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Abstract We sample 30 calibration parameters of the CNRM-CM6-1 atmospheric component to produce
a perturbed parameter ensemble. An error score aggregating four annual-averaged metrics is used here as an
example to represent the model performance. We propose a method using statistical emulators of climatic
fields and feedback parameters to produce model candidates spanning the maximal range of net feedback while
minimizing the error score. Optimal candidates are found for a range of climate sensitivity chosen to span
3.8–10.1 K. The candidates show large errors in the extremes of the climate sensitivity range and none of them
have better scores than the released version of CNRM-CM6. However, 65% of the optimal candidates have
errors within the inter-model standard deviation of the seven models participating in the Cloud Feedback Model
Intercomparison Project, spanning and ECS range of (4.14–7.22 K). These optimal calibrations will be used to
assess feedback diversity in coupled experiments.
Plain Language Summary In climate simulations, an important source of uncertainty comes
from the representation of subgrid-scale processes and the unconstrained parameters that it introduces. This
parametric uncertainty has a potential impact on the global mean surface temperature response to a doubling
in atmospheric CO2 concentration, measured as the climate sensitivity. Model calibration is often based on
expert judgment and produce a single reference version of the model, used for global projections. In this study,
we test different calibrations of the CNRM-CM6-1 atmospheric component in order to explore the diversity
of estimated climate sensitivities. These model versions form a set of simulations called perturbed parameter
ensemble (PPE). We evaluate the performance of the PPE members by comparing them to observational
data sets of different fields (temperature, precipitation, radiative fluxes) and propose an optimal subset of
calibrations maximizing performance across a range of climate sensitivities. Some of these optimal candidates
show comparable performance than the reference model version, though with different climate sensitivities.
1. Introduction
The equilibrium climate sensitivity (ECS) refers to the steady state change in the annual global mean surface
temperature following a doubling of the atmospheric equivalent CO2 concentration (Pachauri et al., 2014). The
ECS depends on the climate feedback strength, defined as the change in radiative forcing at the top of atmosphere (TOA) following a unit change in the annual global mean surface temperature. The recent study of Sherwood et al. (2020), combine three lines of evidence including feedback process understanding, historical climate
record and paleoclimate record and find a stronger constraint on ECS than previously assessed with a 66%
probability range of 2.3 < ECS < 4.5 K. In contrast, in the sixth phase of the Coupled Model Intercomparison
Project (CMIP), 10 general circulation models (GCMs) out of 27 have values of ECS exceeding 4.5 K (Zelinka
et al., 2020), including CNRM-CM6-1, which shows an ECS of 4.9 K (Voldoire et al., 2019).

© 2022. American Geophysical Union.
All Rights Reserved.

PEATIER ET AL.

The unconstrained parameters introduced in the climate model representation of subgrid-scale processes (i.e.,
in so-called parameterizations) strongly impact climate sensitivity (Murphy et al., 2004; Stainforth et al., 2005).
One way to explore this parametric uncertainty is to create perturbed parameter ensembles (PPE), in which
parameters are varied within expert-defined ranges. PPEs can be used to better calibrate climate models (Bellprat et al., 2012; Hauser et al., 2012; Williamson et al., 2015) or to explore uncertainty associated with climate
change (Piani et al., 2005; Sanderson et al., 2008; Shiogama et al., 2014). In 2005, PPE of the HadAM3 GCM
found versions with a 2−11 K ECS range (Murphy et al., 2004; Stainforth et al., 2005), albeit with varying
present-day climatological skill (Sanderson et al., 2008). This wide ECS range could not be reproduced with a
similar PPE constructed with the community atmosphere model (Sanderson, 2011), which produced a range of
2.2–3.2 K, highlighting that two models can respond very differently to similar parameter perturbations. Recently,
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a PPE of HadGEM3 atmosphere-only simulations showed a larger range of climate feedbacks, from −1.80 to
−0.93 W m −2 K −1 (D. D. Sexton et al., 2019; Karmalkar et al., 2019). However, the performance filtering applied
to this atmosphere-only PPE limited the diversity of sensitivity in the HadGEM3-coupled perturbed simulations,
especially in the low-end of the distribution (Rostron et al., 2020).
The primary purpose of this study is to propose a tractable, semi-autonomous approach for producing model
candidates which span a range of responses. We explore the diversity of climate feedbacks in a PPE based on the
CNRM-CM6-1 atmospheric component and assess feedback likelihood through the use of statistical emulators
and observational data sets. We discuss how model performance evaluated on different fields constrains the
model climate feedbacks. Finally, we propose an approach for determining an optimal subset of calibrations
maximizing performance across a range of feedback values.

