
KIT – The Research University in the Helmholtz Association www.kit.edu

The future of AI in Earth system modelling

Fully data-driven or full of constraints?

Peer Nowack

Institute of Theoretical Informatics (ITI)

Institute of Meteorology and Climate Research (IMKASF) 

Karlsruhe Institute of Technology

Germany

natESM Community Workshop, Leipzig, 25 February 2026



Peer Nowack Chair for AI in Climate and Environmental Sciences

Our Chair for AI in Climate and Environmental Sciences

27/02/20261

ki-klima.iti.kit.edu



Peer Nowack Chair for AI in Climate and Environmental Sciences

What is machine learning?
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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
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Machine learning vs. AI

27/02/20263

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

that humans consider ‘intelligent’. 

Machine learning is a subset of AI 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
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+ self-supervised learning

Supervised 

learning

Labelled data

Unsupervised 

learning

Unlabelled data

Reinforcement 

learning

Learn by trial-and-error

Regression Classification
Find structure

Clustering

Dimension reduction

Actions trigger 

cumulative reward

Balance between exploration

(unchartered territory) and 

exploitation (existing knowledge) 
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Self-supervised learning example (spatiotemporal data)
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Yann LeCun

Pretend that you don’t know blue data → predict from pink data.

Predict the future from the past.

Predict the future from the recent past.

Predict the past from the present.

Predict points in space from other points in space.
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Is the future of weather forecasting data-driven?
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Machine learning weather forecasting → the AI revolution?! 

↑ higher is better

Stephan Rasp, Google, AI4Good talk
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Neural architectures for data-driven weather forecasting
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Lam et al. Learning skillful medium-range global weather forecasting, arXiv, 2022

Bi et al. Accurate medium-range global weather forecasting with 3D neural networks, 

Nature, 2023

Transformers

Graph neural networks
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And how about Earth system modelling?
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Earth system models and climate modelling

27/02/20269

IPCC
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Our interest in climate change uncertainties
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IPCC
Internal variability 

uncertainty

Scenario 

uncertainty

Model  

uncertainty
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We tackle climate model uncertainty
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IPCC

?

Init AI impact 

models

Strong constraints Constraint = ESM, combined 

with data-driven model

Fully data-driven? Causality? 

Physics-informed loss?
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Observational constraints on model uncertainties
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IPCCCloud feedback
Ceppi & Nowack PNAS (2021)

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

Ceppi et al. GRL (2024), ACP (2026)

Stratospheric water vapour
Nowack et al. Nature Geoscience (2023)

Amiramjadi et al., in preparation.

Precipitation and surface temperature
Nowack et al. Nature Communications (2020) 

Debeire et al. Earth System Dynamics (2025)

Wilkinson et al. JGR-Machine Learning (2025)

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?
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IPCC
Clouds reflect shortwave = solar visible radiation (‘parasol’ ) → a cooling effect

Clouds absorb longwave = terrestrial infrared radiation (‘blanket’ ) → a warming effect

NASA-CERES observations, 27/12/2008 

Low cloud fraction High-altitude cloud fraction
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Cloud feedback and climate sensitivity
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IPCC

Changes in cloud properties (amount, optical 
thickness, altitude) can amplify or dampen 
global warming, leading to feedback effects.

= main source of uncertainty for equilibrium 
climate sensitivity (ECS)

ECS = global warming at equilibrium 
under 2xCO2

Urgent/sustained need to better understand 
and constrain cloud feedback!

Ceppi et al. WIREs (2017)
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Cloud controlling factor analysis (low clouds)
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IPCC𝒚 = ࡯ࢊ = ࢀࣂ ⋅ ࢀࢊ + ࢗࣂ ⋅ ࢗࢊ + ࣓ࣂ ⋅ ࣓ࢊ +⋯
Estimate cloud radiative effect changes - dC  - as a function of 
changes in large-scale meteorological cloud-controlling factors, 
e.g. surface temperature T, humidity q, vertical wind ω, etc.

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)

27/02/202616

IPCC

Ridge regression or transfer learning

5°⨉ 5°, monthly-mean
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Statistical learning framework
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IPCCRidge regression

Minimises the cost function at grid point r 

Least squares Ridge penalty term

Maps of Ridge coefficients ߠ௜ 
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Linear framework – why?
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IPCC

Non-linear 

frameworks possible?

Yes - transfer learning!

