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Abstract

Sub-grid scale parameterizations in atmospheric models involve numerous uncertain pa-
rameters that must be tuned to align simulations with observations. Here, we propose a
framework for assessing objective tuning frameworks using the Single Column Atmosphere
Model (SCAM), which retains key physical parameterizations of general circulation models
(GCMs) while greatly reducing computational cost. We conduct a perfect-model experiment
where we run SCAM with a known “true” parameter set to generate synthetic observations
that mimic Atmospheric Radiation Measurement (ARM) Intensive Observation Periods.
Perturbed parameter ensembles are constructed by varying microphysics, convection, and
aerosol parameters, and cloud-radiation fields are evaluated over the Southern Great Plains.
We find that point estimates find solutions that greatly reduce model-observation misfit
without recovering the true parameter values. In contrast, a Bayesian framework using a
Gaussian Process emulator with Markov Chain Monte Carlo sampling yields tighter con-
straints on some parameters and more consistent recovery across experiments and variables.
The perfect model framework allows to assess which observables yield most information,
which parameters are recoverable given a certain set of observations, and what is the min-
imum observational record needed. Although this study focuses on a single location with
synthetic observations, such experiments provide a controlled setting to evaluate and iden-
tify robust calibration frameworks, which can then be extended to multiple locations and
real observations with greater confidence.

Plain Language Summary

This study develops systematic ways to tune uncertain parameters in atmospheric mod-
els using a simplified model. We generate artificial observations from a known model state
and test whether different methods can recover the original parameters. We find that simply
choosing the best-fitting parameter set is not reliable, and increasing data or sample size
does not always improve results. In contrast, a probabilistic approach provides more consis-
tent and accurate identification of the most important parameters, especially with 60-day
simulation lengths and larger samples. Although we test an idealized case with artificial
data, the method can be extended to real observations and more complex models, offering
a more efficient way to reduce uncertainty in climate model tuning.

1 Introduction
1.1 The Model Calibration Problem

General Circulation Models (GCMs) are essential tools for advancing our understand-
ing of Earth system sciences and projecting future atmospheric changes. However, due to
computational limitations, GCMs are unable to directly resolve many critical small-scale
processes such as microphysics, turbulence, convection, and aerosol interactions. GCMs
approximate these unresolved processes using parameterizations: simplified representations
with tunable parameters. For example, the parameter ‘micro_mg_accre_enhan_fact’ in the
Community Earth System Model (CESM) governs the enhancement factor for raindrop
collection of cloud water in the microphysics scheme, directly influencing precipitation for-
mation (Gettelman et al., 2015; Gettelman & Morrison, 2015).

These parameterizations introduce two different types of uncertainty: structural and
parametric. Structural uncertainty arises because different parameterization schemes yield
different representations of sub-scale processes, all of which are imperfect representations of
reality. Structural uncertainty has traditionally been considered the largest source of uncer-
tainty (Duffy et al., 2023). Parametric uncertainty, on the other hand, refers to uncertainty
in the values assigned to the model parameters, with recent studies showing that it can be
just as important as structural uncertainty (Dunbar et al., 2021; Duffy et al., 2023; Eid-
hammer et al., 2024). This study focuses only on parametric uncertainty of microphysics,



convection and aerosol, where we want to implement and assess a systematic model tuning
(calibration) approach.

The calibration process involves optimizing model parameters to improve agreement be-
tween simulations and observations while maintaining a fixed model configuration (Hourdin
et al., 2017; Schmidt et al., 2017; Schneider et al., 2017). Calibration is an integral part
of model development but has often been carried out in an ad hoc and inefficient manner,
typically relying on manual adjustments often called “hand tuning” by the model developer
community (Annan & Hargreaves, 2007; Jarvinen et al., 2010; Gregoire et al., 2011; Schmidt
et al., 2017). This hand tuning heavily relies on expert judgment and tests only a limited set
of parameter set combinations, increasing the risk of overlooking better-performing combina-
tions (Gregoire et al., 2011). In addition, these combinations need numerous trial-and-error
GCM simulations, making the process slow and computationally expensive (Annan & Har-
greaves, 2007; Jarvinen et al., 2010). Importantly, hand-tuning provides little to no insight
into parameter sensitivity or uncertainty, factors that are critical to understanding model
behavior and improving predictive reliability.

Given these limitations of traditional hand tuning, there is a clear need for objective
model tuning, which can be defined as a systematic, quantitative, and computationally
efficient framework for exploring and constraining model parameters. Unlike heuristic ap-
proaches, objective methods search the parameter space using formal statistical or opti-
mization techniques, evaluate model-observation misfit using clearly defined metrics, and
provide a principled way to quantify uncertainty in parameter estimates. By assessing a
broad range of parameter values across multiple variables, regimes, and locations, objective
tuning reduces reliance on subjective judgment and offers a more transparent and scientifi-
cally defensible foundation for improving climate model performance (Annan & Hargreaves,
2007; Jarvinen et al., 2010; Gregoire et al., 2011; Elsaesser et al., 2025; Eidhammer et al.,
2024).

1.2 Ensemble Methods

Recent efforts to objectively calibrate model parameters have focused on ensemble meth-
ods. Most of them are based on a large number of parameter ensemble called Perturbed
Parameter Ensembles (PPEs) (Gregoire et al., 2011; Qian et al., 2018; Eidhammer et al.,
2024; FElsaesser et al., 2025; Yarger et al., 2024) and a few are based on the Ensemble
Kalman Filter method (EnKF, Annan & Hargreaves, 2007; Massonnet et al., 2014; Dunbar
et al., 2021; Cleary et al., 2021).

To bypass the computational cost of a full numerical calibration, PPE calibration ap-
proaches leverage machine learning emulators, trained on PPE ensembles to learn the pa-
rameter—climate response relationships. PPE + emulation requires fewer simulations than
applying an optimization technique directly to the GCM, but introduces additional uncer-
tainty, related to the emulator’s generalizability outside of the training set. EnKF methods,
on the other hand, avoid emulator error by directly using GCM simulations, and running
the full model with an ensemble of parameter sets over many short assimilation windows.
In each iteration observational constraints are assimilated using the Kalman gain to update
parameter estimates systematically, which enables convergence toward an improved and dy-
namically consistent parameter set (Evensen, 2003; Massonnet et al., 2014; Cleary et al.,
2021; Dunbar et al., 2021; Sueki et al., 2022; Higdon et al., 2012).

