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Abstract

Emulators of Earth System Models (ESMs) are complementary to ESMs by providing climate information at lower computational
costs. Thus far, the emulation of spatially resolved climate extremes has only received limited attention, even though it is one
of the most impactful aspects of climate change. Here, we propose a method for the emulation of local annual maximum
temperatures, with a focus on reproducing essential statistical properties such as correlations in space and time. We test
different emulator configurations and find that driving the emulations with global mean surface temperature offers an optimal
compromise of model complexity and performance. We show that the emulations can mimic the temporal evolution and spatial
patterns of the underlying climate model simulations and are able to reproduce their natural variability. The general design
and the good performance for annual maximum temperatures suggests that the proposed methodology can be applied to other

climate extremes.
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Key Points:

e We present a method for the emulation of spatially resolved annual maximum
temperatures from Earth System Models.

e The emulator reproduces statistical properties and correlations in space and time and can
be extended to other extreme indicators.

e The method exhibits good performance for annual maximum temperatures.

(The above elements should be on a title page)
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Abstract

Emulators of Earth System Models (ESMs) are complementary to ESMs by providing climate
information at lower computational costs. Thus far, the emulation of spatially resolved climate
extremes has only received limited attention, even though it is one of the most impactful aspects
of climate change. Here, we propose a method for the emulation of local annual maximum
temperatures, with a focus on reproducing essential statistical properties such as correlations in
space and time. We test different emulator configurations and find that driving the emulations
with global mean surface temperature offers an optimal compromise of model complexity and
performance. We show that the emulations can mimic the temporal evolution and spatial patterns
of the underlying climate model simulations and are able to reproduce their natural variability.
The general design and the good performance for annual maximum temperatures suggests that
the proposed methodology can be applied to other climate extremes.

Plain Language Summary

Climate models are invaluable tools for studying climate change but take a very long time to run,
even on modern super computers. Emulators of climate models are statistical tools that can be
calibrated to mimic the behaviour of complex climate models with a much reduced
computational demand. However, they are typically not made for reproducing climate extremes,
despite the fact that extreme climate events belong to the most impactful aspects of climate
change. In this study, we propose a method for the emulation of annual maximum temperature
over time and space. This method also reproduces the natural variability of climate models, even
though it is driven only by global mean surface temperature. We show that the emulations are
very similar to the data created by climate models. In an example application, we use the
emulator to examine the extreme temperatures for different climate scenarios.

TOTAL WORDS: 3892 / 4000

1 Introduction

The impacts of climate change will affect the entire social and economical system (IPCC,
2014, 2021). In particular, changes in climate extremes count among the most impactful
consequences of climate change. Climate extremes are substantially affected by human-induced
climate change (Seneviratne et al., 2021). For example, the annual average losses to weather-
related disasters were USD168 billions per year over 2001-2010 and have increased to USD248
billions per year over 2011-2020 (Aon, 2021). Climate extremes affect numerous economical
sectors, for instance agriculture (Sivakumar et al., 2005; Vogel et al., 2019) or the energy sector
(Schaeffer et al., 2012; Perera et al., 2020). Not only do climate extremes have direct
consequences on food or energy security (Hasegawa et al., 2021), but they may also have
indirect impacts on societies due to feedbacks with societal drivers (Raymond et al., 2020). Even
if climate change is limited to 1.5°C, changes in climate extremes remain a crucial issue
(Seneviratne et al., 2018), and society will be impacted in many aspects (IPCC, 2018).

Traditionnaly, Earth System Models (ESMs) are used to derive climate change
projections and the associated climate extremes (Flato et al., 2013; Collins et al., 2013; Lee et al.,
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2021). These outputs are crucial to assess what consequences climate extremes would have on
society (Rosenzweig et al., 2017). However, ESMs require detailed scenarios to simulate climate
change and have very high computational cost, solving a very large number of equations on
several grids. These requirements make ESMs expensive tools and hinder their use to explore
new scenarios and to characterize the internal climate variability.

ESM emulators have been developed for a quicker assessment of climate change in
response to given scenario pathways. A large class of emulators, termed “simple climate models
or “reduced complexity models” provide projections of key variables of the Earth system such as
global mean temperature (Nicholls et al., 2020; Nicholls et al., 2021), however they do not
provide local information which is essential for studying climate impacts. A second class of
emulators derives spatially resolved climate responses from global mean temperature trajectories
(“spatially resolved emulators™), such as the recently developed Modular Earth System Model
Emulator with spatially Resolved output (MESMER) (Beusch et al., 2020) that this work builds
upon. Spatially resolved emulators usually rely on some version of pattern scaling to derive local
responses from global variables (Mitchell, 2003; Fordham et al., 2012; Herger et al., 2015;
Lynch et al., 2017; Alexeeff et al., 2018). While other approaches exist (Castruccio et al., 2014;
Holden et al., 2014), pattern scaling shows good performances in spite of its simplicity (Tebaldi
and Arblaster, 2014; Tebaldi and Knutti, 2018). For the representation of natural variability,
there is no single most established method. Some emulators resample actual ESM fields
(McKinnon et al., 2017; Alexeeff et al., 2018), some resample principle components with
perturbed phases (Link et al., 2019), and others rely on autoregressive processes with spatially
correlated innovations (Beusch et al., 2020; Nath et al., 2021). Almost all currently available
spatially resolved emulation approaches have been developed to emulate mean quantities, but to
better assess the impacts of climate change for diverse emission pathways, emulation of climate
extremes is needed too. A first step in this direction has been made by (Tebaldi et al., 2020),
using pattern scaling to emulate the average evolution of climate extremes, but does not consider
natural variability. Thus, an emulator that reproduces the full distribution of the climate extremes
is still lacking.

