

Surface Layer Characteristics

Boundary Layer,
Turbulence, and
Vegetation

Probability of
Occurance

Increase in Probability of Extremes in a Warmer Climate

Temperature

Previou

Climate —4 Westher
Less Cold
Weather

Precipitation
Light

Total Precipitation: 18 Aug 2021
Period ending 7 AM EST 18 Aug 2021
(Map created 19 Aug 2021)

high-resolution climate projections

Evaluate physics and feedbacks in

Statistical
Downscaling

Total Precipitation: 01 Aug 2021-18 Aug 2021
- Period ending 7 AMEST 18 Aug 2021
____, (Map created 19 Aug 2021) g

e

Temperature and Precipitation
Time-Series: 2015-2100
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Emulators

a Socioeconomic feedbacks

Biogeophysical feedbacks

aVAVAVZ

Concentrations

Radiative
forcing

Emissions

Land use
change

climate
outcomes

Human
activities

=3 |AMs =3 GCMs, concentration driven Impact models

=3 SCMs =3 ESMs, emission driven

Tebaldi et. al. (2025)



Emulators

b Socioeconomic feedbacks

H Biogeophysical feedbacks

\

e
IR VAVAVE 2
Concentrations

Radiative
forcing

Emissions

Land use
chan

climate
outcomes

Human
activities

T R R R R R T N T T T T Y L]
= |AMs = =¥ Emulators, trained on GCMs Impact models
3 SCMs == Emulators, trained on ESMs

Tebaldi et. al. (2025)



17.0

E Mu I atO 'S a " Tebaldi et. al. (2025)

165 — Mean
—— Realizations

Emulators can substitute for earth system 16D

models, and help fill the gap between
simulating the physical conditions and the
societal need for impact risk

155
15.0 B

14.5

Global mean temperature (C°)

MPI-ESM1.2 LR model

14.0 ! L L
1850 1900 1950 2000
Year
00 Observational Training
Distribution
1000 Future Climate
Scenario
800 Out-Of-Distribution
G e e c— —
-
€
3 600
[v]
400
200

0
0.002 0.003 0.004 0.005 0.006 0.007 0.008 0.009 0.010 0.011
Specific Humidity (g/kg)

[ ACCESS-CM2 SSP5-8.5 (2060-2099)
mmm ERAS (1975-2014)

Rampal et al (2024)
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165 — Mean
—— Realizations

Emulators can substitute for earth system 16D

models, and help fill the gap between
simulating the physical conditions and the
societal need for impact risk
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Rampal et al (2024)




Emulators

Emulators can substitute for earth system
models, and help fill the gap between
simulating the physical conditions and the
societal need for impact risk

Challenges
- Requires data from trusted model output

- Needs to be stable over the relevant time

period

- Extremes and general circulation patterns
should remain physical and realistic

Global mean temperature (C°)

17.0

16.5 |-

16.0

15.5

14.5

14.0

15.0 B

— Mean
—— Realizations

Tebald]i et.

MPI-ESM1.2 LR model
| 1

al. (2025)
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Pattern Scaling

« Changes at each model grid location are a
function of change in global temperature.

* Location-specific linear coefficients form
scenario- and time-invariant patterns, which
are multiplied by a scenario’s global
temperature outcome.

-t
N

* Represents only forced change.

O O WL O W o o

-
n

(%)

P(t,x,y,s) =T (t)p(x,y,s)

Tebaldi & Arblaster (2015)
Tebaldi et. al. (2025)



17.0

Pattern Scaling 2 | Tebaldiet al (2035)

165 — Mean | ol
Realizations i

« Changes at each model grid location are a
function of change in global temperature.

16.0

15.5

(0

* Location-specific linear coefficients form

15.0 |
scenario- and time-invariant patterns, which '

Global mean temperature (C°)

are multiplied by a scenario’s global 145 -
temperature outcome. i VIPIESM1.2 LR model |
.1850 1900 1950 2000
Year
* Represents only forced change.

Will only capture the mean
with no internal variability

P(t,x,y,s) =T (t)p(x,y,s)

Tebaldi & Arblaster (2015)
Tebaldi et. al. (2025)



Pattern Scaling

- Extensions add patterns representing
additional forcers, timescales, drivers, or
simple estimates of internal variability to

the forced component.

