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Prelude: An early triumph of climate modeling

Observed recent temperature change

Sukyoro Manabe (NOAA/GFDL) 2011-2020 minus 1981-1990

NObeI PFIZG II’I PhySICS 2021 Temperature change(K),

2011-01-01-t0-2020-01-01 minus 1981-01-01-t0-1990-01-01

(together with K. Hasselmann and G. Parisi): E
“for the physical modelling of Earth’s climate, quantifying
variability and reliably predicting global warming”

Simulated response to CO, doubling in the first climate model
TEMPERATURE DIFFERENCE 2xCO3- STANDARD
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Fast-forward to 2021: IPCC AR6

FAQ 1.1: Do we understand climate change better than when the IPCC started?

Yes. Between 1990 and 2021, observations, models and climate understanding improved, while the dominant

Intergovernmental
Panel on Climate
Change (IPCC)

6t Assessment
Report (2021)

https://ipcc.ch

(historical notes in:
Randall et al.,
Meteorol. Monogr., 2019)

role of human influence in global warming was confirmed.

1 9 9 0 CLIMATE CHANGE

IPCC 3‘
First
Assessment
Understanding
Human influence on climate Suspected
Energy budget Open
(inconsistent estimates)
Sea level budget Open
(Inconsistent estimates)
Observations
Global warming since late 1800s @l 0.3-0.6°C

Land surface temperature @ 1887 stations (1861—1990)

Geological records | 5 million years (temperature)

-

| 5 million years (sea level)
160,000 years (CO,)

Global ocean heat content 1955-1981 (two regions)

C

Satellite remote sensing Temperature, snow cover,

Earth radiation budget

2021
IPCC
Sixth
Assessment

Established fact Q

Closed
(inputs = outputs + retained energy)

Closed
(sum of contributions = observed sea level rise)

0.95-120°c [l

Up to 40,000 stations (1750-2020)

65 million years (temperature)

50 million years (sea level)

450 milion years (CO,)
1871-2018 (global)

emperature, cryosphere, Earth radiation budget, CO,,
sea level, clouds, aerosols, land cover, many others


https://ipcc.ch/

But challenges remain in the details: Example of CMIP model biases

Annual mean SST error from the CMIP5 multi-model ensemble

60° N_;% ﬁ_&:ﬂ' h %

— ’7 ‘ : - - ‘ "\
@ e S o Subtroplcal ‘?@F, )
. ) Northeast Pacific .
=, P! oA S - — — — — — E —————————————
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_________

———————————————

Latitude

: Subtropical
— Southeast
Pacific

30°S—

____________

600 S T T —— T T | T T | I_ ’ ‘ T T T
30°E 60°E 90°E 120°E 150°E 180° 150°W 120°W 90°W
Longitude

-25-2-15-1-050 05 1 15 2 25
Eyring et al., Nature Climate (2 019) Annual mean SST error in CMIP5 ensemble (°C)




Need for parameterization & data-informed
calibration in ocean (and climate) models

Global ocean model
(>100 km)

Mesoscale turbulence
(10-100 km)

Submesoscale turbulence
(1-10 km)

Boundary layer turbulence
(1-100 meter)

Resolved physics Parameterized physics

(R. Ferrari, MIT; Schneider et al. 2017/2023)
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Observing challenge:
An eclectic observing system
Sparse & disparate sensors
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Data Assimilation

and Inverse
Modeling

The DA | inverse problem is
learning from ...

e ... available, usually sparse,
heterogeneous observations

e ... AND known physics/dynamics



ECCO: Estimating the Circulation and Climate of the Ocean

Learning from sparse, heterogeneous observations and models
Stammer et al.,
JGR (2002)
Wunsch & Heimbach,
Physica D (2007) Lo 5 .. g
Forget et al., -

GMD (2015) o l"/
(1

Heimbach et al.,
Front. Mar. Sci.

(2019) e
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What do we mean by
“Learning’”?



Physical model




Learn model boundary conditions

. ( \
Observations of ocean

interior, combined with
global & local mass/tracer
conservation enables ...