2. Model and Methods
This work presents a PPE using ARPEGE-Climat 6.3 (Roehrig et al., 2020), the CNRM-CM6-1 atmospheric
component (Voldoire et al., 2019). ARPEGE-Climat 6.3 as used here has a spatial resolution of about 150 km,
with 91 vertical levels from near 6 m to 82 km (or 0.01 hPa). The released version of this model will be referred
to as the reference model version and thereafter named CNRM-CM6-1. Alternative versions of this model will
be referred to as CNRM-CM. Two experiments are considered: (a) an AMIP (Eyring et al., 2015) simulation,
where the model is forced by observed sea surface temperatures (SSTs) and sea ice concentrations (SICs); (b)
the AMIP-future4K experiment following the cloud-feedback model inter-comparison project (CFMIP; Webb
et al., 2017) protocol, where a composite SST warming pattern derived from the CMIP3 coupled models is added
to the AMIP SSTs and scaled such that the global mean SST increase averaged over the ice-free oceans is +4 K.
Both simulations use observed CO2 concentrations from 1979 to 1981. They are 3-years long (1979–1981),
which is a reasonable length to achieve the stabilization on the net radiative feedback in different CFMIP models
(Figure S1 in Supporting Information S1). A total of 30 parameters are selected and their uncertainty limits are
determined by expert solicitation with model developers (Table S1 in Supporting Information S1). The parameter
values simultaneously vary and are sampled with a Latin Hypercube (LH) design where the minimum distance
between points is maximized in order to have a uniform sampling of the parameter space (Urban & Fricker, 2010).
After the crash of 68 simulations, the PPE considered here has 102 members.
2.1. Model Performance
In order to assess the present-day climatological performance of the PPE members, we take a subset of atmospheric variables from the AMIP simulation and compare them with observational datasets (Table S2 in Supporting Information S1; Adler et al., 2016; Loeb et al., 2018; Rohde & Hausfather, 2020). Rather than using a full
root mean square error (RMSE), we chose to use a metric that focuses on the part of the error related to parameter
changes.
For each variable, we consider the model annual mean climatology and calculate EOFs. In contrast to conventional EOFs, the temporal dimension is replaced by the ensemble member dimension (as in Biegler et al., 2011;
Higdon et al., 2008; Sanderson et al., 2008; D. M. Sexton et al., 2012). This analysis provides compact description of the spatial variability of the ensemble variance control climate. The resulting EOFs are spatial patterns,
while their principal components (PCs) are the expansion coefficients showing the projection of each ensemble
member onto the respective EOF. We then project the annual mean climatology of the observations of a given
variable s on the EOF basis and reconstruct the three-dimensional fields of both the models and the observations,
using only the first five modes of the EOFs. The error score is then represented by the area-weighted RMSE of
these reconstructed fields.
The truncation of the EOF after five modes is a subjective choice that allows a skillful emulation while applying
the same truncation to all the climatic fields. This truncation explains 63% (for the precipitation) to 85%–90%
(for the other variables) of the PPE variance. This metric is, by construction, strongly correlated to a standard
RMSE (Figure S2 in Supporting Information S1) but has the benefit of assessing the model performance within
the space defined by the chosen parameter range. For each PPE member, the error associated with each variable
Es can be standardized by the error of the CNRM-CM6-1 AMIP simulation ECM6,s, allowing the combination of
errors associated with the different variables and the estimation of a total error Etot:
PEATIER ET AL.
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𝑃𝑃

