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What is machine learning?

The field of study that gives computers the ability to learn
without being explicitly programmed.
Arthur Samuel, IBM, later Stanford, 1959

A set of methods that automatically detect patterns in data
and then use uncovered patterns to predict future data.

Future data = data you have not seen before.

Kevin Murphy, Google, previously Uni. British Columbia, 2012

2 27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences



3

AT

Machine learning vs. Al

Artificial intelligence (Al) is the broader concept of machines doing things

that humans consider ‘intelligent’.

Machine learning is a subset of Al based on the idea that we just have to
provide the machines (algorithms) with data and let them learn by

themselves, without being explicitly programmed.

Careful: pending definition of ‘intelligent’...
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Classes of machine learning algorithms + self-supervised learning ﬂ(IT

Karlsruhe Institute of Technology

Supervised Unsupervised Reinforcement
learning learning learning

Labelled data Unlabelled data Learn by trial-and-error

Regression Classification Find structure Actlon.s trigger
cumulative reward

Clustering Balance between exploration

=
... I XX . . . (unchartered territory) and
®g! XxX Dimension reduction exploitation (existing knowledge)

ClassA g Class B
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Self-supervised learning example (spatiotemporal data) ﬂ(IT
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Pretend that you don’t know — predict from
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Yann LeCun
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Is the future of weather forecasting data-driven?

.

Machine learning weather forecasting — the Al revolution?! Weather
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Stephan Rasp, Google, Al4Good talk
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Neural architectures for data-driven weather forecasting

a) Input weather state

c) Roll out a forecast

0 1

S&

Lam et al. Learning skillful medium-range global weather forecasting, arXiv, 2022
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Graph neural networks
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Transformers

80 T 2x4x4 - - -2x4x4
E patch - a 3D Earth-specific transformer - patch
40 .‘g embedding ' C=192) recovery
0 % ' ’
2 - Layer 1 Layer 4
-40 2 - “ | Earth-specific block x 2 ~| Earth-specific block x 2 y -
Merge |/| (8 x 360 x 181 x C) (8 x 360 x 181 x C) Split
Upper-air variables : N Upper-air variables
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patch . (8 x 180 x 91 x 2 x 180 x 91 x - patch
embedding \ \ \ recovery
i - Encoder Decoder - ! -
Surface variables - - Surface variables
(1,440 x 721 x 4) (1,440 x 721 x 4)
b Hierarchical temporal aggregation
Trained models | FMm24 | | FM6 | | Fm3 | | Mt |
(Forecast time: 56 h) ...
== = E— | e | e | e =
Input: initial - S i \ S B v .| Output: predicted
reanalysis data, A An 1§ .| As- [ Au alysis data,
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Bi et al. Accurate medium-range global weather forecasting with 3D neural networks,

Nature, 2023
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And how about Earth system modelling?
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Earth system models and climate modelling

Changes in the Atmosphere -
Composition, Circulation

1
, 1y Ill,’,’llll,'
, Volcanic Activity o II/ I',‘,/ "'I e
N,, 0,, Ar, H,0, CO,, 14,

I
CH,, N,0, 0,, etc Jha /i

Aerosols Atmosphere-Biosphere
Atmosphere-ice Precipitation \

Interaction
Interaction Evaporation Terrestrial
Radiation

Ice Sheet

Heat Wind
Exchange Stress

Changes in the Cryosphere:
Snow, Frozen Ground, Sea Ice, Ice Sheets, Glaciers

Changes in/on the Land Surface:
Orography, Land Use, Vegetation, Ecosystems

Changes in the Ocean:
Circulation, Sea Level, Biogeochemistry
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Our interest in climate change uncertainties ﬂ(IT
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Fully data-driven? Causality?

We tackle climate model uncertainty Physics-informed loss?

Strong constraints Constraint = ESM, combined

with data-driven model Init Al impact
models

-
o

High emission scenario

@

Strong mitigation scenario

o

CRU observations \
CMIP8 historical forcing

&

AT relative to 1900-1930 (K)
~

©

|
~

AT redative to 1900-1930 (K}
|

1960 2000 2020 2040 2060 2080 2100
Year

Climate data science
Focus on scientific problem definition / interpretable models

Controlling factor analyses '

* Clouds
« Stratospheric water vapour

* Regional surface temperature
e« Precipitation

Neural climate models
Large-scale data / high Al model capacity

AI world models & emulation
« WOW world model

¢ Causal climate model emulation

e Transfer learning

Hybrid climate models
e Model parameterizations

« Ozone

« ICON, UKESM

ausal climate evaluation Data-driven forecasting

e Teleconnections e« Air pollution
e Precipitation dynamics e Wildfire risks
e Causal representation learning e AT weather models & climate projections
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Observational constraints on model uncertainties §\](IT

Karlsruhe Institute of Technology
N A Cloud feedback

) Ceppi & Nowack PNAS (2021)

Wilson Kemsley et al. ACP (2024), GRL (2025, 2026)
Ceppi et al. GRL (2024), ACP (2026)

10

High emission scenario

[e0]
o

fe T e

=
S i

—_—
7=

— T
e

)]

= e —
A v

CRU observations

TG

B
e

CMIPS historical forcing Stratospheric water vapour

Nowack et al. Nature Geoscience (2023)
Amiramjadi et al., in preparation.
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Precipitation and surface temperature

Nowack et al. Nature Communications (2020)
Debeire et al. Earth System Dynamics (2025)
T s T 50 Wilkinson et al. JGR-Machine Learning (2025)
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Overview article in:
Nowack & Watson-Parris. Opinion: Why all emergent constraints are wrong
but some are useful — a machine learning perspective, ACP (2025)
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Why are clouds so important for climate? ﬂ(IT
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Clouds reflect shortwave = solar visible radiation (‘parasol’ ) — a cooling effect

Clouds absorb longwave = terrestrial infrared radiation (‘blanket’ &3) — a warming effect

Low cloud fraction High-altitude cloud fraction

L o 1 NASA-CERES observations, 27/12/2008
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Cloud feedback and climate sensitivity .ﬁ‘(IT
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Changes in cloud properties (amount, optical

3
thickness, altitude) can amplify or dampen | 5;‘,‘:‘;8;',62‘;}32(2116ng§§;?5‘;d8'5>
: ' v Zelinka et al. 2016 (7 models)
global warming, leading to feedback effects E
’ ; ‘?E ol © ensemble mean _

= main source of uncertainty for equilibrium % | g
climate sensitivity (ECS) s | f s

© 1 L. O >

— g y - 8

. cpep e 2 =t LR ! :

ECS = global warming at equilibrium 3 T M FEE E
under 2xCO, g ° & T Tk

O » -

L
Urgent/sustained need to better understand , 0
and constrain CIOUd feedbaCk' WV+LR Albedo Cloud LW cloud SW cloud Total

Ceppi et al. WIREs (2017)
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Cloud controlling factor analysis (low clouds) '\A‘(IT

y=dC=0;-dT+60,-dq+0, -dw+ -

Estimate cloud radiative effect changes - dC - as a function of d7| | dg

e.g. surface temperature T, humidity g, vertical wind w, etc.

(a} ISCCP Low Cloud Covar

changes in large-scale meteorological cloud-controlling factors, dw -
dC

__h_ L
e —— i L] i
30N - 5 Yl o] |
i
m -' T T I T - T =
180 150W 120W  90W  B0W  30W i) 30E G0OE S0E 120E 150E 180

[ | | R ) o—
0.3 0.4 0.5 06 0.7

Klein et al. Low-cloud feedbacks from cloud controlling factors: a review. Surveys in Geophysics (2017).
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Cloud controlling factor analysis (ceppi & Nowack PNAS 2021) A(IT

Model learning and cross-validation Predictions on internal variability

Machine learning TWV’\"WWMWMM

Fit regression function - f( )

Predictand (Y))

Cloud radiative effects
(CRE)

Predictors (X)

Patterns of
surface temperature,
atmospheric stability,
700hPa relative humidity,...

Ridge regression or transfer learning
Cross-validated estimates (e.g. coefficients)
for the underlying physical relationships WWJWW\WMMWW
1. Learn function f,,s from Earth observations (2000-2019).
2. Learn functions fcyp from 52 CMIP5/6 models (2000-2019).

3. Compare 4xCO, projections using fops and feyp
— observational constraint.

5°x 5°, monthly-mean

Chair for Al in Climate and Environmental Sciences

27/02/2026 Peer Nowack



Statistical learning framework .\A‘(IT

Karlsruhe Institute of Technology

Ridge regression

:- - Test Data

\:| Training Data

Minimises the cost function at grid point r

T (@)—zn:(Y( _i@-()-x ))2+ Y Q;(r)|? .
idge(r, ©) = +(r) i(r) - Xoo(r @ 1©:(r)] o

t=1 1=1 =1

Least squares Ridge penalty term t

Large a
High bias
Maps of Ridge coefficients 0;

Tsfc = EIS = Optimal a J(@)CV
o
. i ' ) J ( O)train
3 - Small a
High variance
N S — gy

G I I
-0.18 -0.12 -0.06 0.00 0.06 0.12 0.18 >

WmZc™ o

Error
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Linear framework — why?

1. Interpretable

Tefs . EIS .
. e , N
I
0.12 0.18

Ry, I I | I ] I I | I T
-0.18 -0.12 -0.06 0.00 0.06

Wm32g"

2. Small sample size

19 years of observations = 228 monthly samples.