\~ , Physical model




Learn model boundary conditions

O )

Observations of ocean
interior, combined with
global & local mass/tracer
conservation enables....

\;/

... inversion for surface | air-sea fluxes of CO, inferred from interior measurements |
fluxes that are
required to match
interior observations

Example for CO, air-sea fluxes

(similar for heat fluxes) SOCCOM



Learn model initial conditions

Find best initial conditions
that will produce optimal
forecast...

Initial

The ﬁ’ tering Physical model
problem of optimal a_t /
estimation & control o __




Find best initial conditions
that will produce optimal
forecast...

Learn model initial conditions

Initial

The filtering
problem of optimal \ G
estimation & control S ——1

Initialization for
prediction/extrapolation
as practicedin

numerical weather
prediction




Learn model initial conditions

Find best initial conditions
that will produce optimal
forecast...

The filtering
problem of optimal
estimation & control

= observations 3
=== uninitialized runs -y’
- raw initialized hindcasts
- bias—-corrected hlndcasts

-—“‘“‘!

Initialization for
prediction/extrapolation
as practicedin

decadal prediction

Meehl et al.
model drifts BAMS (2014)

1960 1970 1980 1990 2000 2010 2020

Absolute temperature




e epe o . (\CC
Learn model initial conditions (\50\6“

Find best initial conditions
that will produce optimal
forecast...

Meehl
et al.
BAMS

»-mean drift (2014)

model drifts

1960 1970 1980 1990 2000 2010 2020



Learn model time-evolving state

Find model inputs that
produce the best dynamically
consistent state

The smoothing
problem of optimal
estimation & control




Learn model time-evolving state

Find model inputs that
produce the best dynamically
consistent state

The smoothing
problem of optimal
estimation & control

State & parameter estimation
for:
* interpolation/reconstruction

* (transient) calibration
Bryson & Frazier (1963) t4 to

» time




Learn model time-evolving state

Find model inputs that
produce the best dyna

* Interpo
e transien




Learn model parameters

Physical model has many

empirical parameters:

* constitutive laws

* subgrid-scale
parameterization schemes

scheme 1

scheme i

Physical model




Learn model parameters

Physical model has many
empirical parameters:

* constitutive laws

* subgrid-scale
parameterization schemes Physical model

THE ART AND SCIENCE OF
CLIMATE MODEL TUNING

FREDERIC HOURDIN, THORSTEN MAURITSEN, ANDREW GETTELMAN, JEAN-CHRISTOPHE GOLAZ,
VENKATRAMANI BALAJI, QINGYUN DuaN, Doris FoLiNi, DuoyiNG Ji, DANIEL KLockEe, YUN QIAN,
FLorIAN RAUSER, CATHERINE Ri0, LORENZO ToMassINI, MasaHIRO VWATANABE, AND DANIEL WILLIAMSON

scheme i

parameter estimation
using observations is
important

BAMS

We survey the rationale and diversity of approaches for tuning, a fundamental aspect of

climate modeling, which should be more systematically documented and taken into account

in multimodel analysis,




Learn model parameters

Physical model has many
empirical parameters:

* constitutive laws

* subgrid-scale
parameterization schemes Physical model

scheme i

par ameter EStimation Ocean Sci., 18, 729-759, 2022

https://doi.org/10.5194/0s-18-729-2022 Ocean Science

to calibrate model © Author(s) 202 This work i distributed under
parameters mm

Tracer and observationally derived constraints on diapycnal
diffusivities in an ocean state estimate

David S. Trossman!-2, Caitlin B. Whalen?, Thomas W. N. Haine*, Amy F. Waterhouse’, An T. Nguyen®,
Arash Bigdeli’, Matthew Mazloff°, and Patrick Heimbach®?8




Learn surrogate (e.g., NN) of model’s parameterization scheme

Parameterization scheme(s)
is replaced by neural network

Neural Network

NN is trained on high- ees  forscheme#i
fidelity simulation Physical model
data (e.g. LES) which
resolve scales to be
parameterized




Learn surrogate (e.g., NN) of model’s parameterization scheme

Parameterization scheme(s)
is replaced by neural network

Neural Network

NN is trained on high- ees  forscheme#i

fidelity simulation Physical model

data (e.g. LES) which - B .

resolve scales to be or TE V)=V (VO] + Fo 4V S|
parameterized S, T i

a priori [ offline learning

Zanna & Bolton, GRL (2020) wcam-a- e oAy o e e e LN

=3
©
|
<l
£
!




