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1. Introduction: climate uncertainties and the role of subgrid processes




Current gap: Climate Adaptation is Needed

B Soclimlork Blumes

But adaptation requires:

Climate change Is fueling deadly heat waves

in India. It's putting the country's . : 7
s o Spain Bakes in Summer-Like Heat,

and Worries About What Comes Next

The Aprll temnperatures, over 100 degroes Fahronheit in scene
places, come on 1o of & long-running deought that has depleted
remervoirs and dried up folds >

(8 e e e i

- Accurate information (projection) about the future using climate models

- Broadly and easily accessible climate projection information
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Flood Fort Lauderdale 2023, Extreme heatwave in India and Spain (April 2023), Canadian wildfire smoke NYC (June 2023)



% Yet, current projections are still too uncertain

Even for (simple) global metrics such as surface temperature

Global Surface Air Temperatiwr€MIP6 (New Generation)
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% Regional climate and carbon cycles are even more uncertain

O Regional precipitation is quite inaccurate, especially for extremes
(b) JUA Precip. probability — US (3houly)
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Unresolved or Unknowr,JNR O S & & S ®aramStéjridationsdS &
Causing Projection Uncertainties

Clouds Ocean Eddies Photosynthesis

Model
Spread

Astateon lo VEG-2005 (" )

0 Model errors dominate (>50%) uncertainties <50 years

Gentine et al.. 2018 Geo Res Lett. Newsom. Zanna et al.. 2020 Geo Reasedétipsteiret al. 2006 J Climate: Green. Seneviratne, Gentine, Nature 2019



B
SE
i

@ Strategies to improve climate modeling

1. Unresolved processes:
Resolving more scales, fewer parameterizations.
We can now resolve many processes

A
100
years

‘ (Gobal) Cloud Resolving Models
Large Eddy Simulations
Direct Numerical Simulations
S |
mm m 103km

2. Unknown processes
Many processes cannot be simulated: microphysics, blogeochemlstry
A Use observations (in situ, remote sensing) to learn processes

Gentine et al. 2021: Zanna et al., 2021 (Deep Learning for the Earth Sciences Linking Physics and Deep Learning Models)



@ Harvesting the Data Revolution to improve parameterizations

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

1. Massive data from Earth 2. Highresolution 3. Progress in machine learning
observation simulations P :

Science:

TRANSFORMS
SCIENCE

-----------------------------------------------------------------------

Gentine et al. 2021: Zanna et al., 2021 (Deep Learning for the Earth Sciences Linking Physics and Deep Learning Models)
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1. Introduction: climate uncertainties and the role of subgrid processes

2. Al: from climate process emulation




f _ _ ML-based subgrid scale parametrization \
High-resolution

simulations/Observations

Neural networks

Coarse -graining
~——h st iC EXINLS
—tils

Coarse -
grained state
variables

Prediction

Improved climate
projections

N

Resolved Pararameter
Fields ization

Trained MLalgorithm
(data-driven parametrization)

\ ML-based parametrization ‘




Across Space
' Phenolog):“ v..i:ﬁ.,. / Modeling the Climate System Radiation

/.‘ Across Time
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Zhao et al. 2019 GRL:Biawiet al 2023 ERL: Buch et al. 2023 GStizimekiet a: JAMES in reviewahlouet al. in prep
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@ Learn subgrid convection parameterization with machine learning

A Main strategy: use highesolution cloueNB 84 2 f Ay 3 Y2 RSt 6F86 |vao RIGI
development (supervised learning) at coarse resolution

o 12

Gentine et al 2018 GRL; Rasp et al 2018 PNAS; Gentine et al. 2021; Zanna et al., 2021 (Deep Learning for the Eaittki8 gi¢thgesscs and Deep Learning Models)



@ Learn subgrid convection closures with machine learning

A Main strategy: use highesolution cloueNB a2 f Ay 3 Y2 RSt 6F86 |vao RI
development (supervised learning) at coarse resolution
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Gentine et al 2018 GRL; Rasp et al 2018 PNAS; Gentine et al. 2021; Zanna et al., 2021 (Deep Learning for the Eaittki8 gi¢thgesscs and Deep Learning Models)
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Real geography results @ffine Community Atmosphere Model (CAM)
Onlinein ICON with Max Planck/DLR

Cloud- Resolvmg Model Cloud- Resolvmg Model
Truth oy : ‘

Super-param. L ‘7
(SPCAM) o -
simulation
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Skillful convection emulation with continents
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Mooers et al. (2021)JAMESBehrens et alAMES 2022, 202deuer et al. 2023 submitted
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Inclusion of ML parameterizations leads to
Stepchangein climate model quality

