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Cloud and convection parameterizations limit climate projections

Entralnment Radiation Effects
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Zelinka et al. 2017, Nature Climate Change oo o w00
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Cloud processes are complex, non-linear, and multi-scale

Scales of Atmospheric Motion

1pm 10 um100pum 1mm 1cm 10cm 1m 10m 100m 1km 10km 100km 1000km 10,000 km
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nucleation
POk P 2 \ & G Turbulence ==—————p Cumulus Mesoscale Extratropical Planetary
——————————— " " sublimation clouds systems cyclones waves
o Vapor deposmon . j R i ]
lelng & -40°C Direct Numerical Traditional Global
. w't: Aggregation Simulation (DNS) Climate Models
Heterogeneous ice ' ; 2 - \
nucleat|on O 1 :
L o Wet growth a Secondary ice [ \ Regional and Global
oo O L oroduction Scale of individual Mesoscale Models
Entrainment oo e’te e <o hydrometeors Parameterized .
/ :t‘.' _..'?; o & “” microphysics in Convection
CCN/INP . — © 0% 00 L ~\\ am
0. .o:: °® .O MT{ 0°C resolved clouds P/erm itting Models
%o 20 elting
Coalescence ...'.:..0..". .'.. ?D Explicit representation of / \ \
°e%e. %% [ © Sheddin hydromet lation: ; : .
° o ® ® g ydrometeor population: . ' .
Condensat|on ®e :.'.o: o “particle-by-particle DNS” quameter/zed microphysics Parameterized microphysics
. o in under-resolved clouds : : .
op breakup in parameterized clouds:

“parameterization squared”

C
o0 v @ O
o% o.’ o'.
L]
Droplet activation™~—e®, .’ ° .
} O
CCN/INP .

Morrison et al. 2020, JAMES

A

Evaporation )
Parameterization of hydrometeor population:

H “traditional parameterization problem”
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What don’t we know about cloud processes?

We don’t know how to

We don’t know all
of the physics

Homogeneous ice

nucleation s
. oS O & e \ b
— T O e v T ——— "\ Sublm']atlon
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Morrison et al. 2020

We don’t know the
optimal way to
represent cloud

processes in models

4 | Learning Cloud Processes Across Scales Using Machine Learning

consistently represent
these processes at
different scales

Schneider et al. 2017
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Scientific machine learning can help to solve these challenges

- Emulation of computationally expensive models
- Hybrid-physics machine learning models

- Neural ordinary differential equations

- Data-driven reduced order modeling

- Equation discovery

1. Massive data from Earth 2. High-resolution Current

5 3. Progress in machine
observation cloud resolving models learning
Improved
> Earth System
Understanding!

. o . : [ e : SNV T
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What don’t we know about cloud processes?

We don’t know all
of the physics

Homogeneous ice
nucleation
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Morrison et al. 2020
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How do ice crystals grow in the atmosphere?

Understanding how ice crystals grow in the atmosphere is fundamental for o
constraining the radiative effects of clouds, cloud lifetimes, and the W u
distribution of water vapor in the atmosphere— all of which have important

climate effects.

dmp B 47'('0(5,,;06 — 1)

— Single crystal
dt _ RT, L L icemass
€ice (Tg)D:L M'w growth rate
D
* w
D7 =

1/2
i (wﬂ'M )
(r+A ) E

The functional dependence of a is uncertain
(typically assumed to be a constant value)

Pruppacher and Klett, 1997
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Observational data sets to study depositional ice growth

Levitation diffusion chamber experiments
* Single ice crystals, constant temperature and supersaturation
* 307 experiments [Harrison et al. 2016; Pofrika et al. 2020; 2023]

120
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K. Lamb and J. Harrington. “Discovering How Ice Crystals Grow with Neural ODE’s and Symbolic Regression.” Submitted, NeurlPS ML4Physics Workshop.
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Physics-informed machine learning for depositional ice growth

Karniadakis et al. 2021, Nat. Rev. Phys.

dm,,
dt

47TC(Sz'ce —

Small data Some data Big data
Lots of physics Some physics No physics

Data

Physics

RT,

€ice(Ty)D

*
w

My

+LH

We want to know the structure of single
particle mass growth rate but observations
provide constraints on ice mass

