
1.  Introduction
Single-model initial-condition large ensembles (SMILEs) have become increasingly important to estimate the 
variability intrinsic to the climate system. A growing number of SMILEs are now available, reasonably sampling 
both model uncertainty and internal variability due to their ensemble size. SMILEs enabled substantial progress 
in understanding the Earth system. For instance, SMILEs were used to separate forced signals from internal 
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period and five emission scenarios. The power of MPI-GE CMIP6 goes beyond its predecessor ensemble 
MPI-GE by providing high-frequency output, the full range of emission scenarios including the highly 
policy-relevant low emission scenarios SSP1-1.9 and SSP1-2.6, and the opportunity to compare the ensemble to 
complementary high-resolution simulations. First, we describe MPI-GE CMIP6, evaluate it with observations 
and reanalyzes and compare it to MPI-GE. Then, we demonstrate with six application examples how to use 
the power of the ensemble to better quantify and understand present and future climate extremes, to inform 
about uncertainty in approaching Paris Agreement global warming limits, and to combine large ensembles and 
artificial intelligence. For instance, MPI-GE CMIP6 allows us to show that the recently observed Siberian  and 
Pacific North American heatwaves would only avoid reaching 1–2 years return periods in 2071–2100 
with low emission scenarios, that recently observed European precipitation extremes are captured only by 
complementary high-resolution simulations, and that 3-hourly output projects a decreasing activity of storms 
in mid-latitude oceans. Further, the ensemble is ideal for estimates of probabilities of crossing global warming 
limits and the irreducible uncertainty introduced by internal variability, and is sufficiently large to be used for 
infilling surface temperature observations with artificial intelligence.

Plain Language Summary  Climate model simulations that start from different initial states 
and differ only due to the chaos in the climate system are used extensively to quantify the forced climate 
response, variability intrinsic to the climate system, and their change under global warming. Here, we present 
a new version of the Max Planck Institute Grand Ensemble (MPI-GE CMIP6) that is run as part of the latest 
generation of climate models. This single-model ensemble currently consists of 30 realizations for the historical 
period 1850–2014 and for five scenarios of possible future climates until 2100. The power of MPI-GE CMIP6 
goes beyond its predecessor by not only providing monthly mean but also 3-hourly to daily model output, the 
full range of future scenarios including the two highly policy-relevant scenarios that were designed to match 
the Paris Agreement global warming limits of 1.5 and 2°C, and the opportunity to compare the low-resolution 
ensemble to simulations of the same model version with higher horizontal resolution. In this paper, we describe 
the new ensemble and demonstrate with application examples how to use its power.
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Key Points:
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up to 3-hourly model output and five 
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•	 �The ensemble is specifically suited to 
investigate climate extremes and Paris 
Agreement global warming limits

•	 �MPI-GE CMIP6 adequately 
represents heat extremes, while 
precipitation extremes are captured 
by complementary high-resolution 
simulations
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variability (Deser et al., 2012; Maher et al., 2019; Zelle et al., 2005), to quantify transient changes in the magni-
tude of climate variability (Olonscheck et al., 2021), and to evaluate how well climate models capture the vari-
ability and forced changes in the historical observational record (Suarez-Gutierrez et  al.,  2021). SMILEs are 
also used to investigate ocean ecosystem drivers (Rodgers et al., 2015), and to identify systematic differences 
between simulated and observed patterns of sea-surface temperature and sea-level pressure change that are very 
unlikely to occur due to internal variability (Olonscheck et al., 2020; Wills et al., 2022). Furthermore, recent 
developments in compound event research highlight the importance of sufficiently sampling internal variability 
to robustly capture the risks associated with extreme values of multivariate extremes, which requires even larger 
ensemble sizes than conventional univariate extremes (Bevacqua et al., 2023; Burger et al., 2022). The availabil-
ity of SMILEs from multiple models further allows us to better quantify and differentiate sources of uncertainty 
in climate projections, especially uncertainties arising from internal variability and those from model differences 
(Deser et al., 2020; Hawkins & Sutton, 2009, 2011; Lehner et al., 2020). These recent major advances in better 
understanding and quantifying climate variability and change show that SMILEs are increasingly useful tools for 
climate science.

The Max Planck Institute for Meteorology is among the five modeling centers that first produced a SMILE: the 
Max Planck Institute Grand Ensemble (MPI-GE, Maher et al., 2019), which is still the largest SMILE available. 
MPI-GE—from here on called MPI-GE CMIP5—is extremely successful and a powerful tool, but it is limited 
in various aspects: MPI-GE CMIP5 provides monthly model output with some daily output added later for one 
scenario only (e.g., Loughran et al., 2021; Raymond et al., 2022), it is run with CMIP5 forcing, and it provides 
three emission scenarios only. These limitations largely prevent the analysis of climate extremes across different 
emission scenarios because of the lack of high-frequency output, complicate direct comparisons of MPI-GE 
CMIP5 with SMILEs run with CMIP6 forcing, and restrict its usability for highly policy-relevant science. 
MPI-GE CMIP6 goes beyond these limitations by specifically enabling (a) the analysis of climate extremes, (b) 
comparisons to model versions with higher horizontal resolution, (c) comparisons to other SMILEs with CMIP6 
forcing, and (d) investigation of low-emission scenarios with high policy relevance.

Several SMILEs with CMIP6 forcing have been recently run by a number of modelling centers, including ensem-
bles with high-frequency model output. Many of these SMILEs are listed in the Multi-Model Large Ensemble 
Archive (https://www.cesm.ucar.edu/community-projects/mmlea; Deser et al., 2020). Next to MPI-GE CMIP6, 
currently available SMILEs with CMIP6 forcing and at least 30 realizations for both the historical and future 
period are ACCESS-ESM1.5 (Ziehn et al., 2020), CanESM5 (Swart et al., 2019), FGOALS (Lin et al., 2022), 
LENS2 (Rodgers et al., 2021), SMHI-LENS (Wyser et al., 2021), SPEAR-MED (Delworth et al., 2020), and 
MIROC6 (Tatebe et al., 2019). In comparison to the other CMIP6 SMILEs, MPI-GE CMIP6 provides the most 
extensive high-frequency output for the historical period and five different emission scenarios (Table 1). This 
includes the two highly policy-relevant Shared Socioeconomic Pathways (SSPs) 1-1.9 and 1-2.6 that are both 
otherwise only provided by CanESM5 and SHMI-LENS. In contrast to most other SMILEs, MPI-GE CMIP6 has 
a climate sensitivity of 2.8°C which is close to the best estimate of 3°C of the Sixth Assessment Report of the 
Intergovernmental Panel on Climate Change (IPCC AR6) (Forster et al., 2021). This allows for an estimate of 
the climate response based on a single model with an average climate sensitivity, which can be contrasted with 
low- and high sensitivity models. Furthermore, its predecessor MPI-GE CMIP5, based on a closely comparable 
model version, has shown to be one of the models that best represents the global and regional internal variability 
and forced response in annual observed temperatures (Suarez-Gutierrez et al., 2021) and precipitation (Wood 
et al., 2021). This good agreement with observations combined with the amount of high-frequency output for 
the full range of emission scenarios makes MPI-GE CMIP6 ideally suited for investigating future probabili-
ties and magnitudes of climate extremes. The suitability of MPI-GE CMIP6 for studies on climate extremes 
is further enhanced by the possibility to compare the low-resolution ensemble to high-resolution ensembles or 
single simulations of the same model version that were run as part of the High Resolution Model Intercomparison 
Project (HighResMIP, Haarsma et al.  (2016), compare Table 2). This unique combination of strengths makes 
MPI-GE CMIP6 a useful contribution to the CMIP6 multi-model ensemble and a powerful tool to investigate 
high-frequency climate variability and highly policy-relevant science questions.

