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CESM Tutorial 2026 - Machine Learning
See: Reichstein et al. (2019), Molina et al. (2023), 
Eyring et al. (2024a), Eyring et al. (2024b)

Machine Learning for Climate Modeling
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Why ML for climate modeling?

● Enhance our ability to 
do science

● Make better, faster, 
cheaper models

● Increase accessibility to 
a wider community

https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1175/AIES-D-22-0086.1
https://doi.org/10.1038/s41561-024-01527-w
https://doi.org/10.1038/s41558-024-02095-y
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Machine Learning with CESM
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Machine Learning with CESM: Today’s Lecture
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Machine Learning with CESM: Hybrid Modeling
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Next-
Generation 

CESM

Observations

High-Fidelity 
Models

New ML 
AlgorithmsTowards a 

machine 
learning 
enhanced 
version of the 
Community 
Earth System 
Model (CESM3-MLe)

Harness new  ML + data to enhance CESM
M2LInES
Schmidt 
Sciences

ML-enabled 
Parameter 

Optimization

New ML-based 
Parameterizations 

Learning the Earth 
with Artificial intelligence 
and Physics NSF Science 
and Technology Center
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LEAP M2LInES

https://leap.columbia.edu/
https://m2lines.github.io/
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Parameterizations in Development for CESM3-MLe

Phenology

Pedotransfer 
functions

Warm rain microphysics

Ice microphysics

Convection 

Vertical Mixing (KPP) 

Ocean Mesoscales

Air-sea turbulent fluxes

Cloud cover 

Sea ice heat conduction

Ice sheet friction

LEAP

M2LInES 

Other

Convective triggering 

Figure modified from Eyring et al. 2024

Gravity Waves

Radiation

Sea ice floe perimeter
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https://doi.org/10.1038/s41561-024-01527-w
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8 Figure modified from Eyring et al. 2024

LEAP

M2LInES 

Other

https://doi.org/10.1038/s41561-024-01527-w
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Cloud processes are critical and uncertain

9 Figure from ECMWF

● The formation of warm 
rain is important for 
cloud lifetime and 
radiative effects

● Traditionally this 
processes has been 
heavily parameterized

● Machine learning 
provides an opportunity 
for an alternative 
approach

https://www.ecmwf.int/en/research/modelling-and-prediction/atmospheric-physics
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Traditional Approach 
Khairoutdinov & Kogan 2000 (KK2000)

Warm rain is represented by empirical equations for 
autoconvertion (AUTO; transition of cloud drops to 
rain) and accretion (ACCRE; collection of cloud 
drops by larger rain drops falling).

ML Approach
Emulating with the TAU bin model (TAU_ML) 

Extract 
microphysical 

variables 

Calculate bulk 
tendencies 

Run emulator

See also Gettelman et al. 2021

ML for Warm Rain Microphysics

https://doi.org/10.1029/2020MS002268
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ML for Warm Rain Microphysics

Develop offline ML parameterization, then test online in CAM

● TAU_ML better matches 
the observed precipitation 
distribution (IMERG, 
CMORPH) relative to the 
traditional method 
(KK2000)

● But it still underestimates 
the most extreme 
precipitation

11 Slide from Addisu Semie
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ML for Warm Rain Microphysics
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Use parameter calibration to look for improved representations

Slide from Addisu Semie

● Use perturbed parameter 
simulations (PPEs) to 
sample different parameter 
configurations of TAU_ML

● Identify parameter 
configurations that improve 
representation of 
precipitation extremes 
(ppe4_run18)
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CESM-MLe Workflow

13 Slide from Addisu Semie
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Implementation of ML-based Parameterizations
Build robust, flexible, and sustained interactions between ML projects and CESM scientists and developers. 
Make it easy for anyone who want to test ML-parameterizations in CESM.  