Online alobal simulation@
Precipitation diurnal cycleCAM+ICON)
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Rasp, Pritchard, Gentine., 2018 PNAS; Behrens, Eyring, Gentine submitted
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Challenge: oubf-distribution prediction: climatechange
Solution:Hybrid Multifidelity approach merges physics with ML to extrapolate

@ Main Challenge for ML: Generalization
A
A
A

BeSt Of bOth W0r|dS R? of moisture tendencey on future projectionf(+4K)

Standard (low fidelity)
Parameterization
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Trust, interpretability, generalization
Challenge 1: Generalization

A Challenge: oubf-sample, outof-distribution prediction/sampling bias
A Solution:embed physical invariances/equivarianadong Lie groups in ML
(e.g., dimensionless numbers or rotational equivariance to collapse distributions)
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% Trust, interpretability, generalization
Challenge 1: Generalization

A Challenge: oubf-sample, outof-distribution prediction/sampling bias
A Solution:embed physical invariances/equivarianadong Lie groups in ML
(e.g., dimensionless numbers or rotational equivariance to collapse distributions)
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@ Trust, interpretability, generalization
Challenge 2: Trust + interpretability

A Challenge: crossorrelations can fool ML
A Solution: mergeausal discovery with ML
A more interpretable, more trustworthy

Drop connections based on

causality: a very sparse NN
NN CausalNNs
1o e
(2) dT/dt (2)
¥ 2) @ ) ® o/ é) :
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lglesiazlSuarez, Eyring and Gentine., submitted



Causality: going beyond correlations

Online global simulations

SPCAM Causally-informedNNCAM Non-causalNNCAM
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Journey through the use of ML in climate science
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1. Introduction: climate uncertainties and the role of subgrid processes

2. Al: from climate process emulation
to new discoveries
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@ From emulation to understanding
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o Convection camaggregate

o0 Aggregation has a large impact on:
- Humidity

- Radiative cooling

A Enhances radiative cooling

A Potentially impacts climate sensitivity

- Precipitation

A Increases accumulated precipitation

New discoveries:ICloud organization

wl yR2Y 02y dSO
Clouds (white surfaces), near-surface temperature K (colors) 1
(a) L=198km: disorganized convection b
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(b) L=510km: convection self-aggregates
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Muller and Held 2012, JAS 24
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% Can we learn the implicit role of subgrid (micro) scale on precipitation”

A Science questions:
A Does P = F (X coarseale subgrid scale stuffimprove prediction?

A Can we explain (some of) teéochasticity? Still unclear how to model it.

STOCHASTIC PARAMETERIZATION

Toward a New View of Weather and Climate Models

JupiTH BERNER, ULRICH ACHATZ, LAURIANE BATTE, Lisa BENGTSSON, ALVARO DE LA CAMARA,
Hannanl M. CHrisTENseN, MaTTEO CoLaNGELl, DaNIELLE R. B. CoLeMaN, DaaN CROMMELIN,
Stamen |. DoLapTcHIEy, CHrisTIAN L. E. FRanzkE, PETRA FRIEDERICHS, PETER IMKELLER, HEIKKI JARVINEN,
STEPHAN JURICKE, VassiLI KiTsios, FRANCOIS LOTT, VALERIO LUCARINI, SALIL MAHAJAN, TiIMOTHY N. PALMER,
CetciLe PENLAND, MIRJANA SAKRADZIJA, JIN-SONG VON STORCH, ANTJE VVEISHEIMER,

MicHAEL WENIGER, PauL D. WILLIAMS, AND JUN-ICHI YaNO

Stochastic parameterizations—empirically derived or based on rigorous
mathematical and statistical concepts—have great potential to increase the
predictive capability of next-generation weather and climate models.

25

Shamekh Lamb, Huang and Gentine, PNAS 2023
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A Data:

DYAMOND Storresolving model experiment
Tropical band (2080N), ~2.5km resolution,
10 days of simulations

108 data points

A Predicting precipitation
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Shamekh Lamb, Huang and Gentine, PNAS 2023
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@ The inner gut: learning organization etmtend

A Strategy: Learning precipitation and organization (implicitly) in tandem

a. Data preprocessing b. Baseline-NN
High resolution X Large scale X
- ‘ﬂ vy,
: T &

Coarse gram» £ Large-scale X {77 /¢ : 3 .

ol i SST N .
s, 8 W o Py P

T g

2

PW 100Km P: Precipitation

Shamekh Lamb, Huang and Gentine, PNAS 2023



@ Learnt organization dramatically improves precipitation predictions

A Precipitation and its stochasticity are very well predicted with org

10° 4 S True
L Dvadirtad

What did we learn?
Organization regulates precipitation extremes and their prediction

Precipitation stochasticity is mainly due to convective aggregation
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@ New discoveries Zymbolic regressiog equation discovery

A Example for ICON (offlinedoud cover

p

A Projection on library of functions 6 S(VEY (A YOO YD  Fr—rr—
More interpretable, more trustworthy. Improve upon highs ICON model.

