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Why a perturbed parameter ensemble (PPE)?

Global models de
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Why a perturbed parameter ensemble (PPE)?

The leading feedback and forcing uncertainties depend on microscale processes

b Stronger aerosol cooling
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Watson-Parris, D., and C. J. Smith, 2022: Large uncertainty in future
warming due to aerosol forcing. Nature Climate Change,
https://doi.org/10.1038/s41558-022-01516-0.
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Why a perturbed parameter ensemble (PPE)?

 Parameterization:

 How do we abstract a sub-grid-
Scale proceSS? Cloud dronlets g, . n,

« How do we choose parameter |
values?

Autcconversion

 PPEs are a way to explore

parametric space in a model —
here an ESM.

noyseds /uolengng

qc:Cl'qg'Nci

Gettelman CESM2 workshop Seifert
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Perturbed parameter ensemble (PPE)

* Imagine a model with a single parametenzatlon:

https://www.cs.toronto.edu/~duvenaud/cookbook/

gc= q”-N°¢

An observable (e g cloud fraction)
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Why a perturbed parameter ensemble (PPE)?

Performance Process Insight

CAVEAT: This is in the context of parameterized
processes. Structural error (un-treated or un-treatable
subgrid processes are not explorable/tunable)
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Performance

« Goes toward Climate sgi_nsitivity
equifinality.

« Many model
configurations may
agree with some set
of observations, but
have very different
behavior.




Insight

« What processes affect
ESM performance.

* Allows causally-distinct
evaluation of links.

 Allows examination of
process-dependence
in the context of
parametric uncertainty.

| 1 | 1 i
Carslaw, K. S., L. A. Lee, C. L. Reddington, K. J. Pringle, A. Rap, P. M. Forster, G. W. Mann, et al. “Large Contribution of Natural Aerosols
to Uncertainty in Indirect Forcing.” Nature 503, no. 7474 (07/print 2013): 67—-71. https://doi.org/10.1038/nature12674.
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Creating the framework for the next generation Energy Exascale Earth System Model (E3SM) at

PROCEED

(Perturbed physics ensemble Regression Optimization Center for ESM Evaluation and Development)

* Project duration:

« 2 years, funding started fall 2023, postdocs
hired February 2024.

« DOE EPSCoR funding from EESMD and
ASR.

 Collaboration between University of
Wyoming, University of Hawai‘i at Manoa,
PNNL, LLNL
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PROCEED

* Project goals (2023-2025):

 Build adaptable PPE framework
in E3SMv3 using latin
hypercube (technically EAM).

» Develop understanding of how
to confront coarse grid global
model with DOE surface and
airborne observations.

« Constraints on effective
radiative forcing from aerosol-
cloud interactions (ERFaci)
using observations from the
East North Atlantic (ENA).
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PROCEED

> 'S Zi:»‘ /AN
Jacqueline Nugent Travis Aerenson Hunter Brown
(Postdoctoral Scholar) (Postdoctoral Scholar) (Postdoctoral Scholar)

Funded EPSCoR University Faculty

Some of my students (not paid
under PROCEED, but did a lot of
work creating the ideas in
PROCEED)
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Latin Hypercube Sampling
(Python script)

E3SMv2

“atmosphere-only”

___________________________

i 1. Use LHS to sample the '
| parameters we want to !
! perturb i

A 4

Text file of sampled
values:

\ 4

______________________________________

2. Build the base case using default
parameter values

n sets x p params. [

base case

Pass the parameter
values file to Dakota

Dakota
(software package)

case and swaps in the

new case

Jacqueline Nugent Andrew Kirby

3. Dakota clones the base

parameter values for each

__________________________

) > | output
<
ﬁ
parameter set 1 ] output
<
parameter set 2 > | output
J

parameter set n
output

_____________________________

4. Submit all cases to run
on Derecho

__________________________
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Latin Hypercube Sampling
(Python script)

1. Use LHS to sample :
the parameters we
want to perturb

Text file of sampled
values:
n sets xp params.

base case

Pass the parameter °.
values file to Dakota ",

.. ) Dakota
(software package)

i 3.Dakota clones the base :

| caseandswapsinthe

H parameter values for
each new case

E3SMv3
“atmosphere-only”