Still, both PPE and data-assimilation ensemble methods retain significant computa-
tional cost. For instance, Eidhammer et al. (2024) considers 263-member PPE, each of
which are run for three years using three scenario: pre-industrial, present day and future
warming, in total of 263 x 3 x 3 = 2367 years of GCM simulations. Then they use these
outcomes to train machine learning (ML) emulators and tune parameters. Another ensem-
ble method, known as the Calibrated Physics Ensemble (CPE, Elsaesser et al., 2025) begins
with a broad range of parameter values (450 ensemble members) and evaluates each ensem-



ble member using a cost function. Only the ensembles that fall within a certain uncertainty
range using Markov Chain Monte Carlo (MCMC) sampling, constrained by observations,
are selected and used in a more refined calibration process with the aid of ML emulators.
Due to their iterative nature EnKF methods are even more computationally expensive, and
they also do not explicitly quantify uncertainty. Thus, computational limitations mean that
understanding and optimizing these calibration frameworks remains a challenging task.

Another fundamental and often overlooked challenge in model calibration is the problem
of equifinality. The situation where multiple combinations of parameters produce similarly
good agreement with observations (Mufoz et al., 2014; Khatami et al., 2019; Whelan et al.,
2019). This means that even if a model reproduces key observational metrics, the underlying
parameter values may not be uniquely constrained. As a result, different parameter sets
can yield comparable global statistics (e.g., radiation fields, temperature) while representing
very different physical processes or producing divergent future projections. This ambiguity
reduces confidence in the physical interpretability and predictive skill of calibrated param-
eters.

To address equifinality, calibration frameworks are moving beyond single “best-fit” so-
lutions and instead aim to quantify the full range of plausible parameter combinations and
their associated uncertainties. Bayesian probabilistic approaches, particularly MCMC meth-
ods like Hamiltonian Monte Carlo (HMC), offer a rigorous pathway to do so by estimating
the posterior probability distribution of parameters rather than a single optimum (Annan
& Hargreaves, 2007; Neal et al., 2011; Gregoire et al., 2011; Jarvinen et al., 2010; Cleary et
al., 2021; Elsaesser et al., 2025). These approaches help distinguish influential parameters,
detect compensating errors, and assess the robustness of parameter solutions across different
regions and time periods. The computational expense of MCMC methods however, means
that they can only be implemented using emulators, not full GCMs directly.

Another approach to address both equifinality specifically — and calibration skill more
generally — is the use of idealized perfect-model experiments with synthetic observations.
These provide a controlled setting to test and compare calibration frameworks based on
their ability to recover known parameters. This is a standard approach for any kind of
statistical algorithm development, but has so far only been implemented for very idealized
model like the Lorenz model (Cleary et al., 2021), not GCMs.

1.3 Single Column Models

Single Column Models (SCMs) offer a promising framework for evaluating and optimiz-
ing parameter calibration techniques, with much lower computational cost. SCMs remove
some of the complexities of GCMs and focus on a single vertical column of the atmosphere
at a specific location by isolating key physical processes (Gettelman et al., 2019). SCMs
also contain most of the parameterizations that give rise to significant uncertainty in full
GCMs, such as those related to convection, could microphysics, and radiative transfer (Jess
et al., 2011; Bogenschutz et al., 2012; Gettelman et al., 2019; Neggers, 2015). This setup
thus provides a simpler yet dynamically consistent framework for analyzing critical physi-
cal mechanisms, and allows for more focused testing, debuging, and improving parameter
calibration techniques.

Since SCMs share the same foundational physical and dynamic properties as full GCMs,
insights and parameter values obtained from SCM experiments can be transferred to GCM
development and calibration (Brient & Bony, 2012; Zhang et al., 2013). With SCMs capable
of producing meaningful results within minutes (Brient & Bony, 2012), their integration
with an ML emulator and Bayesian HMC may provide a highly efficient framework for pre-
training parameter sets for full GCMs and conducting analyses of observational sufficiency

An additional advantage of SCM frameworks is their ability to directly leverage de-
tailed observational datasets from field campaigns and Intensive Observation Periods (IOPs).



While general calibration approach rely primarily on satellite observations, which provide
broad spatial coverage but relatively limited vertical resolution, field campaign datasets of-
fer high-frequency measurements of atmospheric thermodynamic and microphysical profiles
across many vertical levels. These vertically resolved observations are particularly valuable
for evaluating parameterized processes such as convection and cloud microphysics, which
strongly influence the vertical structure of the atmosphere. By using these high-vertical-
resolution measurements as constraints, SCM-based calibration frameworks might more ef-
fectively diagnose model biases and constrain parameters controlling vertical distributions
of clouds, temperature, and moisture - the dominant sources of uncertainty.

Despite the advantages of SCMs, they do have limitations that must be considered.
For example, while they simulate some of the most uncertain processes like convection and
microphysics, they do not include other important and uncertain parameterizations, like
those related to boundary layer turbulence. Keeping these limitations in mind, we think that
SCMs have been underutilized as a steppingstone in developing better model calibrations.
In addition to using SCMs to improve tuning algorithms, they can also serve as a first pre-
tuning step, where they will be used to obtain a first guess of relevant parameters before
tuning is attempted on the full GCM. This will hopefully reduce the number of iterations
that then need to be done with the full GCM.

1.4 Our Approach

In this study, we develop a perfect-model framework based on the Single Column At-
mospheric Model (SCAM) and the PPE + emulation approach. We use the framework
to show the drawbacks of traditional observation matching calibration and to evaluate
Bayesian methods, including HMC with GP emulation. The combination of a perfect-model
framework with a computationally efficient SCM allows us to identify sensitive parameters,
quantify uncertainty, evaluate optimal calibration targets, and diagnose sensitivity to ob-
servational record lengths. The remainder of this paper is organized as follows: Section 2
describes the SCM configuration, methodology, and perfect model experimental design. Sec-
tion 3 presents the results and discussion, including observation matching, equifinality, and
parameter recovery using HMC. Section 4 summarizes the key findings and outlines oppor-
tunities for extending SCM-guided calibration to multi-location and multi-process studies.

2 Models and Methods
2.1 Single Column Atmospheric Model (SCAM)

We primarily use the Single Column Atmosphere Model (SCAM), a one-dimensional
configuration of the Community Atmosphere Model version 6 (CAMS6), specifically designed
to isolate and analyze vertical atmospheric processes at a single location (Gettelman et
al., 2019). SCAM manages vertical advection in the column by combining the full range
of physics parameterizations and an advection dynamics module from CAM6. The fully
interactive column radiation code and interfaces for cloud and aerosol interactions with
radiation are included in SCAM. Additionally, SCAM makes use of CAM6’s complete Modal
Aerosol Model (MAM, Liu et al., 2012).