Cloud cover [%]
Tuned Xu-Randall scheme on ERA5

Coarse E_quati on
ICON discovery
ICON

HighRes
ICON

120°wW 60°W

0 15 30 45 60 75 90

GhoaSNDI GA2yaé
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1. Introduction: climate uncertainties and the role of subgrid processes

2. Al: from climate process emulation
to new discoveries

3. Solutions and challenges for ngdneration climate models
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@ How can we improve climate projections?

Solution 1. Using Al to harvest the data

Challenge : Climate models cannot easily
revolution : high -resolution simulations  or

integrate Al (old languages like Fortran)

MAeatyr ekr NeWAadeAr aAe k NA rghdEssihBate dafar N
A D|ff|cult to harvest the data revolution

processes

Coarse
graining

Genti ne20eltBRAl Ras p?2 @1iP8NAAIS. ShamekRio2BNASI


http://drive.google.com/file/d/18zgyg-b-eASBNvzx4f1g8XlXCX-Iu1ib/view
http://drive.google.com/file/d/18zrC-tvsi3J9A0bLZa1AucyYaWGFz5Qq/view
http://drive.google.com/file/d/19-DyLyFpXkgo987UyIvpMlpxDKvkMxBI/view

&

Solution 2. Increasing compute to better
resolve processes : Exponential cost with
resolution

Climate Models circa carly 1990s

Global coupled climate
models in 2006

How can we improve climate projections?

Challenge: Climate models do not leverage
modern hardware GPUs or TPUs and are based
on old hardware infrastructure (CPUSs).

Legacy of low -level Fortran code, not agile to
different hardware, plateauing performance
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Schneider et al. 2019 Nat Climate Change
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Solution 3. Accelerate progress on climate
model developments and theories

av - A 1 -
Db @V +fhX Ty + —Vyp = F
ot Po
?h-$h+@ =0
0z

How can we improve climate projections?

Challenge: Climate models are based on
old programming languages and are very
DZ, RR d O? A motimatusive:r Nhuge
barrier to progress

34



How can we improve climate projections?

ACLE/\AA/Ar
N/\ ENr e A?

Solution 4.  Accurate quantification of >t AKAN
internal variability (and extremes) A EADAN®
NAr NBk

' 2 >(

Fractional contribution
to total uncertainty (%)

Global annual decadal mean
temperature (K), relative to 1 5."35.'.2.“1‘;'00

CMIP6 (21)

1960 1980 2000 2020 2040 2060 2080 2020 2040 2060
Time (year) Time (year)

1979-2012 DJF surface air temperature trends (K/34 years)
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Lehner et al., 2020 ESD 35
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1. Introduction: climate uncertainties and the role of subgrid processes

2. Al: from climate process emulation
to new discoveries

3. Solutions and challenges for nedneration climate models

4. A vision for nexgeneration climate models
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THREE PILLARS

1. Modern code & compute
Pythonbased: more inclusive

+ JAX /GT4Py for fast compute (GPUSs)

A vision for nexgeneration climate modeling

& GridTools
sXCLAIM

4 & B

Scaling with problem size
Wall time per 1M grid cells (lower is better)

[ _om=® NumPy

i I B B e B A R s pd
10" 10° 10 10" 10° v
MNumber of grid elements Better

Hafner et al 2021 JAMES; Ben-Nun et al. 2022



B

@ | OAAA2FSFANI §REV Of AYE (¢

THREE PILLARS

1. Modern code & compute
Pythonbased: more inclusive
+ JAX /GT4Py for fast compute (GPUSs)

Scaling with problem size
Wall time per 1M grid cells (lower is better)

& GridTools
10 4 =, B ettt S
sXCLAIM :

{ [ _om=® NumPy

_____ == Fortran

e JAX+ WP
i & Fortran + MP
i | LR B e e s
10" 10° 10° 10" 10° v
MNumber of grid elements Better

Hafner et al 2021 JAMES; Ben-Nun et al. 2022; EXCLAIM



@ How can we convert codes (faster)?
Generative Al with humaim-the-loop can help translate code faster: test on Community Land Model

OPEN EDITORS

Scaling with problem size

DEMO

A Runtime per 1M computations

& Fortran

Runtime (s)
E|':
&
-

10
2
10
OUTLINE r : ai | -3 & T L]
TiMELINE ; 10 10 10 10 10
OOXML VIEWER 8% i . s
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Zhou, Hawkins, Gentine, NeurlPS 2023



@ A vision for nexggeneration climate modeling

¢l w99 tL[][! w{
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Hafner et al. JAMES 2022; Automatic differentiation: Chen, Appling, Gentine et al Nature Reviews Earth & Environment 2022
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@ A vision for nexgeneration climate modeling

¢l w99 tL[][! w{
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To answer important scientific questions withiflD years such as:

- Can we narrow down climate sensitivity? Causal effect of coupledlimwd
versus deep convective ascent.