2

In this paper, we propose a new method for the emulation of climate extremes that
accounts for both the spatio-temporal structure and their internal variability. Building on the
MESMER emulator, the presented approach is referred as MESMER-X. The statistical
framework of the method is introduces in Section 3. We use annual maximum temperature data
from the 6" phase of the Coupled Model Intercomparison Project (CMIP6, (Eyring et al., 2016))
to illustrate our method (Section 4). Finally, we discuss the potential of this method for extension
to other climate extremes (Section 5).

2 Data

Simulations from 18 ESMs contributing to Scenario Model Intercomparison Project
(ScenarioMIP, (O'Neill et al., 2016)) of CMIP6 are considered (listed in Supplementary table
S.1). We use the ESMs which provide data for concentration-driven historical (Meinshausen et
al., 2017) and for at least two of the five scenarios SSP1-1.9, SSP1-2.6, SSP2-4.5, SSP3-7.0 and
SSP5-8.5 (Meinshausen et al., 2020). As another condition, we retain only the ESMs providing
the daily maximum near-surface air temperature, the near-surface air temperature and the
downward surface sensible heat flux over the ocean.
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All simulations are interpolated to the same 2.5° x 2.5° grid using second-order
conservative remapping for the two temperatures and inverse distance-weighted average
remapping for the heat flux (Brunner et al., 2020a). Spatially resolved local annual maximum
temperature (TXXx) is calculated as the annual maximum of the daily maximum temperature. The
anomaly of the local annual maximum temperature is defined by substracting the 1850-1900
mean.The global mean surface air temperature (GSAT) is derived by first averaging annual mean
near-surface temperature, then its anomaly is also calculated by subtracting the 1850-1900 mean.
The same operations are performed to obtain the global downward heat flux in sea water
(HFDS).

In Section 4, both the global trend and global variability of GSAT and HFDS are used to
identify adequate drivers for the emulations. These two components are decomposed using a
locally weighted scatterplot smoothing, accounting for volcanic eruptions as explained in
(Beusch et al., 2020). For the sake of clarity, this paper shows mostly results with the global
trend of GSAT, but the full results are shown in supplementary information.

In this paper, some results are aggregated to sub-continental regions defined for the 6™
Assessment Report of IPCC regions (Iturbide et al., 2020).

3 A method for the emulation of climate extremes
3.1 Statistical distribution of local climate extremes

Climate variables can be characterized by stochastic processes, and climate extremes are
rare values or events of these climate variables, in the tail of their probability distribution (Wilks,
2011; Storch and Zwiers, 1999). This definition implies that changes in the distribution of
climate variables will also affect the distribution of climate extremes. For instance, if the local
annual surface temperature increases, it is likely that the local annual maximum surface
temperature will increase as well. Regional anomalies of climate extremes have been found to
scale linearly with anomalies in GSAT (Seneviratne et al., 2016; Wartenburger et al., 2017,
Seneviratne et al., 2018; Tebaldi et al., 2020). Here, the principle is extended: instead of having
the regional mean anomalies of climate extremes scaled with anomalies in GSAT, we scale the
distribution of the local anomalies of climate extremes with anomalies in GSAT.

For clarity, this method is explained for TXx, but this method is designed to be applicable
to other climate extremes as discussed in Section 5. We write AX, the local anomaly of TXx at
each point in space s and timestep ¢. We assume here that AX;, follows a Generalized Extreme
Value (GEV) distribution, because TXx is a block maxima (Coles, 2001; Wilks, 2011) and we
note that the GEV has been successfully used to model TXx elsewhere (Hauser et al., 2016;
Huang et al., 2016; Kim et al., 2020). We further assume that the location, scale and shape
parameters of the GEV are point- and timestep-dependent, written as ug ¢, os . and &5 .. More
precisely, we disentangle these dependencies by assuming that these parameters follow the
functions f;, gs and hg, taking a matrix of covariates AV, as input. This matrix is defined as
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timeseries of the anomalies in global climate variables such as GSAT. We define the emulator
configuration E as the set of equations (1). Examples are shown in Section 4.1.

(AXs,t ~ GEV(,“S,D Os ty 'Ss,t)
Hst = fs(AVy)
Ost = gs(AVy)
S;s,t = hy (Avt)
For each ESM, the coefficients in the functions f;, g5 and hg are estimated by minimizing
the negative log likelihood over scenarios and available ensemble members. To ensure the

convergence of the fit, the local first guess of the coefficients for the parameters is optimized
using an adapted method of moments as described in the supplementary information.