Neural ordinary differential equations
(NODEs) perform efficient backpropagation
through typical numerical ODE solvers
[Chen et al. 2018]

ODE Solve(zy,, f,0¢,to, ...y tar)

[ 2t A A |
Zt, i 1 Ztn tN+1 <ty i
O O S0
: I\——-: ———————————— I————————: —————— 4'——/’
] | | ' |
' : * v '

v ~
Z(t)

—8 ® ® o— 00—
to th N IN+1 Tty
< > «—>

Prediction Extrapolation

K. Lamb and J. Harrington. “Discovering How Ice Crystals Grow Using Neural ODE’s and Symbolic Regression.” Submitted, NeurIPS ML4Physics Workshop.
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NODE optimized to ice mass growth rates (synthetic data w/ known functional form)

Optimize NODE model against 307 synthetic ice mass
time series to learn the functional dependence of o
- Minimize distance between model and observations
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K. Lamb and J. Harrington. “Discovering How Ice Crystals Grow Using Neural ODE’s and Symbolic Regression.” Submitted, NeurIPS ML4Physics Workshop.
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NODE optimized to ice mass growth rates (real data w/ unknown functional form)

Optimize NODE model against 307 real ice mass time
series to learn the functional dependence of o
- Minimize distance between model and observations
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K. Lamb and J. Harrington. “Discovering How Ice Crystals Grow Using Neural ODE’s and Symbolic Regression.” Submitted, NeurIPS ML4Physics Workshop.
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NODE optimized to ice mass growth rates (real data w/ unknown functional form)

Optimize NODE model against 307 real ice mass time dm

— = 47'('7“(57;06 — 1)G

series to learn the functional dependence of G/G, dt
—> Minimize distance between model and observations
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K. Lamb and J. Harrington. “Discovering How Ice Crystals Grow Using Neural ODE’s and Symbolic Regression.” Submitted, NeurIPS ML4Physics Workshop.
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Learned functional dependence for ice growth using symbolic regression

— 47TT(Sice — 1)G
f(mv T, 5z|9)|Gc
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PySR library [Cranmer, 2023]

Learned functional form:

G/G., Symbolic Regression
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K. Lamb and J. Harrington. “Discovering How Ice Crystals Grow Using Neural ODE’s and Symbolic Regression.” Submitted, NeurIPS ML4Physics Workshop.
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What don’t we know about cloud processes?

We don’t know how
to represent these
processes in models

Morrison et al. 2020, JAMES Schneider et al. 2017
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4-6 parameters

~30-70 parameters

Droplet size distribution (DSD) — spectrum of droplets of various sizes in a cloud
Details are important for cloud radiative effects and the initiation and timing of precipitation

~100’s parameters

Bulk Bin Lagrangian particle-based
Distribution Distribution Distribution
A usually assumed discretized A represented by
to follow analytic into bins sampled “super-
functional form 3 particles” with
) _ % multiplicity factor
particle particle multiolicityl * .'.'.
distribution distribution i B L X
function > function o °@® ‘ 1
particle size or mass particle size or mass particle size or mass
Climate models Process level models
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How can we efficiently represent a spectrum of droplets in models?

Morrison et al. 2020
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Typical microphysical process

rate representation in bulk schemes

Microphysical process rates
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Morrison et al. 2020
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Typical bulk microphysical process rates:
* power laws of cloud and rain moments

Cloud Rain Drop
Dro\o&ek ) //
l“\“-. Large Cloud
Droplet
Cloud droplets Rain

.+ 6060
Auto—conversionv ( ) — 1350¢247 N 170
¢ auto ‘ ¢

| \/ i |

Accretion

Self-collection \_/ U

Khairoutdinov and Kogan, 2000
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Typical approach to develop a bulk cloud microphysics scheme

Assume some functional form for bulk microphysical process rates, use higher fidelity (bin or superdroplet) simulations as the
ground truth, fit best parameters

Limitations:
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Explicit Autoconversion Rate (s”)

Explicit Autoconversion Rate (s™')

* Apriori DSD representation (cloud and rain moments)
* Microphysical process rates with assumed functional forms
Structural and parametric uncertainty (artificial threshold between cloud and rain is known to be problematic)
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Explicit Autoconversion Rate (s”)

Khairoutdinov and Kogan, 2000
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Our approach: reduced order modeling to learn latent “bulk” scheme