In this paper we present the new Max Planck Institute Grand Ensemble (MPI-GE CMIP6), and demonstrate 
its power beyond its predecessor ensemble MPI-GE CMIP5 (Maher et  al.,  2019) with six application exam-
ples. In Section 2, MPI-GE CMIP6 is presented, evaluated with observations and reanalyzes, and compared to 
MPI-GE CMIP5. In Section 3, the power of MPI-GE CMIP6 is demonstrated with six application examples that 
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specifically use the high-frequency model output for an improved understanding of climate extremes, the low-end 
emission scenarios for research on Paris Agreement global warming limits, and the medium ensemble size for 
an efficient combination of SMILEs with artificial intelligence. Section 4 summarizes and concludes the paper.

2.  MPI-GE CMIP6
2.1.  Model Description

MPI-GE CMIP6 is currently a 30-member ensemble simulated with the Max Planck Institute Earth System 
Model version 1.2 (MPI-ESM1.2, Mauritsen et  al.,  2019), in the low resolution (LR) setup.  In comparison 
to the  MPI-GE CMIP5 simulations described in Maher et al.  (2019), Mauritsen et al.  (2019) summarizes the 
updates that were introduced to MPI-ESM1.2, most importantly new radiation and aerosol parameterizations, 
and a nitrogen cycle for land biogeochemistry. Further, a major difference arises from the update of the external 
forcing from CMIP5 (Taylor et al., 2012) to CMIP6 (Eyring et al., 2016).

MPI-GE CMIP6 is run with MPI-ESM version 1.2.01p7, with the atmosphere component ECHAM6 (Stevens 
et al., 2013, echam-6.3.05p2), which is directly coupled to the land component JSBACH (Reick et al., 2013, 
jsbach-3.20p1), and the ocean and sea-ice component MPIOM (Jungclaus et al., 2013, mpiom-1.6.3p4). MPIOM 
includes the ocean biogeochemistry module HAMOCC (Ilyina et al., 2013; Paulsen et al., 2017, HAMOCC6). 
The atmosphere/land and ocean components are coupled once a day by OASIS-MCT (Craig et  al.,  2017, 
oasis3mct-2.0). In MPI-ESM1.2-LR the atmosphere is resolved with spectral resolution T63 (equivalent to 
approx. 1.8° grid resolution) and 47 vertical levels, the ocean is resolved with a GR15 grid, nominal resolution 
1.5°, at 40 vertical levels.

All simulations follow the CMIP6 protocol (Eyring et  al.,  2016) in terms of initialization and historical and 
future external forcing (i.e., atmospheric composition, solar cycle, volcanic eruptions, land use), and are 
concentration-driven. The 30-member ensemble of historical simulations covers the time period 1850–2014 and 
each member is initialized from a different state, approximately 25 years apart, of a quasi-stationary one-member 
1,000-year long preindustrial simulation. This macro initialization from the preindustrial control state samples 
the full phase space of both the ocean and atmosphere states (Marotzke, 2019), and allows for investigating also 
the variability of climate quantities with long times of divergence (Hawkins & Sutton,  2016). Five scenario 
simulations (SSP1-1.9, SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5, 30 realizations each) cover the time period 
2015–2100, and in each scenario the realizations are directly initialized from their corresponding realizations of 
the historical ensemble. By this, the new ensemble can play a key role in climate research. The number of ensem-
ble members is currently extended to 50. All 50 ensemble members will be available in early 2024 for both the 
historical period and the five emission scenarios.

2.2.  Availability of High-Frequency Model Output

In addition to standard CMIP6 monthly mean output, daily mean 3D fields of the state of atmosphere and ocean 
as well as selected daily mean 2D fields, that is, for sea ice and land surface, are available for all simulations 
(Table S1 in Supporting Information S1 for details). Additionally, a number of atmospheric and land surface 
parameters are available on the 3-hourly time scale as listed in Table 3. Standard ocean biogeochemistry output 
from HAMOCC, 3D and 2D, is available on a monthly mean basis, with additional daily means for selected 
surface 2D or integrated 2D fields (see Table S1 in Supporting Information S1). Model output can be accessed 
via DKRZ's ESGF server at https://esgf-data.dkrz.de/search/cmip6-dkrz/.

Model version Horizontal resolution Realizations Time period Scenarios

MPI-ESM1.2-LR T63, 1.8° atm.; GR15, 1.5° ocean 30 (50 in 2024) 1850–2100 SSP1-1.9, 1-2.6, 2-4.5, 3-7.0, 
5-8.5

MPI-ESM1.2-HR T127, 1.0° atm.; TP04, 0.4° ocean 10 (2) 1850–2100 SSP3-7.0 (SSP1-2.6, 2-4.5, 5-8.5)

MPI-ESM1.2-XR T255, 0.5° atm.; TP04, 0.4° ocean 1 1950–2050 SSP5-8.5

Note. The MPI-ESM1.2-HR and -XR simulations were run as part of HighResMIP.

Table 2 
Available Simulations of MPI-ESM1.2 With Different Horizontal Resolution
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2.3.  Model Evaluation and Comparison to MPI-GE CMIP5

MPI-GE CMIP6 performs well in representing key climate quantities as derived from observations and reanal-
yzes (Figure 1). The simulated range of global mean near-surface air temperature (GSAT) anomaly captures the 
interannual variability and the warming rate of HadCRUT5 well (Morice et al., 2021; Figure 1a). The projected 
ensemble mean GSAT warming at the end of the twenty-first century relative to the 1985–2014 reference period 
ranges from 0.4 K in SSP1-1.9 to 3.7 K in SSP5-8.5.

For global mean precipitation, MPI-GE CMIP6 underestimates both the magnitude and the interannual varia-
bility estimated from the ERA5 reanalysis (Figure 1b), as well as that of ERA-Interim (Figure S1 in Supporting 
Information S1). However, when comparing global mean precipitation in MPI-GE CMIP6 to the observational 
product of the Global Precipitation Climatology Project (GPCP, Adler et al., 2018), we find that MPI-GE CMIP6 
overestimates the observed global mean precipitation, but still shows too little interannual variability (Figure 
S1 in Supporting Information S1). The different estimates from observational and reanalyzes products confirm 
previous findings that global mean precipitation products have large uncertainty of up to 40% (Bosilovich 
et al., 2016; Bock et al., 2020). Thus, MPI-GE CMIP6 is well within the range of observational uncertainty, but 
underestimates interannual variability. For the September Northern Hemisphere sea-ice area, the simulated range 
captures the observed evolution as derived from the sea-ice index (Fetterer et al., 2017; Figure 1c). September 

Name Parameter long name Unit Level

3-hourly atmosphere/land

  mrro Total Runoff kg m −2 s −1 1

  psl Sea Level Pressure Pa 1

  sfcWind Near-Surface Wind Speed m s −1 1

  tas Near-Surface Air Temperature K 1

  uas Eastward Near-Surface Wind m s −1 1

  vas Northward Near-Surface Wind m s −1 1

6-hourly atmosphere/land

  hurs Near-Surface Relative Humidity % 1

  hus Specific Humidity 1 47

  huss Near-Surface Specific Humidity 1 1

  mrsol Total Water Content of Soil Layer kg m −2 5

  mrsos Moisture in Upper Portion of Soil Column kg m −2 1

  pr Precipitation kg m −2 s −1 1

  ps Surface Air Pressure Pa 1

  psl Sea Level Pressure Pa 1

  ta Air Temperature K 47

  tas Near-Surface Air Temperature K 1

  tsl Temperature of Soil K 1

  ua Eastward Wind m s −1 47

  uas Eastward Near-Surface Wind m s −1 1

  va Northward Wind m s −1 47

  vas Northward Near-Surface Wind m s −1 1

  wap Omega (=dp/dt) Pa s −1 4

  zg Geopotential Height m 28

  zg500 Geopotential Height at 500 hPa m 1

Note. The parameters with daily output are listed in Table S1 in Supporting Information  S1. A full list of parameters 
subdivided for members r1–r10 and r11–r30 is given in Tables S2–S4 in Supporting Information S1.