(1)

3.2 Spatio-temporal coherent sampling of climate extremes

The first step of our emulation method provides the local statistical properties of the
climate extremes and their evolution with external covariates. For approximating internal climate
variability, we aim at devising a stochastic model that produces spatially and temporaly
correlated samples of TXx. To this end, we follow previous work which parameterizes internal
climate variability in annual mean temperature anomalies using a local auto-regressive processes
with spatially correlated innovations (Beusch et al., 2020). A key assumption of this approach is
that the variability is stationary in time and approximately normally distributed. This is however
not the case for residuals of the model mentioned in equation (1). Instead, we propose an
approach that exploits the model to transform TXx to a standard normal distribution using the
probability integral transform (Angus, 1994; Gneiting et al., 2007; Gudmundsson et al., 2012).
For the emulator configuration defined in Section 3.1, the GEV of TXx and its cumulative
distribution function TGEV(AXS_tlAVt, for Gs» hs) are known over the full training dataset. We
define 3 as the quantile function of the standard normal distribution. Using these two
functions, we transform AX; , to a standard normally distributed transformed TXXx, that we write
as &g,

Oy = Fit (Forv (AXoe|AV,, i, g hs) ) @)

While AX; . follows a non-stationary GEV distribution, @, has a normal distribution
stationary in time, thus respecting the required conditions (Humphrey and Gudmundsson, 2019;
Beusch et al., 2020). Note that no information is lost in this transformation, because the GEV
associated with @, is known at each point s and timestep t, which will be used in Section 3.3.
We train on &, a local auto-regressive process of order 1 with parameters y, and y; 1, with
spatially correlated innovations v, .. These innovations are sampled from a multivariate normal
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distribution deduced from an empirically estimated and localized covariance matrix that
represents spatial dependence between points as explained in (Beusch et al., 2020).

Dy = Voot Vs1Psi—1 1+ Vst (3)

3.3 Emulating spatio-temporally correlated climate extremes

The two steps described in section 3.1 and 3.2 form the full training of the emulator.
Here, we explain how to emulate TXx under different scenarios. Any scenario can be emulated if
it provides the covariates AV, that are timeseries of anomalies in global climate variables.
Thanks to this scenario, the distribution of TXx is a direct result from equation 1.

Using the auto-regressive processes with spatially correlated innovations, we draw
realizations @ ., for all points s, timesteps ¢, and index of emulation e. These realizations are
transformations of TXx onto a standard normal distribution, and independent from the scenario
so far. Because the probability integral transformation can be reversed, we transform back the
realizations @ , ., onto the distribution of TXx using its quantile function Fz2, (p|AVy, fs, gs, hs),
p being here a probability and the cumulative distribution function of the standard normal
distribution F,., leading to the emulations of TXx written AX . .:

AXs,t,e = TG_Elv(TN(q)s,t,e)lAth ﬁs" Is» hs ) (4)

4 Emulating extreme temperatures under climate change
4.1 Evaluating and selecting emulator configurations

The method of Section 3 is applied and we test a set of different configurations (Figure
1), looking for a good compromise between simplicity and accuracy. For each of the 18 ESMs,
we use its historical period over 1850-2014 and all available scenarios over 2015-2100 to
calibrate the emulator configuration (Section 3.1) and the auto-regressive process with spatially-
correlated innovations (Section 3.2). We then draw 1000 realizations that we back-transform into
emulations of all available scenarios. (Section 3.3). For each ESM and emulator configuration,
we evaluate the ability of the emulations to reproduce the ESM’s TXx anomaly distribution
using the Continuous Rank Probabiliy Score (CRPS) and the CRPS Skill Score (CRPSS),
commonly used in climate sciences (Wilks, 2011; Jolliffe and Stephenson, 2012). The CRPS
measures the quadratic discrepancy between the cumulative distribution function of the
emulations to the one of the ESM. We calculate this score for each point of the sample. The
CRPSS is defined as one minus the ratio of the CRPS to another CRPS used as a reference, thus
expressing the decrease in the CRPS relative to the reference. Both scores are then averaged
globally for the sake of clarity.

We show a selection of emulator configurations in Figure 1, using the decomposition of
the GSAT anomaly into the global trend AT T and the global variability AT (Beusch et al.,
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2020). The global trend AT T is meant to capture the signal from global warming while the
global variability AT¢" would rather capture interannual variability processes. We use here
linear evolutions of covariates, for simplicity and given their observed linearity with global mean
temperature (Seneviratne et al., 2016; Wartenburger et al., 2017; Tebaldi et al., 2020). In Figure
1, the configurations are distinguished into two groups: the first row corresponds to a primitive
configuration, with no covariates, used for benchmarking of the second group.

1.6

INEE EENEE BEEEEN | ﬁ

1.2
E;: ATXxX ~ GEV( pg + p ATST , G +Eo )
E;: ATXx ~ GEV/( g + 1 ATET , 0y + 0, ATET &)
E3: ATXx ~ GEV( o + 11ATCT + (158TY, 0 &)
Eq4: ATXx ~GEV( Mo + ].(1ATGT + HzﬂTGV) Op + U‘uﬁTGT &0 )

Es: ATXx ~ GEV( g + pr ATST O+ O1ATCT 4+ 0, ATSY, &y )
Eg: ATXX ~ GEV( p + (AT + 1,ATCY, gy + 01 ATCT + 0,AT9Y, &y )

CanESM5

CMCC-CM2-SR5

FGOALS-g3
MRI-ESM2-0 +
NESM3 S

HadGEM3-GC31-LL

CNRM-CM6-1
HadGEM3-GC31-MM

ACCESS-CM2
ACCESS-ESM1-5
CNRM-CM6-1-HR
CNRM-ESM2-1
IPSL-CM6A-LR
MPI-ESM1-2-HR +
MPI-ESM1-2-LR +
NorESM2-MM -~
UKESM1-0-LL

AWI-CM-1-1-MR

Figure 1. Selection of an emulator configuration. The first row shows the CRPS (lower is better)
for the emulator configuration Eo used as a reference. On the following rows, the CRPSS (higher
IS better) with reference to the emulator configuration Eo show the respective global performance
of the different emulator configurations for different ESMs.