We choose SCAM over other SCMs for this study because it provides pre-configured
forcing files for a wide range of IOP cases associated with major field campaigns (Table 1
of Gettelman et al., 2019). These forcing datasets, together with their corresponding initial
conditions, enable SCAM to reproduce observed atmospheric evolution with high fidelity.
Moreover, SCAM is well documented for running user-generated forcing files, making it a
flexible and practical tool, and ideally suited for a perfect-model experiment.



Table 1. A Description of the Parameters and their Ranges.

Physics Scheme Parameter Name Description Default Max Min Unit
micro_mg_accre_enhan_fact ~ Accretion enhancing factor 1.0 10.0 0.1
micro_mg_autocon_fact Autoconversion factor 0.01 0.2 0.005
micro_mg_autocon_lwp_exp LWP exponent 2.47 3.30 2.1
micro_mg-autocon-nd_exp  Autoconversion exponent -1.1 -0.8 -2.0
micro_mg_berg_eff_factor Bergeron efficiency factor 1.0 1.0 0.1

Microphysics (11)  micro_mg_des Autoconversion size threshold ice-snow 500e-6 1000e-6  50e-6 m
micro_mg_effi_factor Scale effective radius for optics calculation 1.0 2.0 0.1
micro_mg_homog_size Homogeneous freezing ice particle size 25e-6 200e-6 10e-6 m
micro_mg_iaccr_factor Scaling ice and snow accretion 1.0 1.0 0.2
micro_mg_max_nicons Maximum allowed ice number concentration 100e6 10000e6 led kg!
micro_mg_vtrmi_factor Ice fall speed scaling 1.0 5.0 0.2 ms™!
microp_aero_npcen_scale Scale activated liquid number 1.0 3.0 0.33
microp_aero_wsub_min Min subgrid velocity for liquid activation 0.2 0.5 0 ms~!
microp_aero_wsub_scale Subgrid velocity for liquid activation scaling 1.0 5.0 0.1
microp_aero_wsubi_min Min subgrid velocity for ice activation 0.001 0.2 0 ms™!

Aerosol (9) microp_aero_wsubi_scale Subgrid velocity for ice activation scaling 1.0 5.0 0.1
dust_emis_fact Dust emission scaling factor 0.7 1.0 0.1
seasalt_emis_scale Sea salt emission scaling factor 1.0 2.5 0.5
sol_factb_interstitial Below-cloud scavenging of interstitial modal aerosols 0.1 1.0 0.1
sol_factic_interstitial In-cloud scavenging of interstitial modal aerosols 0.4 1.0 0.1
cldfrc_dpl Parameter for deep convection cloud fraction 0.1 0.25 0.05
cldfrc_dp2 Parameter for deep convection cloud fraction 500 1000 100.0
zmconv_c0_Ind Convective autoconversion over land 0.0075 0.1 0.002 m~*!
zmconv_c0_ocn Convective autoconversion over ocean 0.3 0.1 002 mt
zmceonv_capelmt Triggering threshold for ZM convection 70 350 350 Jkg!
Convection (11)  zmconv_dmpdz Entrainment parameter -1.0e-3 -2.0e-4  -2e-3 m7!
zmconv_ke Convective evaporation efficiency 5.0e-6 1.0e-5  1.0e-6 (kgm2s1)0%s~!
zmconv_ke_Ind Convective evaporation efficiency over land 1.0e-6 1.0e-5  1.0e-5 (kgm™2s71)0%s~1
zmconv_momed Efficiency of pressure term in ZM downdraft CMT 0.7 1.0 0
zmceonv_num-_cin Allowed number of negative buoyancy crossings 1.0 5.0 1.0
zmconv_tiedke_add Convective parcel temperature perturbation 0.5 2.0 0 K

2.2 Perturbed Parameter Ensemble (PPE)

We consider a total of 31 parameters, where 11 are related to convection, 11 to micro-
physics, and 9 to aerosol processes. A brief description of each parameter, along with its
range and default value is provided in Table 1. These parameter ranges are based on expert
judgment and are described in detail in Eidhammer et al. (2024). The selected parameters
are among the most important and sensitive, as identified in recent studies (Qian et al.,
2018; Eidhammer et al., 2024; Yarger et al., 2024). To generate the PPE, we use Latin
Hypercube Sampling (LHS; McKay et al., 1979), which draws samples randomly within the
specified ranges. The range of each parameter is then divided into intervals equal to the
number of samples, and each sample is assigned a value from a unique interval to ensure full
coverage of the parameter space. No bin is reused across samples for any given parameter.
Using this method, we generate multiple distinct parameter sets (PPEs), in addition to the
SCAM (CAMG6) default.

2.3 Gaussian Process (GP) Emulation and Bayesian Inference

We use the open-source Earth System Emulator (ESEm), which provides a comprehen-
sive framework for mimicking Earth system model simulations and evaluating a wide range of
models and outputs (Watson-Parris et al., 2021). This tool supports a variety of regression
approaches including GP, random forest, and neural networks. Although SCAM simula-
tions are relatively inexpensive to run, we employ a GP emulator to efficiently explore the
high-dimensional parameter space and generate continuous probabilistic predictions. The
GP emulator provides probabilistic predictions, p(Y'|#), of model outputs, Y, for parameter
combinations, 0, outside of the LHS sample, without running additional SCAM simulations.
This approach enables rapid assessment of thousands of parameter combinations, and thus
facilitates robust probabilistic calibration and uncertainty quantification which would be
computationally intensive if relying solely on SCAM runs.

In addition, we employ the Hamiltonian Monte Carlo (HMC) algorithm within the
ESEm to efficiently sample the posterior distribution of the model parameters. The ESEm
HMC algorithm is implemented in TensorFlow Probability. HMC generates parameter pro-
posals using gradients of the log-posterior through Hamiltonian dynamics with leapfrog
integration, followed by a Metropolis acceptance step to ensure sampling from the correct



posterior distribution. This gradient-based approach enables efficient exploration of the
high-dimensional parameter space and typically converges faster than conventional Metropo-
lis-Hastings algorithms (Neal et al., 2011). In the ESEm implementation, the Gaussian
Process (GP) emulator provides differentiable predictions of SCAM outputs, allowing auto-
matic computation of the log-posterior gradients required by HMC. This framework enables
efficient estimation of parameter posterior distributions and facilitates recovery of the true
parameters.