. Other extensions include noise to
account for internal variability, or use

nonlinear scaling.

Tebaldi & Arblaster (2015)
Tebaldi et. al. (2025)



Global Mean Temperature in MPI-ESM1.2-LR

— historical

Pattern Scaling =

2924 | ssp245
— ssp119

Example: pattern scaling extension

290

Train emulator that predicts distributions of
coarse-grained monthly averaged variables as
a multivariate Gaussian distribution

Global Mean Temperature (K)

288 -

T T T T T T
1850 1900 1950 2000 2050 2100
Year

Pattern Scaling

||=Historical
-SSP5-8.5
-SSP1-1.9
-SSP2-4.5

—
o

o
=

ST

1900 2000 2100
Year

Temperature RMSE (K)

o
o

Souza et al (2024)



Global Mean Temperature in MPI-ESM1.2-LR

° — historical
Pattern Scaling e
292 — ssp245
< — ssp119
Example: pattern scaling extension g
£
Train emulator that predicts distributions of < 290-
coarse-grained monthly averaged variables as -
a multivariate Gaussian distribution 8
. 288
captures regional monthly temperature and
relative humidity fields and internal variability T e,
Year
Pattern Scaling 1000 Modes 100 Modes 10 Modes
51 0 = Historical
l('I/J) " ||-SSP5-8.5
S |-SsPi-1.9
(o -SSP2-4.5
®
3 0.5;
©
o
Q.
= M M M
(O}
= 0.0

1900 2000 2100 1900 2000 2100 1900 2000 2100 1900 2000 2100
Year Year Year Year

Souza et al (2024)



“Light” machine learning applications

Interested in climate evolution over
Antarctica

Apply Gaussian Process + PCA
which considers the response of an
ice sheet to changing conditions

Inputs for GP are ice sheet
parameters (thickness, area)

Outputs are PCAs of climate
variables, i.e., maps of temperature,
precipitation

Volume = 2.35x10'¢ m?
Area = 1.10x10"3 m?

Volume = 6.83x10'> m?
Area = 4.29x10'2 m?

Volume = 1.24x10'S m?
Area = 1.46x10'2 m?

Volume = 1.71x10'* m?
Area = 8.04x10'2m?

Volume = 3.73x10"5 m?
Area = 2.85x10'2m?

Volume = 1.06x10"* m?

Area = 1.77x10'"' m?

Volume = 1.20x10'¢ m3
Area = 6.21x10'2m?

Volume = 2.04x10'5 m?
Area = 2.01x10'2m?

J. Van Breedam et al (2021)
Tebaldi et. al. (2025)



“Light” machine learning applications

Interested in climate evolution over

AntarCtica (a) 1 Ice volume (b) 1 ' ' lce area
. 09- 09}
Apply Gaussian Process + PCA Tos. Sos
which considers the response of an 207 2o
ice sheet to changing conditions 305 205
2 0.4 204
. 8 sl | 3 |
Inputs for GP are ice sheet Y v ewokroRs || 2o ¥ ENULATORS
. 8021 & ¢ EMULATOR 12a 8oz2 ¢ EMULATOR 12a
parameters (thickness, area) 01 ¢ EMULATOR 125 ] 01} ¢ EMULATOR 125
06 0.1 02 03 0:4 0:5 06 07 08 09 1 00' 0.1 012 0:3 0.4 015 06 0.7 0.‘8 0.‘9 1
Outputs are PCAS O.F Climate Ice Volume (normalized) Ice area (normalized)
variables, i.e., maps of temperature,
precipitation v

J. Van Breedam et al (2021)
-10-5_05710 15 20 250 35 40 -10-5_05710 15 20 250 35 40 .
January temperature (°C) January temperature (°C) Tebaldl et. al. (202 5)




Al Emulators

b Socioeconomic feedbacks

l Biogeophysical feedbacks

\

e
IR VAVAVE 2
Concentrations

Radiative
forcing

Emissions

Land use
chan

climate
outcomes

Human
activities

L e T T E Y |
= |AMs = =¥ Emulators, trained on GCMs Impact models
3 SCMs == Emulators, trained on ESMs

Tebaldi et. al. (2025)