Integration 
team

14 https://github.com/leap-stc/Integration_team

M2LInES

https://github.com/leap-stc/Integration_team
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Machine Learning with CESM: Parameter Calibration
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● Large: number of parameters

● Slow: change parameter, run 
model, analyze results, update 
parameter value(s), repeat

● Complex: difficult to 
predict/understand/identify 
parameter interactions

● Ambiguous: difficult to define 
objective “tuning targets” and 
quantify trade-offs between 
them

Challenges of “hand tuning”

16 Figure from Rosie Fisher
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Systematic Parameter Calibration with ML 

17 Figure from Linnia Hawkins

Can we develop a systematic 
parameter calibration 
workflow leveraging 
machine learning?
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Training the Emulators

CLM5: Dagon et al. (2020), Kennedy et al. (2025); CLM6: Hawkins et al. in prep
CAM6: Eidhammer et al. (2024); CAM7 tuning uses method from Larson et al. (2025)

Learning the parameter response functions

Output: variable/metric 
of interest from the PPE 
simulation output

Machine learning emulator 
(e.g., neural network (NN), random 
forest, gaussian process (GP))

Input: CESM parameter values 
used to generate a perturbed 
parameter ensemble (PPE)

18

https://doi.org/10.5194/ascmo-6-223-2020
https://doi.org/10.1029/2024MS004715
https://doi.org/10.5194/gmd-17-7835-2024
https://doi.org/10.5194/gmd-18-9767-2025
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Constraining Land Parametric Uncertainty

 Generate a perturbed parameter ensemble
Pick parameters of interest

 Sample them across their uncertainty ranges

19 Hawkins et al. in prep
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 Generate a perturbed parameter ensemble
Pick parameters of interest

 Sample them across their uncertainty ranges

  Train machine learning emulator
Emulate a dense sample

  

20

Constraining Land Parametric Uncertainty

Hawkins et al. in prep

Leaf Area Index (m2/m2)
global, annual mean

G
ro

ss
 P

rim
ar

y 
P

ro
du

ct
io

n 
(P

gC
/y

r)
gl

ob
al

, a
nn

ua
l m

ea
n



CESM Tutorial 2026 - Machine Learning

 Generate a perturbed parameter ensemble
Pick parameters of interest

 Sample them across their uncertainty ranges

  Train machine learning emulator
Emulate a dense sample

  Rule out implausible parameter sets
Can do history matching in “waves”

21

Constraining Land Parametric Uncertainty

Hawkins et al. in prep
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Calibrating CLM6 for CESM3
CalibratedDefault

Benchmarking CLM
ca

lib
rat

ed

defa
ult

22 ILAMB.org

http://ilamb.org


CESM Tutorial 2026 - Machine Learning

Towards a 
machine 
learning 
enhanced 
version of the 
Community 
Earth System 
Model (CESM3-MLe)

M2LInES
Schmidt 
Sciences

Learning the Earth 
with Artificial intelligence 
and Physics NSF Science 
and Technology Center
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Defining success 

● Several ML-based parameterizations integrated into CESM 
(1–3 in atm, ocn, lnd, sea/land ice)

● ML-based parameter calibration
● Reduced biases in critical fields, especially extremes
● Community platform and shared resources for exploring ML 

in CESM

Anticipated challenges
● Are ML parameterizations reliable in out-of-training 

climates?
● Where do unanticipated interdependencies emerge?
● Substantially new simulated climate that may degrade 

orthogonal aspects of simulation
● New tuning challenges with some tuning knobs removed

Slide adapted from Dave Lawrence
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Machine Learning with CESM: Emulation
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Climate Model Emulation

● Build on success of AI for 
numerical weather prediction

● Accelerate climate simulations

● Generate large projection 
ensembles

● Better capture internal 
variability and extreme events

Animation shows a 10-day forecast of meridional wind at 
850 hPa using ECMWF’s Artificial Intelligence Forecasting 
System (AIFS). Source: ECMWF

https://destine.ecmwf.int/artificial-intelligence-in-destine-the-explainer/
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Forcings

ATMOSPHERIC
VARIABLES PHYSICS CONSERVATION BLOCK

1) Non-negative Correction
2) Dry Mass Correction
3) Moisture Budget Correction
4) Total Atmos. Energy Correction O