Learn hybrid physical/surrogate (NN) model

Parameterization scheme(s)
is replaced by neural network

Training of the NN is
part of “training” of
the physical model
on state variables

Neural Network
for scheme #i

Physical model




Learn hybrid physical/surrogate (NN) model

Parameterization scheme(s)
is replaced by neural network

Neural Network

Training of the NN is cxs forschemesi
part of “training” of Physical model
the physical model
on state variables

a posteriori [ full-model
[ online /| end-to-end
learning




Learn surrogate (e.g., NN) of the entire physical model

Physical model is replaced
entirely by surrogate model,
e.g., neural network (NN)
(or reduced-order model)

Weights of neural

network trained on

simulated model states from:

* high-fidelity models (e.g., LES)

* “reanalyses” (those are NOT
observations!)




A key unifying computational framework of “learning from data”

Gradient-based optimization: 7@

>~.(model; — data, )?

e inversion (physical models)

— seek uncertain input /

control variables / — :___:.-.wﬂﬁl
parameters \. .
e training (neural networks) .I/: (D 5 Flale space
— seek uncertain weights of /—__\
NN representation J— \-- ‘"
AN
Adjoint / backpropagation L s
powerful tool for computing (i, 1) T
--------------------------------------------------------------------- = control space



1/ “Data Assimilation’’ is more than its use in
numerical weather prediction (initial conditions)
-> optimal estimation/control (or inverse) methods

2/ Conceptually strong similarities between scientific
machine learning and optimal estimation/control theory



3/ Physics-based models remain key for producing
‘“high-fidelity’”’ neural network training data



Full-model Can we integrate the

learning

surrogate model training
within full-model calibration?




Calibrating (learning) model parameterizations - online learning

g ™ W I EID EIN EIN SN SND GEN SN GNN GEN SEN SN NN SN SEN GEN SN NN BN SEN GHD BN NN BEN BED GED S S -y

Surface boundary condition / air-sea flux param.

surrogate surrogate surrogate
=l model 1 model i model n

\— —————————————————————————————— -’

4

-----’

S SN S S N N G G LN

™

Use of full-model differentiable programming to

* replace parts of model by appropriate surrogates

e use available observations to train/calibrate uncertain variables

* combines inverse modeling and machine learning in full-model learning
o e.g., NeuralGCM (Kochkov et al., Nature, 2024)

relies on general-purpose automatic differentiation (AD)




Automatic Differentiation

e One of the main algorithmic
workhorses of ML

e (Aside: We have been using AD LECTURE NOTES IN COMPUTATIONAL
for 2.5 decades in the context of D e R e

an ocean general circulation

. . Christian H. Bischof - H. Martin Bucker 2008
model written in Fortran)

Paul Hovland - Uwe Naumann - Jean Utke Editors

arotzke ¢t . (999 Advances In

Stammer et al. (2002) "
Heimbach et al. (2005) AUtO matl c
Wunsch & Heimbach (2006)

Utke et al. (2007) — open source

et G0 e Differentiation




Since ~2023 the idea of differentiable Earth System Models has taken off ...

Geosci. Model Dev., 16, 3123-3135, 2023
https://doi.org/10.5194/gmd-16-3123-2023

© Author(s) 2023. This work is distributed under
the Creative Commons Attribution 4.0 License.

Differentiable programming for Earth system modeling

Maximilian Gelbrecht!-2, Alistair White!-?, Sebastian Bathiany'-?, and Niklas Boers'->>

Earth System Modelling, School of Engineering and Design, Technical University of Munich, Munich, Germany
2Potsdam Institute for Climate Impact Research, Potsdam, Germany
3Department of Mathematics and Global Systems Institute, University of Exeter, Exeter, UK




Since ~2023 the idea of differentiable Earth System Models has taken off ...