Example: DittESM

« Takes monthly climate data of
temperature, precipitation

» Generates realistic daily climate change
sequences using diffusion S06NAND (9:0. global mean SESEIPRSTTIE G,
models emissions) temperature  [NCXORUIR LS
— —

detailed climate variables
(e.g. exteme temp.) and
impacts (e.g. energy demand)
—

Level 3 Emulator monthly avg.
(e.g. Bassetti et temp., precip.,
al., 2024) etc

Souza et al (2024)
Bassetti et al (2024)



Example: DIiffESM

« Takes monthly climate data of
temperature, precipitation

» Generates realistic daily
sequences using diffusion
models

* The diffusion model is able to
preserve the overall statistics of
daily temperature and
precipitation

Kolgomorov-Smirnov Test
Precipitation
Generated vs. Held Out 2 Held Out 1 vs. Held Out 2
Mean KS Statistic: 0.017 Mean KS Statistic: 0.013

B >

0.00 0.02 0.04 0.06 0.08 0.10 (

Kolgomorov-Smirnov Test
Temperature

Generated vs. Held Out 2 Held Out 1 vs. Held Out 2
Mean KS Statistic: 0.028 Mean KS Statistic: 0.024

Bassetti et al (2024)



Example: DittESM

« Takes monthly climate data of
temperature, precipitation

» Generates realistic daily
sequences using diffusion
models

* The model is able to preserve
the overall statistics of daily
temperature and precipitation

30
25
20
15
10

5

0

T in Novosibirsk, Generated

|

ﬁ

0

PR in Novosibirsk, Generated

el

' 2000

4000

6000

0

" 2000
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6000

30
20
10

0

-10
-20
-30

30
25
20
15
10

T in Novosibirsk, Held Out 1

T in Novosibirsk, Held Out 2

I R

0

PR in Novosibirsk, Held Out 1

' 2000
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0

" 2000
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6000

0 2000 4000 6000

PR in Novosibirsk, Held Out 2

30
25

20
15
10
5
0

0 2000 4000 6000

Bassetti et al (2024)



Example: DIt ESM

Takes monthly climate data of
temperature, precipitation

Generates realistic daily
sequences using diffusion
models

The model is able to preserve
the overall statistics of daily
temperature and precipitation

The model is not sensitive to
the seasonal cycle

-10
-20

T (des.) in Novosibirsk, Generated T (des.) in Novosibirsk, Held Out 1 T (des.) in Novosibirsk, Held Out 2
20

10

o

T T T T T '2 T T T T T ‘20 T T T T T
0 2000 4000 6000 0 2000 4000 6000 0 2000 4000 6000

PR (des.) in Novosibirsk, Generated PR (des.) in Novosibirsk, Held Out 1 PR (des.) in Novosibirsk, Held Out 2

30 30 30
25 25 25
20 20 20
15 15 15 |
10 10 ‘ 10

S 5 5 .

0 0 0

0 2000 4000 6000 0 2000 4000 6000 0 2000 4000 6000

Bassetti et al (2024)



Example: DittESM

Average Monthly Hot Days
Generated vs. HO2 HO1 vs. HO2

Average 90th Quantile
Generated vs. HO2

0.0 0.2 0.4 0.6

.RCP 8.5

Average Monthly Temperature
Generated vs. HO2 HO1 vs. HO2

—-0.75 -0.50 -0.25 0.00 0.25 0.50 0.75
°C
Average Monthly Hot Streak
Generated vs. HO2 HO1 vs. HO2

Bassetti et al (2024)



Example: DittESM

Average Rainy Days

.RCP 8.5

Déys
Average SDII

Average Monthly Precip
Generated vs. HO2

0.0 0.5

mm/day

1.0

Average Rainy Streak
Generated vs. HO2

Bassetti et al (2024)



Example: DittESM

Kolgomorov-Smirnov Test
Precipitation
Average Monthly Hot Streak Generated vs. Held Out 2 Held Out 1 vs. Held Out 2
Generated vs. HO2 HO1 vs. HO2 ) Mean KS Statistic: 0.017 Mean KS Statistic: 0.013

Days
0.00 i 0.04 0.06
- i Test
Average Rainy Streak K°'9°";:,r,,°;em$: vies
Generated vs. HO2 Generated vs. Held Out 2 Held Out 1 vs. Held Out 2
WL Mean KS Statistic: 0.033 Mean KS Statistic: 0.028