3. Extrapolation

Learn from years 2000-2019 to predict A under 4xCO,.

27/02/2026 Peer Nowack
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M M
adY;
aY; =y === dX;; "2y @y dX,,
Non-linear

frameworks possible?
Yes - transfer learning!

—_— A )

Lina
Rennstich
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Does statistical learning help?

Skill depending on predictor pattern size

SKIT

Karlsruhe Institute of Technology

Tete . EIS .
. 4. e
T —
012 0.8

1.0
0.8F
C
9
E 06F
o
s 04F
o -O= LW
0.2F -O= SW
=O= Net
0.0 1 1 1 1 1 1 1
1x1 7x3 11x7 21x11 41x21 61%x31 72x36
(Local) (Default) (Global)
Domain size (lon x lat)
27/02/2026 Peer Nowack
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Final constraint on global cloud feedback

o o =
o & o

Actual cloud feedback (W m 2 K_1) >
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0.0 0.5
Predicted cloud feedback (W m 2K ™)

Peer Nowack

N
o
T

-
(6]
T

O
6]
T

- -

Actual cloud feedback Wm2K") oo
o e
o o

IPCC WCRP CMIP Obs

PNAS (2021)
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Observational evidence that cloud feedback amplifies

global warming

Paulo Ceppi®®'* 2 and Peer Nowack*™~"

*Grantham Institute, Imperial College London, London SW7 2A2, United Kingdom: *Departmant of Physics, Imperial College London, London SW7 202,
United Kingdam; “Data Science Institute, imperial College London, London SW7 2AZ. United Kingdom: and *Climatic Research Unit, School of
Enwrcnnvental Soences, Univessity of East Anglia, Norwich NRA 71, United Kingdom

Edited by kaac M. Held, Princeton University, Princeton, NL and approved June 10, 2021 (received for review December 21, 2020}

Global warming drives changes in Earth’s doud cover, which, in
turn, may amplify or dampen dimate change. This “cloud feed-
back® is the single most important cause of uncertainty in Equilib-
rium Climate Sensitivity (ECS)—the equilibrium global ing
following a doubling of atmospheric carbon dioxide. Using data
from Earth observations and climate model simulations. we here
develop a statistical learning analysis of how douds respond to
changes in the environment. We show that global cloud feedback
is dominated by the sensitivity of douds to surface temperature
and tropospheric stability. Considering changes in just these two
factors, we are able to constrain gluhal cIDucI feadback to 0.43 +
0.35 W-m %K ' (90% confid a robustly amplify-
ing effect of clouds on global warming and enly a 0.5% chance of
ECS below 2 K. We thus anticipate that our approach will enable
tighter constraints on climate change projections, induding its
manifold socioeconomic and ecological impacts

climate change | clouds | dimate feedbacks | dimate modeling
climate sensitivity

louds have long been recognized as the leading source of

uncertainty in Earth's climate response 10 anthropogenic
forcing through their key role in modulating the global encrgy
balance. While a combincd assessment of all available lines of
cvidence - theory, modeling, and Earth obscrvations — suggests
that cloud feedback is likely positive, i.e,, amplifies global warm
ing (1-3), so far, & narrow constraint on this feedback has
remained elasive. This is refleeted in the broad W% CI for cloud
feedback { 0.0 to 10.09 W-m *K ') estimated in a recent
cssment under the auspices of the World Climate Research
rgram | WCRE (3)), which relied both on a review of exisi-
tudics and cxpert judgment. Part of the challenge s
from the variety of physical pro contributing o net
cloud feedback, involving the interaction of clouds with both
solar (shortwave [SW]) and terrestrial (longwave [LW]) radiative
fuxcs (4).

Uncertainty in cloud fecdback has persisied bocause cach
line of evidence comes with its limitations and challenges. The:
ory cannot provide precise projections. Global climate models
Ms ) are unable to explicitly represent small-scale clowd pro-
cesses on their coarse spatial grids, resulting in large spread in
their simulation of cloud feedback (4. 5). High-resolution mod-
els may better represent such cloud processes, but limitations
in computational power prevent climate change experiments on
global grids (6). Most of the available observational estimates

15

high-resolution simulations or observations. The method is based
on cloud-controlling factor analysis (7, 8, 10, 11, 14-10), where
we assume that cloud-radiative anomalies at grid point «, d(r),
can be approximated as a linear function of anomalics in a set of
M relevamt |'||¢1|:nr|l|ngi|;-.1| cloud cnmrolling factors (X, (r):

Moo
S Te i

de(r)=y rfn_.t:]] dX ()= 3O (). 1
e

B, (r) represents the sensitivitics of *(r) to the controlling
factors. As a key difference to previous studies (7, 8, 10, 11,
14) focused on grid-point-wise relationships —c.g., between sur-
face temperature at point r and ({r}—we here model cloud-
radiative anomalics at grid point r as a function of the control-
ling factor variables within a 106° x 55° (longide = latitade)
domain centered on r (sce Fig. 1 and S Appendix, Fig. S1 for an
example). The contribution of cach controlling factor to Jd0(r)
is then obtained by the scalar product of the spatial vectors 8,(r)
aindd X,

Different from previous work, we use ridge regression (17)
to avoid overfitting when including this large aumber of predic-
tors in the regressions { Materials and Methods). Importantly, this
statistical learning approach allows us to robustly estimate sensi-
tivities 8, (r). despite the presence of many collinear predictors
and the limited de size avallable from the shon record of
satellite observations { 18-20).

We incdude five controlling factors \, guantifying  sur-
face temperature, estimated boundary-s ngth

| Significance

A key challenge of our time is to accurately estimate future
global warming in response to a doubling of atmospheric car-
bon dioxide—a number known as the climate sensitivity. This
number is highly uncertain, mainly because it remains unclear
how douds will change with warming. Such dlmges in dm-ds
could strongly amplify or global

a dimate feedback. Here, we perform a slauslka! leammg
analysis that provides a global observational constraint on
the future cdoud response. This constraint supports that cloud
feedback will amplify global warming, making it very unlikely
that climate sensitivity is smaller than 2 °C,
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Cloud feedback = net effect of many mechanisms ﬂ(IT

Changes in cloud properties @mount, optical thickness, atitude) CAN @amMplify or dampen global warming

— the main source of model uncertainty in global warming projections under 1 CO,

S— Rising High Clouds

Broadening of the Hadley Cell

Narrowing of Tropical Ocean Rainfall Zones

Rising High Clouds.ﬂi

r"nx'-'

T Rising of the Mem'ng ¢ B _,.:>Poleward Shift of Storms

| - oY s s M [ ﬁD J{(; r Cl’l dS
I'h."l ‘ qr Less Low Clouds - ore Polar Clou
Equator 30° 60° Pole

IPCC AR5 WG1 Chapter 7
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ML4CLOUDS project (2022-2025)

Dr. Sarah Wilson
Kemsley (UEA),
now at University of
Oxford
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Actual cloud feedback (W

g
(=)

m-2 K"1)
—
o

Actual feedback (Wm 2K ™)

o
3}

T

o
(=)

-
o

T

1

Ceppi &
Nowack PNAS
(2021)

8

O

8

08

0.6

04

0.2

g
o

I
=
N

i
e
Y

Peer Nowack

IPCC WCRP CMIP Obs

a Actual vs predicted feedback

b

0.41 0.4
[
02/ e . 0.2
= L)
S . o
I -{ - |
L4 A A
¥ 1 : _’, &
0.0 | 0.0
. ¥ E
s | ¥ Cp s
o] = " G
3 e X 8
B -0.2 * ¥ T -0.2
e * e
*
-0.41 -0.4
L 2
0.6/ -0.6
All Thick  Thin

Wilson-Kemsley et al.
GRL (2025)

Observational constraints
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Large uncertainty in stratospheric water vapour projections S(IT

Karlsruhe Institute of Technology

70 hPa 30N-30S

CMIP5 (27 models)

: ' MESOSPHERE
CMIP6 (34 models) ANV N
""""" \ TROPICS | SURFZONE  y VORTEM
\
\
|
';- STRATOSPHERE '|
E 1
Q
o
S
“ [ ——
s
8 TROPOSPHERE
o
<]
> -
SUMMER EQUATOR WINTER
POLE POLE
4 ppmv

=~ 100% present-day

100 120 140
Years after 4xCO; forcing

abrupt-4xCQO, relative to pre-industrial
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Constraint on the stratospheric water vapour feedback ﬂ(IT

Karlsruhe Institute of Technology

a 2.0 b 2.5
- . ~
g nature geoscience 3
—
I'l-x — 2.0 =1 Article hetps: jjdol.org 101038 /241561-023.0M83-6
1.5 -
L)
> v Response of stratospheric water vapour
E } - - d b l.
a £ 154 towarming constrained by satellite
(o} ¥
= a. e observations
o 1 o 0
m il
5 B 101 %
Received: 22 July 2022 Peer Nowack®@'*** | Paulo Ceppl@ 7, Sean M. Davis@°, Gabriel Chiodo@",
c
()] O PO SEEe Will Ball® *****, Mohamadou A. Diallo®®, Birglt Hassler @', Yue Jla® ",
@ 0.5 O sk James Keeble® ' & Mano] Joshi@'
- w Published onfine: 26 June 2023
® @ 054
] _ ® Check for updates Future increases In stratospheric water vapour risk amplifying climate change
o = r— and slowing down the recovery of the ozone layer. However, state-of-the-art
R ] climate models strongly disagree on the magnitude of these Increases under
@ 0.0 o global warming. Uncertainty primarily arises from the complex processes
2 0.0 4 leading to dehydration of air during its tropical ascent into the stratosphere.
Herewe derlve an observational constraint onthis longstanding uncertainty.
We use a statistical-learning approach to Infer historical co-variations between
the atmospheric temperature structure and tropical lower stratospheric
—0.5 . . ; ’ 0.5 water vapour concentrations. For climate models, we demonstrate that
—0.5 0.0 0.5 1.0 1.5 2.0 . these historically constralned relationships are highly predictive of the water

ol sed at heric carbon dioxide. We obtai
ErsicEdid,  Teshonse pRiiIY CMIPS CMIP6  CMIPS5/6 Obs bservationally constrned ange for Stosphericwater vapour changes e
strat

degree of global warming of 0,31 +0.39 ppmv K ', Across 61 climate models,
we find that a large fraction of Tuture model projections are Inconsistent with
observational evidence. In particular, frequently projected strong Increases
(=1 ppmv K "yare highly unlikely. Our constraint representsa 0% decrease
Inthe 95th percentile of the climate model uncertainty distribution, which
has implications for surface warming, ozone recovery and the tropospheric
circulation response under climate change.

