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Machine Learning for Climate Modeling

ML for hybrid physics-aware
climate modelling and

analysis
Limited upscaling
from benchmark datasets
Collab across
Academia/public sector
Private industry Stakeholders
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@ Frontiers of
M ML for climate

Ocean
dynamics

« Explainability
= Uncertainty
« Causality

. Terrestrial Cross-cutting ML challenges
ecosystems  « Generalizability

Why ML for climate modeling?

e Enhance our ability to

ﬁtmosphere
= do science
e Make better, faster,
More robust climate projections Ch e a pe r m Od e I S
Towards digital twins

of the Earth

e Increase accessibility to
a wider community

See: Reichstein et al. (2019), Molina et al. (2023),
Eyring et al. (2024a), Eyring et al. (2024b)



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

Machine Learning with CESM

HYBRID PARAMETER
MODELING CALIBRATION

Incorporating ML Calibrating CESM
arameterizations parameters with ML
into CESM

CESM Tutorial 2026 - Machine Learning

EMULATION

Auto-regressive
emulation of CESM
and component
models with ML

PROCESS EMERGING AREAS
UNDERSTANDING
For example: For example:

e ML-based e Al-assisted
detection of code
extremes conversion

e ML-enhanced Al dynamical
predictability downscaling

- Exploratory

8 visualization
A ) with
oN embeddings

2 s
ML & data

assimilation

..and more!




Machine Learning with CESM: Today'’s Lecture

HYBRID PARAMETER EMULATION
MODELING CALIBRATION

Incorporating ML Calibrating CESM Auto-regressive
arameterizations [ole]felaa CICTERWI (s NI emulation of CESM

into CESM and component

models with ML
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Machine Learning with CESM: Hybrid Modeling

HYBRID
MODELING

Incorporating ML
parometerizqtions
iInto CESM
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Towards a
machine
learning
enhanced
version of the
Community
Earth System
Model (cesms-Mmie)

Learning the Earth 2
with Artificial intelligence ': :"Egt
and Physics NSF Science chmi

and Technology Center Sciences
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New ML

Algorithms
@%
v New ML-based
. . Next-
Parameterizations .
Generation
CESM
High-Fidelity v
Models
Zaewei —p ‘ >
A
ML-enabled
. Parameter
Observations Optimization

Harness new ML + data to enhance CESM


https://leap.columbia.edu/
https://m2lines.github.io/

Parameterizations in Development for CESM3-MLe

Other
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Sea ice floe perimeter

Earth system feedbacks and p h 1 with hine learning
Incoming Outgoing
solar energy heat energy
Transition from  Evaporative and
solid to vapor heat energy °o Cirrus clouds
exchanges ‘e
Stratus o
clouds Aerosols Cumulus clouds

Atmosphere B
(temperature, winds

' and precipitation)
i Vegetation

Dod <ol Evaporation Stratus

clouds

exchan

Marine Ocean -

biology (currents, ind and
temperature waves
and salinity)

Realistic
geography

Gravity Waves

Convective triggering

Cloud cover

Figure modified from Eyring et al. 2024
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Parameterizations in Development for CESM3-MLe

Radiation

Other

Phenology

Pedotransfer
functions

Sea ice heat conduction
Ice sheet friction

Sea ice floe perimeter
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Figure modified from Eyring et al. 2024
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Cloud processes are critical and uncertain

Non-orographic
wave drag

e The formation of warm —
rain is important for Long wave Short-wave CHg Oxidation
CIOUd ||fet|me and radlatlon radlatlon

radiative effects /—>
064!

g . /) ('] ¢
e Traditionally this ‘.4‘::‘. \ Floud i
processes has been W bt glegiaphicdag
. . ““ é [}
heavily parameterized & ek _N\\J
e Machine learning E . iiod Xbulentdiffusion
. . tion
provides an opportunity Pprve 1 (J ( )
for an alternative TL Latent  SENSible
_:Q6 o . Long-wave Short-wave ﬁegr': el

flux flux

approach “ 0‘6. t“‘ Wind Waves Surface

flux

Ocean model
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https://www.ecmwf.int/en/research/modelling-and-prediction/atmospheric-physics

ML for Warm Rain Microphysics

Traditional Approach
Khairoutdinov & Kogan 2000 (KK2000)

- 135qc247Nc—11

oq,
ot

= 67(q.9,)""

ACCRE

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).

| CESM Tutorial 2026 - Machine Learning

ML Approach
Emulating with the TAU bin model (TAU_ML)