P — : e —

The model is able to generalize
onto other RCP scenarios

Bassetti et al (2024)



Example: DittESM

Average Monthly Hot Streak
Generated vs. HO2 HO1 vs. HO2

Days

Average Rainy Streak

RCP4.5

Kolgomorov-Smirnov Test
Precipitation

Generated vs. Held Out 2 Held Out 1 vs. Held Qut 2
Mean KS Statistic: 0.017 Mean KS Statistic: 0.013

0.00 0.02 0.04 0.06 0.08 0.10

Kolgomorov-Smirnov Test
Temperature

Generated vs. Held Out 2 Held Out 1 vs. Held Out 2
Mean KS Statistic: 0.028 Mean KS Statistic: 0.024

D.00 0.02 0.04 0.06 0.08

The model is able to geneiaince
onto other RCP scenarios

Bassetti et al (2024)



ACE: Al2 Climate Emulator

* Adapted Nvidia’s spherical 2018-01-03
Fourier neural
operators approach for long
climate rollouts

Watt-Meyer et al (2023)



ACE: Al2 Climate Emulator

* Adapted Nvidia’s spherical
Fourier neural
operators approach for long
climate rollouts

« Trained on 10 years of global
atmospheric model output (not
ERAS like most data assimilation

/ weather prediction tools) Global mean
X 285.0 - reference
B ACE
282.5 . . . . T u |
€
£ 25.01
o
; 22'5 | I I I I I I I
T o 500 1000 1500 2000 2500 3000 3500

time [days since init]

Watt-Meyer et al (2023)



ACE: Al2 Climate Emulator

« Adapted Nvidia’s spherical * Runs stably for 100 years
Fourier neural
operators approach for long
climate rollouts

« Water budget terms remain
close to ensemble mean from
11 members of global
atmospheric models

« Trained on 10 years of global
atmospheric model output (not
ERAS like most data assimilation
/ weather prediction tools)

A) TWP tendency B) evaporation C) precipitation D) TWP advective tendency A-(B-C+ D) 15

3 ~ . € . <,
P 2 i TPRY
A F A 2. L S o R AR
.‘..&‘;‘ " ;' i 'ij’\ % \: e

NG > ~

. o »

9dual3jal

o
[mm/day]

ElS)/

-10

-15

Watt-Meyer et al (2023)



ACE: Al2 Climate Emulator

RMSE=0.50K, bias=-0.27K

285.7154

v 9
X, reference ‘;
~ ©
K 285.50 - ACE ol
= c
3 285.25 0 §
= ' £
8 285.00 - -1¢
o A—
© 284751 _ i . i o
1992 2000 2008 2016

* However, is not able to capture
trends in temperature changes

Clark et al (2025)
Watt-Meyer et al (2023)



ACE-SOM (slab ocean model)

g 285.75 1 reference

K 285.50 A ACE

2 285.25 -

© 285.00 -

k)

© 284751 _ i . .
1992 2000 2008 2016

* However, is not able to capture
trends in temperature changes

» A follow-up study with ocean
forcing is able to correct for the
trend

RMSE=0.50K, bias=-0.27K

(@]
T, time-mean bias [K]

293 - 228
(a) Global annual mean (b) Global annual mean
292 surface temperature [K] /_/'/ 224 4 air_temperature_0 [K]
ol o \ ?
291 + / ? 3
7> 220 4 ‘ |
290 - ad \ 3
RN 218 - 3 !
.v«/ —— C96 SHIELD-SOM 3 ;
289 1 ,J’J ACE2-SOM 216 - i |
C24 SHIELD-SOM Details are in the captlonfn\l‘owing the image i
288 4 214 4 i 1 T
le—6
3.15 4 (c) Global annual mean .-\/ (d) Global annual mean
’ precipitation [mm/day] A /] 2.0 - specific_total_water_0 [kg/kg]
3.10 1 ﬁ 1~v ’ .—m’\/‘"‘iu/\’."\.m
3.05 /\/\/\’f 1.5
3.00 - A
W 1.0 1
2954 JA
2.90

0.5 A
T

Clark et al (2025)
Watt-Meyer et al (2023)



ACE-SOM (slab ocean model)

SHIiELD-SOM ACE2-SOM
Global mean = 3.34 Global mean = 3.36
Land mean = 4.86 Land mean = 4.62