The stratosphere s extremely dry. This wasfirstrealized by AlanBrewer  stratospheric specific humidity s around 3-5 pars per million volume
inhis pioneering analysis of balloon measurements inthe 1940s, where  (ppmv) globally, with substantial daily to decadal variations driven by
he reported that the mmaospheric warer content is found tofallvery  volcanic eruptions™, convective overshooting, monsoonal circula-

Mis now well

piclly i ataverage  tions’ and climate modes such as the El Nifko-Southern Oscillation

Nowack et al. Nature Geoscience (2023)
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Fully data-driven? Causality?

We tackle climate model uncertainty Physics-informed loss?

Strong constraints Constraint = ESM, combined
with data-driven model Init Al impact

-
o

High emission scenario

@

Strong mitigation scenario

o

CRU observations \
CMIP8 historical forcing

&
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|

1960 2000 2020 2040 2060 2080 2100
Year

Climate data science
Focus on scientific problem definition / interpretable models

Neural climate models
Large-scale data / high Al model capacity

Controlling factor analyses
* Clouds

« Stratospheric water vapour

* Regional surface temperature

e« Precipitation

AI world models & emulation
« WOW world model

¢ Causal climate model emulation

e Transfer learning

Hybrid climate models
e Model parameterizations

« Ozone

¢ TCON, UKESM

Causal climate evaluatio Data-driven forecasting

e Teleconnections e« Air pollution

e Precipitation dynamics e Wildfire risks

e Causal representation learning e AT weather models & climate projections
1" 27/02/2026 Peer Nowack
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The evolution of climate modelling A(IT

Karlsruhe Institute of Technology

Upper Atmosphere
'Atmospheric Chemistry

Dust/Sea Spray/Carbon Aerosols

Coupled Climate Model

Atmospheric/Land Surface/Vegetation
ean Sea lce

Sulfate Aerosol

Biogeochemical Cycles
Carbon Cycle
Ice Sheet

Marine Ecosystems

60s 70s 80s 90s 00s 10s

= A key chemical species for climate is ozone.

. ucar.edu

= Greenhouse gas and shortwave absorber.

= Air pollutant in the troposphere.

24 27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences
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Modelling atmospheric chemistry — a dilemma?

Important, but slows down climate models run on supercomputers by factor 2-3
— Transport of chemical tracers.
— Large system of coupled chemical rate equations.

Table 1. Table of Gas-Phase Chemical Reactions® Table 1. (continued)

Reaction No. Reaction Reaction No. Reaction

R1 0+0,+M — O; +M R74 Br + O3 — BrO + O,

R2 O+ 03 — 20 R75 Br + HO, — HBr 4+ O,

R3 0O4+0+M - O, +M R76 Br + OCIO —  BrO+ClO

R4 O(]D)-i—M — O+M R77 BrO + O —+ Br+0,

R5 O(]D) + O3 — 20, R78 BrO + OH —  Br+ HO,

R6 O(]D] + H»O s 20H R79 BrO + OH — HBr + O,

R7 O(]D) + H, e OH+H R8&0 BrO + HO» — HOBr + O,

RS O('D) + N,0O — 2NO R8I BrO + NO —  Br+NO;

R9 O(ID) + N»O - N> + O3 R&2 BrO + NO, + M — BrONO, + M

R10 O(ID) + CH;Br — BrO + OH + CO + H,0O R&3 BrO + ClO — Br + OCIO

R11 O('D) + CH, —  OH + CH;0, R84 BrO + CIO — Br+Cl+0;,

R12 O + OH — O, +H R85 BrO + CIO — BrCl + O,

R13 O + HO, — OH+ 0O, R&86 BrO + BrO — 2Br+0, Jonsson et al.
R14 O + H,O, - OH + HO» R87 HBr + OH S Br 4+ H,O JGR (2004)
27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences
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Fast machine learning parameterization for ozone

Input features

x Normalization
t-tT
Dimension

Reduction
(PCA)

Temperature
in all grid cells

Temperature

\ 280 _
1 260 =——

wu
o

[

7
i{

Altitude
nJ
o
W%}
=
(=]
(4% )
e
(=]
/
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Latitude

Model

Machine learning
Fit regression function Y= f (X)

- linear: Ridge/Lasso regression
- nonlinear: Random Forest, Neural Network
-memory: LSTM

Cross-validation on training set

Output

Apply mapping Y

t

Nowack et al. ERL (2018), CICP (2019)
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Altitude

Ozone mixing ratio
in grid cell k

to test data

90S 60S 30S EQ 30N 60N 90N
Latitude

SKIT

Karlsruhe Institute of Technology

Implemented in UKESM
Transferred to ICON

QUKESM

Radiation
and choud
formation

Gas phase
chemistry

PhD project Yiling Ma
Stefan Versick, Peter
Braesicke, Roland Ruhnke

Chair for Al in Climate and Environmental Sciences



27

More on arXiv... A(IT

Karlsruhe Institute of Technology

We gratefully acknowledge suppor]
member i

ornell University

Table 2. Average wall-clock time across all processors for different chemistry schemes.

Search...

Voo et Model UKESM ICON
Computer Science > Machine Learning Chemistry scheme | mloz chemistry module mloz Linoz
[Submitted on 24 Sep 2025] Cores 720 912
mloz: A Highly Efficient Machine Learning-Based Ozone Length 3 months 1.5 years
Parameterization for Climate Sensitivity Simulations Time cost 1.75% 54.45% (Esentiirk et al., 2018) | 947s  2603s

Yiling Ma, Nathan Luke Abraham, Stefan Versick, Roland Ruhnke, Andrea Schneidereit, Ulrike
Niemeier, Felix Back, Peter Braesicke, Peer Nowack

60 (a) UKESM (b) ICON
Atmospheric ozone is a crucial absorber of solar radiation and an important greenhouse gas. However, most —-== full chem —— prescribe-pi O3
climate models participating in the Coupled Model Intercomparisen Project (CMIF) still lack an interactive —— mloz --- prescribe-4xCO, O
representation of ozone due to the high computational costs of atmospheric chemistry schemes. Here, we 50 — mloz
introduce a machine learning parameterization (mloz) to interactively model daily ozone variability and trends
across the troposphere and stratosphere in standard climate sensitivity simulations, including two-way
interactions of ozone with the Quasi-Biennial Oscillation. We demonstrate its high fidelity on decadal 40

timescales and its flexible use online across two different climate models -- the UK Earth System Model
(UKESM) and the German ICCsahedral Nonhydrostatic (ICON) model. With atmospheric temperature profile
information as the only input, mloz produces stable ozone predictions around 31 times faster than the
chemistry scheme in UKESHM, contributing less than 4 percent of the respective total climate model runtimes. In
particular, we also demonstrate its transferability to different climate models without chemistry schemes by
transferring the parameterization from UKESM to ICON. This highlights the potential for widespread adoption in 20
CMIP-level climate models that lack interactive chemistry for future climate change assessments, particularly
when focusing on climate sensitivity simulations, where ozone trends and variability are known to significantly
medulate atmospheric feedback processes.

Height [km]
w
o

10
Subjects; Machine Leaming (cs.LG); Aimospheric and Oceanic Physics (physics.ac-ph)
Cite as:  arXiv:2508 20422 [cs.LG] 0
(or arXiv:2509.20422v1 [cs.LG] for this version) -30 -20 -10 0 10 20 -30 -20 -10 0 10 20
https://doi.org/10.48550/arxiv.2509.20422 @ Temp response to 4xC0O; [K]
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Fully data-driven? Causality?

We tackle climate model uncertainty Physics-informed loss?

