COLUMBIA
UNIVERSITY

@LE/\D

&

National
Science
Foundation

‘ K LhMONth]:

Schmldt Sc1ences

¥ USMILE

Pierre Gentine

Columbia Engineering & Climate School

Director, LEAP Center




®

vavavavavavava

&

Global average temperature
since 1850 (°C)

Current projections are still too uncertain

Even for (simple) global metrics such as surface temperature
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o Out-of-distribution and non-stationary prediction
- challenge for any machine learning models

Some partial fixes exist

o Need capacity to run counterfactuals - “what if”

—> a proper Digital Twin

o Obviously, but often forgotten, we need data!
- Many processes do not have data e.g. land carbon cycle history

Unique challenges of climate (continuing Chris’ talk)

Raw inputs x pmd ™) 525595 |y Ry outputs y

Beucler et al., Sci Adv 2024



@ Strategies to improve climate modeling

1. Unresolved processes: parameterized, resolved or emulated:
Resolving more scales, fewer parameterizations.

We can now resolve many processes ing
cnine \e?
N Ma
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‘ (Global) Cloud Resolving Models
Large Eddy Simulations
Direct Numerical Simulations
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Total anthropogenic|

2. Unknown processes: learned or modeled: L NLE e

Effective radiative forcing (W m~)

Many processes cannot be simulated: microphysics, blogeocnemlstry
- Use observations (experimental, in situ, remote sensing) to learn and improve processes
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—_— Gentine et al. 2021; Zanna et al., 2021 (Deep Learning for the Earth Sciences Linking Physics and Deep Learning Models)



% Strategies to improve climate modeling

3. Machine learning the entire thing

Rregies to improve climate modeling

. Unresolved processes:
Resolving more scales, fewer arameterizations.
We can now resolve many processes
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2. Unknown processes: = .
Many processes vannol, Imiluated )
intorophysics, blogoochemistry
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learn and improve processes K 4]
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@ Gentine et al. 2021; Zanna et al., 2021 (Deep Learning for the Earth Sciences Linking Physics and Deep Learning Models)



@ Emerging strategies

Two main strategies are gaining tractions in the physical sciences
1. Machine-learning emulation of entire model/components.

Date: 0312-03
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- Duncan et al. 2025 arxiv, Fang et al., JAMES 2024, arxiv 2025, Hafner et al. 2021



Emerging strategies

Date: 0312-03

Scaling with problem size Simple to
Wall time per 1M grid cells (lower is better) write
Fortran
i NumPy + MPI Scales
JAX + MPI
Fortran + MPI
i s "o ", s Runs on any
10 10 10 10 10 hardware
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CoLum Number of grid elements
UNIVERSITY

== Duncan et al. 2025 arxiv, Fang et al., JAMES 2024, arxiv 2025, Hafner et al. 2021



% Example differentiable model: Land Model

DifferLand: end-to-end differentiable global land model with observational operators. ﬂ

Al-ready : Estimate Initial Conditions, ML or Physics Parameters

Agile and Fast: Can be run on laptop, HPC (CPUs or GPUs) or on the cloud!

Al-ready: Merges Data Assimilation & ML

Meteorological
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Parameterization
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Example: parameterization estimation: water stress

Photosynthesis fraction
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Example differentiable model: Land Model
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Example differentiable model: Land Model

Example: spatial parameter estimation

Mechanistic

Latent Variables: Ecological Parameters of the TBM :

Forcing F(t-1)

Forcing F(t) Forcing F(t+1)

Pools Pools
P(1) Il T e

A4 v v

Simulation Simulation Simulation
7(t-1) (1) Y(t+1)
L(t-1) L(t) L(t+1)
Observation Observation Observation
Y (t-1) Y(t) Y(t+1)
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Example differentiable model: Land Model

Example: spatial parameter estimation

Mechanistic
Latent Variables: Ecological Parameters of the TBM :
Forcing F(t) Forcing F(t+1)

Forcing F(t-1)
Pools

Pools
P(t+1

P(t)
v
Simulation

Y (t+1)

Simulation
Y(t)
L(t+1)

v
Simulation

Observation

Y(t-1)
L(t-1) L(t)
Observation Observation
Y(t-1) Y(t) Y(t+1)
T AssimilationT
e — e —
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Example differentiable model: Land Model

Example: spatial parameter estimation

Static Input Maps
Spatial Predictors :
E CLIM+PFT+SOIL+AGE
Mechanistic
Latent Variables: Ecological Parameters of the TBM :
Forcing F(t) Forcing F(t+1)

Forcing F(t-1)
Pools

P(t+1

Pools

P(t)
¥ v
Simulation Simulation Simulation
7(t-1) Y(t) Y(t+1)
L(t) L(t+1)
Observation Observation
Y(t) Y(t+1)

L)
Observation

Y(t-1)

T AssimilationT
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Example differentiable model: Land Model

Example: spatial parameter estimation
nformation Direction During Forward Path (Prediction)

Static Input Maps
. Spatial Predictors :
. CLIM+PFT+SOIL+AGE . . . . ) . . )
Yy VvV .+ Direction of Gradient Flow During Backpropagation (Calibration)
1 Mechanistic
Spatialization Network Latent Variables: Ecological Parameters of the TBM
Forcing F(t-1) Forcing F(t) Forcing F(t+1)
Pools Pools
P(t) P+ 1 il
¥ ¥
Simulation Simulation
Y (t+1)

Y(t)
L(t+1)