The posterior distribution of the parameters 6 conditioned on the observations Yy is
given by Bayes’ theorem,

p(0]Y0) o< p(Yol0) x p(0), (1)

where p(6) represents the prior distribution of the parameters and p(Yp|6) is the likelihood
of the observations given the parameters. In practice, the likelihood p(Yp|6) is approximated
by a normal distribution centered on the emulator mean ug(6) with total variance o7, which
accounts for multiple sources of uncertainty:

1 1 YouE(G))Q
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Here, o3, represents emulator uncertainty, oy observational uncertainty, o% representa-
tional uncertainty, and 0?9 structural model uncertainty. Since this study is conducted as
a perfect-model experiment, the observational (0% ), structural (c%), and representational
(0%) uncertainties are all assumed to be zero. In ESEm, the emulator uncertainty, o3 is
internally estimated from the predictive variance of the emulator.

Table 2. Key variables and corresponding units used for calibrating the SCAM PPE.

Variable ID Unit
Cloud Fraction CLOUD -
Liquid Water Path TGCLDLWP  g/kg
Relative Humidity RH -
Residual Top-of-model Energy Balance RESTOM W/m?
Short Wave Cloud Forcing SWCF W/m?
Long Wave Cloud Forcing LWCF W/m?
Temperature T K

2.4 Perfect Model Experiment

We conduct a perfect model experiment using SCAM at the same location as the South-
ern Great Plains (SGP) observatory of the Department of Energy’s Atmospheric Radiation
Measurement (ARM) program. We force SCAM with user-generated forcing from CAMSG6,
following Gettelman et al. (2019), thus providing a controlled setting for assessing param-
eter sensitivity and evaluating the performance of the proposed approaches. The default
parameter values serve as a “synthetic truth” that will be the target of our calibration ef-
forts, while the SCAM output using these default value serves as “synthetic observations”.
We refer to this setup as a perfect-model experiment, since both the PPEs and the syn-
thetic observations are generated from the same model using the same configuration, just
different parameter values. The existence of a “true” set of parameters allows for objective
assessment of calibration frameworks.

We integrate the model over a full year (months 1-12) at the SGP. However, for this
initial study, the analysis is restricted to the period from April 1 (day 91) to July 31 (day
212). This four-month period corresponds to the late spring and early summer season
when the SGP frequently experiences deep convection, making it particularly suitable for
evaluating convective and cloud-related processes.



We then run SCAM with a 100-member PPE (hereafter, 100PPE) and a 500-member
PPE (hereafter, 500PPE), ensuring that all ensemble members are integrated under identical
forcing and boundary conditions at SGP. Our objective is to retrieve the true parameters
using synthetic observations for variables listed in Table 2. These have been chosen to
match both actual observations available at the DOE ARM SGP site, as well as standard
variables used in past PPE-based calibration approaches. The 100PPE and 500PPE simula-
tions are designed to evaluate both point estimation and probabilistic calibration, examine
equifinality, and assess whether increasing ensemble size improves constraints on parameter
uncertainties.

The GP emulator is trained using outputs from both ensembles (100PPE and 500PPE)
and each version employed to generate 10,000-member ensembles. These GP emulators
are subsequently coupled with the HMC algorithm to perform efficient Bayesian inference
of the parameters. This combined GP-HMC framework enables rapid sampling from the
posterior distribution while significantly reducing computational cost compared to direct
SCAM integrations.
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Figure 1. Time Mean Vertical Profile of cloud fraction (left panel) and RMSE from SCAM
default (right panel). The pink and gray shading denotes the 5th to 95th percentile spread of the
500-member SCAM PPE and the GP-emulated 10,000-member ensemble trained on those SCAM
outputs respectively. The red line shows the CAM CLOUD profile, and the green line corresponds to
the synthetic observation (SO). The black dashed line marks the SCAM member that best matches
the synthetic observations within the 500-member SCAM ensemble, and the black solid line shows
the emulator’s best-match member. Whereas the yellow dashed and solid lines are same as black
lines but for 100-member SCAM PPE and the GP-emulated 10,000-member ensemble trained on
those SCAM outputs.

3 Results and Discussions
3.1 GP emulation results

We begin by looking at the skill of the GP emulator, when trained on observations of
time-resolved vertical cloud fraction (CLOUD). Figure 1 and 2 then shows the the time mean
vertical profile of CLOUD, while Figures 3 show time resolved CLOUD. The CAM (Figure 1,
red line) and SCAM default (Figure 1, green line, SO) closely match in the mid- to upper
troposphere, with previously documented deviations in the lower troposphere (Gettelman
et al., 2019), demonstrating that SCAM effectively reproduces the full CAM simulation. In
addition, the strong overlap and similar structure of the pink and gray shading indicate that
the GP emulator accurately captures the ensemble characteristics of SCAM.



We first consider four “best” model cases. The SCAM Best (100) and SCAM Best (500)
members are the members of 100PPE and 500PPE with the lowest RMSE relative to the
synthetic CLOUD observations, while Emul Best (100) Emul and Best (500) are the members
of the two 10,000 member emulator ensembles with the lowest RMSE between the emulated
CLOUD output and synthetic CLOUD observations. All four best cases (Figure 1, black
and yellow lines) closely align with the synthetic observations (green line) across most levels,
indicating optimal PPE sampling and strong emulation fidelity. The emulator is also able
to reproduce the broad structure and magnitude of different other variables (supplementary
Figures S2 and S1), demonstrating that the GP emulator effectively captures the SCAM
responses.
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Figure 2. Time-mean vertical profiles of cloud fraction (left panel) and RMSE from the true state
(right panel), based on SCAM simulations using the best parameter set inferred from emulation
and the HMC posterior mode.

To evaluate emulator uncertainty, we perform SCAM simulations using the “emulated
best” parameter sets and the GP-HMC posterior mode parameter set. Passing these param-
eter sets back to SCAM results in CLOUD profiles that continue to closely match the the
synthetic observations Figure 2), confirming relatively low emulator error. We further ex-
amine the temporal evolution of cloud profiles by comparing these simulations with SCAM
default configuration (SO) (Figure 3). Consistent with the vertical profile results, the HMC
posterior mode produces the lowest RMSE across all best cases (Figure 3g).
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Figure 4. Parameter Error Space: Parameter Name vs. Normalized RMSE. Parameter names
are color-coded: black for microphysics, green for aerosols, and teal for convection. Panels (a) and
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lines of each panel represents the range of RMSE for each parameter across the ensemble members.
The parameter names sorted by best-case for CLOUD of panel (a) (gray circles) RMSE from lowest
(bottom) to highest (top). Red circles indicate the true parameter RMSE (zero) from the synthetic
observations simulation (SCAM default). Pink rectangles show the best-case parameters for TG-
CLDLWP, and cyan pentagons represent the best-case parameters for the normalized combination
of all variables listed in Table 2. The combined parameter RMSE is computed by first normalizing
each variable in SCAM and SO, then evaluating the best case of the normalized multi-variable
fields.