Strong constraints Constraint = ESM, combined
with data-driven model Init Al impact

-
o

High emission scenario

@

Strong mitigation scenario

o

CRU observations \
CMIP8 historical forcing

&

AT relative to 1900-1930 (K)
~

©

|
~

AT redative to 1900-1930 (K}
|

1960 2000 2020 2040 2060 2080 2100
Year

Climate data science
Focus on scientific problem definition / interpretable models

Neural climate models
Large-scale data / high Al model capacity

Controlling factor analyses
* Clouds

« Stratospheric water vapour

* Regional surface temperature

e« Precipitation

AI world models & emulation
« WOW world model

¢ Causal climate model emulation

e Transfer learning

Hybrid climate models
e Model parameterizations

« Ozone

« ICON, UKESM

Causal climate evaluation
e Teleconnections

e Precipitation dynamics
e Causal representation learning

Data-driven forecasting
e Air pollution
e Wildfire risks
e AT weather models & climate projections

1 27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences



Init Al weather

ensembles ROBUSTNESS OF AI-BASED WEATHER FORECASTS IN A
CHANGING CLIMATE

Rackow et al. arXiv (2024)

2 High emission scenario

nario

2 _ A PREPRINT
o CRU observations
§ 4] CMIPE historical forcing
: 2l Thomas Rackow Nikolay Koldunov Christian Lessig
2 of European Centre for Medium-Range Alfred Wegener Institute European Centre for Medium-Range
< Y ~
3 Weather Forecasts (ECMWF) Helmholtz Centre for Polar Weather Forecasts (ECMWEF)
thomas.rackow@ecmwf . int and Marine Research (AWI) christian.lessig@ecmwf.int
1960 1980 2000 2020 2040 2060 2080 2100

Year

nikolay.koldunov@awi.de

Irina Sandu Mihai Alexe
European Centre for Medium-Range European Centre for Medium-Range
Weather Forecasts (ECMWEF) Weather Forecasts (ECMWEF)
Matthew Chantry > Mariana Clare
European Centre for Medium-Range European Centre for Medium-Range
Weather Forecasts (ECMWEF) Weather Forecasts (ECMWF)
Jesper Dramsch Florian Pappenberger
European Centre for Medium-Range European Centre for Medium-Range
Weather Forecasts (ECMWF) Weather Forecasts (ECMWF)
Xabier Pedruzo-Bagazgoitia Steffen Tietsche Thomas Jung
European Centre for Medium-Range  European Centre for Medium-Range  Alfred Wegener Institute (AWI)
Weather Forecasts (ECMWE) Weather Forecasts (ECMWE) University of Bremen
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Init Al weather
ensembles

Rackow et al. arXiv (2024)

High emission scenario

to 1900-1930 (K)

U) 4
e
72 t:
ERAS5 1955 O
O 1960 1980 2000 202393’ 2040 2060 2080 2100
“colder” v
>
© 293
'c? ERAS 1979-2020
292 Pangu-Weather
2 < e AIFS v0.2.1
~ GraphCast
" AIFS é‘ §291 == = init. condition
ECMWF [ © 290
. 0 a
operational = GraphCast £ 209
analysis 2023 < £ Jes
= Pangu-Weather :
‘present-day” g 287
(trained on ERA5, ~1979-2018) =
S 286
(=)}
285
284
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
IFS-FESOM 2049

29K Potential for high-resolution (spatial + temporal), low-bias, large weather

ensembles under future climate states?!
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Rackow et al. arXiv (2024)

Of course, not everything is perfect...

2m temoerature K]

Pangu-Weather

2m temperature K1 2m temperature [K]

31 27/02/2026 Peer Nowack

Init Al ensembles

High emission scenario

Strong mitigation scenario

CRU observations

| CMIPE historical forcing

AT relative to 1900-1930 (K)

1960 1980 2000 2020 2040 2060 2080 2100
Year

Mean 2m temperature drift over
10 days in 2049...
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Amiramjadi, Roth et al., in preparation

GenCast GraphCast NeuralGCM 1.4°
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Latitude

Peer Nowack

Latitude

Latitude

T higher is better

1

0.5

R? (lead day 10, seasonal mean 2049)

Init Al ensembles

More data-driven models + variables
Full vertical extent

General tendencies?

)
|- ,\,\‘ 1\ AV A 'v‘ :

Dr. Mozhgan Christopher Roth

Amiramjadi
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Data-driven impact models: surface urban heat island

February 9, 2026 from IP address 46.223.162.117,

pNAS RESEARCH ARTICLE EARTH, ATMOSPHERIC, AND PLANETARY SCIENCES

o' OPEN ACCESS )

Amplified warming in tropical and subtropical cities under

2 °C climate change
s. Berl® 2, M. M. Joshi*l, C, M, Goodess®, and P. Nowack

Edited by Karen Seto, Yale University, New Haven, CT; received February 6, 2025; ac

Cities are often warmer than rural surroundings due to a phenomenon known as the
urban heat island, which can be influenced by various factors, such as regional climate
and land surface types. Under climate change, cities face not only the challenge of
inl:rl_':sins temperatures in their surrounding hinterland but also the Ch:]ll:nge of
potential changes in their heat islands. However, even high-resolution global Earth
system models (ESMs) with “urban tiles” can u-n]y pmpnrl_v resolve the largcsl urban
areas or megacities. Here, we address these limitations by applying a process-based
statistical ]::lming model to ESM outputs to provide projections of cl').'mgcs in land
surface temperature (LST) for 104 medium-sized cities of population 300 Ko 1 M
in the subtropics and tropics. Under a 2 °C global warming scenario, annual mean
LST in 81% of these cities is projected to increase faster than the surrounding area. In
16% of these cities, mostly in India and China, mean LST is projected to increase by
an additional 50-112% above ESM projections of the surrounding area. Our findings
underscore the importance of investigating the specific effects of climate change on
urban heat exposure.

urban heat |sland | climate change | machine leamning | urban climate

The urban hear island (UHI) is a phenomenon whereby the temperarure in a city differs
from the surrounding rural area, typically being warmer. This leads to increased hear-related
health risks for urban inhabitants in comparison to their rural counterparts (1). In 2018,
it was estimated that over half the world’s population resided in cities and this proportion
is projected to increase ro 68% by 2050 (2). Climare change results in rising global rem-
Pl‘lq‘l[llr{’ﬁ '-'"'ll'.t ir‘lt.'ﬂ::ls{'d Fn‘,‘q'lll‘nq" nrcxrfl.'ﬂﬂe hl‘ﬂr events {a). \\'I'Iil:i'l can h'.]\'b;‘ severe I'Illn'lil]'l
health impacts including increased morrality (4-6).

UHIs are influenced h_\' both climare and city attributes (e.g., city area, rural '.lridir_v,
and landcover) (7), all of which can change over time. A deeper understanding of climate
change related shifts in UHI intensities will inform city planners as they dcsign cities
aiming to optimize human comfort and health, and enable evidence based adapration
pld.nuing. However, mudcling and projecting \.‘iuugus inUHl ona glob.j] scale remains
a challenge. ESM or Global Climate Model (GCM) outputs have spatial resolutions larger
than the scale of most cities due to limitations in computational power. As urban landeover
only represents a small fraction of the earth’s surface, irs inclusion is not essential for
projecting mean global temperature changes and is often not represented, although studies
urilizine more comnlex nrhan schemes exisr (8). Fyven in such cases however. FSMs can

27/02/2026 Peer Nowack

ted Decemnber 11, 2025

3

Significance

Urban heat stress under climate
change is an increasing concern,
as most cities are already warmer
than their rural surroundings,
heightening their vulnerability to
rising temperatures and exposing
a large share of the global
population. While Global Climate
Models are essential for
projecting future temperature
changes, their relatively coarse
scale limits their ability to capture
the trends of smaller cities. To
bridge this gap, projected changes
in land surface temperature in
medium-sized cities are created
and compared to surrounding
regions, identifying areas where
the urban warming rate is faster
than rural surroundings. Our
analysis shows low-resolution
projections likely underestimate
future urban warming in most
cities, highlighting the need for
deeper study.

Author affiliations: “Climatic Research Unit School
of Emdronmental Sclences, Uniersity of East Anglia,
Norwich, Norfolk NR4 7T, United Kingdom; and "institute
of Thearetical informatics, Institute of Meteorology and
Climate Research Atmospheric Trace Gases and Remote
Sensing, Karkruhe Institute of Technology, Karlsruhe

Init Al impact model

CRU observations

AT rofative to 1900-1930 (X

1960 1980 2000 2020 2040 2060 2080 2100
Year

= Combine CMIP6 projections at 2°C global
warming with machine learning (ML) function to
estimate changes in urban heat islands.

= Focus on understudied tropical and subtropical
medium-size cities (104 in total).

= Common technical challenge: ensure approx.
generalization of ML function to future climates.

Dr. Sarah Berk (UEA), now at University
of North Carolina Chapel Hill, USA
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Fully data-driven? Causality?

We tackle climate model uncertainty Physics-informed loss?

Strong constraints Constraint = ESM, combined
with data-driven model Init Al impact

-
o

High emission scenario

@

Strong mitigation scenario

o

CRU observations \
CMIP8 historical forcing

&

AT relative to 1900-1930 (K)
~

©

|
~

AT redative to 1900-1930 (K}
|

1960 2000 2020 2040 2060 2080 2100
Year

Climate data science
Focus on scientific problem definition / interpretable models

Neural climate models
Large-scale data / high Al model capacity

Controlling factor analyses
* Clouds

« Stratospheric water vapour

* Regional surface temperature

e« Precipitation

AI world models & emulation
« WOW world model

¢ Causal climate model emulation

« Transfer learning

Hybrid climate models
e Model parameterizations

« Ozone

« ICON, UKESM

Causal climate evaluation Data-driven forecasting

e Teleconnections e« Air pollution

e Precipitation dynamics e Wildfire risks

e Causal representation learning e AT weather models & climate projections
1" 27/02/2026 Peer Nowack
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Machine learning for climate model emulation -ﬁ‘(".