1 ∑ 𝐸𝐸𝑠𝑠
𝐸𝐸tot =
(1)
𝑃𝑃 𝑠𝑠=1 𝐸𝐸CM6,𝑠𝑠

where P is the number of variables considered. As described in Table S2 in Supporting Information S1, we
use four climatological fields to calculate the total error (thus P = 4). The aggregated metric Etot represents a
standardized distance between observations and model, considering the four variables described in Table S2 in
Supporting Information S1. In this framework, when Etot < 1, the given member is considered better than the
reference model version.
2.2. Statistical Predictions of Model Results
The 102-member PPE is a sparse sample of a 30 dimensional parameter space, with ensemble size limited by
finite computational resources. We therefore consider statistical emulators to predict, based on the perturbed
parameter values, the model's outputs. The emulators are used to predict both the climatological mean state and
the global net feedback in response to an idealized warming signal. Different emulators were tested, including
nonlinear models as neural networks and linear models as multilinear regressions (MLR) and LASSO (least
absolute shrinkage and selection operator) (Ranstam & Cook, 2018) models. Because of the reduced size of the
PPE, the neural network (multilayer perceptron) tended to produce an over-fitted result (Figure S3 in Supporting
Information S1).
The LASSO model is a regression method that performs both variable selection and regularization in order
to enhance the prediction accuracy. The LASSO and the MLR models show comparable overall performance,
with lower out-of-sample errors for the LASSO model. However, both models, and especially the LASSO, have
difficulty predicting extreme feedback values (Figure S4 in Supporting Information S1). The MLR model is used
in the rest of the study, in order to better predict the extreme values of feedback (Figure S5 in Supporting Information S1). The control mean state emulator is built and trained to predict the five first PCs of the EOF analysis
described in the previous section, expressed as follows:
𝐾𝐾
∑
𝑌𝑌 =
𝑎𝑎𝑗𝑗 𝑥𝑥𝑗𝑗 + 𝑅𝑅
(2)
𝑗𝑗=1