3.2 Equifinality in Parameter Recovery by Observation Fitting

The “best cases” simulation and the default simulation that produced the synthetic
observations used identical forcing and atmospheric conditions at the same location. The
output from the best cases closely aligns with the synthetic observations and exhibit ex-
tremely low root mean square error. Therefore, the parameter values involved in these best
cases should be close to the default parameter value in the synthetic observations simulation.

Despite the close agreement in vertical CLOUD (RMSE 0.01 for all four best cases),
the parameter values associated with these best-match profiles differ substantially. For
example, the best-match profile in the 500PPE ensemble corresponds to 59th case, while
the 100PPE ensemble corresponds to 49th case, and the parameters of these two cases are
scattered all over their possible (Figure 4a,c). It is also evident from Figure 4a that the
corresponding parameter values retrieved by matching the best model version to synthetic
observations deviate largely from their true values in most parameters, with only a few
exceptions, such as zmconv_num_cin when calibrating to CLOUD and combined variables,
where micro_mg_dcs and seasalt_emis_scale when calibrating to TGCLDLWP. In fact, most
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of the parameters exhibit substantial scatter for all other variables (Figure S3). We do the
same comparison for GP emulation in Figure 4b and find the same pattern of random and
widespread scatter. Here, however, a few different parameters such as zmconv_c0_Ind, and
zmeconv_dmpdz for CLOUD, dust_emis_fact for TGCLDLWP, micro_mg_autocon_lwp_exp
for combined are constrained correctly. Additionally, we include the SCAM 100PPE and the
corresponding GP emulation predictions (Figure 4c,d) and observe a similarly widespread
and seemingly random distribution of best-case parameter sets, which remain far from the
true values for most parameter. Moreover, in each case, 2-3 random parameters are correctly
retrieved.

To assess whether incorporating additional data improves parameter calibration, we
extend the analysis to include both temporal evolution and vertical structure, rather than
relying solely on time-mean vertical profiles. Despite the increased information content,
we find a similarly broad distribution of best-case parameter sets, with different parame-
ter combinations yielding comparable fits to the observations (Supplementary Figures S4
and S5). This indicates that even when accounting for full temporal and vertical variability,
the parameter space remains poorly constrained, highlighting the persistence of equifinality
in observation-based calibration.
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Figure 5. RMSE of variables listed in table 2 and parameters as a function of experiment
length (15-120 days). Colors are consistent across panels: red = SCAM , blue = Emulated ;
dashed lines indicate results from the 500PPE experiments, solid lines correspond to the 100PPE
experiment. (a) The RMSE of each individual variable and the combined (top row) relative to
the synthetic observations. The combined (multi-variable) RMSE is computed by first normalizing
each variable in SCAM and synthetic observations, then evaluating the RMSE of the normalized
fields. (b) Normalized mean RMSE of best case parameter values derived from observation matching
(figure 4), (c) normalized mean RMSE of nine most sensitive parameters posterior-median values

obtained from GP-HMC.

These behaviors are clear manifestation of the equifinality problem in earth system
models, where distinct parameter combinations produce nearly identical model outputs. In-
creasing the ensemble size does not resolve this, as the observation-matching process selects
a different parameter combination in each of the best cases (Figure 4 and S3). Equifinality is
best highlighted by the fact that the emulator is able to find an ensemble member with near
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zero RMSE in the target variable when calibrating to radiation fields such as RESTOM,
LWCF, and SWCF (Figure 5a), indicating that the best ensemble member matches the
synthetic observations almost perfectly. However, the normalized mean RMSE for the best-
case parameter set is relatively high (around 0.4; Figure 5b), suggesting that the inferred
optimal parameters deviate significantly from the true parameter values.

We also analyze the impact of observational record length, by using synthetic observa-
tional records starting from April 1 with 15-day increments through July 31. This allows
us to test whether longer sampling periods improve parameter recovery. However, even
with extended sampling, naive point-estimation fails to recover the true or near-true pa-
rameter values. Although 60-day experiments generally minimize RMSE for most variables
(Figure 5a), this does not translate into accurate parameter estimation (Figure 5b). For
example, in the 60-day experiment, the RMSE of the best-performing case approaches near-
zero values. However, the normalized mean RMSE of the corresponding parameter values
ranges between 0.3 and 0.4, indicating that the parameter set producing the lowest RMSE
for cloud-radiation fields remain substantially different from the true parameter values. This
strongly suggests that point estimates of parameters obtained by minimizing the error of
different fields does not necessarily lead to recovery of the true parameters.
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Figure 6. Normalized posterior distributions parameters (top four panels), shown as inter-
quartile ranges (IQR, 25th—75th percentiles), and corresponding parameter sensitivity analysis
(bottom panel). The posterior distributions panels are derived from GP-HMC trained on 500
PPE using 60-day experiment, for the variables CLOUD, TGCLDLWP, RELHUM, and RESTOM.
The parameter name are sorted by arranging the box height of posterior for CLOUD , with the
smallest IQR on the left and the largest on the right. Yellow horizontal lines denote posterior
medians, and red horizontal lines indicate the true parameter values.The bottom panel is the the
regression-derived normalized parameter sensitivities, where reds represent positive sensitivity and
blues represent negative sensitivity; the numerical sensitivity values are annotated in each cell.
Parameter name colors follow the same microphysics—aerosol-convection grouping described in Fig-

ure 4.

3.3 Overcoming Equifinality with GP-HMC Based Parameter Estimation

Observation-matching fails to recover the true parameters due to pervasive equifinality,
even under a perfect-model framework. By leveraging 500PPE and 100PPE trained GP-
HMC, we reformulate this ill-posed inverse problem into a statistically constrained one that
explicitly incorporates prior distribution, parameter covariances, and the full shape of the
likelihood surface. In GP-HMC posterior analysis, the four-month analysis period is used
without applying temporal averaging so that the full temporal variability is retained and a
larger number of data points are available to constrain the parameter estimation. Here, we
consider a 60-day experiment length for the posterior analysis because the mean RMSE of
GP-HMC parameter posterior-median for most sensitive parameters (Figure 5¢) shows that
60 days yields the lowest RMSE for most cloud-radiation fields.