Table 3 
Parameters With 3-Hourly and 6-Hourly Output on ESGF Available for All 30 Realizations
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Northern Hemisphere sea-ice area is projected to shrink below the 1 million square kilometer threshold in the 
second half of the twenty-first century in SSP2-4.5, SSP3-7.0 and SSP5-8.5, but remains above that threshold 
in both SSP1-1.9 and SSP1-2.6 until the end of the twenty-first century, similar to previous findings on sea-ice 
decline in CMIP6 (Lee et al., 2021; Notz & Community, 2020). The simulated range of the Atlantic meridional 
overturning circulation (AMOC) at 26°N is similar to the observed strength and interannual variability of the 
RAPID observations (Frajka-Williams et al., 2021; Figure 1d). However, the observations suggest that MPI-GE 
CMIP6 slightly overestimates the AMOC strength. The simulated range of the globally integrated CO2 flux into 
the ocean and the net CO2 flux into the land agrees well with the magnitude as reconstructed in the Global Carbon 
Project (Friedlingstein et al., 2022), with simulated estimates of the globally integrated net CO2 flux into the land 
exhibiting larger deviations from the mean state than those estimated in the Global Carbon Project (Figures 1e 
and 1f). The evaluation of MPI-GE CMIP6 with observations and reanalyzes shows that the ensemble realisti-
cally simulates both the long-term evolution and—except for precipitation—also the interannual variability of 
key climate quantities.

We further compare MPI-GE CMIP6 to MPI-GE CMIP5 with respect to the response of the key climate quanti-
ties to the various emission scenarios at the end of the twenty-first century. We find that MPI-GE CMIP6 shows 
slightly higher global-mean warming by the end of the twenty-first century than MPI-GE CMIP5 especially for 
the respective highest-emission scenarios (Figure 1a). In line with this, September Northern Hemisphere sea-ice 
area is projected to decline more in the respective SSP than Representative Concentration Pathway (RCP) scenar-
ios in the ensemble mean (Figure 1c). Similarly, the ensemble-mean decline in AMOC is substantially  stronger 

Figure 1.  Comparison of key climate quantities of Max Planck Institute Grand Ensemble CMIP6 (MPI-GE CMIP6) to observations or reanalyzes and MPI-GE 
CMIP5. Annual mean ensemble spread (shading) and ensemble mean (thick lines) for the historical simulations (gray), and the five emission scenarios SSP1-1.9, 
SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5. Right hand-side panels show the projected mean and range in year 2099 for the different scenarios of MPI-GE CMIP6 
(30 realizations) and MPI-GE CMIP5 (100 realizations). Shown for (a) global mean near-surface air temperature (GSAT) anomalies (relative to 1985–2014), (b) global 
mean precipitation, (c) Northern Hemisphere sea-ice area in September, (d) Atlantic Meridional Overturning Circulation (AMOC) at 26°N and 1,000 m depth, (e) 
globally integrated CO2 flux into the ocean and (f) globally integrated net CO2 flux into the land. Thick black lines show observations or reanalyzes, specifically in (a) 
HadCRUT5 (Morice et al., 2021), (b) ERA5 (Hersbach et al., 2020), (c) Sea-Ice Index (Fetterer et al., 2017), (d) RAPID (Frajka-Williams et al., 2021), (e, f) Global 
Carbon Project (Friedlingstein et al., 2022; Global Carbon Project, 2021).
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in all SSP scenarios than in their respective RCP scenarios (Figure 1d). The globally integrated CO2 flux  into the 
ocean is larger in the mid and high-end SSP than in the respective RCP scenarios (Figure 1e), likely caused by 
the stronger prescribed atmospheric CO2 concentrations in the SSP than respective RCP scenarios (Meinshausen 
et al., 2011, 2020). The projected change in net CO2 flux into the land is largely uncertain, but shows a simi-
lar response at the end of the twenty-first century, except for SSP5-8.5 which shows a substantially stronger 
ensemble-mean increase than RCP8.5 (Figure  1f). In contrast to the stronger changes in MPI-GE CMIP6 
compared to MPI-GE CMIP5, global mean precipitation is projected to increase less in the respective SSP than 
RCP scenarios (Figure 1b). From comparing the global mean temperature response of both model versions to a 
1% CO2 increase per year, that is, the same forcing, we find a very similar warming rate and variability (Figure S2 
in Supporting Information S1). This implies that the stronger changes in most quantities can be largely explained 
by the slightly stronger radiative forcing in the SSP compared to RCP scenarios, as has been shown for other 
models too (Fyfe et al., 2021; Wyser et al., 2020). We conclude that differences between MPI-GE CMIP6 and 
MPI-GE CMIP5 largely stem from the updated forcing in CMIP6 compared to CMIP5 rather than from differ-
ences in the model formulation.

3.  Power of MPI-GE CMIP6 Beyond MPI-GE CMIP5
MPI-GE CMIP5 (Maher et al., 2019) is extremely successful and a powerful tool to quantify climate variabil-
ity and its change under global warming. However, the applicability of MPI-GE CMIP6 goes beyond MPI-GE 
CMIP5 in at least four critical aspects:

First, MPI-GE CMIP5 is run with CMIP5 forcing which limits direct comparisons to the large number of SMILEs 
that were run with CMIP6 forcing. MPI-GE CMIP6 provides the opportunity to compare MPI-ESM with other 
SMILEs run with CMIP6 forcing, and to investigate the impact of different forcings between MPI-GE CMIP5 
and MPI-GE CMIP6.

Second, MPI-GE CMIP5 does not provide high-frequency model output across different emission scenarios, but 
only monthly mean output in most cases which strongly limits the usefulness for investigating short-lived climate 
extremes and their drivers (Suarez-Gutierrez et al., 2020a). In contrast, MPI-GE CMIP6 provides high-frequency 
output with 3-hourly and 6-hourly output for some variables (see Table 3) and daily output for all variables (see 
Table S1 in Supporting Information S1). This high-frequency output comes at the expense of a smaller ensemble 
size of currently 30 realizations instead of 100 realizations, but makes MPI-GE CMIP6 specifically suited for the 
analysis of climate extremes including compound events. As such, the many realizations at LR provide benefits 
such as high sampling numbers that are not available with higher-resolution simulations.

Third, MPI-GE CMIP6 can be compared to higher-resolution simulations of the same model version (see Table 2), 
for instance 10 realizations of MPI-ESM1.2-HR (1.0° atm., 0.4° ocean, Müller et al., 2018) or a single realization 
of MPI-ESM1.2-XR which provides also higher horizontal resolution in the atmosphere (0.5° atm., 0.4° ocean, 
Gutjahr et al., 2019). This allows for the combination of high-frequency output in relatively low horizontal reso-
lution of MPI-GE CMIP6 with high-resolution simulations, which is not possible with MPI-GE CMIP5.