U
TP

U
TS

Short/Long Transformer

Upsampling Block

Cross-embedding Layer

350x speed up over CAM6

FHIST run (1979-2014) using CAM6 in CESMv2.1.5

● O1000 lines of code

● 751,134,146 parameters

● 0.43% of GPT-3

● 2.86535 GB

Slide from Kirsten Mayer

CAMulator: Emulator of the Community Atmosphere Model

Chapman et al. 2025. “CAMulator: Fast Emulation of the Community 
Atmosphere Model.” arXiv [Physics.Ao-Ph]. arXiv. 
http://arxiv.org/abs/2504.06007.

http://arxiv.org/abs/2504.06007


CESM Tutorial 2026 - Machine Learning27

specific humidity 
(lowest model level)

CAMulator: Emulator of the Community Atmosphere Model

See today’s challenge 
exercise with 
CAMulator!

Chapman et al., http://arxiv.org/abs/2504.06007

https://docs.google.com/file/d/1KATRrmdfU8HgLQfOwxFvlM4u3B5psz7d/preview
http://arxiv.org/abs/2504.06007
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ATMOSPHERIC
VARIABLES

PHYSICS CONSERVATION BLOCK
1) Non-negative Correction
2) Dry Mass Correction
3) Moisture Budget Correction
4) Total Atmos. Energy Correction O

U
TP

U
TS

Short/Long Transformer

Upsampling Block

Cross-embedding Layer

Data: CESM2 Coupled Runs (1950-2050)
Training: 1960-2040 [80 years]
Validation: 1950-1960, 2040-2050

LAND
VARIABLES

OCEAN
VARIABLES

Mayer et al. in prep

subCESMulator: ML emulator for S2S Prediction
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What is CREDIT?
An open, Python-based, foundational platform  for 
conducting research with AI Earth System Models 
(aka emulators). [Schreck, et al. 2025]

CREDIT enables users to
● Load large datasets.
● Train customizable AI models at scale.
● Incorporate physical constraints and transforms
● Deploy models for forecasting, hindcasting, or 

projections.

CREDIT’s full pipeline is open source and is being 
openly developed.

https://github.com/NCAR/miles-credit

CREDIT: Community Research Earth Digital Intelligence Twin

https://doi.org/10.1038/s41612-025-01125-6
https://github.com/NCAR/miles-credit
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kdagon@ucar.edu

@katiedagon
Thanks!

Questions?

mailto:kdagon@ucar.edu
https://github.com/katiedagon
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Machine Learning with CESM: Process Understanding
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ClimateNet: a community-sourced, 
expert-labeled dataset for 
atmospheric rivers (ARs) and tropical 
cyclones (TCs)

For details on ClimateNet, see:
Prabhat et al. (2021)

Machine Learning for Detection of Extremes

32

https://doi.org/10.5194/gmd-14-107-2021
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Total column 
water vapor

850 hPa 
zonal wind

850 hPa 
meridional wind

Sea level 
pressure

Training Output: expert labels of ARs 
and TCsConvolutional 

Neural Net (CGNet)

Training Input: CAM5.1 climate 
variables seen by expert labelers

Learning the mapping from climate 
variables to detected feature

For details on CGNet, see: 
Kapp-Schwoerer et al. (2020)

Machine Learning for Detection of Extremes

33 Dagon et al. in review

https://ai4earthscience.github.io/neurips-2020-workshop/papers/ai4earth_neurips_2020_55.pdf
https://doi.org/10.22541/essoar.15005316/v1
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Total column 
water vapor

850 hPa 
zonal wind

Sea level 
pressure

Inference Output: predictions of ARs 
and TCs in CESMConvolutional 

Neural Net (CGNet)

Inference Input: CESM1.3 
climate variables (0.25deg, 3hrly)

Predicting the detected feature 
from climate variables

Note: Prediction is per timestep; animation is 
from January-February 2000

850 hPa 
meridional wind

34

Machine Learning for Detection of Extremes

Dagon et al. in review

https://doi.org/10.22541/essoar.15005316/v1
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On an annual mean basis, 
atmospheric river (AR) 
frequency largely 
decreases in the 
Northern Hemisphere and 
shows mixed responses in 
the Southern Hemisphere.