Geosci. Model Dev., 16, 3123-3135, 2023
https://doi.org/10.5194/gmd-16-3123-2023

© Author(s) 2023. This work is distributed under
the Creative Commons Attribution 4.0 License.

Maximilian Gelbrecht'~, Alistair White'-, Sebasti
Earth System Modelling, School of Engineering and D




Since ~2023 the idea of differentiable Earth System Models has taken off ...




Since ~2023 the idea of differentiable Earth System Models has taken off ...

Article

Neural general circulation models for
/| weather and climate

— | https://doi.org/10.1038/s41586-024-07744-y  Dmitrii Kochkov'®™, Janni Yuval'®™, lan Langmore'¢, Peter Norgaard'¢, Jamie Smith'S,
Received: 13 November 2023 Griffin Mooers', Milan Kléwer?, James Lottes', Stephan Rasp', Peter Diiben?, Sam Hatfield®,

- Peter Battaglia®, Alvaro Sanchez-Gonzalez*, Matthew Willson?, Michael P. Brenner'® &
Accepted: 15 June 2024 Stephan Hoyer'®*

Published online: 22 July 2024




NeuralGCM (Kochkov et al., Nature, 2024)

b
Learned physics
N\ )
R e — B
Learned _ )'( 5
ey
encoder k
( w Y VY :
Dynamical core Learned physics Nairal
: network
)
)
: E
D S
L ®
= = HEN )]
P Q
| | 2
Dynamic Physics :
tendencies tendencies
L ODE solver J
Y
L d ¢
earne :
Outputs [k — Xt : Physics
B \\ decoder 5‘ ; tendencies

Dynamical core FV3 of atmospheric GCM rewritten in JAX for differentiability via AD



Why Julia?

Building on CliMA

CLIMATE MODELING
ALLIANCE

T AN T TR B
A NEW APPROACH TO CLIMATE
MODELING

DJ4€arth

Harness next-gen.
compute architecture

JULIA: COME FOR THE
SYNTAX, STAY FURTHESPEED

rcher: f n find themsel I d ng algorithms in one programming lan
tohavetoew e themin a fastt e. Anup-and-c mgl nguage could be h ns*w

1 AUGUST 2019 | VOL 572 | NATURE

SIAM REVIEW
Vol. 59, No. I, pp. 65-98

Julia: A Fresh Approach to
Numerical Computing®




Oceananigans.jl & ClimaOcean.jl: The ocean model component of the
Climate Model Alliance (CliMA) model

, @ Finite volume, rotating, stratified fluids
JS S model for geophysical fluid dynamics (GFD).
The Journal of Open Source Software @ \Written from scratch in Julia, rooted in finite
Oceananigans.jl: Fast and friendly geophysical fluid volume algorithms of M.L.T General
dynamics on GPUs Circulation Model (MITgcm).

1 1 1 @® Multiple simulation options.
Ali Ramadhan®, Gregory LeClaire Wagner®, Chris Hill*, Jean-Michel . .
Campin’, Valentin Churavy’, Tim Besard?, Andre Souza', Alan @® CPU and CPU via kernel abstractions
Edelman’, Raffaele Ferrari', and John Marshall’ @ Parallelize using MPL.jl and multi-threading

1 Massachusetts Institute of Technology 2 Julia Computing, Inc.

x velocity, t = 60.80

https://github.com/clima/Oceananigans.jl



Oceananigans.jl & ClimaOcean.jl: The ocean model component of the
Climate Model Alliance (CliMA) model