Emulator Inputs
g.: Cloud mixing ratio
g,: Rain mixing ratio
N_: Cloud number concentration
N,: Rain number concentration
H: Size distribution shape parameter
A.: Cloud distribution slope parameter
A.: Rain distribution slope parameter
N,,: Rain intercept parameter

P Air density

Pre-Processing
Perform quantile transform on all inputs.

v

Dense Neural Network
1 hidden layer
2046 neurons

RelLU Activation
Sigmoid Output

Calculate bulk
* tendencies

Extract
microphysical
variables

Run emulator

Post-Processing
Perform inverse quantile transform.
Outputs: dg_/dt, dN_/dt, dN,/dt

See also Gettelman et al. 2021



https://doi.org/10.1029/2020MS002268

ML for Warm Rain Microphysics

Develop offline ML parameterization, then test online in CAM
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ML for Warm Rain Microphysics
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Use parameter calibration to look for improved representations
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700 800

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

|dentify parameter
configurations that improve
representation of
precipitation extremes
(ppe4_run18)

Slide from Addisu Semie
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CESM-MLe Workflow

P
o Identify & Evaluate Datasets

Select suitable training and
benchmarking datasets

V>
e Define Scope of ML Integration
in Convection Scheme
Decide what part of the convection
scheme to replace or augment

B i

Develop Offline ML
Training & Testing Framework

Train, validate and test ML models

using selected datasets

/
o Integrate into Online CAM7
Using FTorch

into the online CAM7 workflow

Integrate best-performing ML model

=

CESM Tutorial 2026 - Machine Learning

(’ Outcome: Robust, Physically Consistent, and Skillful Hybrid Convection in Earth System Models

Slide from Addisu Semie

TROCAN 6\_) Convective triggering
ClimSim p Convective cloud ’ ’
e height/depth —p / —_
= Training STau 2
High-resolution Heating and moistening Data MUIModel Va#datl‘uon £
simulations ® | tendency terms Aralning osting ML Model FTorch CAM7
(695 DYAMOND runs) m Or replace the full Evaluate performance (e.g., RMSE, Bias,
Evaluate data quality, variables, v convection parameterization CORR) and compare with baseline
resolution, and representativeness scheme convection scheme
A A NG 4 S h N 5 J
: A 2 2 ( =N
e Test Hybrid Parameterization o Conduct Process-Level Diagnostics a PPE Simulations & Parameter Tuning
Single-Column Model Full Earth System Understand differences between simulations Use ensemble simulations and tuning to obtain
(SCM) Tests Model (ESM) Tests - with and w'fh°Ut ML-Abased éonvectlon robust and physically consistent configurations
e ) o e e — J\/
® ® 0 —» —* = I I I
e L L 2R | ®@ e o ——
e Profiles Precipitation Cloud & Convective Other Metrics .
Evaluate process-level Evaluate climate-scale (T, g, w, etc.) & Heating Structure & Budgets Sisz: fions Pz:n_':rr‘?:;er Corgizt:l:z:ons
S performance inpacts >, Identify improvements and remaining biases \_ )



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.

L

Integration &
team

https://qgithub.com/leap-stc/Integration _team
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https://github.com/leap-stc/Integration_team

Machine Learning with CESM: Parameter Calibration

PARAMETER
CALIBRATION

Calibrating CESM
parameters with ML

15 CESM Tutorial 2026 - Machine Learning



Challenges of “hand tuning”

16

e Large: number of parameters

e Slow: change parameter, run

model, analyze results, update
parameter value(s), repeat

e Complex: difficult to

predict/understand/identify
parameter interactions

e Ambiguous: difficult to define

objective “tuning targets” and
quantify trade-offs between
them

CESM Tutorial 2026 - Machine Learning

' Use value
ci calibrated at

;\ single site.
Find new study: _{
update old, wrong 2
parameter value
Two alternative . ﬂ

algorithms for poorly
Add new structure to

understood process.
account for new knowledge

.