On the first row of Figure 1, the emulator configuration has its GEV with constant
parameters over time, despite a changing climate. On the second row of Figure 1, the
configuration E; has only its location covarying linearly with AT¢T. Compared to E,, it reduces
the CRPS on average by about 28%. The ESMs with a low CRPS in E, (eg FGOALS-g3) have
their TXx less influenced by climate change than those with a higher CRPS such as HadGEM3-
GC31-LL, HadGEM3-GC31-MM and UKESM1-0-LL. Those ESMs with a low CRPS have a
low CRPSS as well, because the new emulator configuration brings little improvement.
However, those with a higher CRPS benefit from a stronger reduction in their CRPS by
including a dependency of the GEV to climate change.

On the following rows, different combinations are tried to further improve E;. However,
these more complex models have only marginal gains, or even lead to a reduction in the
performances (e.g. E;). These results are confirmed by comparing the global distribution of
CRPS using Mann-Whitney U tests: adding additional terms for the emulation of TXx either
brings no significant improvement, or slightly reduces the quality of the emulations. It would
suggest that it would only overfit the data.

We observe that the emulator configurations E, to E, bring improvement only in some
regions of the Earth (not shown), while they hamper the fit in many others, which is consistent
with (Kharin and Zwiers, 2005; Kim et al., 2020). In our framework, E is sufficient to capture
the evolution of the distribution of TXx in a changing climate. We observe that with the
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combination of AT¢T and the emulated AT¢", the location and scale parameters vary over
broader domains than those of the ESM, and the scale parameters may even become negative.
Because AT ¢V can be characterized as an independent stochastic process, using it as a covariate
hinders the emulation.

In Figures S.1to S.7, we show other emulator configurations. We use AH¢T, the global
trend of the anomaly in HFDS, to disentangle contributions with different timescales (Geoffroy
et al., 2013; King et al., 2020). It shows that AH“T does not bring the desired improvement: the
differences in transient and equilibrium TXx appear mostly at the end of low-warming scenarios.
Using the extensions of scenarios up to 2300 may help the algorithm in seizing this signal. A
logistic regression is also tried on the shape parameter, to limit the range of its evolution and to
account for changes in albedo, for instance due to reduction in snow cover.

This analysis shows that the emulator configuration E; provides the best compromise of
simplicity and quality for emulations of TXx. The results in the rest of the paper will therefore
use E, i.e. with the only the location parameter of the GEV varying linearly with AT T,

4.2 Example of emulations

Figure 2 shows an example of our results for MPI-ESM1-2-HR, one of the 18 trained
ESMs. We compare the maps of the anomaly in TXx of the ESM (topmost row) with 3 of the
1000 emulations for this ESM. We show the years 2014 and 2100, the end of the historical
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scenario and the end of SSP5-8.5 to illustrate the performance under current and high warming
conditions.

o (a) Year: 2014 (b) Year: 2100 of SSP5-8.5 (c) Transient regional responses
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2020 2040 2060 2080 2100

0 5 10 0 5 10 5 33 50 67 95

Anomaly in TXx Anomaly in TXx Percentiles of emulations (%)
with reference to 1850-1900 (°C) with reference to 1850-1900 (°C)

Figure 2. Example of emulations. The local anomalies in TXx are shown for MPI-ESM1-2-HR
and three emulations for the years 2014 and 2100, in columns (a) and (b), respectively. The
transient regional response from 2014 to 2100 is shown in column (c) for selected regions and
points. The 1% and 2™ rows of column (c) are respectively the regions West & Central Europe
and the South-East of South America. The 3 and 4" rows of column (c) are two points located
in the United States and in China respectively. It features the values from MPI-ESM1-2-HR, the
same three emulations shown in maps and the density of the 1000 emulations drawn for this
emulator configuration.

The emulations capture the general spatial features in TXx well, be it in 2014 or in 2100,
but no exact match to the ESM simulation can be expected since they include a representation of
natural variability. For example, both the emulations and the ESM simulate the positive anomaly
over Eastern Europe and the center of South America or the lower anomaly over Central Africa.
Because each emulation includes natural variability, some features are more pronounced than
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others, such as the high anomaly in the center of North America. The strongest differences to
MPI-ESM1-2-HR are in the South-East of South America and in the center of North America.

To further investigate the similarities and discrepancies, we represent the transient
response in two specific regions and two specific points as detailed in Figure 2. Overall, the
emulations show a good agreement with the ESM. The ensemble of emulations correctly
encompasses the realization by MPI-ESM1-2-HR.

Figures S.8 to S.25 show the same results for the 17 other ESMs employed in this study.
They highlight that the emulator captures the spatial and temporal features of these models as
well, even though the ESMs present different mean warming, internal variability, and spatial
patterns of TXx anomalies.

4.3 Evaluation of regional performance

We have selected the emulator configuration on the basis of its global performance in
Section 4.1, and verified that the emulations are visually convincing at different spatial scales in
Section 4.2. Here, we want to quantify the performance on a regional level. To do so, we
compare regional percentiles of the emulations to the ESMs following the same approach as
(Beusch et al., 2020). For each ESM and each emulation, the anomalies in TXXx are averaged
over the ARG regions. Next, we calculate the 95%, 50% and 5% percentiles of the regional
emulations. We count how often the regional values of the ESM exceed these thresholds. We
determine the deviations of the ESM to the percentiles of the emulation, hence how well we
reproduce the dispersion of the ESM.