Karlsruhe Institute of Technology

A) Climate Model -
Climate modellin

Inputs . —, Y
P BC - : = v Outputs :
' ; Precip-
b , | itation

Ea;'th &
System Model

Temp- [ .
erature -

Mansfield et al. npj Clim. and Atm. Sci.
(2020), GMDD (2026)

e | Watson-Parris et al. JAMES (2022)
_ ' Kaltenborn et al. NeurlPS (2023)

Based on partial
differential equations.

_ $SP Scenarios E} 2 _ E’;} e Future of Climate
5 Emission scenarios / Climate scenarios for u
/*'/ basled on future IF'II.II‘T‘IBI‘I . the given emission F u I Iy d ata'd I'IVG n ?
/ behaviour. SSP1 SSP2 SSP3 SSP5 | scenarios calculated

28 45 70 -85[ |byoneESM.

Constraint = data we train on

B) Climate Model Emulator L\ N

Statistical model or deep Inputs “-\\
learning model based on —
gradient descent.

Y outputs Could be CMIP, observations...

ML Model
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Machine learning for climate model emulation: PICABU
PICABU Latent

Latent embeddings

100 Power spectral density of Nino3.4 time series

—— NorESM2

V-PCMCI
80 ViT + pos. encoding
—— PICABU

=

Sebastian Hickman

A\

o

e.g. from NorESM)

Temperature

Climate Emulation

Physics-Informed

Legend

Causal Representation Learning

7.5 10.0 12.5 15.0 17.5 20.0

Hickman et al. Causal climate Period (yea rs) Julien Boussard (Mila)
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Autoregressive long-term prediction ﬂ(IT

2m_temperature | sample=0 | 1979-01-28 (step 108)

However, we do need additional constraints...
= Autoregressive predictions are often unstable.

= Bayesian filter: at each step

— get multiple samples from the posterior distribution R (1T ol |
— reject “bad” samples N B

= Output: collection of trajectories each associated with a probability Christopher Roth

— stable autoregressive rollouts
— propagate uncertainty through the prediction

= Important: should also create realistic multi-annual frequency spectra in long roll-outs!

27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences



Another constraint: causality

A Large-scale time series dataset

37

B cCausal discovery

Time lags

2% Spurious
associations

|

% . |
- _Nonlinear

xt e,

Runge et al. Science Advances (2019);
Nowack et al. Nature Communications (2020)

27/02/2026 Peer Nowack
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Network nodes

> Grid level

Mode level =«

Tibau et al. Environmental Data Science (2024)

Network links

Correlation ===

Causal representation learning
Latent variables = modes of variability

Causal graph = dynamics

Chair for Al in Climate and Environmental Sciences




Model training and next step prediction o uiensoussara

Output:
I:’(XT+1 I X<T+1)

Constraint
Single-parent mapping F
(DAG identifiability)

SR Yad -

Temperaturé (

eg‘ from NorESM)

Latent Space

Encoder

A Decoder
P(Z<T+1|X<T+1!Fsh) o~

V7 P(XrulZra F )

Loss iChattopadhyay et al., 2024
ELBO L(XM) Orthonormality of F Sparsity constraint on G Spatial spectrum L1 loss
+ CRPS (identifiability) (interpretability) (decaying spectra)’



WOW - a World model of Our World

Peer Nowack, Almut Arneth, Jan Cermak, Charlotte Debus, Markus Gotz, Peter Knippertz,
Jan Stuhmer, Erwin Zehe

Carl-Zeiss Foundation Breakthroughs Grants 2025 — Al and Environment



The team behind WOW ﬂ(".

Ecology Clouds Efficient Al Al Energy Weather Al Climate Al Theory Hydrology

™

4
I z
Lot o @

i 2 L , ,'
k 3

' W k | > 4
: . £
7, - 3
’. J . » )

Almut Arneth  Jan Cermak Charlotte Debus Markus Gotz Peter Knippertz Peer Nowack Jan Stuhmer  Erwin Zehe

= 8 PIs, 7 Postdocs, 2 PhDs, plus multiple associated Postdocs c

= 6 Mio. Euro funding (Carl-Zeiss-Foundation) from 1 March 2026 Carl Zeiss

if
= Five partners for transfer — Project Advisory Board Stiftung

AMDID1 SIEMENS LV @S0, e E

Gewadsserkunde
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Al models in Earth system modelling ﬂ(".
Wildfire models \

4 Cllmatg model emulators N r Frdroloaical models

Cloud analyses

40 27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences



Foundation Models vs. World Models

(s

Simulation

Reanalysis

(o

bservation

atellite

\ Encoder ]

\ Encoder ]

Latent

\ Encoder ]

Latent

\ Encoder ]

Latent

Space space space
p1(x, t) p3 (%, t) Py (%, t)
| ER® €R" | €ER™ | €eR" |
/ Decode& / Decode& / Decode& / Decode&
Climate Weather Hydrology Wildfires

—

-

How do they “know about each other’? — World Models

41 27/02/2026
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Large-scale neural network model

Pre-trained on large, heterogeneous
datasets; self-supervised learning

Can be adapted (fine-tuned) for different
downstream tasks

All modalities/tasks — same latent space
= Latent space needs to be very large

But what if we want to
= Predict several tasks simultaneously?
= “Chain” events?
E.g. Climate — Weather —
Water/Wildfire

Chair for Al in Climate and Environmental Sciences
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An illustration of the WOW world model _

Satellite Soil and plant composition

Weather at time t

Forcings
WO O
[CO2, CHy, SOs,..]
L v v v
Climate Weather Forecasting Hydrological
Emulator Global Regional Extremes
_ Encoder / \__Encoder , \__Encoder Encoder
Processor Processor Processor Processor
Latent ‘ Latent Latent Latent
Representation JLR 'Representation JLR 'Representation JLR Representation
- OIIOTD « — OOII1TI0 <« — OOITT « . BT
/ Decoder . / Decoder /' Decoder Decoder
L 1 J L 1 1 J L 1
v v v
Soil Moisture

Local Forecast

s mpnas

Weather at time t + t

e

| 4 Bstonn

v
Cate Evolution

——a

Chair for Al in Climate and Environmental Sciences

42 27/02/2026 Peer Nowack



WOW - The environmental sciences focus ﬂ(IT

First applications of WOW to interactions between the atmosphere, hydrological cycle, and land surface Karlsruhe Institute of Technology

Fast high-resolution Al weather ensembles
under climate change

Climate Forcings Atmospheric lnputs

Climate Emulator Weather Forecaster
%q‘ WV* N - S | | %

A

L, N <~ A LowClouds

Wildfires
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S u m m a ry Karlsruhe Institute of Technology

® There are many exciting opportunities for machine learning in earth system modelling.

® For example, it could help us tackle longstanding issues such as uncertainties in global
climate change projections.

® Key challenge under climate change: extrapolation relative to historical Earth observations
— data-driven models need constraints + a robust evaluation (closing the circle)!

Neural climate models

Climate data science
Large-scale data / high Al model capacity

Focus on scientific problem definition / interpretable models

Controlling factor analyses . ; AI world models & emulation
+ Clouds Hybrid climate models « WM weeld hedel
« Stratospheric water vapour * Model parameterizations & Causal elimate rodel efiulatson
« Regional surface temperature » Ozone . Transfer learning
« Precipitation « ICON, UKESM
Causal climate evaluation Data-driven forecasting
« Teleconnections « Air pollution
« Precipitation dynamics « Wildfire risks
« Causal representation learning « ATl weather models & climate projections
27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences
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Thank you! ‘) o
Questions?
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Back-up slides
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Example of a data-driven single task model

Temporal Fusion Transformers (TFT) to forecast surface ozone

pollution in Europe up to four days in advance.

TFT individual station forecast

40 +

i - 0.10
=] 30 1 - 0.08
o 5
— . e
@ & - 0.06 €
g s
N 20 - =
= - 0.04

1519 (= observed

——— predicted - 0.02
10 attention
-20 -15 -10 -5

Time index (days)

Sebastian Hickman et al. Environmental Data Science (2023)

28 27/02/2026 Peer Nowack

Method (paper) r (Pearson) RMSE/ppb Stations
Chemical transport models

|GEOS-Chem (Ivatt and Evans, 2020) 0.48 16.2 2,200
AQUM (Neal et al., 2014) 0.64 20.9 61
Bias-corrected AQUM (Neal et al., 2014) 0.76 16.4 61
Bias-corrected GEOS-Chem (Ivatt and Evans, 2020) 0.84 7.5 2,200
ML methods

DRR (Debry and Mallet, 2014) 0.70 6.3 729
CNN (Sayeed et al., 2020) 0.77 8.8 21
CNN (Eslami et al., 2020), 0.79 12.0 25
RNN (Biancofiore et al., 2015) 0.86 12.5 1
CNN-transformer (Chen et al., 2022 NA 7.8 14
Our dataset 1,012
Persistence 0.67 10.9

Ridge regression 0.69 10.8

Random forest 0.80 9.0

LSTM 0.84 8.3

FFT 0.91 6.6 |

Chair for Al in Climate and Environmental Sciences




Observational constraint on cloud feedback ceppi & Nowack Puas 2021) .&(IT

M
dC’ Z O.(r

1=1

dXZ-(r)

dT
l‘

from climate models

observed cloud-radiative
sensitivities

20 27/02/2026 Peer Nowack

Actual cloud feedback W m?K™")

Karlsruhe Institute of Technology

r=0.87 o° &
10 0
Pile)
,/ O A
05 08 S o
//é{ /Io
©
00y .o o ° Q
.- ®0, b
—0'5 r/l T
-0.5 0.0 0.5 1.0

Predicted cloud feedback (W m 2K ™)

PDF includes observational
uncertainty & other error sources

Observations indicate positive cloud feedback

(0.43 + 0.35 W m2K-1)
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WOW

» Adaptable, extendable architecture — inclusive to future Al developments.