Ocean/sea-ice mean = 2.73 Ocean/sea-ice mean = 2.84

I I

I
—-10.0 -7.5 -5.0 -2.5 0.0 2.5 5.0 7.5 10.0
Time mean surface temperature change (3xCO; minus 1xCO3) [K]

Clark et al (2025)
Watt-Meyer et al (2023)



Global mean = 3.34
Land mean = 4.86 Global climate change 4° RMSE

Ocean/sea-ice mean = 2.73 (climate minus 1xCO;) [K]
A< E_ S O M < - . Y 2 ' C24 SHIiELD-S0M ACE2-SOM
W - ‘r:. ~ 3 A
A : / =
‘ z T L
SIapb OCean Mmodadel) : x
© Iz
(o)}
Q
T 1 1
2xCO» 3xCO» 4xCO-
Global mean = 3.36 Global 4° RMS = 0.41
Land mean = 4.62 Land 4° RMS = 0.56
Ocean/sea-ice mean = 2.84 Ocean/sea-ice 4° RMS = 0.33
% .- o e
¢ wv
* ACE-SOM has skill over &
. . (@]
different climate change <
scenarios.
Global mean = 3.29 Global 4° RMS = 0.54
Land mean = 4.65 Land 4° RMS = 0.71
Ocean/sea-ice mean = 2.74 Ocean/sea-ice 4° RMS = 0.45
=
@]
v
[a)
-
L
T
wn
<
o~
@]
Clark et al (2025) Surface temperature change Error

(3XxCO, minus 1xCO») (model minus C96 SHIELD-SOM)

Watt-Meyer et al (2023) [K] [K]



ACE-SOM (slab ocean model)

10—1; BN CO6 SHIELD-SOM  —— 3xCO,
ACE2-SOM —— 1xCO;
1072 § C24 SHIELD-SOM
5 107 4
o ] -
< -4 .8
s 10 =
£
= 107>
> E
g 10-° E
& ] r
10_7 '? :‘-L'ﬁ_‘_ __h-"l-_
] = "1_,.'_._'_
10_8 Lr.__ 1 I
LT _| gl
3 I 1 1 I I L“ I I I II.I " l"
0 50 100 150 200 250 300 350

4° daily mean precipitation rate [mm/day]

Clark et al (2025)
Watt-Meyer et al (2023)



Samudra:
Autoregressive Al ocean emulator

P~ P~ P~

(I)t+(n+1)At’ (I)t+(n+2)At = F((I)t+(n—1)At’ (I)t+nAt’ Tt+nAt)

'(I)thermo = (903 Sa SSH)

il o Tl o Tl

r
L
D 5A¢
'1’t+6At

"(I)dynamic = (u,v)

T = (Tu’ TV’ Q’ Qanom)

Dheeshjith et al (2025)



Samudra:

Autoregressive Al ocean emulator

~

(I)t+(n+1)At’ (I)t+(n+2)At = F((I)t+(n— 1A D, Tt+nAt)

b) 0 OoM4 Thermo
i) = (0, S, SSH) =
' thermo 0Os s 1 5001
£ 7501
'(I)d — (u V) 5 1000 1+
' namic — ’
y B 3000
— 5000
T = (Tu’ Tv’ Q, Qanom)
-50 50 -50 0 50
latitude [°] latitude [°]
a) 2.5m 6 | OoM4 Thermo ~ —— Thermo+Dynamic . 6o
'9‘18.5 §5_28- M_'\"u_/,w‘/vw\"/w/‘/m
- e | W A e ey
D [¢s)
18.0 5.26
2017 2020 2023 2017 2020 2023
Time Time

Thermo+Dynamic

-50 0 50
latitude [°]

Dheeshjith et al (2025)



Samudra:

Autoregressive Al ocean emulator

(I)t+(n+ DA¢» (I)t+(n+2)At = F(d)t+(n— DAt D, pars Tt+nAt)
c) y
21 [
’(I)thermo - (90, S, SSH) ; : '
m |
o 01 A\ N A R N MNS [ 'A‘ M\
. . —_— E l' ) o v [ /
'(I)dynamlc - (u,v) = f \ ' ' i 7 n A W N /
2000 2020 2040 2060 2080
T = (Tu’ TV’ Q’ Qanom)
a) —— Thermo  —— Thermo+Dynamic = —— OM4 (10yr)
3.23-
_ -AA )AM 4"y ! MM‘A “AV | l » V== ¥y _ A da A VI L \
s 3.221 ‘
S nw l”lllH“ i I ‘W 1| ‘ fitia ..|kyxl|’|ll“l H..mmu | 'lll' ‘m'l”llr [P
2000 2020 2040 2060 2080
time