- Projecting trends in regional droughts. Which regions will be drying?

- Impact of those droughts on the terrestrial carbon cycle?

o
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Evring, Gentine, Camps-Valls, Lawrence, Nature Geo, in review:; Schiro .. Gentine et al. 2022 Nature Communications
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Earth
Observations

Km-scale
climate models
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Questions and Answers

Hybrid (physics+M L) ESMs
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Driving impact models
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@ Summary

A vision for next generation climate model to address societal needs

Goal: build thefirst full climate model based on:

- modern language (Python)

- scalable + flexible hardware (GPUSs) . 37‘477“\&"

- seamless integration of Al to harvest global data

45


http://drive.google.com/file/d/18zgyg-b-eASBNvzx4f1g8XlXCX-Iu1ib/view

@ Summary

A vision for nexigeneration climate model to address societal needs

Goal: build thefirst full climate model (starting with atmosphere and land) based on:

- modern language (Python)

- scalable + flexible hardware (GPUSs)




A vision for nexgeneration climate modeling
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model_vanilla = Sequential()

model_vanilla.add(Dense(n_neuron, activation=activation,input_shape=(X_train.shape[1],))) # the 1st hidden layer
model_vanilla.add(Dense(n_neuron, activation=activation)) # the 2nd hidden layer
model_vanilla.add(Dense(n_neuron, activation=activation)) # the 3rd hidden layer
model_vanilla.add(Dense(y_train.shape[1], activation='linear')) # the output layer

model_vanilla.compile(loss='mse',optimizer=tf.keras.optimizers.Adam(learning_rate=learning_rate))

early_stop = keras.callbacks.EarlyStopping(monitor='val_loss', patience=20)

history = model_vanilla.fit(X_train, y_train,

batch_size = minibatch_size,
epochs = num_epochs,
validation_split= 0.2,

verbose =1,

callbacks = [early_stopl)

O i o,
LmrnmaTy
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—_— Evring, Gentine, Camps-Valls, Lawrence, Nature Geo, in review: Automatic differentiation: Chen, Appling, Gentine et al Nature Reviews Earth & Environment 2022
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Bringing observational data into climate model development core

A No perfect model, even at higiesolution €.ghighres ICON ~10W/m2 bias or cloud cover)

A Data assimilation led to weather quiet revolution due to increasing data (~ like Al)

98.5
95.5
90
80
70
60
50
40

30

Forecast skill (%)

— Day 3NH — Day 5 NH Day 7 NH Day 10 NH
Day 3 SH Day 5 SH Day 7 SH Day 10 SH

p—

___—» More data

P WO
M&S 1989 1993 1997 2001 2005 2009 2013

Year

A Traditional data assimilation focuses on
trajectory correctiont initial conditions

Traditional data assimilation
Assimiation Assimilation
step step

\\ \,/ '

time

A Not applicable to climate: need excellent future model
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@ New data assimilation for climate

e
0
I%:C

A Key differences with traditional techniques:
1. Does not correct trajectories baorrects the model parameters/structurg¢predicting into the future)

2. Does not consider individual realizations biattistics

Potential
Vorticity

Statistically steady state Parameter dependence of distripution
3. Merges Machine Learning with Data Assimilation techniques:

harvest data at scale + uncertainty quantification + indirect observations

49




Climate models use parameterizations of subgrid processes
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Understanding Cloud organization

A Clouds organize in observations

Stevens et al, 2021 Journal of the Meteorological Society of Japan
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effective climate actions another problem altogether

Climate
rediction Da

Modern cloud infrastructuréo empower climate action with an
ecosystem of local partners, especially in Global South (with
Climatematch Academy)

Knowledge Transfer Effective

+ Climate

Diversity, Equity, Action
Inclusion

Transparent, inclusive and ethical
same climate data accessible
by anyone across the globe
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Inclusion of ML closure leads to
Stepchangein climate model quality

Online global simulation@
Precipitation diurnal cycleCAM+ICON)

Local time of day
Neural Network
o ~ ke .