Fourth, MPI-GE CMIP6 provides five instead of three emission scenarios. The five scenarios with 30 realiza-
tions each span the full range of IPCC scenarios from the low-emission scenario SSP1-1.9 to the high-emission 
scenario SSP5-8.5. With the scenarios SSP1-1.9 and SSP1-2.6, MPI-GE CMIP6 provides ensembles of two 
scenarios that were designed for projections of the Paris Agreement global warming limits of a 1.5 and 2°C 
warmer world by the end of this century. This makes MPI-GE CMIP6 one of the few models that provide large 
ensembles for the two scenarios aligned with the Paris Agreement pledges, which allows for timely and highly 
policy-relevant science.

In the following, we exemplify the power of MPI-GE CMIP6 with six application examples. These examples 
include the analysis of heat, precipitation, wind, and ocean acidity extremes (Section 3.1), the probability of 
crossing Paris Agreement global warming limits (Section 3.2), and the potential of combining SMILEs with 
artificial intelligence methods for infilling observations (Section 3.3).

3.1.  Analyzing Climate Extremes

Climate extremes are among the most devastating and costly events, and their frequency and intensity is projected 
to increase with global warming (Seneviratne et al., 2021). However, fully coupled climate models struggle to 
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represent observed extremes because of large internal climate variability and their limited horizontal and tempo-
ral resolution (e.g., Slingo et al., 2022). Given the ensemble size and high-frequency output of MPI-GE CMIP6, 
we first investigate projected changes in heat and precipitation extremes and evaluate whether the new ensemble 
is capable of simulating the magnitude of recently observed heat and precipitation extremes (Section 3.1.1). We 
then test whether observed precipitation extremes are better captured by model versions with higher horizon-
tal resolution (Section 3.1.2). Finally, we investigate projected changes in marine heatwaves and ocean acidity 
extremes (Section 3.1.3) as well as in wind extremes (Section 3.1.4). For these analyses we choose a fixed base-
line climatology over the time period 1985–2014.

3.1.1.  Continental Heat and Precipitation Extremes

We first evaluate whether MPI-GE CMIP6 is capable of simulating heat and precipitation extremes that were 
recently observed (Figure 2). We focus on the Siberian heatwave in spring 2020 (Ciavarella et al., 2021), the 
Pacific North American heatwave in summer 2021 (Philip et al., 2022), the extreme precipitation event in west-
ern Europe in summer 2021 (Ibebuchi, 2022; Tuel et al., 2022), and the extreme precipitation event in northern 
Italy in autumn 2020 (Davolio et al., 2023). To do so, we use daily surface maximum temperature and daily 
precipitation from MPI-GE CMIP6, and use ERA5 (Hersbach et al., 2020) and E-OBS (Klein Tank et al., 2002) 
as observational reference.

For continental heat extremes, we use the metric heat excess, which takes into account both heatwave intensity 
and persistence into one single metric (Perkins-Kirkpatrick & Lewis, 2020). To calculate heat excess, we identify 
heatwaves on a grid-point level when daily maximum near-surface air temperature exceeds the 90th percentile 
based on a centered 15-day running window of the historical period 1985–2014 for at least three consecutive 
days. The cumulative heat is then calculated by seasonal integration of the exceeding heat above the threshold 
during heatwave days. In addition, we weight the cumulative heat of each grid point by the cosine of the latitude 
and spatially integrate it. For the 2020 Siberian heatwave we integrate the cumulative heat over boreal spring 

Figure 2.  Return periods from Max Planck Institute Grand Ensemble CMIP6 (MPI-GE CMIP6) for recently observed heat and precipitation extremes for different 
emission scenarios. Return periods for (a) and (b) cumulative heat scaled with respect to climatology for (a) spring (MAM) 2020 Siberian heatwave and (b) summer 
(JJA) 2021 Pacific North American heatwave, and (c, d) seasonal maximum daily precipitation for (c) western Europe in summer (JJA) and (d) northern Italy in autumn 
for the historical climate (1850–1879, gray), the current climate (1992–2021, black), and the five SSP scenarios for the period 2071–2100 (colored). Shading denotes 
95% confidence intervals calculated by bootstrapping with re-sampling. The horizontal dashed line in (a) and (b) marks the maximum cumulative heat as calculated 
from ERA5, and in (c) and (d) the observed maximum daily precipitation of the respective season from E-OBS (Klein Tank et al., 2002). The observed spatial pattern 
of these events is shown as maps in (a) and (b) for cumulative heat for spring 2020 and summer 2021, respectively, and in (c) and (d) for precipitation on 14 July 2021 
and 2 October 2020, respectively. Black boxes mark the regions of interest used for averaging.
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(MAM) and 40°N–80°N and 60°E–130°E. For the 2021 Pacific North American heatwave we integrate the 
cumulative heat over boreal summer (JJA) and 25°N–65°N and 90°W–130°W (see maps in Figures 2a and 2b). 
We scale the cumulative heat with respect to climatology (1985–2014). We use return periods to quantify the time 
interval between two events of given magnitude to occur. We compute the return periods for historical climate 
(1850–1879), the current climate (1992–2021) and the five SSP scenarios (SSP1-1.9, SSP1-2.6, SSP2-4.5, SSP3-
7.0, SSP5-5.8; 2071–2100), and compare them to the two recent heatwaves in ERA5 (Figures 2a and 2b). The 
cumulative heat estimated by ERA5 in spring 2020 and summer 2021 integrated over the respective domains is 
4.3 and 4.5.

These two record-shattering heat extremes led to devastating impacts. The Siberian heatwave was linked to large 
wildfires that causes a release of 56 megatons of CO2 in June 2020, and to the melting of large permafrost areas 
which led to widespread infrastructure and environmental damages (Ciavarella et al., 2021). The Pacific North 
American heatwave also led to hundreds of attributable deaths, marine life mass-mortality events, reduced crop 
and fruit yields, river flooding from rapid snow and glacier melt, and a substantial increase in wildfires (White 
et al., 2023). In line with previous attribution studies (Ciavarella et al., 2021; Philip et al., 2022), we find that 
both heatwaves were virtually impossible in the preindustrial MPI-GE CMIP6 world, and have over 100-year 
return periods in current climate conditions. However, under the moderate emission scenario SSP2-4.5, heat 
excess levels as high as those during the 2020 Siberian heatwave could occur every 4 years (Figure 2a), and more 
than every other year for the 2021 Pacific North American heatwave (Figure 2b). In SSP5-8.5, MPI-GE CMIP6 
projections show that a comparable 1-in-100-year event by the end of the twenty-first century reaches heat excess 
levels 5 to 8 times higher than the 2020 and 2021 levels, respectively. Only in the low emission scenarios SSP1-
1.9 or SSP1-2.6 return periods below 10 years for such heat extremes can be avoided.