Input DSD Predicted DSD
0.5 A gE gD 0.35 A A
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N - Li sivqt €R ‘
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X, € RM o Latent space Xitdr € RM
representation
: (M > N)
Apply ROM to model with higher fidelity (bin or superdroplet) microphysics scheme
 Reduced order (“latent”) representation of the DSD
* Microphysical process rates acting on latent representation of DSD (“latent dynamics”)

Ground truth data: TAU bin microphysics scheme [Tzivion et al. 1987, 1989; Feingold et al. 1988].
* 1D kinematic driver model, simulating a column of air under action of sinusoidal updraft
16 cases with different initial conditions for aerosol concentration, updraft speeds (~231000 samples)

2%
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How many degrees of freedom are needed to accurately predict the future

How many variables do we need to represent collision-coalescence?

state of a physical system? [Chen et al. 2022, Nat. Comp. Sci.] L] /_j“"“’"’*’
)
.. . . . . . . . “ ” \\\
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K.D. Lamb, M. van Lier Walqui, S. Santos, H. Morrison. “Reduced Order Modeling for Linearized Representations of Microphysical Process Rates, JAMES.
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What do the latent variables represent in terms of the DSD?

I .
Latent variables
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K.D. Lamb, M. van Lier Walqui, S. Santos, H. Morrison. “Reduced Order Modeling for Linearized Representations of Microphysical Process Rates, JAMES.
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Where is microphysical information lost in the cloud?

* Train decoder to reconstruct DSD from typical bulk representations of the DSD (cloud and rain moments)
 Compare with reconstructions for latent variables from VAE

e Latent variables capture early stages of rain formation better than moments

e Latent variables more accurately reconstruct the DSD than moments

Reconstruction loss from moments Reconstruction loss from latent variables
=
<
4
L
Aol
0]
T
100 200 300 400 500 600 700 100 200 300 400 500 600 700
Time (s) Time (s)
0.000 0.002 0.004 0.006 0.008 0.010 0.000 0.002 0.004 0.006 0.008 0.010
MSE loss MSE loss
Average metrics for 10 random initializations  FEFSNRSRRERTRINE RATPYITES MSE reconstruction loss
of models evaluated on test data sets: _
Latent variables L, Ly, L, 2.6e-4+5.1e-4
? H . . .
We don’t necessarily need more complexity in  Typical bulk Jo 9, N, N, 6.0e-4+13.5e-4
our models! variables

K.D. Lamb, M. van Lier Walqui, S. Santos, H. Morrison. “Reduced Order Modeling for Linearized Representations of Microphysical Process Rates, JAMES.
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What can dimensionality reduction tell us about the evolution of clouds?

In real clouds, local droplet size distributions differ substantially from mean across the cloud [Allwayin et al. 2024]

Eagles LES simulations of stratocumulus cases with bin microphysics scheme
Color visualizes 3 latent variables projected onto RGB
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J. Will, A. Jenney, K.D. Lamb, M.S. Pritchard, C. Kaul, P.-L. Ma, K. Pressel, J. Shpund, M. van Lier-Walqui, S. Mandt, “Understanding and Visualizing Droplet Distributions

in Simulations of Shallow Clouds”, Neurips ML4Physics Workshop, 2023.
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What don’t we know about cloud processes?
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Morrison et al. 2020, JAMES
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We don’t know how to
consistently represent these
processes at different scales

Schneider et al. 2017
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Parameterizing sub-grid-scale clouds and convection is challenging

Entrainment Radiation Effects
In-Cloud Convection
Sorting Mesoscale
asce .

Mlcrophy5|cs C

Shallow-cloud
processes

Convectl\;e ‘ IVleSOSCaIe
: Downdraft ! Descent Cb
i. 4 : ' ! ‘*: 3 d 3

: i PBL Processes

o

Quasi-equilibrium hypothesis assumes there is a separation of scales between the large (grid scale) and small (sub-
grid-scale) [Arakawa and Schubert, 1974]

* Most climate models rain too little and too often [Stevens et al. 2010]
Do we need stochastic parameterizations of deep convection to represent unresolved physics? [Majda et al. 2002;
Khouider et al. 2003]

Arakawa, 2004
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Convection typically becomes more organized over time
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* Convection organizes at different scales and becomes more organized over time
* Should climate model deep convection schemes include a parameter for cloud organization at the sub-grid

scale [Mapes and Neale, 2011]?