2. Build the base case using

default parameter values

parameter set 1
parameter set 2

i 4.Submitall cases to :
run on Derecho :

daniel.mccoy @uwyo.edu - www.mccoy.pt

Implausible models

B pausible

—; [ parameter
> sets
——
—> [
Plausible
1 output
(e.g. forcing)
Observable Forcing Observable Forcing

Johnson, Jill S., Leighton A. Regayre, Masaru Yoshioka, Kirsty J. Pringle, Lindsay A. Lee, David MH Sexton, John W. Rostron, Ben BB
Booth, and Kenneth S. Carslaw. “The Importance of Comprehensive Parameter Sampling and Multiple Observations for Robust
Constraint of Aerosol Radiative Forcing.” Atmospheric Chemistry and Physics 18, no. 17 (2018): 13031-53.
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E3SMv2

Tang, S., A. C. Varble, J. D. Fast, K.
Zhang, P. Wu, X. Dong, F. Mei, M.
Pekour, J. C. Hardin, and P.-L. Ma.

“Earth System Model Aerosol-Cloud Implausible models
Diagnostics (ESMAC Diags) Package,
Version 2: Assessing Aerosols, Clouds,
and Aerosol-Cloud Interactions via -
Field Campaign and Long-Term ] :
Observations.” Geosci. Model Dev. 16, Plausible
no. 21 (November 8, 2023): 6355-76. 1 parameter
https://doi.org/10.5194/gmd-16-6355- . o Dbservatio ] sets
2023. 0 3 6 9 12 15 18 21 Mg
Hours B
s , Plausible
04/10/2016 Radar reflectivity (dBZ) ] output
! 20 0 -20 -40. (e.g. forcing)
Observable Forcing Observable Forcing

Observations (ARM)

Lamer, Katia, Catherine M. Naud, and James F.
Booth. “Relationships Between Precipitation
Properties and Large-Scale Conditions During
Subsidence at the Eastern North Atlantic
Observatory.” Journal of Geophysical Research:
Atmospheres 125, no. 7 (April 16, 2020):
€2019JD031848.
https://doi.org/10.1029/2019JD031848.
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Johnson, Jill S., Leighton A. Regayre, Masaru Yoshioka, Kirsty J.
Pringle, Lindsay A. Lee, David MH Sexton, John W. Rostron, Ben
BB Booth, and Kenneth S. Carslaw. “The Importance of
Comprehensive Parameter Sampling and Multiple Observations
for Robust Constraint of Aerosol Radiative Forcing.” Atmospheric
Chemistry and Physics 18, no. 17 (2018): 13031-53.
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Sampling parameter space

« Sampling P dimensional 3
parameter space with N points
Is NYensemble members.
Expensive!

 Randomly sample and build
an emulator. o

* Typically Gaussian Process.

« Use Earth System Emulator ;
( E S E m) . 3 2 1 0 : 2 3
https ://g Ith u b " CO m/d u ncanwp/ Lee, L. A, K. S. Carslaw, K. J. Pringle, G. W. Mann, and D. V. Spracklen. “Emulation of a

E S E m Complex Global Aerosol Model to Quantify Sensitivity to Uncertain Parameters.” Atmos.
Chem. Phys. 11, no. 23 (December 8, 2011): 12253-73. https://doi.org/10.5194/acp-11-
12253-2011.
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Subset of

ESEm parameter space

E3SMv3 P P E d 4000000 models covering all
« ”» i . conceivable parametric
ERCE Ol uncertainties (from emulator) Plausible

Latin Hypercube Sampling
(Python script)

Implausible models aerosol
.- i : models
Use LHS . | 2. Build the base case using : l
1. Use tosample . H default parameter values | L
the parameters we Textfile of sampled ! : B piausible
want to perturb values: [ parameter
___________________________ n sets xp params. Observation [~ sets
base case =1 1
Plausible
5 output
Pass the parameter ", (e.g. forcing)
valuesfiletoDakota - [ NN o | | e
parameter set 1 i i
) Dakota PPE -
f— omoars rocess
parameter se : '
. : members) : Observable _ Forcing Observable Forcing

3. Dakota clones the base
case and swaps in the
parameter values for
each new case
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e All-Hands Presentation: May 25, 2023

fﬁ{'h'fvest Perturbed Parameter Ensembles (PPE) Perturbed Parameter Ensembles (PPE) Forcing,

[ ]
Forcing, Feedback and Parameter i
P re I I m I n a ry re S l | ItS | Uncertamty Feedback and Parameter Uncertainty

 Leveraging CAM6 PPE.