Dheeshjith et al (2025)



Samudra:
Autoregressive Al ocean emulator

- P| Data — 2% CO2 2x CO2+
Ground Truth

107
6x 102"

-2
g 4x102- |
= 3x102

2%107%)

1072

1% 5 10 15 20 25 30
Temperature (° C)

Dheeshjith et al (2024)



Samudra:
Autoregressive Al ocean

— 2x CO2

R Ground Truth
107 (a)

6x 102"

2
- 4x10.2-
= 3x10%-

2x102;

emulator

—— P| Data 2x CO2+

Train: Pl - Eval: 2x CO2

6x 102"

4x102}
3% 10+%]

2x1072;

1072

101,
6x102- |
4x%x1072-

) 21
= 3x10
2x1072-

0 5 10 15 20 25 30 0 5 10 15 20 25 30

10-2 |

—— UNet (Baseline)

Temperature (° C)

Swin

— ConvNext UNet

=== Ground Truth

— 0% 2x CO2
— 1% 2x CO2

Temperature (° C)

—— 5% 2x CO2
—— 25% 2x CO2

=== Ground Truth

Dheeshjith et al (2024)



Samudra:
Autoregressive Al ocean emulator

—— P| Data —_ 2x CO2 2x CO2+
R Ground Truth Train: PI - Eval: 2x CO2
10 ] (a) ;
6x 102" 6x 102"
4x1072- 4x1072-
=
E3x10‘2- 3x107Z-
2)(10'2' 2)(10'2'
102
101,
6x1072" 6x102"
4x1072- 4x1072-
) 2| 2|
= 3x10 3x10
2X10'2' 2X10'2'
10-2 \ \ | \ \ | ' \ \ | \ | \ |
0 o 10 15 20 25 30 0 5 10 15 20 25 30
Temperature (° C) Temperature (° C)
—— UNet (Baseline) Swin === Ground Truth — 0% 2x CO2 — 5% 2x CO2 === Ground Truth
— ConvNext UNet — 1% 2Xx CO2 —_— 25% 2x CO2

Dheeshjith et al (2024)



Samudra:
Autoregressive Al ocean emulator

— OM4 Thermo  —— Thermo+Dynamic

_.3.241
s
E i

3.231

2017 2020 2023
time
6o Upper 0.7km
10.7 1

'oG‘ 10.6 1

o

® 10.5 1

1960

1980

time

2000

2020

Dheeshjith et al (2025)



Ocean Heat Content [Z]]

Samudra:
Autoregressive Al ocean emulator

Ocean Heat Content

— 1W/m? —— 0.25 W/m?
200._ — 0.5 W/m2 0 W/m2
1001 NWWWMW
."",' Tl A A [\ " o
- A RN Ay
01 : : : : : Integrated OHC
2000 2020 2040 2060 2080 2.200 1e25 9
Ll —— Ground_truth
2.1751 —— Prediction
1e25 2.150 1
'-'_“_:‘ 2.1100 1 = Thermo /.
§ 21075 4 — Thermo with cumulative heat forcing - C 2.125 4
S 21050 { M 7 ___—_ "4, S
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Example: SamudrACE (M2Lines & Al2)

 Coupling of climate-relevant
physics

« 3D Al ocean-atmosphere-sea-
ice climate emulator

 Enabling long-term projections
at a fraction of the cost




Summary

. Climate emulators approximate complex Earth System Models to provide faster
predictions and bridge physical simulations with societal impact needs

+ They rely on hégh—ﬂuality training data and must remain stable, physically
consistent, and realistic

- Pattern scaling is a simple emulator approach linking local changes to global
temperature, but it captures mainly forced responses and lacks internal variability

- Al-based emulators (e.g., diffusion models, neural operators) can generate realistic
high-resolution or temporal data and enable long, efficient climate simulations

- Key challenge: balancing speed with physical fidelity, especially for long-term
trends, variability, and generalization across scenarios