For precipitation extremes, we focus on two recently observed record-shattering events: the extreme precipita-
tion event in western Europe on the 14 July 2021, and the one in northern Italy on 2 October 2020. The extreme 
precipitation event in western Europe caused unprecedented flooding of the rivers Ahr and Erft. A rapid attribu-
tion study shows that observations over a larger region and different regional climate models give high confidence 
that human-induced climate change has increased the likelihood and intensity of events like the western European 
precipitation extreme (Ibebuchi,  2022; Kreienkamp et  al.,  2021), in line with the intensification of observed 
extreme precipitation in central Europe during the last century related to Northern Hemispheric warming (Zeder 
& Fischer, 2020). When integrated over 49°N–52°N and 5°E–8°E, the daily precipitation as observed by the 
E-OBS data set (Klein Tank et al., 2002) on 14 July 2021 is 47.7 mm which represents the maximum daily precip-
itation in summer in the 72-year long observed record (see map in Figure 2c). The extreme precipitation event in 
northern Italy caused devastating large-scale flooding and represents an unprecedented strong event in a region 
that shows a high frequency of precipitation extremes (Davolio et al., 2023; Grazzini et al., 2021). The event was 
caused by a superposition of an upper-level trough over the western Mediterranean basin and moisture transport 
from the tropics by an atmospheric river (Davolio et al., 2023). When integrated over 43°N–47°N and 6°E–10°E, 
the daily precipitation observed by E-OBS on 2 October 2020 is 72.9 mm.

We use daily precipitation from MPI-GE CMIP6 and E-OBS, and compare the observed extreme precipitation 
events to the seasonal maximum daily precipitation simulated for the historical climate (1850–1879), the current 
climate (1992–2021), and the five SSP scenarios for the period 2071–2100. We find that MPI-GE CMIP6 does 
not simulate a summer and autumn daily precipitation event as intense as observed, not even until the end of 
the twenty-first century (Figure 2c). This implies that in any of the climate conditions simulated by MPI-GE 
CMIP6 an event as intense as the ones observed in 2020 and 2021 is virtually impossible, with return periods 
exceeding 900 years for all scenarios. We further find that simulated summer and autumn maximum daily precip-
itation is larger for higher emission scenarios than for lower scenarios in 2071–2100 and for the historical and 
current climate, in line with the fact that warmer air can hold more water leading to increased precipitation (e.g., 
Myhre et al., 2019; Pendergrass et al., 2017). However, the spread from the emission scenarios largely overlaps, 
suggesting that the uncertainty due to internal variability dominates scenario uncertainty and thus events typical 
for higher emission scenarios could also occur in a lower warming world due to internal variability. The results 
show that precipitation extremes as intense as the ones observed are not captured by MPI-GE CMIP6 possibly 
because the horizontal resolution of MPI-GE CMIP6 is too low to simulate real-world mechanisms leading to 
such small-scale precipitation extremes (Slingo et al., 2022). Given the increased probability of extremes that 
are unprecedented in the observed record and the often substantial impacts (Fischer et  al.,  2021), a realistic 
representation of such extreme events by climate models is highly needed.
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3.1.2.  Resolution Dependence of Representing Precipitation Extremes

Higher horizontal resolution of climate models improves the simulation of extreme precipitation because 
higher-resolution models reflect smaller spatial scales of extreme precipitation and key processes such as deep 
convection do not need to be parameterized (Iles et al., 2020; Kahraman et al., 2021; Kendon et al., 2021; Wehner 
et al., 2014). To test whether the inability of MPI-GE CMIP6 to represent the two observed precipitation extremes 
is caused by the model's coarse horizontal resolution, we investigate whether these events are better captured in 
higher-resolution versions of the same model, namely 10 realizations of MPI-ESM1.2-HR (Müller et al., 2018) 
with 1.0° atmospheric horizontal resolution, and a single realization of MPI-ESM1.2-XR (Gutjahr et al., 2019) 
with 0.5° atmospheric horizontal resolution (see Table 2).

For the western European event, we find that MPI-ESM1.2-HR and MPI-ESM1.2-XR show higher agree-
ment with the observed distribution of summer maximum daily precipitation over the period 1950–2021 than 
MPI-ESM1.2-LR, the low-resolution model version used for MPI-GE CMIP6 (Figures 3a and 3b). Strikingly, the 
single realization of MPI-ESM1.2-XR simulates a single daily precipitation as intense as the one observed with a 
more widespread but still similar pattern (compare Figure S3 in Supporting Information S1), while MPI-ESM1.2-LR 
and MPI-ESM1.2-HR do not simulate such high daily precipitation amounts. Although the horizontal resolution of 
MPI-ESM1.2-XR is still not sufficient to resolve important processes such as moist convection (Hewitt et al., 2022; 
Slingo et al., 2022), our finding suggests that its resolution is sufficient to represent the recently observed regional 
precipitation extreme. However, it remains unclear whether this ability is caused by an improved representation of 
the underlying processes. Alternatively, MPI-ESM1.2-XR might overestimate the real-world precipitation inten-
sity, which could also explain why the single simulation captures an event as intense as observed.

For autumn precipitation in northern Italy, we find that MPI-ESM1.2-HR much better represents the observed 
frequency of autumn maximum daily precipitation than MPI-ESM1.2-LR (Figures 3c and 3d). MPI-ESM1.2-XR 

Figure 3.  Representation of precipitation extremes dependent on model resolution. (a, b) Comparison of summer (JJA) maximum daily precipitation averaged across 
the western European box shown in Figure 2c from 1950 to 2021 in three model resolutions from MPI-ESM1.2 and in observations shown as (a) return periods and 
(b) probability density functions. (c, d) Comparison of autumn (SON) maximum daily precipitation averaged across the northern Italy box shown in Figure 2d from 
1950 to 2021 in three model resolutions from MPI-ESM1.2 and in observations shown as (c) return periods and (d) probability density functions. Return periods are 
calculated empirically by ordering and ranking from the most extreme to the least extreme value. Values of all summers or autumns, respectively, and all realizations are 
merged for each ensemble. Further note that MPI-ESM-LR is based on 30 realizations, MPI-ESM-HR on 10 realizations and MPI-ESM-XR and the observed record 
on only a single realization. The sample size of MPI-ESM-HR and MPI-ESM-XR might be insufficient to determine return levels above a few years robustly. The 
domain-averaged maximum daily precipitation of the western European extreme event on 14 July 2021 is 47.7 mm, and that of the event in northern Italy on 2 October 
2020 is 72.9 mm.
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shows generally too high autumn maximum precipitation, simulating precipitation amounts as large as observed 
with higher frequency. This is in line with previous findings that in the Mediterranean coastal region autumn 
precipitation intensity is larger at convection-permitting resolution than at coarse resolution because realistically 
representing deep convection is central for such events (Luu et al., 2020; Pichelli et al., 2021). The comparison 
between the western European and northern Italian events suggests that the model is able to simulate larger-scale 
autumn precipitation at coarser horizontal resolution than convective summer precipitation (Feldmann 
et al., 2008; Luu et al., 2020; Williams & O'Gorman, 2022). We conclude that while MPI-GE CMIP6 fails to 
simulate the observed precipitation extremes in western Europe and northern Italy, high-resolution simulations 
of the same model version are able to capture these extreme events, highlighting the potential for investigating 
regional precipitation extremes from comparing high-frequency model output of MPI-GE CMIP6 with simula-
tions of higher horizontal resolution.