Bony et al. 2015
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DYAMOND & DYAMOND 2 Intercomparison Projects

DYnamics of the Atmospheric general circulation Modeled on Non-hydrostatic Domains [Stevens et al. 2019]
Model intercomparison project for global storm-resolving models

Deep convection does not need to be parametrized (grid scale ~ 2-4 km)
Winter: Simulations of 40 days & nights initialized on 20 January 2020
Specified sea-surface temperature (atmospheric experiment only)
Global SAM [Khairoutdinov, Blossey, and Bretherton, 2022]

Stevens et al. 2019
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How can we parametrize sub-grid-scale cloud organization?
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There are many different metrics for cloud spatial organization PR B .. o E_m ﬁ‘““ B .
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S. Shamekh, K. Lamb, Y. Huang, P. Gentine. Implicit Learning of convective organization explains precipitation stochasticity. PNAS, 2023
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Use neural networks to investigate variability in predicted precipitation

a. Data preprocessing b. Baseline-NN

High resolution X I srge scale X
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S. Shamekh, K. Lamb, Y. Huang, P. Gentine. Implicit Learning of convective organization explains precipitation stochasticity. PNAS, 2023
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Org. parameter improves prediction of precipitation extremes

a. Data preprocessing b. Baseline-NN 1004 =gl
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S. Shamekh, K. Lamb, Y. Huang, P. Gentine. Implicit Learning of convective organization explains precipitation stochasticity. PNAS, 2023
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Org. parameter also improves spatial correlation of precipitation

Baseline-NN

oo o
OO O =00
oo B~

S. Shamekh, K. Lamb, Y. Huang, P. Gentine. Implicit Learning of convective organization explains precipitation stochasticity. PNAS, 2023
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Org. parameter is related organization of sub-grid-scale convection

More organized convection >

org Decoder
D(x)

High-resolution PW =
reconstruction

Org. parameters can be predicted from their own history

This suggests we don’t need stochastic parameterizations of
deep convection

’\ ’
31 | Learning Cloud Processes Across Scales Using Machine Learning OLUMBIA | ENGINEERING

The Fu Foundation School of Engineering and Applied Science




What don’t we know about cloud processes?

We don’t know all
of the physics

¥

We don’t know the
optimal way to represent
cloud processes in models

Physics-informed machine learning can
improve constraints on processes that
are observationally challenging to
constrain. This can reduce structural
uncertainty in our cloud microphysical
models.

[Lamb and Harrington, submitted
NeurlPS ML4Physics.]
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Morrison et al. 2020, JAMES

rop breakup

Evaporation

Reduced-order modeling of the cloud
microphysical state is a promising
method for learning simplified bulk
microphysical models.

It can be used to connect the
microscopic evolution of the cloud to
its macroscopic evolution.

[Lamb et al. 2024; Will et al. 2023;
Sturm et al. in prep.]

We don’t know how to
consistently represent
these processes at
different scales

We can learn sufficient information
from the sub-grid-scale to predict

| precipitation at the climate scale using

machine learning.

A This suggests that we don’t need

stochastic parameterizations of deep
convection.

[Shamekh, Lamb, Yu, Gentine, 2023]
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Schneider et al. 2017

&5 COLUMBIA | ENGINEERING

7\ The Fu Foundation School of Engineering and Applied Science



Links to publications

K.D. Lamb & JY. Harrington “Discovering How Ice Crystals Grow using Neural ODE’s and
Symbolic Regression”, submitted.

K.D. Lamb, M. van Lier Walqui, S. Santos, H. Morrison. “Reduced Order Modeling for
Linearized Representations of Microphysical Process Rates, JAMES.

J. Will, A. Jenney, K.D. Lamb, M.S. Pritchard, C. Kaul, P.-L. Ma, K. Pressel, J. Shpund,
M. van Lier-Walqui, S. Mandt, “Understanding and Visualizing Droplet Distributions
in Simulations of Shallow Clouds”, Neurips ML4Physics Workshop, 2023.

S. Shamekh, K. Lamb, Y. Huang, P. Gentine. Implicit Learning of convective
organization explains precipitation stochasticity. PNAS, 2023
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