2>
S, - Yo .‘.. N\ 4
a — oo 8 -' -
\ A" >
3 2

d) United States [27 °N - 51°N; 117 °W - 70 °W]

0.075
0.0701 —— SP-CESM
—— ANN-CESM
0.065 —— ANN-ens-CESM
—— ZM-CESM
0.060
0 5 10 15 20

Local time of day
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Rasp, Pritchard, Gentine., 2018 PNAS; Behrens, Eyring, Gentine submitted



@ Issues: ConvectionDL instabilities & spurious correlations

SPCAM ) Artificial Neural Network (NN) =) NNCAM
learning subgrid processes as ( onl i ne )
represented by the SP component
Zonal -mean temperature o
SPCAM NNCAM 9x256 (ours)  NNCAM 1x256 NN-parametrizations can capture
li‘ many aspects of CRMs
200 4.5
- 50 ¥  Issues
% 400 a Iy U Spurious correlations between
g oo &  Stratosphere and boundary layer
5900 15 & Ulnstabilities in the coupled runs
& 200 _30&  (NNCAM) under a number of setups
-45 U Generalization: Limitations with
— T T T out-of-sample temperatures
-90-45 -20 .0 20 45 -45 -20 .D 20 45 -45-20 ‘0 20 4590 il Does not conserve energy
Latitude Latitude Latitude
o 54

Rasp et al. (201&NASBeucleret al. etal. (2022)Phys Rev Letters



SP-CAM

NN-CAM

O a8,
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Pressure [hPa]

Pressure [hPa]

SPCAM +1K +2K +3K +4K
200 - ! '
400 -
_’ ‘_
600 7 equatorial || poleward,
800 Q & contraction| upward
T T T T T T T T T T T T T T T T T T T T T T T T T
60-30 0 30 60-60-30 0 30 60-60-30 0 30 60-60-30 0 30 60-60-30 0 30 6
Latitude Latitude Latitude Latitude Latitude
200 -
400 |
)
600 -
800 - Q &
T T T T T T T T T T T T T T T T T T T T T T T T T
60-30 0 30 60-60-30 A0 A 30 60-60 -30 f 30 60-60-30 0 30 60-60-30 O 30 60
Latitude Lafituge Lafjtud Latitude Latitude
ITCZ shift double ITCZ

failure mode

failure mode

le-5
3.6
2.4
1.2
0.0
=132
-2.4
-36

3.6
2.4
1.2
0.0
=1.2
-2.4
-3.6

ATppys [Ks71]

ATpnys [Ks™H]
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A Challenge: oubf-sample, outof-distribution prediction/sampling bias

A Solution:embed physical invariances/equivarianadong Lie groups in ML
(e.g., dimensionless numbers or rotational equivariance to collapse distributions)

Inputs Qutputs

“Brute-Force"
_ . I
mapping
j “Climate-Invariant” /\
— . I
mapping

Rescaled Inputs Rescaled Outputs

SPCAM3

(-4K) 1.00
0.75
0.50
0.25

0.00

(+4K)

(a) Brute Force
|
=]
o

I
e
181}
o
oefficient of determination R?

(b) Climate-Invariant

-0.75 0

—-1.00

— 5 — - — - — - 56
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@ Trust, interpretability, generalization
Challenge 2: Trust + interpretability

A Challenge: crossorrelations can fool ML
A Solution: mergeausal discovery with ML
A more interpretable, more trustworthy

Drop connections based on

causality: a very sparse NN
NN CausalNNs
1o e
(2) dT/dt (2) o O
XS(Z) : ) : dQ/dt é) : : ®
o8 s ¢ o 3
E @ (&
In= hb r IN=cau _ ()(NZ6
o Hidden layers ., sal Hidden layers
Number =9 Number =9
” o

--------- Iicausal 2 Oj € P(Oj)

lglesiazlSuarez, Eyring and Gentine., submitted



Causality: going beyond correlations

Online global simulations

SPCAM Causally-informedNNCAM Non-causalNNCAM
300 - — -
meanm— mean bias ‘ C 111 GrtiE— '
200/ e ‘ E e
3 ’ 2 2
< 400! o
L
g 0 L
5 600! ‘
[ -2 -2
800 -4 -4
90°S  30°S EQ. 30°N  90°N 90°S  30°S EQ. 30°N 90°N 90°s  30°5  EQ
le~ ’ le~ le~
G tendencies 6 H tendencies 6 | tendencies 6
200 P ' 4 4
‘ano % ' 2 2 n
@ X
g 0 0 0 <
gsoo o .2 -2 =
Q
800 -4 -4 -4
-6 -6 -6
| E | =
90°s  30°S EQ. 30°N 90°N 90°s 30°S EQ. 30°N 90°N s 30°S EQ.  30°N 90°N
Latitudes Latitudes Latitudes