« Efficiencies in latent space modelling + explore (causal) explainability, without
the need to “chain” models via their decoded outputs.

* Intrinsic separation of spatial and temporal scales.

wow

/f// r-s,:, Impact models
Vi s
. at SEnsors,

Physical world

Markus Gotz

KIT



Counterfactual experiments

PICABU prediction

What if ENSO was stronger?

Intervention (set temperature of
ENSO index to a predefined value)

7/
ﬂs_v o~y X

ﬁtérvened PICABU prediction

o5 P SA AN
: g e : s <
S < = 3
o R (P :

T IR AN

O = N W H

I
=

I I
w N

|
A . .
Normalized skin temperature anomaly

Effect: the global temperatures rise

KIT

Colors represent single-parent mapping between latents and
observations



Constraints on the loss function help!

Hickman et al. Causal climate emulation with Bayesian filtering, NeurlPS (2025)

Power spectral density of Nino3.4 time series

120
—— NorESM2
No CRPS
100 No ortho
/) No spectral
80 | —— PICABU
|
2 60 .‘
o

40+

201

Period (years)

ELBO L(X1,4)
+ CRPS

Orthonormality of F
(identifiability)
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0.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0

Sparsity constraint on G
(interpretability)

AT

Karlsruhe Institute of Technology

Similar results for Indian
Ocean Dipole and Atlantic
Multidecadal Oscillation,
and CESM

Spatial spectrum L1 loss
(decaying spectra)’
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Causal model evaluation

A Large-scale time series dataset B cCausal discovery

vl
Time lags X

Causal discovery algorithms
® Go beyond mere correlations
® Time series method PCMCI

® Constraints on precipitation projections

Nowack et al. Nature Communications (2020); Runge et al. Science Advances (2019)

27/02/2026 Peer Nowack
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Causal fingerprinting
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Ceppi & Nowack PNAS (2021)

Cloud controlling factor analysis with machine learning

Year 2012

Machine learning 50

Cloud-radiative effects __—— | iuui A WW W
(shortwave and longwave) —— _ M J‘n

obs -1.5
Process-oriented EEENVVILR TSI S Observations
controlling factors i
-12.5
I FM A M 1
Month

Evaluate climate-invariance of Observational constraint

CMIPle(ﬂX }
under climate change scenarios

25
Learn functions 0 ‘H _
= f(X) .25

-5.0

Patterns of
surface temperature,
relative humidity,...

$ O N D

inec = fobs('ﬂx

{MIF'.!\')

final constraint . 39 CMIP models
L
8{r2 =097 81 r2=0.97 (includes error) 151 p - 0.0g
7 f ﬂ( 7 f x 9
@ 61" ACCEss1-0,ML _ 61 ' CESM2,ML . E
A v B
>5 \{l 5 b
3 i |- s
4 mp 4 ik g s
I 3| LE
2 ﬂ - 2 '} o .
S - 1] ACCESS1-0| CESM?2 ; /\ BY e
.01 r 1 2020 2040 2060 2080 21002020 2040 2060 2080 2100 34 56 7 89 101
018 -0.09 0.03 0.12 | Year Year predicted Ay,
WmZg™
E:

Key novelty aspects

v' Shortwave and longwave, globally.
v’ Better predictive skill/narrower constraint, due to consideration of predictor patterns.

Chair for Al in Climate and Environmental Sciences
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What does the new cloud feedback constraint imply for climate sensitivity?

A

~1/ECS (K™

r=0.71 20 1
b 6
o
DY Y
-0 -00 © 14
€ %5
O Do
0N © i
00 5
-~ %0 _©Co
6.3
4 .
/’ // o -2
o -
o,- A
-0.5 0.0 0.5 1.0

Predicted cloud feedback (W m 2 K‘q)

B

ECS (K)

SKIT

Karlsruhe Institute of Technology

Best estimate = 3.2 K

ECS almost certainly higher than 2
K(p>99.5%)

Carbon Brief: Clouds study finds that
low climate sensitivity is ‘extremely

unlikely’

IPCC WCRP CMIP Obs

Ceppi & Nowack PNAS (2021)

New observational constraint supports ECS best estimate ~3 K.

Low ECS (< 2 K) highly unlikely.

24 27/02/2026

Peer Nowack
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https://www.carbonbrief.org/clouds-study-finds-that-low-climate-sensitivity-is-extremely-unlikely
https://www.carbonbrief.org/clouds-study-finds-that-low-climate-sensitivity-is-extremely-unlikely
https://www.carbonbrief.org/clouds-study-finds-that-low-climate-sensitivity-is-extremely-unlikely
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Alternative! Controlling factor analyses with machine learning

Machine learning
Learn functions

= f(x)
Predictors (X) From observations (f )

Process-oriented From CMIP data k (f,,,.)
controlling factors :

Evaluate climate-invariance of
= fCMIP,E,ML{axC
under climate change scenarios

MIP, I~:}

8{r =097 8| r2=0.97 _
7 \ 7
6 fACCESSl—U.ML M\M 6 fCESMZ.Ml M
>5 LM 5 i
R4 W“N 4 ﬁvM'
3 ."PV 3 IPIP\UM
- )
1 ACCESS1-0 1 CESM2
2020 2040 2060 2080 21002020 2040 2060 2080 2100
Year Year
27/02/2026 Peer Nowack

—

T

Observations f, . r-score=0.87

J F

o)

final constraint 24

(includes error) 10

Ay,

“actual” A
m o o~ @

M A M J 1 A S O N D
Month

bservational constraint
w fobs(axi

P.-TIF‘.R}

39 CMIP models

R=0.96

’

3 4 s's_f 8 9 10 11
predicted Ay,

)
z."lll Ay N

Why is this better?

Climate invariance = direct link
between present-day and future.

Evaluation on both historical and
future simulations — robust!

Process-oriented: the choice of
controlling factors is by design
motivated by physical principles.
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Suggested constraints on: cloud feedback, equilibrium climate sensitivity, responses of the hydrological cycle, responses of the carbon cycle, wintertime Arctic

amplification, marine primary production, ocean acidification, permafrost melting, the atm. circulation responses, mid-latitude heat extremes, ...
] ] “ - - \\‘(IT
, 1raditional” approach: emergent constraints i B

SAF in climate change and

- seasonal cycle contexts
. . | 17
Constraint on the snow |
albedo feedback | 16
(CMIP3 models) |
g |
= -4 |
2 - :
S
g £ L
o Constrained ot
g values = % 8 9 |
L £ |
S |
estimate
-05+ based on
® «—> observed
seaqonal
cyFIe
-0.5 -1 -1.5
o
Observable trend or variation Seasonal cycle ( /OIK)
Eyring et al. Nature Climate Change (2019) Hall & Qu. Geophysical Research Letters (2006)
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AT

,, 1raditional approach®: emergent constraints

Over-confident constraints?

= [s this just data mining for linear correlations?
(Caldwell et al. GRL 2014)

sitivi

= Often not robust (CMIP5—CMIPS6).

Earth system sen

= Simple relationship y = f(x) to constrain very
complex response?

Observable trend or variation

In machine learning, we:

= Want correlations that are robust across training and test data.

= Could use more complex functions to relate observable to future response.

17 27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences
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Alternative! Controlling factor analyses with machine learning

Machine learning
Learn functions

= f(X)
Predictors (X)

From observations (f )
Process-oriented

controlling factors Sl

Evaluate climate-invariance of
= fCMIﬂ,E,ML{axCMIF‘.k}
under climate change scenarios

r? = 0.97 r2=0.97

CESMZ, ML

r.h| 'f M‘l

g.ﬁ yﬁfﬁ N
ACCESS1-0| 1 CESM?2

020 2040 2060 2080 21002020 2040 2060 2080 2100
Year Year

W s WU N @

T
=
‘:-_‘?:1,

8
7
6
5
4
3
2
1
2
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Observations f,:,m.,w

R,

r-score = 0.87

J F M A M J |

A S O N D

Month

Observational constraint

=f (BX

CMIPk }

39 CMIP models

R=0.96

Iy

9 10 11

34567.8

predicted Ay,

Steps:

0 Learn function from observations
(X).

= Learn the corresponding foyp
from historical simulations.

obs

= Evaluate the climate-invariance
of the relationships learned in a
perfect-model framework.

= Combine f,, , with the CMIP5/6 set
of controlling factor responses
AXcwmipk to obtain observationally
constained Ayconstrained'
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Global warming depending on atmospheric chemistry

250 260

6.0 |
35 F
50 F

45 f
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300
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‘.\'//vr-" .Y

Pre-Industrial (A)

4xCO, (B)

4xCO, (Ozone imposed from B)
4xCO, (Ozone imposed from A)

T20%
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Karlsruhe Institute of Technology

r——==] __— No chemical feedback included

1
w

1
N

L
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©
Q
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H

Change in surface temperatur

0

50
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100 150
Model year

Peer Nowack

| (s G

—~

ec/n

to pre-industrial average fC

Interactive chemistry (B)

Chemical fields imposed from B
(mean over years 250-300)

Pre-industrial control runs (A)

Nowack et al. Nature Climate Change (2015), UK Met Office model
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, 1raditional® approaches to constrain model uncertainty

Model evaluation metrics

Summer (JJA) temperature change (2041-2060 minus 1995-2014)

Europe (EUR: NEU, CEU, MED)

B

Northern Europe {NEU)

LA
ER]
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3.0 4 1
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35

3.0 1

; 15 154
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004 oo
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Earth system sensitivity

SKIT

Karlsruhe Institute of Technology

Emergent constraints

Constrained
values

Aurepisol

Observed
values
P

Observable trend or variation
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Current work

SKIT

Karlsruhe Institute of Technology

® Statistical learning method. Exploration of non-linearity + multivariate regression.