The HMC driven posterior distributions (Figure 6 and S6) demonstrate that it success-
fully constrains the parameters that exert strong sensitivity on the model variables. For
instance, micro_mg_vtrmi_factor one of the most influential parameters across all SCAM
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output fields listed on bottom panel of Figure 6 exhibits a very narrow inter-quartile range
(IQR) for CLOUD, TGCLDLWP, and RELHUM (three middle panels of Figure 6). In
addition, the posterior median closely aligned with the true value. A similar pattern is ob-
served among the first nine parameters, from micro_mg_vtrmi_factor to zmconv_ke, which
are also identified as the most sensitive parameters. Therefore, GP-HMC can effectively
collapse the uncertainty and recover values close to the truth for highly influential parame-
ters. We repeat this analysis using GP-HMC trained on a 100PPE and find that the same
subset of parameters is consistently retrieved (Figure S6).However, the accuracy of the re-
covered parameters is substantially improved when using the 500PPE GP-HMC. The larger
ensemble training provides a more informative approximation of the parameter-response
relationships, resulting in narrower posterior distributions and more reliable retrieval of the
true parameters. We are able to perform the 500PPE GP-HMC training easily because
SCAM is computationally inexpensive, enabling us to run large ensembles that would be
prohibitive or extremely costly with a full GCM.

However, within this strongly sensitive parameter region, radiation field particularly
RESTOM (similarly, SWCF and LWCF, not shown) exhibit relatively weak posterior con-
straint. This suggests that despite being sensitive, the radiative fields do not provide suffi-
cient gradient information for certain parameters. HMC also does not recover parameters
that show weak sensitivity across all variables, but this limitation is expected since these
parameters have little influence on the model outputs and thus are inherently unidentifi-
able. Another feature emerges, for example the parameter zmconv_tiedke_add for CLOUD,
and RELHUM are well constrained but remain far from the true parameter values. This
may be due to interactions with other parameters, as they are varied simultaneously and ex-
hibit strong interdependencies. Overall, these results show that HMC provides a substantial
improvement over naive observation matching by reliably constraining the most sensitive
parameters except for those primarily tied to the radiation fields.

Another notable feature of the GP-HMC parameter posterior distributions for the nine
sensitive parameters is that the associated RMSE values fall within the range of 0.1-0.2,
which is substantially smaller than the RMSE range obtained from the observation-fitting
parameter sets (Figure 5b, ¢). This behavior is consistent across all other variables, where
the RMSE ranges are also significantly lower than those from the observation-based param-
eter fitting. This reduction in RMSE suggests that the GP-HMC framework yields more
reliable parameter estimates.

4 Conclusions

Our study demonstrates a perfect model framework for calibrating the Single Column
Atmospheric Model (SCAM). We find that point estimates of parameters — finding one
parameter set that best matches observations — is not a reliable method for identifying
true parameter values. Even when using synthetic observations from a perfect-model setup,
observation matching fails to recover the underlying parameters. This result highlights the
limitations of relying solely on best-match or profile-based comparison to observational data
for parameter tuning and emphasizes the need for methods that account for uncertainty and
parameter sensitivity more rigorously.

In contrast, adopting a Bayesian probabilistic framework using GP-HMC to derive pos-
terior distributions proves to more effective. This approach is able to identify the most sen-
sitive parameters and quantify the associated uncertainties, providing a robust probabilistic
parameter estimation. Another important feature of GP-HMC is its ability to consistently
recover the same set of parameters from both the 500PPE and 100PPE ensemble training.
This demonstrates that the probabilistic approach functions reliably, in contrast to RMSE-
based observation matching which typically retrieves only a few random parameters in each
instance. While the posteriors are mostly consistent, they do occasionally provide wrong,
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overconfident estimates for some parameters (e.g. zmconv_tiedke_add). Also, as expected, a
large number of parameters remain unidentifiable given the available synthetic observations.

The perfect model framework is useful in identifying optimal tuning targets. Our
results show that tuning to certain variables, like vertically resolved cloud fraction, offers
significantly more calibration skill than other variables such as radiation fields, relative
humidity, or liquid water path. While not addressed, here, perfect model frameworks can
be useful in creating cost functions that optimally weight different observable variables. The
results also show how parameter calibration skill depends on record length, with the best
results obtained when calibrating to CLOUD, using at least 60 days. An important use
of perfect model frameworks could be to help inform IOPs, by asking what measurements,
season, location, and deployment length would provide optimal data for constraining cloud
microphysics, aerosol, or convection processes in climate models. Finally, perfect model
tests could be used to identify if other variables (in other locatoins and seasons) could
help constrain the parameters that are not constrainable with the observations and location
considered here.

Despite these promising results, there are several limitations to the current study.
The analysis was conducted for a single location at SGP and used only synthetic obser-
vations, which limits the generalizability of the conclusions. Future work should extend
this approach to other locations and incorporate real-world observational datasets from
ARM ground-based campaigns, and aircraft data in addition to satellites observations could
provide stronger and more realistic constraints on model parameters. Furthermore, while
SCAM offers a computationally efficient and practical framework for constraining sensitive
parameters, its greatest utility lies in serving as a “training step” for full three-dimensional
climate models. In future work, we aim to apply the SCAM-identified constrained parame-
ters to guide and pre-condition the tuning of the full GCM, hoping to substantially reduce
the overall computational cost of model tuning. Additionally, while we focus exclusively on
HMC for posterior estimation, other ensemble-based approaches such as EnKF or its vari-
ants offer promising alternatives for parameter tuning. SCMs are very amenable to EnKF
methods, and could provide complementary insights into parameter sensitivities.

Open Research Section
All data and code to reproduce the results shown are available at

https://zenodo.org/records/19380115

Conflict of Interest declaration

The authors declare that there are no conflicts of interest for this manuscript.

Acknowledgments

CP and PP were supported by the Department of Energy (DOE) Award # DE-SC0022110
through the Regional and Global Model Analysis (RGMA) program.

References

Annan, J., & Hargreaves, J. (2007). Efficient estimation and ensemble generation in climate
modelling. Philosophical Transactions of the Royal Society A: Mathematical, Physical
and Engineering Sciences, 365(1857), 2077-2088.