Lina 

Rennstich
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Does statistical learning help?
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IPCC

Skill depending on predictor pattern size
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Final constraint on global cloud feedback

PNAS (2021)

27/02/2026
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Cloud feedback = net effect of many mechanisms
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Changes in cloud properties (amount, optical thickness, altitude) can amplify or dampen global warming

→ the main source of model uncertainty in global warming projections under ↑ CO2

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

Dr. Sarah Wilson 

Kemsley (UEA), 

now at University of

Oxford

Ceppi & 

Nowack PNAS 

(2021) 

Wilson-Kemsley et al. GRL (2026)Wilson-Kemsley et al. 

GRL (2025)

Wilson-Kemsley et al. ACP (2024)

Ceppi et al. 

GRL (2024)
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Large uncertainty in stratospheric water vapour projections
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IPCC

abrupt-4xCO2 relative to pre-industrial

4 ppmv 

≈ 100% present-day
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Constraint on the stratospheric water vapour feedback
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IPCC

1 in 2 models exceeds 

the 83rd percentile

1 in 5 CMIP models 

exceeds the 97.5th 

percentile

Nowack et al. Nature Geoscience (2023)
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We tackle climate model uncertainty
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IPCC

?

Init AI impact 

models

Strong constraints Constraint = ESM, combined 

with data-driven model

Fully data-driven? Causality? 

Physics-informed loss?
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The evolution of climate modelling
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IPCC

▪ A key chemical species for climate is ozone.

▪ Greenhouse gas and shortwave absorber.

▪ Air pollutant in the troposphere.

NASA

ucar.edu
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Modelling atmospheric chemistry – a dilemma?
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IPCCImportant, but slows down climate models run on supercomputers by factor 2-3

→ Transport of chemical tracers.
→ Large system of coupled chemical rate equations.

Jonsson et al. 

JGR (2004)
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Fast machine learning parameterization for ozone

27/02/202626

IPCC Implemented in UKESM

Transferred to ICON

PhD project Yiling Ma

Stefan Versick, Peter 

Braesicke, Roland RuhnkeNowack et al. ERL (2018), CICP (2019)
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More on arXiv…
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IPCC
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We tackle climate model uncertainty
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IPCC

?

Init AI impact 

models

Strong constraints Constraint = ESM, combined 

with data-driven model

Fully data-driven? Causality? 

Physics-informed loss?
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Rackow et al. arXiv (2024)

29 27/02/2026

Init AI weather 

ensembles



Peer Nowack Chair for AI in Climate and Environmental Sciences30

Rackow et al. arXiv (2024)

27/02/2026

ERA5 1955

“colder”

ECMWF 

operational 

analysis  2023

“present-day”

IFS-FESOM 2049

“+ 2.9 K”

+
▪ AIFS

▪ GraphCast

▪ Pangu-Weather

(trained on ERA5, ~1979-2018)

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

ensembles under future climate states?!

D
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Init AI weather 

ensembles
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Rackow et al. arXiv (2024)

27/02/2026

Init AI ensembles

Mean 2m temperature drift over 

10 days in 2049…

Of course, not everything is perfect…
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Amiramjadi, Roth et al., in preparation 

27/02/2026

More data-driven models + variables 

Full vertical extent 

General tendencies?

↑ higher is better

Init AI ensembles

Dr. Mozhgan 

Amiramjadi

Christopher Roth
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Data-driven impact models: surface urban heat island
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Init AI impact model

▪ 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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We tackle climate model uncertainty
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IPCC

?

Init AI impact 

models

Strong constraints Constraint = ESM, combined 

with data-driven model

Fully data-driven? Causality? 

Physics-informed loss?
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Machine learning for climate model emulation

27/02/2026

Mansfield et al. npj Clim. and Atm. Sci. 

(2020), GMDD (2026)

Watson-Parris et al. JAMES (2022)

Kaltenborn et al. NeurIPS (2023)

Fully data-driven?