* This was already described in
Andrew Gettelman’s presentation on R —
guthor(s) 2024, CC BY 4.0 License. EG Us P here
May 25, 2023: C
https://www.youtube.com/watch?v=1
daDQGL3DHQ&feature=youtu.be ,
= An Extensible Perturbed Parameter Ensemble (PPE) for the

° B r| eﬂy, 45 pa ram ete IS sam p I ed u S| N g Community Atmosphere Model Version 6
Latin hypercube, ~260 members, PI, Gy st o Moo, Mt e LWt} Sn - snd Dee o'

National Center for Atmospheric Research, Boulder, CO, USA

P D a n d +4 K S i m u I a‘t i O n S 2Now at: Pacific Northwest National Laboratory, Richland, WA, USA
y . . e ) .

3Scripps Institution of Oceanography and Halicioglu Data Science Institute, University of California San Diego, La Jolla, CA,
USA
4Columbia University, New York, NY, USA

| ]
[ J FO r d et a I I S S e e " SNASA Goddard Institute for Space Studies, New York, NY, USA

SDepartment of Atmospheric Science, University of Wyoming, Laramie, WY, USA

h tt DS //e q u S D h e re CO De rn |C u S O rq/p re Correspondence: Trude Eidhammer (trude @ucar.edu)

/ 2 O 2 4 / h 2 O 2 3 2 1 6 5 / Abstract. This paper documents the methodology and preliminary results from a Perturbed Parameter Ensemble (PPE) tech-
D rI n tS e q u S D e re nique, where multiple parameters are varied simultaneously and the parameter values are determined with Latin hypercube
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Using ARM to constrain aerosol-cloud adjustments

 Precipitation suppression:
+Nd - +LWP — Cooling

« Size-dependent
entrainment:
+Nd - -LWP — Warming

Preindustrial
clouds Ah
Pollution
> é
Changes in droplets
affects cloud albedo

+ Adjustments =AF

Changes in cloud water,
precipitation and fraction

Carslaw, Ken S. “Chapter 2 - Aerosol in the Climate System.” In Aerosols and Climate, edited by Ken S. Carslaw, 9-52. Elsevier, 2022.

https://doi.org/10.1016/B978-0-12-819766-0.00008-0.
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Ackerman, A. S., M. P. Kirkpatrick, D. E. Stevens, and O. B. Toon. “The Impact
of Humidity above Stratiform Clouds on Indirect Aerosol Climate Forcing.”

Nature 432, no. 7020 (December 23, 2004): 1014-17.
OSPHERIC
4

https://doi.org/10.1038/nature03174.

daniel.mccoy @uwyo.edu - www.mccoy.pt


https://doi.org/10.1038/nature03174
https://doi.org/10.1016/B978-0-12-819766-0.00008-0

Using ARM to constrain aerosol-cloud adjustments

(b)
Linear: -0.14
* Precipitation suppression and B 7
sedimentation is S ER
parameterized. 2 10
3 1 1 1 1
- Size-dependent entrainment is o
not LLY —~ 300
. 8% 'g 100
* Is this a huge bias in our Z a %
o 10
models? :
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<:’ - 10 ml:-06426
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Gryspeerdt, E., T. Goren, O. Sourdeval, J. Quaas, J. Milmenstéadt, S. Dipu, C. Unglaub, A. Gettelman, and M. Christensen. “Constraining

the Aerosol Influence on Cloud Liquid Water Path.” Atmospheric Chemistry & Physics 19, no. 8 (2019): 5331-47. OS\;HRIC
https://doi.org/10.5194/acp-19-5331-2019. é\“\
4
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Using ARM to constrain aerosol-cloud adjustments

* Most ESMs actually
represent this B0
behavior pretty well.

. . . o
What is going on” o

« How do we constrain
ESM behavior?

L(gm™?)