Figure 3 shows the regional deviation in the quantiles. Panel (a) shows that the 95%
quantile of the emulations is generally too low, while panel (c) shows that the 5% quantile of the
emulations is mostly too high. This means that the emulation is underdispersive, a feature
expected for emulations (Beusch et al., 2020). The performance of the emulator is lowest in
South-East Asia and in the Sahara, but overall the performance remains good: the regional
deviations are below 5% in most of the cases (for 93%, 99% and 92% of the model-region
combinations for the quantiles 95%, 50% and 5%, respectively). The average of the regional
deviations across regions and ESMs is -2.4%, -0.3% and 2.9%.
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(a) 95% quantile
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306  Figure 3. Regional deviations of ESMs from the 5%. 50%, 95% quantiles of the emulations,
307  respectively in panels (a), (b) and (c). Red (blue) indicates that the quantile of the emulations is
308  higher (lower) than the one of ESM, because the ESM is more frequently below (above) the
309  quantile than expected.
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4.4 Example application

In Sections 4.1 to 4.3, we evaluate the performance of the emulator using training data.
However, this method is not only meant to reproduce training data, but also to emulate other
scenarios. For instance, some ESMs run only a subset of the scenarios SSP1-1.9, SS1-2.6, SSP2-
4.5, SSP3-7.0 and SSP5-8.5, which hinders the evaluation of a distribution of anomalies in TXXx
based on all ESMs. Here, for each ESM, we use the emulator trained on available scenarios from
Sections 4.2 to 4.3 to calculate all these SSPs.

In the selected configuration, MESMER-X can emulate scenarios if timeseries of the
smoothed anomaly in GSAT (AT¢T) are provided. For each of the scenarios (Section 2), we
average AT“T over all ESMs that have run the scenario. These averaged AT T are used as
common drivers to create emulations for all ESMs for every scenario. For each of the 18 ESMs,
we calculate an ensemble of 1000 realizations which combines two sources of dispersion: the
local variability in TXx modeled by the ESM and the uncertainty in this modeling by ESMs, also
termed “regional climate sensitivity” (Seneviratne and Hauser, 2020). Yet, it does not encompass
the global uncertainty due to the different global climate sensitivities of the ESMs. Additionally,
we are not weighting ESMs according to their performances nor accounting for ESM-
interdepencies (Abramowitz et al., 2019; Brunner et al., 2020b). Here, we solely aim to show the
capacity of this emulator by synthetizing differences in the modeling of TXx in the ESMs. Using
the emulations, we calculate the distributions of the anomaly in TXx for any point in space and
time, as illustrated in the right panel of Figure 4. From these emulations, we deduce the return
periods in 2100 for each ESM and scenario. Then we deduce the mean and standard deviation of
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these return periods, corresponding to the uncertainty induced by the different ESMs’ different
representation of natural variability, as shown in left panel of Figure 4.
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Figure 4. Illustration of the ensemble formed by 1000 emulations of the 18 trained ESMs,
applied over common scenarios. The return periods in 2100 in West & Central Europe of each
ESM are shown in panel (a) through their mean and one standard deviation range. In the legend,
the anomaly in GSAT in 2100 of each scenario is provided. Panel (b) shows the local 5%, 50%
and 95% quantiles in 2100, all ESMs being pooled together. Each row corresponds to a different
scenario.

In the left panel of Figure 4, we notice that in West & Central Europe, an anomaly of 5°C
would happen about once in 40 years in 2100 under SSP1-1.9, but every 10 years under SSP1-
2.6 and every 1 or 2 years under SSP2-4.5. This result is consistent with how climate extremes
are projected for 1.5°C (Seneviratne et al., 2018) and the change from 1.5°C to 2°C (Hoegh-
Guldberg et al., 2018).

In the right panel of Figure 4, we show the maps in 2100 for selected quantiles. Here, all
emulations and ESMs are pooled together, which implies that both the natural local variability in
TXx and the uncertainty in this modeling by ESMs contribute to this range. For the median, the
regions with the highest anomalies of TXx are Central North America, Central South America
and the Meditarenean region. Those with the lowest anomalies are Greenland, South Asia and
Central Africa. These results are even more distinct when considering the 95% quantile. The
95% quantile of SSP1-1.9 seems overall only slightly higher than the 5% quantile of SSP5-8.5.
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Broadly speaking, it would suggest that anomalies in TXXx that had only 5% of chances to occur
or be exceeded in SSP1-1.9 in 2100, would have their probability increase to 95% in SSP5-8.5.

5 Discussion and conclusions

This paper has introduced a method for the emulation of climate extremes under climate
change, used to extend the MESMER emulator (Beusch et al., 2020) to MESMER-X. This
method does not only reproduce the mean evolution of climate extremes but also their
distribution. Besides, it accounts for their spatial and temporal features.

Fits of non-stationnary GEV for TXx have already been performed using different
covariates on the location (Zwiers et al., 2011; Hauser et al., 2016; Wehner et al., 2020; Wehner,
2020). Here, we leverage this approach to model the distribution of TXx at each point
conditional on global covariates. The proposed method is improved in its greater versatility in
the use of covariates and in its sampling of stochastic realizations of timeseries fields. We show
that the emulator mimics well the local annual maximum temperature of the ESMs, with an
underdispersion below 5% for most regions and ESMs.