Constraint = data we train on

Could be CMIP, observations…











































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





















































































	Slide 1
	Slide 2: Our Chair for AI in Climate and Environmental Sciences
	Slide 3: What is machine learning?
	Slide 4: Machine learning vs. AI
	Slide 5: Classes of machine learning algorithms
	Slide 6: Self-supervised learning example (spatiotemporal data)
	Slide 7: Is the future of weather forecasting data-driven?
	Slide 8: Neural architectures for data-driven weather forecasting
	Slide 9: And how about Earth system modelling?
	Slide 10: Earth system models and climate modelling
	Slide 11: Our interest in climate change uncertainties
	Slide 12: We tackle climate model uncertainty
	Slide 13: Observational constraints on model uncertainties
	Slide 14: Why are clouds so important for climate?
	Slide 15: Cloud feedback and climate sensitivity
	Slide 16: Cloud controlling factor analysis (low clouds)
	Slide 17: Cloud controlling factor analysis (Ceppi & Nowack PNAS 2021)
	Slide 18: Statistical learning framework
	Slide 19: Linear framework – why?
	Slide 20: Does statistical learning help?
	Slide 21: Final constraint on global cloud feedback
	Slide 22: Cloud feedback = net effect of many mechanisms
	Slide 23: ML4CLOUDS project (2022-2025)
	Slide 24: Large uncertainty in stratospheric water vapour projections
	Slide 25: Constraint on the stratospheric water vapour feedback
	Slide 26: We tackle climate model uncertainty
	Slide 27: The evolution of climate modelling
	Slide 28: Modelling atmospheric chemistry – a dilemma?
	Slide 29: Fast machine learning parameterization for ozone
	Slide 30: More on arXiv…
	Slide 31: We tackle climate model uncertainty
	Slide 32
	Slide 33: Rackow et al. arXiv (2024)
	Slide 34: Rackow et al. arXiv (2024)
	Slide 35: Amiramjadi, Roth et al., in preparation 
	Slide 36: Data-driven impact models: surface urban heat island
	Slide 37: We tackle climate model uncertainty
	Slide 38: Machine learning for climate model emulation
	Slide 39: Machine learning for climate model emulation: PICABU
	Slide 40: However, we do need additional constraints…
	Slide 41: Another constraint: causality
	Slide 42
	Slide 43: WOW – a World model of Our World 
	Slide 44: The team behind WOW
	Slide 45: AI models in Earth system modelling
	Slide 46
	Slide 47
	Slide 48: WOW - The environmental sciences focus First applications of WOW to interactions between the atmosphere, hydrological cycle, and land surface 
	Slide 49: Summary
	Slide 50: Thank you!   Questions?
	Slide 51: Back-up slides
	Slide 52: Example of a data-driven single task model
	Slide 53: Observational constraint on cloud feedback
	Slide 54: WOW
	Slide 55
	Slide 56: Constraints on the loss function help!
	Slide 57: Causal model evaluation
	Slide 58: Cloud controlling factor analysis with machine learning
	Slide 59: What does the new cloud feedback constraint imply for climate sensitivity?
	Slide 60
	Slide 61: „Traditional“ approach: emergent constraints
	Slide 62: „Traditional approach“: emergent constraints
	Slide 63
	Slide 64: Global warming depending on atmospheric chemistry
	Slide 65: „Traditional“ approaches to constrain model uncertainty
	Slide 66: Current work
	Slide 67: Focus on low-cloud feedback - link to model biases? Ceppi et al., in review
	Slide 68: Emergent constraint on the Southern Hemisphere zonal mean jet response (austral winter)?
	Slide 69: Why is this uncertainty important?
	Slide 70: What controls SWV? (dry stratosphere) 
	Slide 71: SWV controlling factor analysis with machine learning
	Slide 72: What about non-linearity? → ACP Opinion Article
	Slide 73: Two examples of controlling factor analyses
	Slide 74: Alternative! Controlling factor analyses with machine learning 
	Slide 75
	Slide 76: Alternative! Controlling factor analyses with machine learning 
	Slide 77
	Slide 78: Model evaluation metrics to constrain projections?
	Slide 79: Three ways in which AI can advance climate modelling
	Slide 80: (1) Fast machine learning parameterizations
	Slide 81: Three ways in which AI can advance climate modelling
	Slide 82: A systematic evaluation of high-cloud controlling factors Sarah Wilson-Kemsley et al., Atmospheric Chemistry and Physics, 2024
	Slide 83: Observational constraint with statistical learning
	Slide 84: Standard ML cannot extrapolate
	Slide 85: Example observational constraints
	Slide 86: Advantages of controlling factor analyses
	Slide 87: Step 1: test CMIP model-consistent predictions
	Slide 88: Step 2: combining models and observations
	Slide 89: Advantages of controlling factor analyses
	Slide 90: Standard machine learning (ML) cannot extrapolate!  
	Slide 91
	Slide 92: We have a regression function to „learn“…
	Slide 93: Machine learning for measurements 
	Slide 94: Statistical learning framework
	Slide 95: Prediction model
	Slide 96: Statistical learning
	Slide 97: Does statistical learning help?
	Slide 98: Cloud feedback – longwave and shortwave
	Slide 99: Summary
	Slide 100: Constraining cloud feedback
	Slide 101: Constraining cloud feedback