CESM historical
AR frequency

CESM future (RCP8.5)
AR frequency

Future - Historical

35

Future Changes in Atmospheric River Frequency

Dagon et al. in review

https://doi.org/10.22541/essoar.15005316/v1
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In development…polar AR algorithms for detecting Antarctic and Arctic atmospheric rivers:

Antarctic Labeling Tool Arctic Labeling Tool

With: Christine Shields, Teagan King, John Truesdale, and Annette Greiner36

Machine Learning for Detection of Polar ARs
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Machine Learning with CESM: Emerging Areas
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CESM Tutorial 2026 - Machine Learning38 Preprint: https://doi.org/10.48550/arXiv.2606.07681 Slide from Aya Lahlou

https://doi.org/10.48550/arXiv.2606.07681


CESM Tutorial 2026 - Machine Learning39 Slide from Yingkai ShaPreprint: https://arxiv.org/abs/2602.18646

https://arxiv.org/abs/2602.18646
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Entire 
Dataset

*Size of the embedding 

dataset is heavily dependent 

on the number of patches and 

other model parameters. 

*Storage 
Heuristic ~ 

1 additional 
variable

Slide from Nihanth CherukuruPreprint: https://doi.org/10.48550/arXiv.2605.00972

https://doi.org/10.48550/arXiv.2605.00972
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Extra Slides

41
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CAM6 Perturbed Parameter Ensemble

Eidhammer et al. 202442

https://doi.org/10.5194/gmd-17-7835-2024
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CLM5/6 Perturbed Parameter Ensembles

Dagon et al. 2020, Kennedy et al. 2025, 
Foster et al. 2026, Hawkins et al. in prep43

https://doi.org/10.5194/ascmo-6-223-2020
https://doi.org/10.1029/2024MS004715
https://doi.org/10.1029/2025MS005590
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Gradient Descent
- Fast & efficient
- No UQ, sensitive to initialization & local minima

EnKF
- Derivative free, efficient, 
- Approximates posterior & UQ
- Assumes unimodal, linear & gaussian, can collapse 

quickly

MCMC
- Full posterior characterization
- Handles multimodal & non-gaussian & non-linear dist. 
- Expensive, sequential, sensitive to tuning. 

History Matching 
- Conservative, amenable to adding constraints, accounts 

for structural discrepancy, observational uncertainty & 
emulator uncertainty

- Multimodal & non-linear
- Inefficient, NROY is large

Calibration Methods Intercomparison

44 Slide from Linnia Hawkins
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Prognostic: input & output 
Forcing Variables: input
Diagnostic: output CAMulator

CAMulator input and output variables

Chapman et al., http://arxiv.org/abs/2504.06007

http://arxiv.org/abs/2504.06007
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What if we rolled it out for more than 200 years?

Column-integrated heat content in CAMulator to fixed year-2000 climatological SSTs

CAMulator performance: long run

Chapman et al., http://arxiv.org/abs/2504.06007

http://arxiv.org/abs/2504.06007
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A 12-member CAMulator ensemble (teal) is compared to the CAM6 simulation (purple) using observed SSTs from 1979–2014. 
CAMulator successfully captures the long-term warming trend and interannual variability.

What if we force it with observed SSTs?

CAMulator performance: response to forcing

Chapman et al., http://arxiv.org/abs/2504.06007

http://arxiv.org/abs/2504.06007


CESM Tutorial 2026 - Machine Learning48

ENSO Precip Response (8 strongest Nino-Nina):

CAM6 DJF CAMulator DJF

Precipitation Anomaly [mm/day]
Pattern Correlation: ~0.9

CAMulator performance: ENSO precipitation

Chapman et al., http://arxiv.org/abs/2504.06007

http://arxiv.org/abs/2504.06007
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C
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MOVs fall within the spread of CAM

Chapman et al., http://arxiv.org/abs/2504.06007

CAMulator performance: Modes of Variability

http://arxiv.org/abs/2504.06007
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