- Satellite (Gry19) ™

CAM6
ECHAM6-HAM —Y
HadGEM3 GFDL
I SPRINTARS
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1 0 - I l’\‘ H I I I B I I I I
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Mulmenstadt, J., E. Gryspeerdt, S. Dipu, J. Quaas, A. S. Ackerman, A. M. Fridlind, F. Tornow, et al. “General Circulation Models Simulate
Negative Liquid Water Path—Droplet Number Correlations, but Anthropogenic Aerosols Still Increase Simulated Liquid Water Path.”
EGUsphere 2024 (January 9, 2024): 1-29. https://doi.org/10.5194/egusphere-2024-4.
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Using ARM to constrain aerosol-cloud adjustments

 As discussed in Gryspeerdt et al. 2019, numerous confounders.
 ARM observations are uniquely suited to address this problem.

Cloud liquid
water

/ Stability ———»

Moisture
Air mass /

h|story

Aerosol
Scavenging

"3'
CCN

Causality
_—

Observed
correlation
(scaled)

Causally-aware constraints on

aerosol-cloud adjustments from
surface observations
Mikkelsen et al. 2024 (ACP, in

prep)
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Using ARM to constrain
aerosol-cloud adjustments

Liquid water path from radiometer MWRRET2
VAP (microwave radiometer retrievals) (kg/m?)

Scavenging

NDROP VAP (#/cc)

Precipitation rate from
video disdrometer
(mm/hr)
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Using ARM to constrain aerosol-cloud adjustments

b i’ - AR - U

(a) 3-hour bin of 40LWP 5t ENA (b) 3-hour bin of d;TnL,\V,:P at ENA -y o
Nl e
(MWRRET2, VDIS) (MWRRET2, NDROP) A A P
10 i \{T
8 PY -
84
6 61 ® 10!
i) r-value = -0.27 v
% 10! g % g slope = -0.236 =
S04 o - S
£ : Z = ) 8
< =0. = D =
SO Doecoon | S 5
B e &V o & ° 4
e®*%e o
. e ® ©® o 5 _
®e oo Causally-aware constraints on
: > i - 0 .
e B R 0 5 o 5 10 1 aerosol-cloud adjustments from
¢ ) InNg surface observations
(c) 3hour-bin of Z1%¢at ENA (d) Mikkelsen et al. 2024 (ACP, in
dinpP observed covariances at ENA : , !
(MWRRET2, NDROP) 15 prep)
5 LWPp | 2o¥P=0.338 25 =-0236 10
10}
05 &
0 2 o
= @ 5 Ng | 2% _ 0308 dne _ 0,258 g
o d | @mp =0 antwp = ~0- 00 =
£ S "
-5 r-value = -0.308 _g 8
slope = -0.258 2
—0.5G
~10 @
P -1.0
@ i

C

-100 -7.5 -50 -25 00 25 OHERI
P Ng LWP a8
InP &




sing ARM to constrain aerosol-cloud adjustments

correlations of mean-states and

* We can perform the same
analysis in the CAM6 PPE.

* Allows us to look at how
processes project onto
observables.
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surface observations

Mikkelsen et al. 2024 (ACP, in

prep)
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Using ARM to constrain aerosol-cloud adjustments

correlations of mean-states and
covariances with PPE parameters at ENA
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Using ARM to constrain aerosol-cloud adjustments
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* We can see linkages to
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Using ARM to constrain aerosol-cloud adjustments
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Using ARM to constrain aerosol-cloud adjustments

Unconstrained and Observationally-Constrained ALWPy
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Using ARM to constrain aerosol-cloud adjustments

Unconstrained and Observationally-Constrained ALWP
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Summary

 Preliminary results illustrate the utility of leveraging ARM and a PPE to understand processes
and predict climate.

 Jacqueline and Andrew are working fast and we have a pre-alpha PPE working in EBSMv2 that
is very flexible.

A stub right now, but check out our GitHub (https://github.com/PROCEED-ESM) — we will keep
updating this throughout the project.

» More of these themes discussed by Johannes Muelmenstaedt Aug 29 in this webinar series!

Relevant CLIVAR workshop October 28-30 at University of Wyoming — abstract submission opening next month
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