Different but-still-
reasonable value
gives better answers

Figure from Rosie Fisher



Systematic Parameter Calibration with ML

Metrics

fop

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

ML Emulation

Optimize Constrain

§(® . cnr

17 | CESM Tutorial 2026 - Machine Learning FIgU re from Linnia Hawkins




Training the Emulators

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

Earth system model

Biosphere-atmosphere

A{Jf'”’\'f\“\u
exchanges \77 / 7Z
=

€0, CH,, chemistry

A orestatim* \M/W il GP'E 3; Nr o,
*‘ W A Infltration L 1
#‘ Agriculture ) 3RN Wiy
4 Deforestation Soil water izl
Groundwater Sub-surface drainage
18 CESM Tutorial 2026 - Machine Learning

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

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

Learning the parameter response functions

CLM5: Dagon et al. (2020), Kennedy et al. (2025); CLM6: Hawkins et al. in prep
CAMG6: Eidhammer et al. (2024); CAMY7 tuning uses method from Larson et al. (2025)



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

Constraining Land Parametric Uncertainty

Ensemble

Generate a perturbed parameter ensemble
Pick parameters of interest
Sample them across their uncertainty ranges

2501

2251

200 1

175+

Gross Primary Production (PgCl/yr)

C

@M 1501

£

= 1251 ;

(4]

-]

C 1001

[

©

_- 751
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global, annual mean
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Constraining Land Parametric Uncertainty

Generate a perturbed parameter ensemble
Pick parameters of interest
Sample them across their uncertainty ranges

250

200

Train machine learning emulator
Emulate a dense sample

1754

150

125

100

75 —— observed

unconstrained
+ emulated

50

Gross Primary Production (PgClyr)

global, annual mean

0 1 2 3 a4 5

Leaf Area Index (m?/m?)
global, annual mean
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Constraining Land Parametric Uncertainty

Generate a perturbed parameter ensemble
Pick parameters of interest
Sample them across their uncertainty ranges

250+
225
200 1

-3 B Train machine learning emulator 175, 8.

Gross Primary Production (PgC/yr)

Emulate a dense sample c
@ 150/
Q
£
. . — 1254
Rule out implausible parameter sets ©
Can do history matching in “waves” c 100
© —— observed
_~ 759 unconstrained
© ' e LAl
‘8 501 o e LAl GPP, Biomass
[s)

0 i 5 5 y 5
Leaf Area Index (m?/m?)
global, annual mean
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Calibrating CLM6 for CESM3

Calibrated

Tuned - Observed
RMSE = 0.803

Default

Default - Observed

\L &
B
-2 2 4 3]

LAI

Default - Observed
RMSE = 3.173

Tuned - Observed
RMSE=2.311

- S AN

—-20 —-10 0 10 20 —-20 -15 -10 -5 0 5 10 15 20
TOTVEGC Total Veg C
22 | CESM Tutorial 2026 - Machine Learning

Benchmarking CLM

O

Ecosystem and Carbon Cycle

Biomass

Burned Area

Carbon Dioxide

Gross Primary Productivity

Leaf Area Index

Global Net Ecosystem Carbon Balance

Net Ecosystem Exchange

Ecosystem Respiration

Soil Carbon

Nitrogen Fixation

Methane

O
x@
O

O 2
D&

Hydrology Cycle

Evapotranspiration

Evaporative Fraction

Latent Heat

Runoff

Sensible Heat

Terrestrial Water Storage Anomaly

Snow Water Equivalent

Permafrost

Surface Soil Moisture

Relative Scale

Worse Value  Better Value

ILAMB.org


http://ilamb.org

Towadrds a Defining success

chhine e Several ML-based parameterizations integrated into CESM
o (1-3in atm, ocn, Ind, sea/land ice)
qu rnlng e ML-based parameter calibration
en hq nced e Reduced biases in critical fields, especially extremes
. e Community platform and shared resources for exploring ML
version of the in CESM

Commun Ity Anticipated challenges

Eq I‘th SYStem e Are ML parameterizations reliable in out-of-training
li ?

Model (cesms-mie) climates

e Where do unanticipated interdependencies emerge?

e Substantially new simulated climate that may degrade
orthogonal aspects of simulation

e New tuning challenges with some tuning knobs removed

earnln the Earth M-LInES
ge o . H ce .
th Art Icla intelligen midt
wi 1 g @ Sch

and Physics NSF Science

L E A\ p andTechnology Center SO

23 CESM Tutorial 2026 - Machine Learning Slide adapted from Dave Lawrence



Machine Learning with CESM: Emulation

EMULATION

Auto-regressive
emulation of CESM
and component
models with ML

24 CESM Tutorial 2026 - Machine Learning



Climate Model Emulation

e Build on success of Al for
numerical weather prediction

e Accelerate climate simulations

e Generate large projection
ensembles

e 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: ECMWFE

25 CESM Tutorial 2026 - Machine Learning


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

CAMulator: Emulator of the Community Atmosphere Model

350x speed up over CAM6

PHYSICS CONSERVATION BLOCK

1) Non-negative Correction

2) Dry Mass Correction

3) Moisture Budget Correction

4)  Total Atmos. Energy Correction

) ) [ Cross-embedding Layer

- Short/Long Transformer
- Upsampling Block

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

OUTPUTS

26 CESM Tutorial 2026 - Machine Learning Slide from Kirsten Mayer


http://arxiv.org/abs/2504.06007

CAMulator: Emulator of the Community Atmosphere Model

See today’s challenge
exercise with
CAMulator!