Coiim
Usermuy

IglesiazSuarez et al., submitted



@ Why ETH

A 1CON ongoing work

A Aligned vision on higtevel code and high comput&lgeteoSwissE TH)

A Continued collaboration on land (MPI)

A Strong climate group (including impact), who would be using new model outputs
A Strong CS group, plus interested in climate and climate modeling

A Key partnership wittMeteoSwiss pioneer in the use of GPUs

real i stic

Current

B
SE
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Goal: Estimate
parameterization
parametersé

az2RSf

Other strategy

Use physical insights to improve (phenomenological) subgrid models
+systematic model tuning

(with statistical emulation for speedup)

Reference
LES

SSNNNNNNN

N

4%
?P
49%

Highresolution
Simulation as truth

3. Sample n parameter ensemble and run n SCMs +—

SSSE
M7

SCM, SCM,, SCM,,
From SCMs compute metncs

4. Build emulator to predict the metric for any
values of parameters

GP=>E(f), \(Var()

Buisnooyal aAnels)| ‘9

5. Compare metrics to reference metric and rule out—

impossible values of parameters
=> Refined plausible space of parameters

i dzy A y 3

Sample: Coarse
resolution model MCMC
ong

Emulator onp

Calibrate

e
0
I )
SE
=4

Couvrewet al. 20200AMESCleary et al 2021 Comp Phys
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Evolution of Global Climate Models

Upper Atmosphere

Atmospheric Chemistry

Dust/Sea Spray/Carbon Aerosols

Atmospheric/Land Surface/Vegetation Coupled Climate Model
Sea lce

Sulfate Aerosol
Biogeochemical Cycles
Carbon Cycle

Ice Sheet

Marine Ecosystems

60s |70s 80s 90s  00s 10s

Simple climate models have evolved into complex Earth System models
to answer many questiongnot just climate projections)




o

Eg
I%E:
=4

Caveat: parameterizations can have large structural errors

A Parameter tuning might bienpossible

?IOCON—A PPE results and targeted reference values for Cloud cover and prw

Ref. CERES, ERA-Interim
. ICOMN-aes-1.3
Observatlons 68 ® ICON-A 1st LHC PPE
\\> ® |CON-A 1st LHC PPE, optim TOA rad
+ ICON-A Znd LHC PPE
66 + |CON-A 2Znd LHC PPE, optim TOA rad
F \ Global Cloud Cover values
— b4
for CERES >~ 67%
model MCMC s
T TTT——S-62+
] I - e 27T ~
J ULt o2sis s for ICONaesl.3 ~63.5%,
. rl ‘t.t .
ol = e L for ICONA <62 %
. L ] . [ ]
- b
58 . L L
[ ]
56 : ; | ! !
23 24 25 26 27 28

water vapor path prw [kg/m?]

A Structural errors dominate many processes
A traditional data assimilation may not be feasible for climate

C2yvy Sy 9@eNAy3aIs DSvYiAyS SO If oy adoYAGGSR
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@ Caveat: parameterizations can have large structural errors

A Example of dry turbulence with statef-the-art model:

Eddydiffusion masdlux model ? + M0, - B)
Z

M S we'/we,
10 A 1.0 v
nversion layer , b |
0.6 i\ Bestflt/os' _ I AdEK ]
1 1 ReB “ b4 - -
4 coarsem ! NCB a 'zf t dzu A 2
0.6 - _ odel - ‘ U NHdzu K
= Mixed layer -
H N
0.4 0.4+ |
(12 | OO . 0.2 .
A 16-0.03 | \
Surface layer —_— 401 | \
0.0 |y 0.0 | .

-1 0 1
Vertical turbulent heat flux

A Even the best set of parameters still has substantial deficiencies

Shamekhand Gentine, submitted
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8

Bias of averaged cloud cover (area fraction) of 3  -hourly data from 20160811 to

20160820

G Randdll & min{RH’(1 — exp(-a(q. + qi))), 1}

Tuned PySR scheme on'ERAS -ERA5 3 Tuned Xu“Randall scheme on ERAS - ERAS (multiplied by 100)

; 7 -4’
-1 (?

-
e
%

4
.