3.1.3.  Marine Heatwaves and Ocean Acidity Extremes

Marine heatwaves have been increasingly observed in the twentieth and twenty-first century (Hobday et al., 2016; 
Oliver et al., 2018) with implications for marine ecosystems on a global scale. The evolution of marine heatwaves 
in the past, present, and future has been linked with global warming (Frölicher et  al., 2018; Oliver et  al., 2019; 
Plecha & Soares, 2020). In recent times, more stress is put on marine ecosystems by ocean acidity extremes (Burger 
et al., 2020), partly even compounding with marine heatwaves (Burger et al., 2022). Here, we analyze daily mean sea 
surface temperature (SST) and hydrogen ion concentration ([H +]) of MPI-GE CMIP6 to identify marine heatwaves 
and ocean acidity extremes between 1850 and 2100 (Figure 4). We use a percentile-based threshold and the reference 
period 1985–2014 for both extremes such that the probability of the occurrence of marine heatwaves and ocean 
acidity extremes in a year is the same. Both SST and [H +] are defined as extreme, if they exceed the 90th percentile 
for five consecutive days (Burger et al., 2022; Hobday et al., 2016). Although applying a duration criterion for ocean 
acidity extremes is not common, here it ensures comparability with marine heatwaves. The percentiles are calculated 
as the 20-member ensemble mean (only members 11 to 30 contain daily mean output for [H+]) over the 90th multi-
year daily running percentile with a 5-day window length at every grid cell between 1985 and 2014. Finally, we calcu-
late the number of extreme days per year to characterize changes of both extremes with time and across scenarios.

Before the reference period 1985–2014, almost no marine heatwaves are detected globally. Between 1985 and 
2014, 5–25 days per year are extreme with marine heatwaves being more frequent in the subpolar North Atlantic 
and the Southern Ocean (Figure 4a). Compared to observations (e.g., Oliver et al., 2018; Plecha & Soares, 2020) 
the ensemble-mean response of MPI-GE CMIP6 shows similar numbers of marine heatwaves for this time period. 
By 2030, between 40 and 120 days per year are extreme with substantial overlap among different scenarios. By 
2100, the SSP5-8.5 scenario projects the most marine heatwaves, with the entire ocean being in almost a constant 
state of extreme; while in the SSP1-1.9 scenario the number of marine heatwave days per year falls back to the 
2030 numbers (Figure 4b, Figure S4 in Supporting Information S1). There is a much larger difference between 
the SSP1-1.9 and SSP5-8.5 scenarios in terms of global marine heatwave days at the end of the twenty-first 
century when compared to the difference in terms of global mean temperature between these scenarios (compare 
Figures 1a and 4b), indicating an amplified impact of global warming on marine heatwaves.

Over the historical period, globally, no ocean acidity extreme is detectable prior to the reference period. Within 
the reference period 1985–2014 (Figure 4e), the average yearly number of days with extreme [H +] is about 6 days. 
However, there is a rapid increase in globally averaged extreme [H +] days after 2,000, to approximately 200 days 
per year in 2014. Locally, within the reference period, only very weak spatial gradients in the ensemble-mean 
number of ocean acidity extremes exist (Figure  4e). Until 2030, the entire ocean area moves rapidly to a 
near-permanent extreme state with more than 300 extreme days per year for all five future scenarios. By 2100, 
almost all days of a year show ocean acidity extremes in the SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios, while 
in the SSP1-2.6 scenario, the number of ocean acidity extreme days is projected to decline very slightly by the end 
of the twenty-first century (Figure 4f, Figure S4 in Supporting Information S1). Within the SSP1-1.9 scenario, 
ocean acidity extremes are projected to peak at approximately 340 days per year between 2025 and 2040 and 
decline thereafter to 300 days per year by 2100. In this scenario, ocean acidity extremes occur less frequently 
in the Arctic Ocean and in the Southern Ocean compared to the Tropics between 2071 and 2100 (Figures 4g 
and 4h). There is a notable difference in the global occurrence of ocean acidity extremes between SSP1-1.9 and 
SSP1-2.6 in the second half of the twenty-first century (Figure 4f), despite only small differences in terms of 
global mean temperature in both scenarios (Figure 1a).
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The CO2 system in seawater and the mixing ratio of atmospheric CO2 are tightly related, which leads to the 
smooth response in the mean surface ocean [H +]. Sea surface temperature on the other hand is more variable 
across space and time than [H +], therefore the number of marine heatwaves varies more than the number of 
ocean acidity extremes across ensemble members. The number of detected extremes is sensitive to the definition, 
affected by the choice of threshold and reference period (Gruber et al., 2021). While using the same definition 

Figure 4.  Present and future frequency of marine heatwaves and ocean acidity extremes. Maps of (a) the ensemble mean 
number of marine heatwave (MHW) days per year and (e) the number of ocean acidity extreme event (OAX) days per year, 
averaged over the reference period 1985–2014, based on the 90th percentile of daily mean sea surface temperature, and of 
daily mean surface hydrogen ion concentration, respectively. (b–d) Globally and regionally averaged number of MHW days 
per year (global, extratropics: outside of 30°N/30°S, tropics: within 30°N/30°S) for the historical period 1850–2014 (gray), 
and scenarios SSP1-1.9 (green), SSP1-2.6 (blue), SSP2-4.5 (yellow), SSP3-7.0 (red), SSP5-8.5 (purple) for the period 
2015–2100. The shadings cover the ensemble spread, thick lines show the 20-member ensemble mean. (f–h) Globally and 
regionally averaged number of OAX days per year and region, similar to (b)–(d).
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for both marine heatwaves and ocean acidity extremes is helpful to illustrate the different internal variability 
structure of the underlying parameters, understanding the governing processes may require a different extreme 
event definition, that is, based on a shifting baseline (Burger et al., 2022), that would ultimately lead to a different 
number of detected events.

3.1.4.  Wind Extremes

Future changes in wind extremes are among the most uncertain impacts of anthropogenic climate change 
(Seneviratne et al., 2021). We use the 3-hourly output of MPI-GE CMIP6 to project global changes in mean and 
extreme winds and their dependence on the emission scenario (Figures 5a and 5b and Figure S5 in Supporting 
Information S1). To detect projected global changes in wind speed, we first derive annual means and 95th percen-
tiles of near-surface wind speeds for each grid point from the entire 30-member ensemble and then calculate the 
absolute difference between the 2071–2100 mean and the 1985–2014 reference mean. Here, we focus on SSP5-
8.5 because the projected changes are most distinct: Over the ocean, we find a latitudinal contrasting pattern with 
increasing mean and extreme wind speeds over high-latitude oceans and decreasing mean and extreme wind 
speeds in most mid- and low-latitude ocean basins. Over land, increases are projected for South America, Western 
and Eastern Africa and parts of the Northern mid- to high-latitudes, whereas substantial decreases are projected 
for Alaska, Siberia, Central Asia and the Western Sahara. Weaker changes but with the same pattern are found for 
lower-emission scenarios (Figure S5 in Supporting Information S1).

We further analyze projected changes in storm activity in two regions that are known for the frequent passage of 
mature extratropical cyclones with often devastating impacts when they make landfall: the North Atlantic storm 
track (45–55°N, 10–40°W; Figure 5c) and the North Pacific storm track (30–40°N, 180°–150°W; Figure 5d). 
For both regions, we define storm activity as the standardized area-mean annual 95th percentiles of 3-hourly 
near-surface wind speeds. We therefore first calculate area means of grid-point-wise annual 95th percentiles 
of near-surface wind speeds for each ensemble member. We then standardize the area means by subtracting 
the 1985–2014 ensemble mean from each ensemble member, and divide by the 1985–2014 ensemble standard 
deviation.

For both the North Atlantic and North Pacific storm tracks, we find a decreasing storm activity in most future 
scenarios (Figures 5c and 5d and Figure S5 in Supporting Information S1). While the decrease in North Atlan-
tic storm activity is almost scenario-independent, we find no notable change for North Pacific storm activity 
in  scenarios SSP1-1.9 and SSP1-2.6, but strong decreases in the high-emission scenarios SSP3-7.0 and SSP5-8.5. 
This agrees with the projected change in surface wind speed, where the marine subtropics around 30°N show a 
strong signal of decreasing mean and extreme wind speeds in the SSP5-8.5 scenario (Figures 5a and 5b).