specific humidity

(lowest model level)

27 CESM Tutorial 2026 - Machine Learning Chapman et al., http://arxiv.org/abs/2504.06007



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

subCESMulator: ML emulator for S2S Prediction

PHYSICS CONSERVATION BLOCK

1)  Non-negative Correction

2) Dry Mass Correction

3)  Moisture Budget Correction

4)  Total Atmos. Energy Correction

LAND )
VARIABLES I  Cross-embedding Layer

- Short/Long Transformer

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

OCEAN

VARIABLES

(7]
-
>
o
-
|
o

28 CESM Tutorial 2026 - Machine Learning Mayer etal. in prep



CREDIT: Community Research Earth Digital Intelligence Twin

29

What is CREDIT?

An open, Python-based, foundational platform for
conducting research with Al Earth System Models
(aka emulators). [schreck, et al. 2025]

CREDIT enables users to
e load large datasets.
e Train customizable Al models at scale.
e Incorporate physical constraints and transforms
e Deploy models for forecasting, hindcasting, or
projections.

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

CESM Tutorial 2026 - Machine Learning

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



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

Machine Learning with CESM

HYBRID PARAMETER EMULATION PROCESS EMERGING AREAS
MODELING CALIBRATION UNDERSTANDING
Incorporating ML Calibrating CESM Auto-regressive For example: For example:
arameterizations olelfelalSICIERWIG VI  emulation of CESM
iInto CESM and Component ) ML—bG.Sed e Al-assisted
models with ML detection of code
extremes conversion
e ML-enhanced Al dynamical
PN predictability downscaling
VAVATLYAY.
a7
% = - Exploratory
?{\\? 8 visualization
ig ¥ ) with
T embeddings
T 2 ]
ML & data

assimilation

..and more!

Thanks! X kdagon@ucaredu
30 CESM Tutorial 2026 - Machine Learning Questions ? 0 @katiedaqon
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Machine Learning with CESM: Process Understanding

31
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PROCESS
UNDERSTANDING

For example:

e ML-based
detection of
extremes

¢ ML-enhanced
predictability

el
17_ C:‘b) ;
— T et




Machine Learning for Detection of Extremes

ClimateNet: a community-sourced,
expert-labeled dataset for
atmospheric rivers (ARs) and tropical

Polygons in this image (7)

Y

cyclones (TCs) T
' 0
Polygen r as
Tool - ard
v el
. £ s
Training Inference
Human Class Labels
Labeling Wask
oo
—— S #
Bounding Bos
Class Labels IO unding {g
Bounding Bokes
Segmentation Masks @
Segmentation Masks
: sone
ClimateNet .
Unified Deep Network Model, satellite,

Dataset

observational datasets

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

U.S. DEPARTMENT OF ofﬁce Of ' = RO |‘;\|

EN ERGY Science

BERKELEY LAB
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https://doi.org/10.5194/gmd-14-107-2021

Machine Learning for Detection of Extremes

Training Input: CAM5.1 climate Training Output: expert labels of ARs
variables seen by expert labelers Convolutional and TCs
time = data-2011-06-01-01-1.nc Neural Net (CGNet)
_ o) Human Labels
e el .
L A [ T s
Mg seiiniiee Tl g
Total column Sea level \FEahen M) @
water vapor pressure Fur® g
-

time = data-2011-06-01-01-1.nc N ——
w0 5 o
- s
’ 20 % 20
2

Learning the mapping from climate
variables to detected feature

850 hPa 850 hPa For details on CGNet, see:
zonal wind meridional wind Kapp-Schwoerer et al. (2020)

33 | CESM Tutorial 2026 - Machine Learning 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

Machine Learning for Detection

of Extremes

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

0 50 100 150 200 25 300 350

Total column

water vapor

]
-

o
-

850

00 150 200 250 300 350

hPa

zonal wind

Neural Net (CGNet)

Sea level
pressure
Predicting the detected feature
from climate variables
850 hPa

meridional wind

34 | CESM Tutorial 2026 - Machine Learning

Inference Output: predictions of ARs
and TCs in CESM

AR

TC

None

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

Dagon et al. in review



https://doi.org/10.22541/essoar.15005316/v1

Future Changes in Atmospheric River Frequency

CESM historical
AR frequency

On an annual mean basis,
atmospheric river (AR)
frequency largely
decreases in the
Northern Hemisphere and
shows mixed responses in
the Southern Hemisphere.