This method is designed to be directly applied to other indicators of climate extremes, as
long as their distribution can be parametrized by a GEV. Moreover, the framework can be easily
adapted to different distributions which be more appropriate for other indicators, such as a
Poisson distribution for counting extreme events (Wilks, 2011) or a generalized Pareto
distribution for climate extremes based on peak-over-threshold exceedances (Coles, 2001;
Naveau et al., 2005). The parameters of these distributions may vary with any combination of
global drivers to improve the quality of the emulator configuration.

Similar to MESMER (Beusch et al., 2022a; Beusch et al., 2022b), MESMER-X could be
coupled to a SCM in future work to gain the ability to transform any emission scenario into local
annual climate extremes in a fast and probabilistic way. Such an emulator chain could be used to
provide detailed climate information into integrated assessment models, for instance to
assess how climate extremes affect different transformation pathways.

(All figures and tables should be cited in order. For initial submission, please embed figures, tables, and their
captions within the main text near where they are cited. At revision, figures should be uploaded separately, as we
need separate files for production. Tables and all captions should be moved to the end of the file.)
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ESM Simulations available Ensemble member used

ACCESS-CM2 historical, ssp126, ssp245, ssp370, ssp585 rlilpifl
ACCESS-ESM1-5 historical, ssp126, ssp245, ssp370, ssp585 rlilpifl
AWI-CM-1-1-MR historical, ssp126, ssp245, ssp370, ssp585 rlilpifl
CanESM5 historical, ssp119, ssp126, ssp245, ssp370, ssp585 rlilpifl
CMCC-CM2-SR5 historical, ssp126, ssp245, ssp370, ssp585 rlilpifl
CNRM-CM6-1 historical, ssp126, ssp245, ssp370, ssp585 rlilplf2
CNRM-CM6-1-HR historical, ssp126, ssp585 rlilplf2
CNRM-ESM2-1 historical, ssp119, ssp126, ssp245, ssp370, ssp585 rlilplf2
FGOALS-g3 historical, ssp119, ssp126, ssp245, ssp370, ssp585 rlilpifl
HadGEM3-GC31-LL historical, ssp126, ssp245, ssp585 rlilplf3
HadGEM3-GC31-MM historical, ssp126, ssp585 rlilpifl
IPSL-CM6A-LR historical, ssp119, ssp126, ssp245, ssp370, ssp585 rlilpifl
MPI-ESM1-2-HR historical, ssp126, ssp245, ssp370, ssp585 rlilpifl
MPI-ESM1-2-LR historical, ssp126, ssp245, ssp370, ssp585 rlilpifl
MRI-ESM2-0 historical, ssp119, ssp126, ssp245, ssp370, ssp585 rlilplfl
NESM3 historical, ssp126, ssp245, ssp585 rlilplfl
NorESM2-MM historical, ssp126, ssp245, ssp370, ssp585 rlilplfl
UKESM1-0-LL historical, ssp119, ssp126, ssp245, ssp370, ssp585 rlilplf2

Table S.1: ESMs selected for emulation, based on the availability of data.



Optimization of the first guess for the fit of the GEV with covariates:

In section 3.1 of the main text of this paper, we describe how a distribution is fitted for the
climate extreme, using covariates on parameters. As written in section 3.1, AX; . corresponds
to the sample of the climate extreme and AC,, to the vector of covariates. We assume
immediately that we are on a given gridpoint s to drop the index. In this section, we note AX,
the full sample of the climate extreme, historical and scenarios together.

The objective is to identify coefficients for the emulator configuration. We illustrate this
method with a GEV here of location y, scale o and shape &. We write in equation (A.1) the
objective. The coefficients u,, g, and &, are constant terms. We separate the i coefficients y;;,, ;

on linear covariates from the j coefficients t,.x.r,j ON NON-linear covariates, for all parameters.

(.Uo: s Hiinyi ++» -« Hother,j )
(0'0, ce Olink - » - Oother ) (A.1)

(80, - Stinm > = Eother,n )
The general idea of this method is to propose a first guess of the constant terms for the
location, scale and shape of the distribution using the analytical expressions of the mean,
variance and skewness. By optimizing a first evaluation of these constant terms to the observed

moments of the distribution, we obtain an optimized first guess.

Step 1:
To begin with, the sample of the climate extreme AX; is detrended using ordinary least

squares, and only with the terms on the location that were assumed linear in the emulator

configuration. The constant term is noted w4, o, While the coefficients on the i linear terms are

WIItten fig 1in,i-

Step 2:
From the detrended climate extremes, we deduce the residuals. From these residuals, we

calculate the mean M, the variance V and the skewness S of the full sample.

Step 3:
The support of a GEV is defined as shown in equation (A.2). In our data, we observe that

the shape is mostly negative, pointing at an upper limit in AX,.

AX, € [u—0a/&,+oo] whené >0
AX; € |—00,+0o[ whené =0
AX; € |—oo,u—0/é] whené <0

(A.2)



An initial value ¢,,,, for the shape is calculated using this support and an ad-hoc value, as
shown in equation (A.3). This value will not be the first guess for the shape of the GEV. This

&-aw 1S Meant to ensure that all points of the sample are within the support of the GEV.