® Constraints on more specific cloud feedback components. Decomposition into cloud
histograms for low and high clouds, optical depth and cloud amount, etc.

® Design of new controlling factors. Sarah Wilson Kemsley et al. ACP (2024).

50
180 9
__ 310 7
x
£ 440 :
o
5 560
680 3
800 4
1000

0 03 13 36 94 23 60 380
T
45°-60°S ISCCP cloud fraction (in %), binned by 7x7 cloud
top pressure (CTP) and cloud optical depth (1) boxes.

27/02/2026 Peer Nowack

(a) Global (Local Averages)
S 0”500 @ ‘;y:

& &

@h@ﬁ & o B E N
Q X

EE o o & Ve of of
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1761 0.81 0.82 0.82 0.82 0.81 0.81 0.82 0.83 0.83 0.83 ”-Blg
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Focus on low-cloud feedback - link to model biases? _\A‘(IT
Ceppi et al., in review

Karlsruhe Institute of Technology

B Low-cloud amount is systematically underestimated by CMIP models, but in turn too
reflective (,too few, too bright” problem). cmie satelite simulator data)

@ Comparison of satellite products (MODIS, CERES, ISCCP, PATMOS-x, AVHRR-PM);
cloud amount binned by cloud top pressure and cloud optical depth.

a Observed low-cloud amount

i
o

b
r=0.89 06

o
o

04}
b CMIP mean low-cloud amount

02F

[
o
o

00¢%

Actual Rigyeg (W m2)
o
o
e 7 2
Riowaig contributions (W m™)

T i I S S ——— x
-2256 =175 -125 =075 -0.25 0.50 1.00 1.50 2.00

SST (K) -1.0 =05 0.0 0.5 1.0

y -2
Circles = tropical trade cumulus grid points Predicted Riowcig (W m™)

%
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Emergent constraint on the Southern Hemisphere
zonal mean jet response (austral winter)?

" Zonal Mean
CMIP6
(a)
r=-0.76 (0.0)
61 p=-0.66 (0.0)
& 4
=
L o
(Vp]
8
0_
—2 T T T T LE
35 40 45 50 55

Historical Jet Latitude [°S]

Indo-Atlantic
(b)
r=-0.04 (0.8)
p=0.12 (0.5)
35 40 45 50 55

Historical Jet Latitude [°S]

Breul et al. Weather and Climate Dynamics (2023)
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Pacific

25

._ &)
201 r=-0.82 (0.0)
p=-0.48 (0.0)
15

10 +

_10 4

35 40 45 50 55
Historical Jet Latitude [°S]
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Why is this uncertainty important?

Ozone hole building up,

Stratospheric water vapour (SWV) 22 August 2022, NASA.

B s a greenhouse gas

léll tead to a positive radiative forcing (CMIP5/6: 0.09-0.26 W m2 K-, 90% Cl)

B is a key radiative cooling agent of the lower stratosphere

— affects the tropospheric/stratospheric circulation (e.g. NAO; Joshi et al. GRL 2006)

® is a major factor for the ozone layer (pvortsov & Solomon JGR 2001, Stenke & Grewe ACP 2005)

— HOxX radicals — effects on catalytic ozone depletion— UV exposure, air pollution

24 27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences



What controls SWV? (dry stratosphere)

MESOSPHERE

STRATOSPHERE

TROPOSPHERE

SUMMER EQUATOR WINTER
POLE POLE

Slow ascent of tropospheric air into the
stratosphere (Brewer-Dobson circulation)

25 27/02/2026 Peer Nowack
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50 A

40
35
30

Latitude

Freeze-drying
During its slow ascent, air traverses the very
cold tropical upper troposphere and lower
stratosphere (UTLS) and is dehydrated to its
very low stratospheric concentrations.

Chair for Al in Climate and Environmental Sciences
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SWYV controlling factor analysis with machine learning

Stratospheric humidity [r— - Machine |earning 5.0
p Learn functions 2'2

= f(X) 525

Year 2012

Gy (PPMIV)

_ i Predictors (X) From observations (f , ) ::
1950 9 7600 ;ﬂ:;r 2010 018 L Process-oriented From CMIP data k{fmm} - Observations fL1l:|5.I\-"II. r*-score = 0.87
controlling factors ‘ ’
T M A M 1 7 A 5 0 N D
Month
" ' Evaluate climate-invariance of Observational constraint
Tropical upper tropospheric to e ax
. CMIP,k, ML CMIPk _f (L\)( )
Iower Stratosphenc under climate change scenarios o s
= final constraint 39 CMIP models
- 11 :
temperatures (1., = 2 months) i o[ oo A, —
7 f | 1f - % 9
hPa - 150 hPa 100 hPa — 7 hP 6 ACCESS1-0,ML 6 CESM2,ML %‘ 8
20 200 .DT'K).‘]U 1 3 | 3 :“ 5
_..‘b 2 2 p
Exam?letemperature.timesefies : " \, N \ ‘fl I 1 ‘N‘Vl -I‘ H fﬁ‘ 1 ACCESSI—O 1 CESM2 3{ constrained
ARSI R FL’.L ‘“\ ““ N i 2020 2040 2060 2080 21002020 2040 2060 2080 2100 T4 56 7 8 8 W11

Year Year predicted Ay,

New concept for the stratosphere (climate-invariance)
v’ First observational constraint on the SWV feedback.
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What about non-linearity? — ACP Opinion Article
RFaCn
wr Y Many processes of interest are non-linear such as
.| " aerosol forcing and stratospheric water vapour
’ feedback.

Machine learning offers many tools to model these
relationships, such as:

« Random Forests

20 40 60 80 100

Phipuigy o  Gaussian Proceses
McCoy et al. PNAS (2020)

BUT, we have to be even more careful:
= We must ensure the model data fully encapsulates the response (cf. extrapolation)

= Model uncertainties must be well quantified to allow robust inferences

22 27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences



Clouds

N
o

-
(&)

RN
o

o
[

T

Ceppi & Nowack PNAS (2021)
ML4CLOUDS project

Actual cloud feedback (W m2 K"
o
o

.. 'esponse (ppmv K-')

Two examples
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IPCC WCRP CMIP Obs

2.5

2.0

1.5+

1.0+

0.5 1

0.0+

-0.5

Two examples of controlling factor analyses ﬂ(".

Stratospheric water vapour

O O

@@ O CO 00

O OO O
=

g D @MOD @ O

CMIP5 CMIP6  CMIP5/6  Obs

Nowack et al. Nature Geoscience (2023)
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Alternative! Controlling factor analyses with machine learning

Machine learning
Learn functions

= (X)
Predictors (X) From observations (f , )

Process-oriented From CMIP data k (f_, )
controlling factors -



Alternative! Controlling factor analyses with machine learning

. . Year 2012
Machine learning 5.0 WY NV b |
_ 2.5 ) d Iyl
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Alternative! Controlling factor analyses with machine learning

Machine learning sol YEAr 2042y g )| .

Learn functions oM R RV AT % I

= f(X) >25{ |, ! \|
= -5.0 '
PI'EdICtO'I'S (X) From observations (f_ ) 75
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Alternative! Controlling factor analyses with machine learning

Machine learning

Learn functions
= f(X)

Predictors (X)

Process-oriented
controlling factors

From observations (f )
From CMIP data k (f

CMIP,I(]

Evaluate climate-invariance of
=f (AX

CVIP, kML
under climate change scenarios

CMIPk }

Year 2012

Observations f, . r-score=0.87

l F

M A M J J A S

Month

Observational constraint

final constraint
const) =

81ri=0.07 81 ri=0.97 (includes error) 10
7 f 7 i 9
. >
61 ACCESS1-0,ML 61 CESM2,ML / g g
| v -
>5 5 | =
3 il |- s
4 4 LA T 6
|l 3 A L
I !
III 4
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Year Year
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Temperature change (°C)

Hegerl et al. Toward consistent observational constraints in climate predictions and projections. Frontiers in Climate (2021)

Model evaluation metrics to constrain projections?

Summer (JJA) temperature change (2041-2060 minus 1995-2014)

AT

Karlsruhe Institute o

A Europe (EUR: NEU, CEU, MED) B Northern Europe (NEU)
a9 =2 ClimWIP CMIP5 Weighted based on historical
performance of six diagnostics
3.0 4 T 3.0 1
25— 254
50 . 20+4—— T - — — REA CMIP5 Weighted based on historical
' P—r performance of the target
1.5 4 1.5 4 variable
1.0 1.0 4
Lighter b _ trained ASK CMIP5 Scaled based on observed time—
- Ighter boxes = uncons rglne ) 0 space change over the historical
— Darker boxes = observational constraint ool period.
~ | Median, 50% (bars) and 80% (whiskers) o
. _ . . . . _ Performance e.g. measured
. N <& N\ ¥.g N <& Ny :
¥ & ; & ¥ & . & through average biases, o

= (Can be right for the wrong reasons (e.g. model tuning).