Bogenschutz, P. A., Gettelman, A., Morrison, H., Larson, V. E., Schanen, D. P., Meyer,
N. R., & Craig, C. (2012, November). Unified parameterization of the plan-
etary boundary layer and shallow convection with a higher-order turbulence clo-
sure in the Community Atmosphere Model: single-column experiments. Geoscien-

—16—



tific Model Development, 5(6), 1407-1423. Retrieved 2025-02-04, from https://
gmd . copernicus.org/articles/5/1407/2012/ (Publisher: Copernicus GmbH) doi:
10.5194/gmd-5-1407-2012

Brient, F., & Bony, S. (2012). How may low-cloud radiative properties simu-
lated in the current climate influence low-cloud feedbacks under global warm-
ing? Geophysical Research Letters, 39(20). Retrieved 2025-02-04, from
https://onlinelibrary.wiley.com/doi/abs/10.1029/2012GL053265 (_eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029/2012GL053265) doi:  10.1029/
2012GL053265

Cleary, E., Garbuno-Inigo, A., Lan, S., Schneider, T., & Stuart, A. M. (2021, January).
Calibrate, emulate, sample. Journal of Computational Physics, 424, 109716. Re-
trieved 2025-02-04, from https://www.sciencedirect.com/science/article/pii/
$0021999120304903 doi: 10.1016/j.jcp.2020.109716

Duffy, M. L., Medeiros, B., Gettelman, A., & Eidhammer, T. (2023, December). Perturbing
Parameters to Understand Cloud Contributions to Climate Change. Journal of Cli-
mate. Retrieved 2025-02-04, from https://journals.ametsoc.org/view/journals/
clim/37/1/JCLI-D-23-0250.1.xm1 doi: 10.1175/JCLI-D-23-0250.1

Dunbar, O. R. A., Garbuno-Inigo, A., Schneider, T., & Stuart, A. M. (2021). Calibration and
Uncertainty Quantification of Convective Parameters in an Idealized GCM. Journal
of Advances in Modeling Farth Systems, 13(9), e2020MS002454. Retrieved 2025-
02-04, from https://onlinelibrary.wiley.com/doi/abs/10.1029/2020MS002454
(_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2020MS002454) doi: 10

.1029/2020MS002454
Eidhammer, T., Gettelman, A., Thayer-Calder, K., Watson-Parris, D., Elsaesser, G.,
Morrison, H., ... McCoy, D. (2024, November). An extensible perturbed pa-

rameter ensemble for the Community Atmosphere Model version 6. Geoscientific
Model Development, 17(21), 7835-7853. Retrieved 2025-02-04, from https://gmd
.copernicus.org/articles/17/7835/2024/ (Publisher: Copernicus GmbH) doi:
10.5194/gmd-17-7835-2024

Elsaesser, G. S., van Lier-Walqui, M., Yang, Q., Kelley, M., Ackerman, A. S., Fridlind,
A. M., ... others (2025). Using machine learning to generate a giss modele cal-
ibrated physics ensemble (cpe). Journal of Advances in Modeling Earth Systems,
17(4), e2024MS004713.

Evensen, G. (2003, November). The Ensemble Kalman Filter: theoretical formulation and
practical implementation. Ocean Dynamics, 53(4), 343-367. Retrieved 2025-02-04,
from https://doi.org/10.1007/510236-003-0036-9 doi: 10.1007/s10236-003-0036
-9

Gettelman, A., & Morrison, H. (2015). Advanced two-moment bulk microphysics for global
models. part i: Off-line tests and comparison with other schemes. Journal of Climate,
28(3), 1268-1287.

Gettelman, A., Morrison, H., Santos, S., Bogenschutz, P., & Caldwell, P. (2015). Advanced
two-moment bulk microphysics for global models. part ii: Global model solutions and
aerosol—cloud interactions. Journal of Climate, 28(3), 1288-1307.

Gettelman, A., Truesdale, J. E., Bacmeister, J. T., Caldwell, P. M., Neale, R. B., Bo-
genschutz, P. A., & Simpson, I. R. (2019). The Single Column Atmosphere Model
Version 6 (SCAMG6): Not a Scam but a Tool for Model Evaluation and Development.
Journal of Advances in Modeling Earth Systems, 11(5), 1381-1401. Retrieved 2025-
02-04, from https://onlinelibrary.wiley.com/doi/abs/10.1029/2018MS001578
(_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2018MS001578) doi: 10
.1029/2018MS001578

Gregoire, L. J., Valdes, P. J., Payne, A. J., & Kahana, R. (2011). Optimal tuning of a gcm
using modern and glacial constraints. Climate dynamics, 37, 705-719.

Higdon, D., Pratola, M., Gattiker, J., Lawrence, E., Habib, S., Heitmann, K., ... Tobis, M.
(2012, April). Computer Model Calibration using the Ensemble Kalman Filter. arXiv.
Retrieved 2025-02-04, from http://arxiv.org/abs/1204.3547 (arXiv:1204.3547

—17—



[stat]) doi: 10.48550/arXiv.1204.3547

Hourdin, F., Mauritsen, T., Gettelman, A., Golaz, J.-C., Balaji, V., Duan, Q., ...
Williamson, D. (2017, March). The Art and Science of Climate Model Tuning. Bul-
letin of the American Meteorological Society. Retrieved 2025-02-04, from https://
journals.ametsoc.org/view/journals/bams/98/3/bams-d-15-00135.1.xm1 doi:
10.1175/BAMS-D-15-00135.1

Jarvinen, H., Réisdnen, P., Laine, M., Tamminen, J., Ilin, A., Oja, E., ... Haario, H.
(2010). Estimation of echam5 climate model closure parameters with adaptive mcmec.
Atmospheric Chemistry and Physics, 10(20), 9993-10002.

Jess, S., Spichtinger, P., & Lohmann, U. (2011, March). A statistical subgrid-scale algorithm
for precipitation formation in stratiform clouds in the ECHAMS5 single column model.
Atmospheric Chemistry and Physics Discussions, 11(3), 9335-9374. Retrieved 2025-
02-04, from https://acp.copernicus.org/preprints/acp-2010-873/ (Publisher:
Copernicus GmbH) doi: 10.5194/acpd-11-9335-2011

Khatami, S., Peel, M. C., Peterson, T. J., & Western, A. W. (2019). Equifinality and
flux mapping: A new approach to model evaluation and process representation under
uncertainty. Water Resources Research, 55(11), 8922-8941.