with Y = PCi, the ith PC of the EOF analysis (from a total N = 5), xj the parameter value, aj the regression coefficient estimated based on the training of the model, R the intercept and K = 30 the number of perturbed parameters.
The feedback emulator is trained to predict directly the global net feedback values (in W m −2 K −1, calculated as
for Equation 2 with Y = λ). During the evaluation process, both emulators are trained on √
80 members of the PPE,
∑22 (𝑝𝑟𝑒𝑑𝑖 − 𝑡𝑟𝑢𝑒𝑖 )2
the 22 other members being used to estimate the out-of-sample emulator error: 𝑂𝑆𝐸 =
.
𝑖=1
22
2.3. Optimization With Constraint and Relative Likelihood Function
The objective here is to use the statistical emulator to find optimal model versions spanning the whole range of
net feedback. For this purpose, we optimize the emulated response described above in order to obtain a subset
of the best calibrations given a specified feedback value. In other words, we aim to find the calibrations which
minimize the error Etot given by the mean state emulator, while conditioning the predicted global net feedback
value to lie within a chosen bin. We use a constrained linear minimization optimizer (Virtanen et al., 2020) based
on sequential least squares programming.
The optimization process is iterative and carried out as follows:
1. S
 tep 1—The emulators are used to produce a 100,000-member ensemble. A vector of discrete global feedback
values is created, of length nλ, such that λi spans for all values of i the range of feedbacks seen in the ensemble
in increments of 0.01 W m −2 K −1.
2. Step 2—For each bin of feedback parameter, we select, within the 100,000 Latin Hypercube sample, the
calibration which shows the lowest Etot when used in the mean state emulator while lying within a given bin
(i.e., λi − 0.005 W m −2 K −1 < λ < λi + 0.005 W m −2 K −1). These parameter values are used to initialize the
optimizer.
PEATIER ET AL.
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3. S
 tep 3—The optimizer is used to produce P1—a 30 by nλ matrix with initial optimal parameter estimates for
each discrete bin of λi.
4. Step 4—P1 seems like a good guess of optimal parameter values but is very noisy. We make the hypothesis
that a smooth parameter pathway exists along the feedback range (as suggested by Neelin et al. (2010)) and
repeatedly apply a three-point moving average along this axis to each parameter value individually.
5. Step 5—These smoothed values of parameter are then used to reinitialize the optimizer, which produces a
smoothed final estimate of optimal calibrations P2, validating our previous hypothesis.
6. Step 6—Finally, we sample 24 calibrations from P2, along the feedback range, and use it to perform a new set
of simulations with the CNRM-CM atmospheric component.
After the optimization process, the total error associated with the optimal calibration depends on λi, which allows
us to estimate the relative likelihood of the feedback parameters, within the range of λ we can simulate. The like]
[
(𝑥 − 𝜇 )2
lihood function is usually expressed as 𝐿(𝜃, 𝑥𝑖 ) ∼ exp − 𝑖2𝜎 2 (Hastie et al., 2001), considering the parametric
model θ = (μ, σ 2) with μ the mean and σ the standard deviation in the case of a normal distribution. Here, the
error associated with the optimal calibration Ei(λi) is considered drawn from a Gaussian distribution of width σ.
The parametric model of λ is then written as θ = (Ei(λi), σ 2) and the likelihood becomes:
]
[
𝐸𝑖 (𝜆𝑖 )2
(3)
𝐿(𝜃, 𝜆𝑖 ) ∼ exp −
2 × 𝜎2
The error Ei(λi) and the Gaussian width σ remains to be defined. In this study, two estimates of feedback likelihood are proposed. The first one is based on the emulated total errors associated with the optimal calibrations. In
this case, the emulated error Etot,i(λi) is scaled by the sum of the out-of-sample error of the emulator (representing
the emulator error) and the standard deviation of Etot within the CFMIP multimodel ensemble (representing the
diversity of acceptable errors in climate models): E(λi) = Etot,i(λi) and σ = (OSE + σEtot,CFMIP).
A revised estimate of feedback likelihood is then proposed, based on the total errors associated with actual
CNRM-CM runs of the optimal calibrations (as described in Step 6 of the optimization). A cubid spline under
tension is used to interpolate between the errors of sampled optimal candidates along the feedback range, and this
interpolation 𝐸̂ tot,𝑖 (𝜆𝑖 ) is used in the likelihood estimate. In this other case, the out-of-sample error of the emulator
can be removed from the likelihood equation: 𝐸(𝜆𝑖 ) = 𝐸̂ tot,𝑖 (𝜆𝑖 ) and σ = σEtot,CFMIP.

3. Results
3.1. Feedback Distribution
The most accurate method to estimate of the feedback parameter λ from the CMIP6 simulations is based on the
increase of the atmospheric CO2 concentration in fully coupled atmosphere-ocean models. However, the high
computational cost of coupled simulations and the need of running them for hundreds of years to get an equilibrated control simulations renders the production of fully coupled PPE practically impossible. A cheaper way
of estimating the total feedback parameter is to raise the sea surface temperatures (SSTs) in atmosphere-only
models (Cess et al., 1990), even though it has been shown that this estimate of the total net feedback parameter
can differ from the coupled-derived estimate due to differences in the clear-sky feedbacks (Ringer et al., 2014).
In the PPE context of this study and given the limits of our computational resources, the total net feedback
parameter λ (W m −2 K −1) is based on the difference (Δ operator) between the forced AMIP-future4K and the
control AMIP experiments. In both experiments, the net radiative budget N, in W m −2, is the difference between
the downward and the upward radiative fluxes at the top of atmosphere and T, in K, is the annual global mean
surface temperature.
Δ𝑁𝑁
𝜆𝜆 =
(4)
Δ𝑇𝑇

Assuming the CNRM-CM6-1 forcing of F2x ≈ 6.5 W m −2 (Voldoire et al., 2019), we can estimate the climate
sensitivity S (in K); (Andrews et al., 2018):
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−𝐹𝐹2𝑥𝑥
𝑆𝑆 =
(5)
𝜆𝜆