CESM future (RCP8.5)
AR frequency

Future - Historical

CESM Tutorial 2026 - Machine Learning Dagon et al. in review
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https://doi.org/10.22541/essoar.15005316/v1

Machine Learning for Detection of Polar ARs

In development...polar AR algorithms for detecting Antarctic and Arctic atmospheric rivers:

Antarctic Labeling Tool Arctic Labeling Tool

HIERRS

(Q[55s

36 | CESMTutorial 2026 - Machine Learning With: Christine Shields, Teagan King, John Truesdale, and Annette Greiner



Machine Learning with CESM: Emerging Areas

EMERGING AREAS

For example:

e Al-assisted
code
conversion

Al dynamical
downscaling

Exploratory
visualization
with
embeddings

ML & data
assimilation

..and more!

37 CESM Tutorial 2026 - Machine Learning



Exploring Al-assisted code translation @ & NCAR

nnnnnnnnnnnnn

Motivation: Differentiable, Accessible, Modern ESMs %
Y Successful conversion of CLM Multi-Layer canopy code from Fortran to JAX
1 O . s tau e
| code | '
I

! Fixed Python
l : translation

-—— - - d

_________

Static

> Repair Agent

Analysis

l I

e Python translation Pytest suite

_______

... 0 | Base Agent

38 | CESMTutorial2026 - Machine Learning Preprint; https://doi.org/10.48550/arXiv.2606.07681 Slide from Aya Lahlou



https://doi.org/10.48550/arXiv.2606.07681
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® FUTURE CLIMATE - ENSEMBLE DOWNSCALING

Downscaling CESM-LENS2 10-member ensemble

Comparisons of LAM-6H-CESM-ENS and CESM-LENS2 forcings on 2-m Temp, 2025-2027

® 2025-2027 CESM-LENS2 MOAR Downscaling performance

® 10 CESM-LENS2 members, 2025-2027 (SSP370), each
member is downscaled individually.

* Members diverge from a shared start within 96 hours —
member-specific trajectories

* Spread preserved: the 2-D spread histogram sits on the
identity line; the ensemble is not collapsed

* Mesoscale information added: the ensemble-mean
spectrum carries 10-100 km energy absent from coarse CESM
(k~3, k=3/3 ranges)

=» The Al downscaling model can preserve ensemble
spread + mesoscale detail from CESM ensemble.

Al-based regional downscaling for km-scale climate - Sha et al.

CESM Tutorial 2026 - Machine Learning

(3) LAM-6H-CESM temporal-averaged downscaling outputs

(d) LAM-6H-CESM-ENS domain-averaged 2-m Temp

(b) CESM-LENS2 temporal-averaged forcings

N
¥
8

2-m Temp [K]

102.5°W 100°W 97.5°W 95°W 92.5°W 90°W 87.5°W

K]

25-01-01T00 25-01-05T00
(e) CESM-LENS?2 forcings

25-06-12T08 25-11-17T16 26-04-25T00 26-09-30T08 27-03-07T16 27-08-13T00

(f) CESM-LENS2 2-m Temp forcings

A N
280 | /A NV
275 s ’ " - g

270 |1
25-01.01700 25.01.05T00  25-06-12T08 25-11-17T16 26-04-25T00 26-09-30T08 27-03-07T16 27-08-13T00
(9) Energy spectrum of ensemble mean 2-m Temp (h) Ensemble spread comparison
' g
10" can spectral power (K*] d — R
10° |A = 16 km A=360km /_—" 22 . B n
' R < @ K]
107 ' ¥ 5 g | 3
H > g ; ]
0| | = 3F Wes
H — ; - £ =
107 20
A (K]

! _Wavelength (A) [m]

10* 10°

LAM-6H-CESM-ENS members == = LAM-6H-CESM-ENS moving-averaged ens mean
d ens mean

CESM-LENS2 6 hourly members == = CESM-LENS2 moving-average

Preprint: https://arxiv.org/abs/2602.18646

1 3 5 7
LAM-6H-CESM-ENS
mean
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https://arxiv.org/abs/2602.18646
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CAMG6 Perturbed Parameter Ensemble

Table 1. A description of the parameters that are perturbed and their ranges.