Liu, X., Easter, R. C., Ghan, S. J., Zaveri, R., Rasch, P., Shi, X., ... Mitchell, D. (2012,
May). Toward a minimal representation of aerosols in climate models: description
and evaluation in the Community Atmosphere Model CAMb5. Geoscientific Model
Development, 5(3), 709-739. Retrieved 2025-02-04, from https://gmd.copernicus
.org/articles/5/709/2012/gmd-5-709-2012.html (Publisher: Copernicus GmbH)
doi: 10.5194/gmd-5-709-2012

Massonnet, F., Goosse, H., Fichefet, T., & Counillon, F. (2014). Calibration of sea
ice dynamic parameters in an ocean-sea ice model using an ensemble Kalman fil-
ter. Journal of Geophysical Research: Oceans, 119(7), 4168-4184. Retrieved 2025-
02-04, from https://onlinelibrary.wiley.com/doi/abs/10.1002/2013JC009705
(_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/2013JC009705) doi: 10
.1002/2013JC009705

McKay, M. D., Beckman, R. J., & Conover, W. J. (1979). A Comparison of Three Meth-
ods for Selecting Values of Input Variables in the Analysis of Output from a Com-
puter Code. Technometrics, 21(2), 239-245. Retrieved 2025-02-04, from https://
www.jstor.org/stable/1268522  (Publisher: [Taylor & Francis, Ltd., American
Statistical Association, American Society for Quality]) doi: 10.2307/1268522

Muiioz, E., Rivera, D., Vergara, F., Tume, P., & Arumi, J. L. (2014). Identifiability
analysis: towards constrained equifinality and reduced uncertainty in a conceptual
model. Hydrological Sciences Journal, 59(9), 1690-1703.

Neal, R. M., et al. (2011). Mcmc using hamiltonian dynamics. Handbook of markov chain
monte carlo, 2(11), 2.

Neggers, R. a. J. (2015). Attributing the behavior of low-level clouds in
large-scale models to subgrid-scale parameterizations. Journal of Advances
in Modeling FEarth Systems, 7(4), 2029-2043. Retrieved 2025-02-04, from
https://onlinelibrary.wiley.com/doi/abs/10.1002/2015MS000503 (_eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/2015MS000503) doi:  10.1002/
2015MS000503

Qian, Y., Wan, H., Yang, B., Golaz, J.-C., Harrop, B., Hou, Z., ... Zhang, K. (2018).
Parametric Sensitivity and Uncertainty Quantification in the Version 1 of E3SM At-
mosphere Model Based on Short Perturbed Parameter Ensemble Simulations. Jour-
nal of Geophysical Research: Atmospheres, 123(23), 13,046-13,073. Retrieved 2025-
02-04, from https://onlinelibrary.wiley.com/doi/abs/10.1029/2018JD028927
(_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2018JD028927) doi: 10
.1029/2018JD028927

Schmidt, G. A., Bader, D., Donner, L. J., Elsaesser, G. S., Golaz, J.-C., Hannay, C., ...
Saha, S. (2017, September). Practice and philosophy of climate model tuning across
six US modeling centers. Geoscientific Model Development, 10(9), 3207-3223. Re-

—18—



trieved 2025-02-04, from https://gmd.copernicus.org/articles/10/3207/2017/
gmd-10-3207-2017 .html (Publisher: Copernicus GmbH) doi: 10.5194/gmd-10-3207
-2017

Schneider, T., Lan, S., Stuart, A., & Teixeira, J. (2017). Earth System Modeling 2.0: A
Blueprint for Models That Learn From Observations and Targeted High-Resolution
Simulations. Geophysical Research Letters, 44(24), 12,396-12,417. Retrieved 2025-
02-04, from https://onlinelibrary.wiley.com/doi/abs/10.1002/2017GL0O76101
(_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/2017GL076101) doi: 10
.1002/2017GL076101

Sueki, K., Nishizawa, S., Yamaura, T., & Tomita, H. (2022, September). Precision and
convergence speed of the ensemble Kalman filter-based parameter estimation: setting
parameter uncertainty for reliable and efficient estimation. Progress in Earth and
Planetary Science, 9(1), 47. Retrieved 2025-02-04, from https://doi.org/10.1186/
540645-022-00504-4 doi: 10.1186/s40645-022-00504-4

Watson-Parris, D., Williams, A., Deaconu, L., & Stier, P. (2021, December). Model cal-
ibration using ESEm v1.1.0 — an open, scalable Earth system emulator. Geoscien-
tific Model Development, 14(12), 7659-7672. Retrieved 2025-02-04, from https://
gmd.copernicus.org/articles/14/7659/2021/  (Publisher: Copernicus GmbH)
doi: 10.5194/gmd-14-7659-2021

Whelan, M., Kim, J., Suganuma, N., & Mackay, D. (2019). Uncertainty and equifinality
in environmental modelling of organic pollutants with specific focus on cyclic volatile
methyl siloxanes. Environmental Science: Processes & Impacts, 21(7), 1085-1098.

Yarger, D., Wagman, B. M., Chowdhary, K., & Shand, L. (2024). Au-
tocalibration of the E3SM Version 2 Atmosphere Model Using a PCA-
Based Surrogate for Spatial Fields. Journal of Advances in Model-
ing FEarth Systems, 16(4), €2023MS003961. Retrieved 2025-02-04, from
https://onlinelibrary.wiley.com/doi/abs/10.1029/2023MS003961 (_eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029,/2023MS003961) doi:  10.1029/
2023MS003961

Zhang, M., Bretherton, C. S., Blossey, P. N., Austin, P. H., Bacmeister, J. T., Bony, S., ...
Zhao, M. (2013). CGILS: Results from the first phase of an international project to
understand the physical mechanisms of low cloud feedbacks in single column models.
Journal of Advances in Modeling Earth Systems, 5(4), 826-842. Retrieved 2025-
02-04, from https://onlinelibrary.wiley.com/doi/abs/10.1002/2013MS000246
(_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/2013MS000246) doi: 10
.1002/2013MS000246

—19—



Supplementary

T q

Z_i\ 0.2 4

3

b_? !

Z 044 SCAM Ensemble (500) Spread

= Emulator Ensemble {10k, trained on 500-member SCAM) Spread
—— CAM Default
—— SCAM Default

061 == SCAM Best ({500): Case 165, RMSE: 7.860362529754639¢-06

—— Emulation Best (10k trained on 500-member SCAM): Case 3678, RMSE: 1.841062373521274e-05
SCAM Best (100): Case 31, RMSE: 8.153170347213745e-05
Emulation Best [10k trained on 100-member SCAM): Case 8160, RMSE: 7.424217828150281e-07

10401 10415 10501 10515 10601 10615 10701 10715  1.0801
Time

Figure S1. Same as figure 1 but for Temporal profile of liquid water path (TGCLDLWP).
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Figure S2. Same as figure 1 but for Vertical profile of Relative Humidity (RELHUM).
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