The PPE provides a large diversity of climate feedback parameters
(Figure 1), which range from −0.7 to −1.8 W m −2 K −1. The CNRM-CM6-1
feedback value (−1.33 W m −2 K −1) falls near the center of the distribution.
The PPE feedback parameter range is notably wider than the one simulated by the multimodel CFMIP ensemble (from −1.7 to −1.1 W m −2 K −1)
(Webb et al., 2017). For comparison, the feedback distribution obtained in
the HadGEM3 atmosphere-only PPE (Karmalkar et al., 2019) ranges from
−1.7 to −0.9 W m −2 K −1, which is comparable to the results obtained with
our current PPE. We note that both PPEs could not reach the lower end
of the CFMIP feedback distribution, corresponding to the lowest climate
sensitivities.
3.2. Model Performance and Constraints on the Feedback Range
Figure 1. Feedback parameter λ (W m −2 K −1) distribution in the ARPEGEClimat PPE (blue histogram), the CFMIP models (red histogram), and the
HadGEM3 ensemble (green line). The black dashed line shows the feedback
associated with CNRM-CM6-1.

The PPE members indicate that some CNRM-CM versions simulate mean
surface temperature, precipitation, and radiative fluxes with comparable or
better skill than the reference model version (Figure 2). However, none of
the CNRM-CM models show better results than CNRM-CM6-1 in the aggregated metric (Figure 2e and Figure S7e in Supporting Information S1).
We now consider potential optimal performance and its relationship to ECS
in a larger emulated ensemble. The emulation of 100,000 new members
predicts model versions performing as well as or better than the reference

Figure 2. Errors Es as measured between the simulations and the observations (y axis) as a function of the feedback parameter λ (x axis) in the CNRM-CM PPE (black
dots), the emulated ensemble (gray dots), and the CFMIP models (colored squares). The solid lines are the results of the optimization with constraints on feedback
values for the individual metrics (gray lines) and the aggregated metric (black line). The errors are estimated for (a) the short wave fluxes (SW) and (b) the long-wave
fluxes (LW) at the top of the atmosphere, (c) the air surface temperature (tas) and (d) the total precipitation (pr). These four errors Es are standardized and averaged to
estimate the aggregated metric Etot presented in plot (e). The black dashed lines show the errors and the feedback associated with CNRM-CM6-1.
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Figure 3. CNRM-CM simulations with optimized calibrations conditional on target values of feedback parameters λ. The
plot shows the multivariate error Etot (y axis) as a function of the feedback parameter λ (bottom x axis) for the emulated
optimal candidates (blue line). Twenty-three calibrations have been selected along the feedback range (colored disks) and
used in ARPEGE-Climat to produce actual climate runs (colored triangles): 1 run crashed (gray thick line) and 15 others
have associated errors within the standard deviation of the CFMIP models errors (green area). Disks and triangles of the
same color correspond to the same calibration. The climate sensitivity is estimated from λ, assuming the default model
forcing (Equation 5). The two relative likelihoods of the feedback parameter, estimated with Equation 3, are represented
by the shaded distributions, with the 10th to 90th percentiles range (80% range) and the median in bright colors. The blue
distribution is the initial likelihood function, estimated from the emulated optimal candidates (blue line). The red distribution
is an adjusted likelihood function based on a smooth fit (using a cubic spline under tension interpolation) of CNRM-CM
optimal candidates error metric along the feedback range (red line).