Eraw = max (—0.25, + 0.1) (A.3)

M — max( AX;)

Step 4:
We write a first set of coefficients, shown in equation (A.4). The coefficients uifg orper,; are
written so that the ensuing evolutions would be small compared to the constant. For instance,

using notations from Figure 1, the logistic terms are setto &, ;= 0.1 yr~! and &5, = 0.01 &,.

(M, Mg ling -+ » - Mg other, )
(VV, .0 e, o Op g others -+ ) (A.4)
(Eraws 0 s - Efgrotherm - )
The mean Mgy, the variance Vg, and the skewness S;g, of a GEV of location u, scale o
and shape ¢ can be written as shown in equations (A.5). We write y as the Euler’s constant, T’

as the Gamma function, sgn as the sign function and ¢ as the Riemann’s zeta function.

( u+o(gy—1)/& whené #0,& <1
Mepy = u+ oy whené =0
o whené =1
0% (g, — 91)/§* whené #0,§ <1/2
Veey = 0?n?/6 when& =0
) © when & > 1/2 (A.5)
-3 + 293
sgn(f)gg 9291 _ 91
Seev = (9: — 97)?
12V6¢(3)/n® whené =0
\ 9r =T — k)

We optimize now the constant coefficients (u., o., &.) with starting values (M, V7, Emw)

1
When€¢0,5<§

from (A.4), by minimization of the differences to the moments of the GEV deduced from (A.5).
This process is illustrated in equation (A.6), and the solution is noted (15 42,0, 9740, €7 4.0)-

. _constraints (MGEV(MC' O-C'S;c) - M)Z
(Kro20:Or0.008ra0) = MINGLGES™ | +Wary (e, 00, 0) = V)2 (4.6)

+(SGEV (.uc' Oc, fc) - S)Z
Equation (A.6) shows that the minimization is performed with constraints. For every set of
values (u., a., é.), the evolutions of the parameters (u,, o;, é;) of the GEV are computed. To

do so, the covariates are used along the coefficients from equation (A.4), although values



(M,\V,&,4,) are replaced by the current values (psg10 + e, 0c, €. ). We pinpoint that the
actual mean for the calculation of the evolution of the coefficients was g4, + 1, not only

Uc. This is due to the dependency of the mean of the GEV to its scale and shape, as shown in
equation (A.5), and the linear detrend used in step 1.

The computation of the evolutions of the parameters allow the verification of conditions, as
shown in equation (A.7). The first condition verifies that the sample falls within the support of
the current tested GEV, and is a direct consequence of equation (A.2). The second condition is
meant to avoid problematic values on the shape. The low and high thresholds on the shape were

respectively set to —oco and 1/3, to avoid an infinite skewness, as shown in equation (A.5). The

third condition simply answers to obvious mathematical and physical grounds. The fourth
condition is meant to avoid spurious evolutions of coefficients in ill-defined emulator
configurations, causing a trend in coefficients, almost compensating in the evolutions of
parameters. This second low threshold were set to -2, this value were observed to provide good
results. The last condition actually corresponds to other mathematical conditions on
coefficients, such as the time constant in logistic evolutions that are meant to be positive.

({AXt € [us —o0:/&,+o[ whené&, >0

AX; € ]—oo,uy — 0y /&] whené <0

) Et € [Ethreshold,low' Ethreshold,high] (A. 7)
o >0

fc > fthreshold,low,z
\ £, >0, ...

Step 5:
Thanks to the former optimization, better values for the constant terms have been found. By

feeding the result of (A.6) in (A.4), we calculate the negative log likelihood of the current
solution, a first optimized first guess.

Then we repeat step 4, although by removing the term on the mean. The second optimized
first guess is then used to calculate the negative log likelihood.

We deduce the first guess by taking the one with the lower negative log likelihood. Equation
(A.8) shows the optimal first guess used for the fit of the distribution from section 3.1. We
pinpoint that the conditions (A.7) are used as well during the fit of the distribution.

(/«‘fg1,o t Urg2,00 - UFg lingi -+ - Kfg,other,j )
(07,00 0 ey e Of g other,s - ) (A.8)
(679,00 0 s & s g otherm )



Comparison of emulator configuration over each scenario individually:
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Figure S.1. Emulator configurations over historical and all scenarios. The first row shows
the CRPS (lower is better) for Eo used as a reference. On the following rows, the CRPSS (higher
is better) with reference to the emulator configuration Eo show the respective global
performance of the different emulator configurations for different ESMs.
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Figure S.2. Same as Figure S.1, with training over all available scenarios, but evaluation
solely over the historical (1850-2014).



m
ol

solely over the ssp119 (2015-2100).

Ei

E;: ATXx ~ GEV{ pp + p1 AT®T
E;:
Es:
Eaq:

E:

o)

Eg:
E;:

solely over the ssp126 (2015-2100).