= Which method to choose?

= No clear mechanistic link between past and future.

10
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Three ways In which Al can advance climate modelling =580

Coupled Climate Mode!

(1) Add otherwise too expensive processes s

— ,parameterizations” (faster / better)

(2) Replace entire numerical climate model - @
— ,emulation® (faster) = ove@==

(3) Combine Earth observations + model projections

— reduce uncertainty (better)

27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences
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(1) Fast machine learning parameterizations

Model

Input features

Normalization

X

t-T
Dimension

Reduction
(PCA)

Temperature
in all grid cells

Machine learning
Fit regression function Y = f{X )

- linear: Ridge/Lasso regression

- nonlinear: Random Forest, Neural Network

-memory: LSTM
Cross-validation on training set

Temperature
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Nowack et al. Nature Climate Change (2015)
ERL (2018), CICP (2019)
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Three ways In which Al can advance climate modelling =580

(1) Add otherwise too expensive processes S Eri— e —
— ,parameterizations” (faster / better)
(2) Replace entire numerical climate model f;g*; ) gﬁ
— ,emulation® (faster) == 0000 :==r

(3) Combine Earth observations + model projections

— reduce uncertainty (better)

7 27/02/2026 Peer Nowack Chair for Al in Climate and Environmental Sciences



A systematic evaluation of high-cloud controlling factors
Sarah Wilson-Kemsley et al., Atmospheric Chemistry and Physics, 2024

Comparison of five additional factors on historical predictions:

upper-tropospheric static stability, sub-cloud moist static energy, CAPE, convective inhibition,
upper tropospheric wind shear.

All depending on domain size.

(a) Local Ruw (7x3 domain)

(a) Global (Local Averages)
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Nowack et al. Nature Geoscience (2023)

Observational constraint with statistical learning

ST
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Example temperature time series
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Standard ML cannot extrapolate -\A‘(IT

Karlsruhe Institute of Technology

Specific case: | learned a random forest model to predict surface temperature anomalies on
climate model data from 1979-2020, excluding the year 2012...

Historical interpolation Future extrapolation
- Year 2012 6 8-
25 5 ;
32 0 24 5-
25 ~ 3 4 -
Including seasonal cycle < 5 3.
310 -
| Year 2080 1 i
300 0 IPSL CMSB LR 0 TalESMl
| 2020 2040 2060 2080 21002020 2040 2060 2080 2100
¢ 290 Year Year
— 280 W f
- ACCESS1-0 .ACCESSI-ORR Key challenge: how can we use ML to
270 A 2 .
- fACCESSLO,RFR learn from the past, to better predict
T E M AMI J A S O ND the future in a non-stationary system?
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Example observational constraints -g‘(".
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Advantages of controlling factor analyses \‘(IT

echnology

* Process-based and direkt links between past + future.

* Obijective out-of-sample cross-validation possible on both historical and
future scenarios, also abrupt-4xCQO2 (within models).

« Can be high-dimensional, can benefit from machine learning.

« Since process-based, might be possible to linearize and therefore to
extrapolate (cf. 4xCO2) — turning relationships approx. climate-invariant.

Key question shifts to: smart choices for 8?
Or) dX,(r)

So far: dynamical variables helpful for prediction, but not useful to constrain.
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Step 1: test CMIP model-consistent predictions
P P AT

Clou d feed baCk d iag n Osed Karlsruhe Institute of Technology
directly from 4xCQO, simulations

T r=0.87 00 &
5 1.0} o For CMIP models, we can
E 4 H
= o 4 predict the long-term
< o cloud feedback from just
g SHS_ © || 20 years of historical data!
3 o
= @
O ®o, o
© 9 Solid line: 1:1
= V% Dashed line: best fit
< 05 % Circles: CMIP models |
-{}.5 0.0 0.5 1.0
Model consistent predictions Predicted cloud feedback (W m ™ K™')
using foyip(Xomipaxco2)
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Step 2: combining models and observations .\A‘(IT

Karlsruhe Institute of Technology
/\ fobs(Xcmipaxcoz) + error method

v;;‘ r=0.87 /O,o / ’

2 140 ,’0

= L

=3 o Observations indicate
T 4 R positive cloud feedback
= o BHE (0.43 £ 0.35 W m2K-1)
L 2 gt

5 /@S

8 00} .0 off°. " °

2 7 ®0 6 5

© 7 B

] /

5 J

{ ’

el

05t/ .7 :
L [ " ——— L
-0.5 0.0 05 1N

Predicted cloud feedback (W m 2K ")  Tobs(Xcmipaxcoz)
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Advantages of controlling factor analyses — ‘(IT

= Process-oriented and direkt links between past + future.

= Objective out-of-sample cross-validation possible on both historical and
future scenarios, also abrupt-4xCO, (within models).

= Can be high-dimensional, can benefit from machine learning.

Key question:

Are similar ideas applicable to other highly uncertain Earth system feedbacks?
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Standard machine learning (ML) cannot extrapolate!
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Historical interpolation

Without seasonal cycle
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Karlsruhe Institute of Technology

Including seasonal cycle

| Year 2080

ACCESS1-0 ACCESS1-0,RR

ACCESS1-0,RFR

J) FMAMIJ J ASOND

| Year 2075

CESM2,RR

CESM2 f

CESM2,RFR
J FMAMIJ J A S ONTD
Month

Chair for Al in Climate and Environmental Sciences



AT

Karlsruhe Institute of Technology

Non-local regressions for each grid point (5°X 5°) globally; shortwave and longwave

M

oC (r)

. 9X,() dX;(r) = ;‘ ®;(r) - dX,;(r)

Maps of Ridge coefficients 6;

-0.18 -0.12 -0.06 0.00 0.06 0.12 0.18
Wm2o™
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We have a regression function to ,,learn®... - ‘(IT

® Machine learning can shine...especially if we want to consider high-
dimensional predictors such as patterns of controlling factors.

B Key question: are similar ideas applicable to other highly uncertain
Earth system feedbacks?

Maps of Ridge coefficients 6;

ks - EIS 5

) e I I I S S S N S —

-0.18 -0.12 -0.06 000 006 012 0.18
Wm?2g'
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6

Better, cheaper, and denser measurements

® Calibration
® Empirical air pollution models

® Filling in measurement gaps

SKIT

Karlsruhe Institute of Technology

500 samples
%
I' I SE—
L_§—
&
MLR Ridge GPR RFR

Nowack et al. Atm. Measurement Techniques (2021), Weng et al. ACP (2022), Hickman et al. NeurlPS (2022)
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Statistical learning framework

COEDY ;;f:) AX(r) = 3 O4(r) - dX(r)

i=1 f \
cloud-radiative anomalies in cloud-
sensitivities controlling factors

® For each gridpoint r, we learn the cloud-radiative
sensitivities ©; over a regional domain of size 21X11
gridpoints

® Allows us to understand how clouds depend not just
on local conditions, but also on the larger-scale
patterns

® Hence 0,(r) is a spatial vector

Peer Nowack
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Prediction model

Tsfc
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dEIS(r)
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Statistical learning

Deep Neural Network

input layer hidden layer 1 hidden layer 2 hidden layer 3

Classic statistics Statistical learning Machine learning
Linear regression Regularized (linear) regression Non-linear regression
Few predictors (<10) Many predictors Many predictors
(low-dimensional) (high-dimensional) (high-dimensional)
Interpretable Complex algorithm

structures
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Does statistical learning help?

Skill depending on predictor pattern size
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Cloud feedback —

longwave and shortwave

AT

Karlsr hctttofTh ology

Longwave : 10f
® Observations suggest positive :
longwave and shortwave cloud =
feedbacks :
® Longwave less positive than in 2
models; shortwave more positive 3
than in models
B
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% 05¢
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% -0.5

Peer Nowack

Predicted cloud feedback (W m 2K ")
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Karlsruhe Institute of Technology

® We use ~20 years of global satellite observations of clouds and radiation
to infer the sensitivity of clouds to environmental changes

® These sensitivities are good predictors of the actual cloud feedbacks in
climate models

® Observations point to moderately positive cloud feedback, agreeing with
multi-model mean

® This supports ECS = 3 K; ECS < 2 K very unlikely

Summary
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Cloud feedback diagnosed

Constraining cloud feedback directly from 4xCO, simulations

)

Step 1: can we use learned 0; to predict ~ B o L
model-consistent cloud responses to V2 ‘ ° 7
strong CO, forcing? s ©
= o
shortwave + longwave, X o ) o
Cloud feedback dC/dT average globally & 05 0 gy oolidline:d:l
5 P Dashed line: best fit
8 o = Circles: CMIP models
M - &
dC'(r) -~ 0.(r) dX;(r) 3 00 oo o
~ ; . 0O,
dT Z ' dT T S °
i=1 2 )
2 7
-0.5 r" . . .
-0.5 0.0 0.5 1.0

dX;/dT: cloud-controlling factor responses

. -2 -1
— estimated from 4xCO, simulations Fredicled vlouceadbanie (A = & °)

For CMIP models, we can predict the long-term cloud @
feedback from just 20 years of historical data!
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Constraining cloud feedback ﬂ(".

Step 2: add observations:

dC Z o, - dX(r)

dT’
f

from climate models

observed cloud-radiative

sensitivities
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Observations indicate positive cloud feedback
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