version, spanning a wide range of feedback values. The total error Etot described in Equation 1 is presented
on Figure 2e. It is notable that CNRM-CM6-1 has the lowest Etot of all the PPE members, and only 1% of the
emulated members show a better performance—indicating a rather successful expert calibration of the model
when a multivariate metric is considered.
The PPE results are also compared with those of the six CFMIP climate models. The global annual means of
the four climatic fields of the CFMIP models are projected onto the PPE-derived EOF basis. Then, the RMSE
between these projections and the observations are computed. In the aggregated metric as well as in the individual metrics, the other CFMIP models mostly show better performance than CNRM-CM6-1 and than most of the
emulated CNRM-CM versions.
In Figure 2, and following Equation 5, lower feedback parameters |λ| correspond to higher estimated ECS values.
The emulated CNRM-CM versions with lower-than-reference errors span a reduced range of ECS compared to
the full emulated ensemble (Figure S6 in Supporting Information S1). This range is rather centered around the
CNRM-CM6-1 value for the individual metrics, but is slightly shifted to the high ECS for the aggregated metric
(Figure S6e in Supporting Information S1). The slope in the optimization line of Figure 2e seems to indicate that
the best performing calibration correspond to model version with ECS higher than the reference (Figure 2e).
3.3. Selection of Optimal Calibrations Along Feedback Range
This section now confirms the previous results with a subset of 23 calibrations selected among ones with the
lowest Etot along the feedback values λi. This subset is used to produce CNRM-CM candidate versions, discretely
sampling the feedback range. This selection is presented in Figure 3, in which colored disks show the emulations
of the selected calibrations and the colored triangles are the corresponding CNRM-CM simulations. The disks
and triangles of the same color correspond to the same calibrations. There is a shift toward the lowest |λ| between
the emulations and the simulations in the lowest values of feedback. This result is consistent with the emulator's
PEATIER ET AL.
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overestimate of small feedback magnitudes noted in the emulator evaluation phase (Figure S1 in Supporting
Information S1). By the end of the optimization process, none of the selected calibrations perform better than
the reference model, highlighting the success of the CNRM-CM6-1 calibration, which achieve the best possible
performance, given this metric. However, we observe 15 model versions showing errors within the standard deviation of the multimodel ensemble CFMIP associated with a diversity of feedback.
The selection of calibrations along the Etot optimization line results in candidates with relatively low total error,
but unequal performance in each of the climate fields considered (Figure S8 in Supporting Information S1). This
implies trade-offs between performance in this different fields. Different choices could be made depending on
the variable of interest. We could imagine choosing a weighted metric that favors a good performance in some of
the fields over others. However, in terms of SW fluxes and surface temperature, most members in our selection
perform better than the default model. The LW fluxes and precipitation errors are rather high for our selection
compared to the reference model. Nevertheless, these errors are comparable with other PPE members (Figure S8d
in Supporting Information S1). Additionally, our metric does not require a near-zero top-of-atmosphere radiative
budget. Therefore, most of the candidates presenting high ECS are not balanced at the top-of-atmosphere (Figure S9
in Supporting Information S1). We note in Figure S9 in Supporting Information S1, that the balanced runs are all
showing estimated ECS lower than the reference and that a relationship is present between the top-of-atmosphere
radiative budget and the net feedback for most candidates, except the four with the highest ECS. The presence of
this clear linear constraint suggests that a single process could drive and constrain the net feedback variation in a
big region of the CNRM-CM PPE. Further study is needed to identify this process and to understand what differs
between model versions with low and high estimated ECS. The last four candidates showing large errors and very
unbalanced top-of-atmosphere radiative budget suggest that such high ECS values are associated with an unrealistic
mean climate and are therefore ruled out from the interpolation and likelihood function estimate.
The estimated likelihood profiles for λ differ depending on the use of emulated value (where the profile peaks for
ECS higher than reference) or actual CNRM-CM runs (where the profile peaks for ECS lower than reference) in
Equation 3. Even though the 80% ranges and quite similar, the use of actual climate simulations in the estimate
of the final likelihood allows to obtain a more realistic constraint on feedback range. The median of the final
likelihood profile is very close to the reference feedback, with an estimated ECS of 4.86 K. The estimated 10th to
90th percentile range of ECS is (4.26–6.15 K).
Some of the perturbed atmospheric parameters correlate with the net feedback in the optimized emulations (Figure
S10 in Supporting Information S1). Among these parameters, the ones with the highest coefficient of linear
regressions are the minimum drag for the convective updraft vertical velocity (RKDN), the liquid cloud heterogeneity coefficient in the shortwave spectrum (RSWINHF_LIQ) and the critical ice content for ice auto-conversion
at high negative temperatures (RQICRMAX). These results confirm that the calibration of convection and cloud
optical properties strongly affect the ECS (Saint-Martin et al., 2020) identified the cloud radiative response as the
main driver of the ECS increase between the current and the previous version of the CNRM-CM climate model,
with a predominant contribution of the tropical longwave response. According to Saint-Martin et al. (2020), the
change of convection scheme between the two model versions is the main reason of the cloud changes, causing
the increase in ECS. The present CNRM-CM PPE could be sharing the same characteristics, with the calibration
of convection scheme and cloud properties affecting the tropical longwave response, leading to different ECS, but
more work is required to confirm this hypothesis.
To conclude, 15 of the optimal CNRM-CM versions exhibit good performance in the individual metrics, with
errors comparable to or better than CNRM-CM6-1 for the short-wave fluxes and surface temperature. In terms of
the aggregated metric, none of the model versions show better performance than CNRM-CM6-1, highlighting the
difficulty of finding a better model version than the reference. However, 15 of the optimized CNRM-CM versions
have an aggregate errors within the standard deviation of the CFMIP models errors, with feedback values ranging
from −1.6 to −0.9 W m −2 K −1. This range corresponds to estimated ECS from 4.14 to 7.22 K.