Journal of Advances in

. . 2
jAMES Modeling Earth Systems 10 T :
. . % Oceananigans12gy;, ® Ocean models
RESEARCH ARTICLE A GPU-Based Ocean Dynamical Core for Routine ® Atmospheric models
10-1029/2024MS004465 Mesoscale-Resolving Climate Simulations . * Oceananigans12res: ® Climate models
Special Collection: Simone Silvestri' ), 1Gregory L. Wagni-:r1 , Navid C. Constmlltinouz‘3 y Christophtir N. Hill", 107 ¢ ®
The CliMA Earth System Model ~ Jean-Michel Campin®, Andre N. Souza™ "“, Siddhartha Bishnu™ *~, Valentin Churavy", VEROS:ps
John Marshall' ', and Raffaele Ferrari'
Speed cms !
. I:(l\)~ l;'l‘gi()ll 1 '-g 100 - -
1S B
E LICOM:’ * Oceananigans48gpg,
— HadGEM3 G,
| , : “ 107f ® 2o |
10°* 107! 10" 'O[
I Sz
T‘g E(k): nl-gl()n 2 '9(0‘0
3 [ S
N _2 iHESP %, OceananigansAP
1072} 2y *
(o] T AVISO /J% .
= il A IPC(C Increasing Increasing LLC4320 ° *
L L 1 efficienc resolution
E(k) : region 3 CMIP y COSMO .
i ; resolution ' = = B ' '
| 9 10 ! 1, !
- A~10km 10 107  A-1km 10" A~500m
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https://github.com/clima/Oceananigans.jl
https://github.com/clima/ClimaOcean.jl



Differentiable programming for full-model / end-to-end learning

Differentiating a GPU-enabled ocean model

in Julia via AD & transpilation tools PDl4€arth
Enzyme.jl & Reactant.ji

Oceananigans.jl & ClimaOcean.jl
Silvestri et al., JAMES, (2025);Wagner et al., arXiv (2025)

- Optimize ~ Optimize

| s

y h y = ,
. [ - \ | / \ ""‘.‘ OceananlgansRlz p
, ﬁ : | / )

y y / )
A ,"/ _— 4 y y .
- ___ y 7/
// \\ 3 5
N EXE 3
N Ve

Enzyme % N -
LT LT

Lower \> . :

® o

Enzyme.jl: Moses etal., SC’22, ICCS’23 6
Reactant. jl: PPoPP '23; Moses et al.

(2025) submitted.




0

Derivatives are ubiquitous in machine learning (training neural
networks, Bayesian inference), scientific computing (uncertainty
quantification, simulation)

Enzyme: Fast, Parallel, and Rewrite-Free Derivatives

Enzyme synthesizes derivatives of arbitrary code within the compiler

Differentiate code in any LLVM-based language (C/C++, Julia,
Rust, Swift, Fortran, Python, etc) without rewriting it!

Operating after and alongside program optimization generates
asymptotically and empirically faster derivatives

First automatic differentiation tool to handle arbitrary GPU kernels




Reactant.jl - https://enzymead.github.io/Reactant. |l

e Optimize Julia Functions With Multi-Level Intermediate Representation (MLIR) and XLA
for High-Performance Execution on CPU, GPU, TPU and more

e Preserves high-level structures from Julia code into the compiler
— Effectively optimize programs

— Effectively retarget programs (allowing them to run on distributed clusters of your
favorite accelerator, including CPU/GPU/TPU)

e Can leverage XLA (SOTA runtime, used by TensorFlow, JaX, & PyTorch)

e Compatible with mutation, control flow A

e Compiled single-node CUDA version of
Oceananigans.jl to execute on
thousands of TPUs and GPUs

H Surf d (ms~' lati icity (105 s~ f °C
Moses et al., 2025, submitted , SrEEeeeare) e | R


https://enzymead.github.io/Reactant.jl

Conclusion

Oceanography (like much of geoscience) is a sparse-data science (obs. data)
Important to use information encapsulated in equations of motion
— inverse methods (“data assimilation”) provide a framework for doing so

Correspondence between adjoint and backpropagation in ML should be
exploited in coupling physics models & surrogate models

— full-model learning/calibration/estimation/initialization

Julia language provides promising opportunity through its focus on
differentiable programming & general-purpose AD

Powerful uses of gradients beyond optimization/”’learning”
— Reduced-order modeling & dynamical attribution using sensitivity kernels

— Hessian-based uncertainty quantification (UQ)

— Optimal Experimental Design (OED)
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