Simulation
Observation

Y(t-1)
L(t-1) L(t)
Observation Observation
Y(t-1) Y(t) Y(t+1)
T AssimilationT
e — e —
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Example differentiable model: Land Model

Example: spatial parameter estimation

Static |nPUt MaPS Information Direction During Forward Path (Prediction)

. Spatial Predictors
:  CLIM+PFT+SOIL+AGE

R 1 ............ .+ Direction of Gradient Flow During Backpropagation (Calibration)

Mechanistic

Spatialization Network

l Forcing F(t-1)

Pools
P(t)

Forcing F(t)

Latent Variables: Ecological Parameters of the TBM

Pools

P(t+1)

Forcing F(t+1)

v

Simulation Simulation
Y(t-1) Y(t)
L(t)
Observation Observation
Y(t-1) Y(t)

v
Simulation
Y (t+1)
L(t+1)

Observation
Y(t+1)
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Outputs

Analysis & Forecast
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Mean Annual Temp(°C): 30.8%
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Top Down: Atmospheric NBE Inversion

Global

CMS: -2.08+0.10 PgC/y
ifferLand: -2.53+0.62 PgC/y

-== CMS-posterior
—— DifferLand-WITH-CMS

2012 2014 2016 2018 2020 2022

South American Tropical

2010

CMS: -0.20+0.02 PgCly
DifferLand: -0.27£0.13 PgC/y

2014 2016 2078 2020 2022

South Africa

2010 2012
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CMS: -0.02+0.03 PgC/y
Differliand: -0,05£0.10 PgC/y;
L i

2010 2012 2014 2016 2018 2020 2022

North American Boreal

1+

CMS: -0.20£0.01 PgCly
DifferLand: -0.16+0.05 PgC/y

2012 2014 2016 2018 2020
South American Temperate

2010

2022

-

CMS: -0.09£0.02 PgC/y
DifferLand: -0.03+0.08 PgC/y

2014 2016 2018 2020

Eurasia Boreal

2010 2012

2022

CMS: -0.28+0.02 PgC/y
DifferLand: -0.41+0.09 PgC/y

2010 2012 2014 2016 2018 2020

2022

Bottom Up: Eddy Covariance

() )

EC Mean GPP (gC/m?/day)

13) =0.874, p=0.000 . e

o, -CNM
Emé CRO
M CSH
DBF
B EBF
B ENF
B GRA
- MF
-
—]

y=1.09x-0.05

OSH
SAV
N WET
WSA

0 2 4 6 8 10
DifferLand Mean GPP (aC/m?/day)

10

EC RECO (gC/m?/day)

.
\

b) 7

r: 0.844, p=0.000 ;
y=1.03x-0.09 S

4 6 8 10 12
DifferLand RECO (gC/m?/day)

GPP

RECO



Robust Generalization at Unseen Locations

LAl (m2 m~2) SIF (MW m~2 nm~1sr71) NEE (gC m~2 day 1) Water Anomaly (kg H,O m~2)
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Vision for fully hybrid model

Hybrid (physics+ML) ESMs
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LEGO Land: swap not | or zations but entire modules
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% Generative Al for simulation, data assimilation and downscaling

Diffusion model to emulate distribution of complex physics simulation pg(TIm, s, C, d)

CMIP6 temperature map (T)

® CMIP6 model (m)
® SSP scenario (s) -
® CO,eforyeary (C) — ¥ Diffusion model
® Day of the year (d)
MPI-ESM1-2-HR
B Diffusion Sample 0 Diff (Sample—CMIP6 model)

280

260 3

Val

240

o 20 4“0 60 80 100 120 220 80

40 60 100 120 . 0 20 60 100 120
“ears: ssp2_4_5 (365-day calendar) Years: $sp2_4_5 (365-day calendar)

40 80
Years: ssp2_4_S (365-day calendar)

W Ssample

COLUMBIA 240 260 280 300
NS Temperature (K)

| Immorlano et al., submitted



@ Generative Al for simulation, data assimilation and downscaling

Diffusion model to improve accuracy of complex multi-scale stochastic physics
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Non blurry!

- Oommen et al. arXiv 2024, Nathaniel, Gentine et al, arxiv
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@ Generative Al for simulation, data assimilation and downscaling

Diffusion models (Dall-E) can be used for many applications and embedded in hybrid models

Data Assimilation

aussian

-c
1'%
o=
~a
[2]

e
2
N -3
\%% 5 }
|
7

S — o :_ Latent Space Denoising )

*Training phase only

Conditioning

Nathaniel, Qu, Li and Gentine CVPR Best Paper 2024; Mardani et al., 2024; Lockwood et al. 2024 JGR Atmos; Fan et al. submitted



@ Generative Al for simulation, data assimilation and downscaling

Diffusion models (Dall-E) can be used for many applications and embedded in hybrid models

Downscaling

HWIND (target) HWIND (target)
Column: Hurricane Irene Column: Hurricane Frances
Time step: 2011-08-25-21 Time step: 2004-09-03-15

-

NN model (prediction) NN model (prediction)

ERA (original data) ERA (original data)
[ _
h v T g |
COLUMBIA 0 0 20 3 40 0 2 N 4
UNIVERSITY m/s windspeed m/s windspeed

—— Nathaniel, Qu, Li and Gentine CVPR Best Paper 2024; Mardani et al., 2024; Lockwood et al. 2024 JGR Atmos; Fan et al. submitted