4. Discussions and Conclusions
In this paper, we propose a novel approach for optimizing model performance conditional on a target value of
net climate feedback, based on a 102-member perturbed physics ensemble (PPE) of the atmospheric component
of CNRM-CM6-1. Our method allows the determination of potentially plausible model configurations which
PEATIER ET AL.
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span a wide range of net climate response. This optimization with feedback constraint allows us to predict 23
conditionally optimized calibrations spanning a wide range of net feedbacks, which we subsequently tested
through realized additional simulations. None of these 23 CNRM-CM versions exhibit better performance than
CNRM-CM6-1, but 15 of them have error scores within the standard deviation of CFMIP models errors. These
15 CNRM-CM versions span an ECS range of (4.14–7.22 K) and the likelihood profile of their ECS suggests an
80% range of (4.26–6.15 K).
In all of the individual metrics as well as in the aggregated metric, the other CFMIP models seem to perform
better than the CNRM-CM emulated versions. This specificity could be the result of the basis choice. By projecting the different global means of the CFMIP models onto the CNRM-CM PPE-derived EOF basis, we do not
consider any parts of the model errors orthogonal to this chosen basis. This projection might give CFMIP models
an unfair advantage by hiding an important part of their error. This point will be investigate in future study.
The present work does not seek to recommend calibrations suitable for operational use, given optimal candidates
are conditional on a subjective and nonextensive multivariate metric used here to demonstrate the technique.
Further study will consider how constraints result in trade-offs between performance in different variables. For
optimization purposes, we have made defensible but subjective choices in terms of the variables chosen, the EOF
truncation length, the nature of the feedback constraints for the optimization, and the error metric. Moreover, the
top-of-atmosphere radiative balance is not yet constrained by the method, which results in imbalanced model
versions in the final candidate selection. These are all elements which an operational tuning procedure may wish
to expand on, but are out of the scope of the present study.
The metric considered here suggests the existence of model variants with comparable climatological performance
to CNRM-CM6-1, with both lower and higher net feedback strengths. However, the model with higher climate
sensitivities tend to exhibit strong radiative unbalanced at the top-of-atmosphere. To further understand this
result, future studies should consider a broader range of metrics, ideally with a range of CMIP6 atmospheric
models.
In conclusion, the method proposed here succeeded in producing model candidates spanning a range of climate
responses. Our work sets out to understand the inconsistency between observational evidence which finds high
values of ECS to be increasingly less likely (Sherwood et al., 2020), and a new generation of models in which
many members exhibited ECS values outside of the previously assessed range. Our model optimization exercise
suggests that, for the simulation of mean climatological performance, optimal model configurations may exhibit
lower or higher values of ECS. Understanding how these findings integrate into a general assessment of ECS is
thus a priority for future research.

Data Availability Statement
CMIP6 data are available through a distributed data archive developed and operated by the Earth System Grid
Federation (ESGF): https://esgf-node.ipsl.upmc.fr/search/cmip6-ipsl/. Data files and code for reproducing the
plots are available here: https://doi.org/10.5281/zenodo.6077885.
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