We further calculate the ensemble balance to characterize whether changes in the ensemble mean are caused by 
a shift in the majority of the ensemble members or by a few strong outliers. To do so, we first apply a moving 
Gaussian low-pass filter to the storm activity time series of each ensemble member. We then define thresholds 
for high and low activity periods at 0.5σ and −0.5σ, and count for how many members the low-pass filtered 
curve exceeds these thresholds in a certain year. The difference in the number of high-activity and low-activity 
members is then regarded as the ensemble balance (crosses on the secondary y-axis in Figures 5c and 5d). In the 
SSP1-1.9 and SSP1-2.6 scenarios, we find that the ensemble balance does not significantly deviate from 0 toward 
the end of the twenty-first century in the North Pacific, confirming the rather small projected change in storm 
activity. In the high-emission SSP3-7.0 and SSP5-8.5 scenarios, the ensemble balance falls to between −20 and 
−30 at the end of the twenty-first century, which indicates that most ensemble members agree on a decline in 
storm activity in the North Atlantic and North Pacific storm tracks.

Overall, MPI-GE CMIP6 projects increasing wind extremes over high-latitude oceans and decreasing wind 
extremes in most mid- and low-latitude oceans, in line with current understanding of observed changes in wind 
extremes caused by a poleward shift of extratropical storm tracks over both hemispheres (Priestley & Catto, 2022; 
Seneviratne et al., 2021). We conclude that MPI-GE CMIP6 with its 3-hourly model output is a powerful tool to 
understand changes in the frequency and intensity of wind extremes for different emission scenarios.

3.2.  Investigating Crossing Probabilities of 1.5 and 2°C Global Warming

The Paris Agreement in 2015 states the goal to keep global warming well below 2°C, and to pursue efforts to 
limit global warming to 1.5°C above preindustrial levels to avoid devastating and unmanageable consequences 
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of climate change. MPI-GE CMIP6 is suited to investigate the uncertainty in crossing these global warming 
limits because one can account for internal climate variability with ensemble simulations for five different emis-
sion scenarios, including the scenarios SSP1-1.9 and SSP1-2.6 that project a global warming of 1.5 and 2°C, 
respectively.

To investigate the crossing probability of 1.5 and 2°C of global warming in MPI-GE CMIP6, we use annual mean, 
GSAT to compute for every year and each of the five scenarios the fraction of realizations (x/30 realizations) 
that crosses these temperature thresholds in a single year relative to the 1850–1900 reference period (Figures 6a 
and 6b). We find that in all emission scenarios, there is a non-zero chance of observing individual years above 

Figure 5.  Projected changes in near-surface wind speed and storm activity. (a, b) Absolute change in (a) ensemble 
mean surface wind speed, and (b) ensemble mean 95th annual percentiles of surface wind speed between 1985–2014 and 
2071–2100, based on SSP5-8.5 forcing. Black rectangles mark regions for which storm activity has been calculated. Stippling 
indicates significant changes for which the ensemble spreads in 1985–2014 and 2071–2100 show no overlap. Maps for the 
other four SSP scenarios are shown in Figure S5 in Supporting Information S1. (c, d) Ensemble mean storm activity (thick 
lines) and interquartile range (shading) for the historical simulations (gray) and the five scenarios (colored) over (c) the North 
Atlantic storm track and (d) the North Pacific storm track. Colored dots and bars indicate the 2071–2100 average and range of 
the ensemble mean for each scenario, and crosses show the 2071–2100 mean ensemble balance.
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1.5°C within the next decades, including the SSP1-1.9 scenario that represents the strongest mitigation efforts. 
However, this finding does not imply that every scenario crosses the Paris agreement 1.5°C global warming 
limit because whether a temperature threshold will be crossed or not is commonly evaluated for 20-year mean 
temperatures (Lee et al., 2021). To account for this definition, we also compute the 20-year running mean GSAT 
time series for each realization and show for each 20-year window the fraction of realizations that crosses 1.5 or 
2°C (Figures 6c and 6d). We find that MPI-GE CMIP6 with the SSP1-1.9 scenario is consistent with the 1.5°C 
warming limit, whereas all other scenarios cross this threshold. We stress that when 1.5°C are crossed for 20-year 
means is still affected by internal variability: for SSP1-2.6, 1.5°C may be crossed around the 20-year mean of the 
period starting in 2030, but only 10 years later it is virtually certain that 1.5°C is crossed in the 20-year mean of 
any realization. Further, the SSP1-1.9 and SSP1-2.6 scenarios will not cross 2°C neither in single years nor for 
20-year means while all other scenarios will cross this threshold between 20-year means starting in 2035–2050. 
These estimates are at the upper range of the IPCC AR6 central estimate of crossing the 1.5°C threshold which 
lies in the early 2030s for all scenarios except SSP5-8.5 (Lee et al., 2021; Marotzke et al., 2022).

We note that the IPCC AR6 uncertainty range includes uncertainties in historical warming, climate sensitivity and 
internal variability (Lee et al., 2021), whereas MPI-GE CMIP6 has a fixed climate sensitivity and the uncertainty 
range is only due to internal variability. However, the observed internal variability in GSAT is well simulated by 
the model (Suarez-Gutierrez et al., 2021) and its equilibrium climate sensitivity (ECS) of 2.8°C is close to the 
central estimate of the IPCC AR6 assessment of 3°C. Comparing the central estimates of crossing times for 1.5°C 
between MPI-GE CMIP6 and the IPCC AR6 assessment shows that the MPI-GE CMIP6 estimates are systemat-
ically later than in AR6 (Table S5 in Supporting Information S1). Most notably, SSP1-1.9 does not cross 1.5°C 
in the model, the crossing in SSP1-2.6 occurs a decade later, and the crossing in all other scenarios about 5 years 
later than in IPCC AR6. This shows that the MPI-GE CMIP6 estimates are broadly consistent with but slightly 
more conservative than the IPCC AR6 assessment.

Figure 6.  Probability of crossing Paris Agreement global warming limits. Probability of crossing (a) 1.5°C and (b) 2°C in 
a single year, and (c) 1.5°C and (d) 2°C in 20-year averages for the different emission scenarios until 2100. The crossing 
probability is defined as the fraction of the 30 realizations that cross the temperature threshold relative to the reference period 
1850–1900. In (c, d), the 20-year mean global mean near-surface air temperature is plotted against the central year of that 
20-year period.
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We conclude that with its good representation of internal variability in GSAT and its ECS close to the central 
estimate of the IPCC AR6 assessment, MPI-GE CMIP6 offers a unique framework to investigate timing and local 
impacts of crossing temperature thresholds such as 1.5°C.

3.3.  Combining SMILEs and Artificial Intelligence

SMILEs and artificial intelligence can be combined powerfully because the multiple realizations of a same model 
provide testing, validation and training data sets to infill gaps in observational data. We provide one example by 
using a method that is based on an inpainting technique developed by Liu et al. (2018) to repair corrupted images. 
It makes use of a U-Net neural network made of partial convolutional layers and a state-of-the-art loss function 
designed to produce semantically meaningful predictions. As shown in Kadow et al. (2020), the method can infill 
large and irregular regions of missing climate data and is able to reconstruct specific climate patterns that are not 
captured by standard interpolation techniques such as the Kriging method (Cowtan & Way, 2014).