T ATXx ~ GEV( g

ATXx ~ GEV( o + 1 ATST

o ATXx ~ GEV{ g + (1 ATOT

+Tg

» T
0o + 01ATCT

CATXx ~ GEV( g + i ATOT + 1, ATSY gy
T ATXx ~ GEV( Up + 1 ATCT + 1 AT, 0 + 01 ATCT

o ATXX ~ GEV( o + 1 ATST

1 ATXx ~ GEV( pig + 11 ATST

L ATXx ~ GEV( Lo + M ATET

: ATXX ~ GEV( 1 + (h ATET

¢ ATXx ~ GEV( o + i ATST

&
&0
€o
&0

, 0o+ O1ATCT + 0, ATV, &
T ATXx ~ GEV( g + L1 AT + 15 AT, 0 + 01ATET + 0,0T9Y, &
D ATXx ~ GEV( tip + th AT + 1 AHST, gy

T ATXx ~ GEV( o + 11 ATET + (1AHST, og + 01 ATST
1 ATXx ~ GEV( g + 1 ATST + 1, AHCT, ag + 01ATS + 0:AHCT, &

. Op
N
, Op + 01 ATET
,Oq + o ATST

o
&0

o+ €1ATGT

o+ 1+e" T qe T

sEo+ 51ATGT
LB+

1 +e’5 ar

e
1
e
)
iE
E
)
)
N
1
)7
)
)

CanESM5
CMCC-CM2-SR5 A
FGOALS-g3 A
MRI-ESM2-0
NESM3 -

HadGEM3-GC31-LL A
NorESM2-MM
UKESM1-0-LL

ACCESS-CM2
ACCESS-ESM1-5
AWI-CM-1-1-MR
CNRM-CM6-1 1
CNRM-CM6-1-HR 1
CNRM-ESM2-1
IPSL-CMBA-LR
MPI-ESM1-2-HR -
MPI-ESM1-2-LR 4

HadGEM3-GC31-MM -

0.24
0.21
0.18
0.15

CRPSS

Figure S.3. Same as Figure S.1, with training over all available scenarios, but evaluation
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Figure S.4. Same as Figure S.1, with training over all available scenarios, but evaluation
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Figure S.5. Same as Figure S.1, with training over all available scenarios, but evaluation
solely over the ssp245 (2015-2100).
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Figure S.6. Same as Figure S.1, with training over all available scenarios, but evaluation
solely over the ssp370 (2015-2100).
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Figure S.7. Same as Figure S.1, with training over all available scenarios, but evaluation
solely over the ssp585 (2015-2100).



Examples of emulations under each ESM:

(a) Year: 2014 (b) Year: 2100 of SSP5-8.5 (c) Transient regional responses
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Figure S.8. Example of emulations for ACCESS-CM2 and three of its emulations in 2014
and 2100, in columns (a) and (b), respectively. The transient regional response from 2014 to
2100 are shown in column (c) for selected regions and grid points. It features the values from
ACCESS-CM2, the same three emulations shown in maps and the density of the 1000

emulations drawn for this emulator configuration.
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Figure S.9. Same as Figure S.8, but with ACCESS-ESM1-5.
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o (a) Year: 2014 (b) Year: 2100 of SSP5-8.5 (c) Transient regional responses
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Figure S.10. Same as Figure S.8, but with AWI-CM-1-1-MR.
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Figure S.11. Same as Figure S.8, but with CanESMD5.
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Figure S.12. Same as Figure S.8, but with CMCC-CM2-SR5.
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(a) Year: 2014 (b) Year: 2100 of SSP5-8.5 (c) Transient regional responses
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Figure S.13. Same as Figure S.8, but with CNRM-CM6-1.
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Figure S.14. Same as Figure S.8, but with CNRM-CM6-1-HR.



(a) Year: 2014 (b) Year: 2100 of SSP5-8.5 (c) Transient regional responses
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Figure S.15. Same as Figure S.8, but with CNRM-ESM2-1.
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Figure S.16. Same as Figure S.8, but with FGOALS-g3.



(a) Year: 2014 (b) Year: 2100 of SSP5-8.5 (c) Transient regional responses
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Figure S.17. Same as Figure S.8, but with HadGEM3-GC31-LL.
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Figure S.18. Same as Figure S.8, but with HadGEM3-GC31-MM.



(a) Year: 2014 (b) Year: 2100 of SSP5-8.5 (c) Transient regional responses
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Figure S.19. Same as Figure S.8, but with IPSL-CM6A-LR.
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Figure S.20. Same as Figure S.8, but with MPI-ESM1-2-HR.
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Figure S.21. Same as Figure S.8, but with MPI-ESM1-2-LR.
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Figure S.22. Same as Figure S.8, but with MRI-ESM2-0.
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(a) Year: 2014 (b) Year: 2100 of SSP5-8.5 (c) Transient regional responses
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Figure S.23. Same as Figure S.8, but with NESM3.
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s , i
s 10 4L 3
L} i e,
N 8
s 6
an 4
w 2
- — Emu 1
o 0 Sty
=2 ® NorEsMzMm
—
* 10
c
o :
4+
o 4
S 2 LS
& 0 fRom, =
i b
N
#* 10
C
S :
2
o 4
- 2 ® e Emu#l
S 0 Ekrp
(UN] ®  NorESM2-MM
M
# 10
C
o :
-
© 4
g ; =
E 0 — EMU #3
(NN ] ®  NorESM2-MM

2020 2040 2060 2080 2100

o e— )
0 5 10 15 0 5 10 15 ng pu 2 5 =4
Anomaly in TXx Anomaly in TXx Cumulative density of emulations (%)

with reference to 1850-1900 (°C) with reference to 1850-1900 (°C)
Figure S.24. Same as Figure S.8, but with NorESM2-MM.



(a) Year: 2014 (b) Year: 2100 of SSP5-8.5 (c) Transient regional responses
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Figure S.25. Same as Figure S.8, but with UKESM1-0-LL.