Physics Parameter name Description Default Min Max  Units

scheme

CLUBB clubb_C2rt Damping on scalar variances 1.0 0.2 2 -
clubb_C6rt Low skewness in C6rt skewness function 4.0 2.0 6 -
clubb_C6rtb High skewness in Cért skewness function 6.0 2.0 8 -
clubb_C6thl Low skewness in C6thl skewness function 4.0 2.0 6 -
clubb_C6thlb High skewness in C6thl skewness function 6.0 2.0 8 -
clubb_C8 Coef. no. 1 in C8 skewness equation 42 1.0 5 -
clubb_beta Set plume widths for theta_l and rt 24 1.6 25 -
clubb_cl Low Skewness in C1 skewness 1.0 04 3 -
clubb_cl1 Low Skewness in C11 skewness 07 0.2 08 -
clubb_c14 Constant for u'% and v'? terms 23 0.4 3 -
clubb_c_K10 Momentum coefficient of Kh_zm 05 0.2 12 -
clubb_gamma_coef Low skewness: gamma coef. skewness 0.308 025 035 -
clubb_wpxp_L_thresh Length-scale threshold below which extra damping 60 20 200 m

is applied to C6 and C7

MG2 micro_mg_accre_enhan_fact  Accretion enhancing factor 10 0.1 100 -
micro_mg_autocon_fact Autoconversion factor 0.01 0.005 02 -
micro_mg_autocon_lwp_exp  LWP exponent 247 2.10 330 -
micro_mg_autocon_nd_exp  Autoconversion exponent —11 0.8 -2 -
micro_mg_berg_eff factor  Bergeron efficiency factor 1.0 0.1 10 -
micro_mg_des Autoconversion size threshold ice-snow 500 x 1076 50x 1076 1000x 1076 m
micro_mg_effi_factor Scale effective radius for optics calculation 1.0 0.1 20 -
micro_mg_homog_size Homogeneous freezing ice particle size 25x 1076 10x1076  200x1076 m
micro_mg_iaccr_factor Scaling ice and snow accretion 0 02 10 -
‘micro_mg_max_nicons Maximum allowed ice number concentration 100 x 108 1x10°  10000x 105 no.kg™!
micro_mg_vtrmi_factor Ice fall speed scaling 10 02 50 ms7!

Aerosol microp_aero_npcen_scale  Scale activated liquid number 1 033 3 -
microp_aero_wsub_min Min subgrid velocity for liquid activation 02 0 0.5 ms!
microp_aero_wsub_scale Subgrid velocity for liquid activation scaling 1 0.1 5 -
‘microp_aero_wsubi_min Min subgrid velocity for ice activation 0.001 0 02 ms!
microp_aero_wsubi_scale Subgrid velocity for ice activation scaling 1 0.1 5 -
dust_emis_fact Dust emission scaling factor 07 0.1 L0 -
seasalt_emis_scale Sea salt emission scaling factor 1.0 0.5 25 -
sol_factb_interstiti Below-cloud ing of interstitial modal aerosols 0.1 0.1 I =
sol_factic_interstitial In-cloud scavenging of interstitial modal aerosols 04 0.1 1 -

™M cldfrc_dpl Parameter for deep convection cloud fraction 0.1 0.05 025 -
cldfre_dp2 Parameter for deep convection cloud fraction 500 100 1000 -
zmconv_c0_ind Convective autoconversion over land 0.0075 0.002 01 m!
zmeonv_c0_ocn Convective autoconversion over ocean 0.03 0.02 01 m!
zmconv_capelmt Triggering threshold for ZM convection 70 35 350 Jkg!
zmeonv_dmpdz Entrainment parameter —1.0x1073 —20x107> —20x107* m!
zmconv_ke Convective evaporation efficiency 50x1076  1.0x1075  1.0x1075 (kgm=2s~1)0-55-1
zmconv_ke_Ind Convective evaporation efficiency over land 1L0x1075  1.0x1076  1.0x1075 (kgm=2s1)055-1
2mconv_momed Efficiency of pressure term in ZM downdraft CMT 07 0 1 -
mcony_momeu Efficiency of pressure term in ZM updraft CMT 07 0 1
2mcony_num_cin Allowed number of negative buoyancy crossings 1 1 5 -
zmcony._tiedke_add Convective parcel temperature perturbation 05 0 2 K
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Table 2