%

A =

--..x%:j e e | h"g%’:
Z | A e P

| Sy Y

igé.%

oS | U
30°S \ :7 Xf)/g ;fu\‘” :\ 7 Zw))/ﬂ E;’U\\“
| i D 7 e

180°wW 120°W 60°W 0° 60°E 120°E 180°E 180°W 120°W 60°W 0°
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The data-driven analytical PySR equation
f(RH,T,0.RH, q.,q;) = [ (RH,T) + I5(0.RH) + I3(qc, ¢),

LRH, T) % 41 + a,(RH — RH) + a3(T = T) + ”2—4(RH _RH? + ”2—5(T _ T)*(RH - RH)

3&7
2

def

(9.RH) = a? (QZRH+ )((S’ZRH)2

-1

def
I ) % .
3(dcq:) Gc/as + qi/ag + €

(T - a9, €} = {0.4435,1.1593, —0.0145K™},4.06,1.3176 - 1073 K2,
584.8036 m, 2 km_l, 1.1573 mg/kg, 0.3073 mg /kg, 1.06}

C(X) = max{min{100 f(X), 100}, 0}

Abbreviated form:
& 0(CY®@Y (AT YO )@ YO

!
J\

e4©
—_~
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A From weathetto climate
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Model

code differentiable by
AD

Unify Neural
Networks and
Physical models

Applications

Function of a Gradient and Hessian ¥ Parameter Calibration
trajectory  Vixoip}/ (¥(%0; P), )

$(%0: P) —l—} Uncertainty Quantification
o H{xo;p}‘](y(xo; p): y)

\.A Hybrid ESMs / Machine
Learning

Ground truth data e i ieeiieseernaaann -

Yy

Bhouriet al., 2022arxiv; Gelbrechtet al. 2022arxiv; Shen, Gentine et al, 2023 Nat Comm




(4) Data Viewer — CarbonPlan % -+

. C @ ncview-js.staging.carbonplan.org

(carbon|)plan

DATASET

https://carbonplan-data-viewer.s3.amazonaws.com/d

tasmax @
— W

DISPLAY

mercator

Land boundaries (W@
Land mask
Oceanmask € @

cool

PLOTS O




Intermission 1:
Advances in Machine Learnirgackpropagation

A Backpropagation
AT KFAyQa NYz S

W4 Wy
x >z > 5 > J(W)

YWy _yw) 09 on
aW1 637 0Z1 awl

A Efficient computation of gradients is key (analytical or automatic differentiation)

o
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Intermission 2:
Advances in Machine Learniragitomatic differentiation
A What isautomatic differentiation?

A Propagates differential throughout code f(x#)
gAGK LINBOLISNII&Y &

A Taylor series: \ }
fx+8)=fX) ¥ F Qo &KW B YO0 EL bHBhOoH

0
Efficient computation of gradients ~ almost free

A Used in many modern ML toolboxes:
Pytorch JAX or modern computing languages: Julia

O PyTorch ‘;ﬁ’;x julié

e
0
I%:C
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A Dependence of neural network weights, physical parameters or initial conditions is

same!

X

NN weight,

initial
condition
(x0),
physical
parameter
d

A

> J(W)
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Differentiable model

(b)
/ Learned physics \

Neural General Circulation Models

Dmitrii Kochkov!"t, Janni Yuval'"!, lan Langmore'!,
Peter Norgaard'f, Jamie Smith't, Griffin Mooers',
Neural James Lottes', Stephan Rasp', Peter Diiben®, Milan Kléwer?,

network Sam Hatfield®, Peter Battaglia®, Alvaro Sanchez-Gonzalez?,

Matthew Willson®, Michael P. Brenner!?®, Stephan Hoyer!"t

1Google Research, Mountain View, CA.
2Google DeepMind, London, UK.
4European Centre for Medium-Range Weather Forecasts, Reading, UK.
"Earth, Atmospheric and Planetary Sciences, Massachusetts Institute of
Technology.
%School of Engineering and Applied Sciences, Harvard University.

Repeat n times

Dynamic Physics
tendencies tendencies

ODE solver <—J
Physics
decoder : \ tendencies /

Outputs

O a8,
LsrnmaTy

= Google team, 202Arxic
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A Example to dry atmospheric turbulence using ML:
latent representation of turbulence

Inputs Neural Network Architecture Prediction

TKE, jw.?
/ \YTKE RN =
=] 2
.% o TKE/w, TKE—> Encodeljg,kezoder TKE,
e,
g 8 u G
=] {3
153
Qo
o 4
E 02 ] P~ ]
i 2 TKE—» Encoder—»@—»k)ecoder » TKE,)
ew dW |
N /
Flux-NN _ N
6/0,

104 Decoder -
g os i ‘
3
1 P ) =
ERRIL »Encoder j’) —|wx
®
= I

Decnder / ;
0.0

o 10 20

S NEY

=f
L 4]
EE
i
i

Shamekhand Gentine 2023 submitted
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Latent model for dry atmospheric turbulence

