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A Climate Model (Atmosphere) PPE

% Survey the parameterizations representing
the various atmospheric
processes/structures.

% Select the equations used to describe the
processes, and perturb their parameters
(coefficients/constants) simultaneously.

“ Which parameters? Probably not Coriolis
parameter ‘f’, nor gravity ‘g’).
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A Climate Model (Atmosphere) PPE
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% Survey the parameterizations representing
the various atmospheric
processes/structures.

% Select the equations used to describe the
processes, and perturb their parameters

(coefficients/constants) simultaneously. Rio et al. 2019
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“ Which parameters? Probably not Coriolis
parameter ‘f’, nor gravity ‘g’).

ensemble = 10

Some are like
Earth, some are
like some exo-
planet.
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A Somewhat-Typical Climate Model (Atmosphere) PPE

Pexp =1 Py, Py P ... Py Py, Py}

You might want to take the atmospheric PPE members (each one with a unique P,,,

set) and run them forward to get a prediction envelope, perform sensitivity analyses,
etc. but there is a problem: most are not Earth-like in some way.
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Constructing a different type of PPE

< Minimum requirement: find all combinations of parameters (P, ) that yield model
output in agreement with the base-state climate (notwithstanding structural error).

% Expanded definition of base-state climate, if only because cloud feedbacks are state
dependent. Are we underutilizing available observations?

**Requires closer, two-way OBS-MODELer interaction.

% What of the obs at present? Are they truthy enough? IF uncertainties in products
are provided, they are often not the full uncertainties. Does uncertainty matter?

L)

Define this PPE: “"Calibrated Physics Ensemble”, or CPE

Definition of “calibration” can evolve; “physics” represents the hope that we can span structure too % ' :
Elsaesser et al. (2025) Bl




Estimate the parameters (P., ) simultaneously

Poxp ={ Py, Py P ... Py . Py, Py}

" ESMrlms * Surface
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Climate Error shown as a function of 2
parameters, but really much more
multi-dimensional.

Compare all
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Key: Climate Error Computation is Aware of Obs.

Discrepancies
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Example to LEFT of larger obs.
uncertainties: liquid water path from
satellites. Discrepancies are
quantitatively accounted for in the

functions.

model penalty (i.e., climate error)
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In this way, we account for
systematic obs error in the
emulation stage, not
estimation stage.



Key: Climate Error Computation is Aware of Obs.
Discrepancies
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Ensemble members with small ‘climate errors’ are
stored & placed in a ‘calibrated physics ensemble’ (CPE)
(calibration = model output looks like satellite data).
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Did inclusion of observational product discrepancy matter in the
estimation (or ‘retrieval’) of ESM physics parameter P, , vectors?
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Putting it all together: CPEs and ESM 'OSSEs’

Conceptual schematic for establishing value of not-yet available observations (or use of them
on different timescales) in prediction constraint, and design of future satellite missions and

field campaigns
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past observations
in predictions.
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Proof of Concept on value of reducing uncertainty in AIRS
retrievals (i.e., a PBL mission)

Proof of concept

using planetary
boundary layer water
vapor and temperature
(currently not well
observed).

Imagine if we could
improve these obs.

Would it even impact
parameter settings and

cloud feedback
estimates?
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Proof of Concept on value of reducing uncertainty in AIRS
retrievals (i.e., a PBL mission)

How
much
constraint
do we

get with

improved
obs?

s
)
A

4.5

4

3.5

3_

2.5

2

1.5

1

0.5

0.1

0.2

0.3

0.4

0.5

0.6

[ I Control

— IV EAN
control

["lqv constraint

I Mean -
constraint

0.7 0.8

Net Cloud Feedback (Wm'zK'l)

0.9

557

4.5 ¢

ECS (K)
N

257

¢ 00“0\

N

L
W
‘\%“‘bx
00

Can do this with more: use of joint rainfall and water vapor variability on hourly timescales, vertical motion in clouds,

... we can now emulate most things!



Proof of Concept on value of reducii

retrievals (i.e., a PBL mission)

How
much
constraint
do we
get with

improved
obs?
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Conclusions

% With use of ML as an ESM surrogate, and a more complete
(new?) use of existing obs datasets, we can establish multiple
ESM calibrated physics ensembles (where each member has a
projection estimate).

% This would yield a baseline at present for ESMs - then, we can
run them in ‘reverse’, and find what observations+/-err change
the ensemble and thus their emergent projection envelopes.
“Decadal and Longer, A Climate OSSE”

% Can we uniformly establish which obs constrain similarly across
ESMs?

CPE, Elsaesser et al. (2025, JAMES) ClimateOSSE, Fridlind et al. (2025, BAMS) Carslaw et al. (2025, ACP in rev.)
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