In Total, 211 Parameters Were Perturbed in This Experiment

Parameter Description Model domain Varies by PFT?
cv Turbulent transfer coefficient Sensible, latent heat and momentum fluxes

dleaf Leaf characteristic length Sensible, latent heat and momentum fluxes yes
d_max Dry surface layer (DSL) parameter Sensible, latent heat and momentum fluxes
frac_sat_soil_dsl_init Fraction of saturated soil at which DSL initiates Sensible, latent heat and momentum fluxes

ff Decay factor for fractional saturated area Hydrology

liq_canopy_storage_scalar Canopy-storage-of-liquid-water parameter Hydrology

maximum_leaf_wetted_fraction ~ Maximum leaf wetted fraction Hydrology

sand_pf Perturbation factor for sand content of soil column Hydrology

sucsat_sf Scale factor for minimum soil water potential Hydrology

‘medlynintercept Medlyn intercept of conductance-photosynthesis relationship ~ Stomatal resistance and photosynthesis yes
‘medlynslope Medlyn slope of conductance-photosynthesis relationship Stomatal resistance and photosynthesis yes
tpu2Sratio Ratio of tpu25top to vemax25top Stomatal resistance and photosynthesis

jmaxb0 Baseline proportion of nitrogen allocated for electron transport  Photosynthetic capacity

jmaxb1 Response of electron transport rate to light Photosynthetic capacity

slatop Specific leaf area at top of canopy Photosynthetic capacity yes
theta_cj Empirical curvature parameter for ic capacity yes
we2wjb0 Baseline ratio of we:wj Photosynthetic capacity

FUN_fracfixers fraction of carbon available for N fixation Fixation and uptake of Nitrogen yes
KCN Nitrogen acquisition parameter group Fixation and uptake of Nitrogen yes
Kkmax Plant segment max conductance Plant hydraulics yes
Kkrmax Root segment max conductance Plant hydraulics yes
psisO Water potential at 50% loss of conductance Plant hydraulics yes
nstem Stem number Biomass heat storage yes
Imr_intercept_atkin Intercept in the of leaf Plant yes
froot_leaf Allocation parameter: new fine root C per new leaf C Carbon and nitrogen allocation yes
leafcn Leaf C:N Carbon and nitrogen allocation yes
leaf_long Leaf longevity Vegetation phenology and turnover yes
cpha Activation energy for cp Acclimation parameters

jmaxhd Deactivation energy for jmax Acclimation parameters

keha Activation energy for ke Acclimation parameters

Imrha Activation energy for Imr Acclimation parameters

Imrhd Deactivation energy for Imr Acclimation parameters

tpuha Activation energy for tpu Acclimation parameters

tpuse_sf Scale factor for tpu entropy term Acclimation parameters

vemaxha Activation energy for vemax Acclimation parameters

vemaxhd Deactivation energy for vemax Acclimation parameters

Note. These are the parameters mentioned within the main text. A complete set of parameters, with ranges, is included in a spreadsheet in Supporting Information S1.
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Calibration Methods Intercomparison

Parameter-space exploration: four calibration strategies

Gradient Descent Gradient Descent Ensemble Kalman Filter (EnKF)
- Fast & efficient b
- No UQ, sensitive to initialization & local minima

EnKF ~ .
. . - s S ide e
-  Derivative free, efficient, & & f:;*,‘..fi.
- Approximates posterior & UQ o
- Assumes unimodal, linear & gaussian, can collapse
quickly
MCMC
. . . 61 61
- FU” DOSterlor_CharaCterlzatlon ) ) ) MCMC (random walk Metropolis) History Matching (waves)
- Handles multimodal & non-gaussian & non-linear dist. Wove 1
-  Expensive, sequential, sensitive to tuning. . aes

History Matching
- Conservative, amenable to adding constraints, accounts
for structural discrepancy, observational uncertainty &
emulator uncertainty
- Multimodal & non-linear g
- Inefficient, NROY is large i ®

6,
62

61 61
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CAMulator input and output variables