A Great atprediction

Individual samples

10

%O 0.8

:?_ 0s

'P -ROA
£

0.2

0.0

-0.25 0.00 0.25 0.50 0.75 1.00 -0.25 0.00 0.25 050 075 100

A Can be used farnderstanding(2D only)

. . aa”
Sheared e — 2-01 104 ( r—T I
— 4-0.1 nversion layer
e 0.8 \ — 4-0.05 0.8 { 1. . . swal]
— §-0.03
— 0.6 16-0.06 0.61
_g 16-0.03 g Mixed layer
e — 0.4 0.4
v 0.2 0.21 \l ...................... '
[ 2y@80tx0s, o~ | . y/ Surface layer I
<928 090 0.75 1.0t —025 600 025 050 075 100 © 10 20 30
Shear lefUSIVe COﬂVGCtIVG NO‘IdlfoSlve not a mass flux (downward motion is important)

Shamekhand Gentine 2023 submitted
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Supplementary: Miaccelerated dynamical core

There are now methods to also accelerate PDE resolution (herbab® again)

Check for
updates

Machine learning—accelerated computational

fluid dynamics

Dmitrii Kochkov®'?, Jamie A. Smith>'2@, Ayya Alieva®, Qing Wang®, Michael P. Brenner*®2(, and Stephan Hoyer*?

2Google Research, Mountain View, CA 94043; and bSchool of Engineering and Applied Sciences, Harvard University, Cambridge, MA 02138

Edited by Andrea L. Bertozzi, University of California, Los Angeles, CA, and approved March 25, 2021 (received for review January 29, 2021)

Numerical simulation of fluids plays an essential role in modeling
many physical phenomena, such as weather, climate, aerodynam-
ics, and plasma physics. Fluids are well described by the Navier-
Stokes equations, but solving these equations at scale remains
daunting, limited by the computational cost of resolving the
smallest spatiotemporal features. This leads to unfavorable trade-
offs between accuracy and tractability. Here we use end-to-end
deep learning to improve approximations inside computational
fluid dynamics for modeling two-di ional turbulent flows. For
both direct numerical simulation of turbulence and large-eddy
simulation, our results are as accurate as baseline solvers with
8 to 10x finer resolution in each spatial dimension, resulting in
40-T6 8U-Told computational speeaups. Qur method remains sta-
ble during long simulations and generalizes to forcing functions
and Reynolds numbers outside of the flows where it is trained, in
contrast to black-box machine-learning approaches. Our approach
exemplifies how scientific computing can leverage machine learn-
ing and hardware accelerators to improve simulations without
sacrificing accuracy or generalization.

machine learning | turbulence | computational physics | nonlinear partial
differential equations

Runtime per time unit (s)

103

102

10!

10°

107!

8192
x 8192 ¢ Direct simulation

4096

x 40969” 1 86x speedup

2048 ® Learned interpolation
x 2048 @ » 1024
1024 &7 x1024
x 1024 @ L " 512
® - x 512
512 o 256
x 512 x 256

T T T

2 4 6 8
Time until correlation < 0.95
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Introduction: similarities between data assimilation and ML

ASLGF FaA&AAYATLGAZY
A ho2SO0RAEKITAYWRIYAYAT S0 I 02380 Tdzy Ol
A 05 1 NJ
J(x) = (x —x,)'B7'(x — x;) + (y — H[xD)'R™'(y — H[x])
Jx) = |Ix — x,llg+Ily — HIx]l|r
ns + I

Jx) = ||Ix = X, llg+ D lly; — HIxlllg,
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@ Introduction: similarities between data assimilation and ML

AsStal FaaAYAftlFIdAzZy

N\

A QEGSY ana2yliNg YRLIRSINES
A ho2aSOlnd&d STANIRVSIIB NBEAYAYAT B30 O2 a0
2 2
J(x; p) = |Ix = Xp|lgx+1IP — PpllgptIly — HIx]lIg

A 11 @SHiY dyRSNT2R$MIS & _yxppdd A

dt
cdzil 2y @26 VOKS 62NIR
C2NJ 6SIFGKSNY S@OSYy I RSTAOASY(O Y2R Oy & 2NJ
A

i
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Introduction: similarities between data assimilation and ML

Machine learning

Obijective: find (neural networlparametersp that minimize a cost functiodf;x)

J(p;x) = |ly — f(p; ¥)1lI{

Parameters are estimated over a sg}{
Clear similarities with Data Assimilation (DA)

Caveats: no observational errors + assuithesctobservations

Farchiet al., 2021J Comp SoCheng et al. 202FEE/CAA
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(4) Data Viewer — CarbonPlan % -+

. C @ ncview-js.staging.carbonplan.org

(carbon|)plan

DATASET

https://carbonplan-data-viewer.s3.amazonaws.com/d
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