Varkible Descripton Units _ Single LeveVLevels Variable Description Units  Single Level/Levels
Prognostic Variables (Input and Output) Prognostic Variables (Input and Output)
U Zonal Wind m/s 32 levels -
A% Meridional Wind m/s 32 levels Y Zon{il W g : s 22 levels
\" Meridional Wind m/s 32 levels
T Temperature K 32 levels
Otot Specific Total Wat e 32 Jovel T Temperature K 32 levels
PSO SE:I cPro et ‘(; 8 Si elveLs q Otot Specific Total Water ke/kg 32 levels
ace rressure a nge Leve PS Surface Pressure Pa Single Level
ERERLLT Near-Surface Air Temperature K Single Level TREFHT Near-Surface Air Temperature K Single Level
Dynamic Forcing Variables (Input Only) Diagnostic Variables (Output Only)
SOLIN Incoming Solar Radiation J/m?2 Single Level PRECT Precipitation Rate m Single Level
SST Sea Surface Temperature K Single Level CLDTOT Total Cloud Cover fraction  Single Level
Static Forcing Variables (Input Only) CLDHGH High Cloud Cover fraction  Single Level
: : : CLDLOW Low Cloud Cover fraction Single Level
Surface Geop. Normalized Surface Height m?s?  Single Level . . .
: : : : CLDMED Medium Cloud Cover fraction Single Level
Land-Sea Mask Land Mask L 1 le Level g
and-Sea Mas and Mask x Cosine Latitude  unitless Single Leve TAUX Zonal Wind Stress Ni?  SinglsiLevel
TAUY Meridional Wind Stress N/m?  Single Level
U10 10m Wind Speed m/s Single Level
QFLX Surface Moisture Flux m Single Level
FSNS Net Solar Flux at Surface J/m? Single Level
FLNS Net Longwave Flux at Surface J/m? Single Level
FSNT Net Solar Flux at TOA J/m? Single Level
Py FLNT Net Longwave Flux at TOA J/m? Single Level
Prog_nOStlc' I Lo &_ eliioll SHFLX Sensible Heat Flux J/m?  Single Level
Forcing Variables: input C A M u | a to r LHFLX Latent Heat Flux J/m?2 Single Level

Diagnostic: output

45 | CESMTutorial 2026 - Machine Learning Chapman et al., http://arxiv.org/abs/2504.06007



http://arxiv.org/abs/2504.06007

CAMulator performance: long run

What if we rolled it out for more than 200 years?

H 2000 Climatological SST

2;25: H‘HJH._\’!“MHJHHI‘}”’HWH ‘H ‘HHIH’ M LA ‘ Hl\ I H m th_ I ml“
. |‘ i H l “\“ i le | |'H i ‘II” i ”IH | i WH “4”” |[” || i i Wuu“” (A

80
Time (Year)
Column-integrated heat content in CAMulator to fixed year-2000 climatological SSTs
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CAMulator performance: response to forcing

What if we force it with observed SSTs?

(a) CAM and CAMulator 1979-2013 SST
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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.
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CAMulator performance: ENSO precipitation

ENSO Precip Response (8 strongest Nino-Nina):

CAMG6 DJF

DJF ENSO Precip: CAM (Nifio - Nifia) DJF ENSO Precip: CAMulator (Nifio - Nifia)

~ - 2 4 6 -6 -4 -2

o
CAM (mm/day)

CAMuIatorD(mm/day)
Precipitation Anomaly [mm/day]
Pattern Correlation: ~0.9
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CAMulator performance: Modes of Variability

49

CAM6
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(@) PNA Regression: CAMulator [38.0%)]
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(b) PNA Regression: CAM  [39.3%]

Z500 Anomalies ([m], CAM)

(C) NAO Regression: CAMulator [31.8%)]
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(d) NAO Regression: CAM  [29.2%
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» MOVs fall within the spread of CAM

w

Chapman et al., http://arxiv.org/abs/2504.06007
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Emulation of regional MOM6 with CREDIT

(MOMulator)

using the CREDIT platform

Mean Sea Surface Temperature Signal

Temperature (°C)
N w w
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N
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—— Emulator
— CrocCARIB12

Aidan Janney (now NCAR Scientist |) CU senior thesis:
Emulating 1/12 MOMG in the Caribbean (Seijo-Ellis et al 2024)




Goal: Flexibly coupled AiCESM (CESMulator) & | @ NeAR
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Atmosphere
(CAMS,
CAMulator)

Maintains long-term stability after coupling
Minor drift then settling after ~100-year spin-up over

long simulations
Seasonal cycle remains intact Sea Ice
. Correct amplitude and phase preserved Coupler
No degradation of large-scale energy balance
Mean-state biases remain controlled
Small, consistent offset relative to host model
(CESM2.1.5 1979 -2015 shown)

Coupling does not destabilize emulator
Atmosphere—surface interactions remain stable

Ocean

(POP2)

Will Chapman, Yuanpu Li (University of Colorado)