We here test whether the ensemble size of MPI-GE CMIP6 is sufficiently large to be used for infilling the 
HadCRUT5 data set with similar capability than the 100-member MPI-GE CMIP5. The models used to infill the 
HadCRUT5 data set (Morice et al., 2021) have been trained using gridded global historical surface temperature 
anomalies from two large ensembles: (a) MPI-GE CMIP6, containing 30 realizations and spanning the 1850–
2014 time period; and (b) MPI-GE CMIP5, containing 100 realizations (Maher et al., 2019) and spanning the 
1850–2005 time period. Before the training, one ensemble member was excluded from each ensemble to create 
two testing data sets for the whole time series. Two validation data sets were created from the remaining ensem-
ble  members of each data set by pulling out randomly 1/8 of the data increments, here months. The remaining 
data were used to create the training data sets which contain 50,242 samples for MPI-GE CMIP6, and 162,162 
samples for MPI-GE CMIP5. The training process for the neural networks sets the missing-value masks of the 
HadCRUT5 observations onto the two training data sets. Samples and masks of missing values are randomly 
selected for each iteration. This allows the neural network to learn interpolation and pattern-recognition strategies 
for all potential climate situations for all of the masks with the MPI-GE output. For this work, additional features 
have been implemented to the original version of the code (Kadow et al., 2020) to improve the computational 
performance and the quality of the reconstruction. In particular, a custom padding operation accounting for the 
boundary conditions of the global data is now applied before each partial convolution, to account for the sphere 
of the Earth.

We compare the temperature climatologies of 1991–2020 and 1891–1920 of both the original HadCRUT5 data 
(Figure 7a) and the HadCRUT5 analysis (Figure  7b) with the artificial intelligence-infilled versions using the 
100-member MPI-GE CMIP5 (Figure  7c) and the 30-member MPI-GE CMIP6 (Figure  7d). This comparison 
shows the substantial difference in the availability of information between the HadCRUT5 data sets and the artificial 
intelligence-infilled versions. Even the HadCRUT5 analysis, infilled using a method related to Kriging, does not 
cover the whole globe and provides a rather smoothed estimate of temperature change. With the artificial-intelligence 
models, we detect both strong warming and slight cooling in the regions where the HadCRUT5 data sets have 
missing data. In particular, the warming patterns reconstructed from the two ensembles show a strong warming 
signal over the century in northern high latitudes. Large areas in the Pacific also consistently show a warming 
between the two climatologies, despite the fact that the region is affected by strong El Niño-Southern Oscillation 
variability. The artificial intelligence-reconstructed data in the sparsely observed Southern Ocean and Antarctica 
reveal pronounced regional differences of warming and cooling. The annual global mean temperature time series 
reconstructed using the 100-member and the 30-member artificial-intelligence models are very similar to each 
other, but different when compared to the original HadCRUT5 data and its analysis (Figure S6 in Supporting Infor-
mation S1). The early years of the artificial intelligence-infilled observations show in general a cooler temperature 
anomaly than the original HadCRUT5 data (Kadow et al., 2020). From the striking similarity in the reconstructed 
pattern and time series between MPI-GE CMIP5 and MPI-GE CMIP6, we conclude that MPI-GE CMIP6 allowed 
us to train a model with equivalent capabilities to MPI-GE CMIP5 but at a lower computational cost.

4.  Summary and Conclusions
MPI-GE CMIP6 is a new SMILE which power goes beyond its predecessor MPI-GE CMIP5 (Maher et al., 2019) 
in several aspects and allows for novel analyses with broad societal relevance:
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First, MPI-GE CMIP6 provides 3-hourly, 6-hourly and daily model output that is together with its ensemble size 
well suited to investigate present and future changes in climate extremes, their drivers, and their changing char-
acteristics across different emission scenarios. While several studies used MPI-GE CMIP5 to study present and 
future changes in climate extremes (e.g., Landrum & Holland, 2020; Suarez-Gutierrez et al., 2020a, 2020b), the 
high-frequency output of MPI-GE CMIP6 now allows one to also investigate the drivers and causal links of these 
changes which can be compared across different emission scenarios. For instance, we find from daily output  that 
the recently observed Siberian and Pacific North American heatwaves will occur every year in 2071–2100 in 
high-emission scenarios but substantially less frequent in the low-emission scenarios. We further find from the 
3-hourly output that the frequency of wind extremes is projected to decrease in tropical to mid-latitude oceans 
in all five emission scenarios. These findings illustrate that MPI-GE CMIP6 is specifically suited to investigate 
climate extremes and can be used to study high-impact events.

Second, MPI-GE CMIP6 provides the opportunity to compare the ensemble to high-resolution simulations of 
the same model version, including a 10-member ensemble of MPI-ESM-HR (1.0° atmosphere, 0.4° ocean), and 
a single member of MPI-ESM-XR (0.5° atmosphere, 0.4° ocean). While MPI-GE CMIP6 is not able to repre-
sent the unprecedented precipitation extreme in western Europe observed on 14 July 2021 and in northern Italy 
observed on 2 October 2020, we find that these events are captured by high-resolution simulations of the same 
model version. This finding illustrates the benefit of comparing low-resolution SMILEs with high-frequency 
output to high-resolution simulations of the same model version for investigating regional climate extremes.

Third, MPI-GE CMIP6 provides historical simulations and the five emission scenarios SSP1-1.9, SSP1-2.6, 
SSP2-4.5, SSP3-7.0 and SSP5-8.5 which enable the investigation of different climate futures and the quantifica-
tion of uncertainty from internal variability. We find that the frequencies of marine heatwaves and ocean acidity 
extremes are projected to substantially increase in all emissions scenarios, with substantial recovery by 2100 only 
under SSP1-1.9. Moreover, the ensemble simulations of the scenarios SSP1-1.9 and SSP1-2.6 specifically allow 
for quantifying irreducible uncertainty when aiming to limit global mean warming to 1.5 or 2°C. We find that 
the ensemble simulates a non-zero chance to observe individual years above 1.5°C even for the lowest emission 
scenario SSP1-1.9, which is consistent with the Paris Agreement pledges in this model. With its good representa-
tion of internal variability in GSAT and its ECS close to the central estimate of the AR6 assessment, MPI-GE 
CMIP6 as a single-model ensemble provides new opportunities to quantify uncertainty in when global warming 

Figure 7.  Comparison of HadCRUT5 with Max Planck Institute Grand Ensemble CMIP6 (MPI-GE CMIP6) vs. MPI-GE 
CMIP5 for infilling observations of surface temperature with artificial intelligence. 1991–2020 climatology referenced to the 
1891–1920 climatology: (a) original “non-infilled” HadCRUT5 data set where gray pixels indicate missing values, (b) spatial 
reconstruction of the HadCRUT5 “analysis” data set from the UK Met Office (Morice et al., 2021), (c) spatial reconstruction 
of the HadCRUT5 data set using the artificial intelligence 100-members model (MPI-GE CMIP5, Maher et al., 2019), (d) 
spatial reconstruction of the HadCRUT5 data set using the artificial intelligence 30-members modiel (MPI-GE CMIP6). 
Mean values have been computed only for grid points containing at least 70% of valid values for the considered time period.
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thresholds might be crossed. Such analyses on irreducible uncertainty from internal variability are highly relevant 
for investigating transition pathways to carbon-neutral economies to meet the Paris Agreement pledges.

Fourth, MPI-GE CMIP6 is run with CMIP6 forcing and provides the opportunity to compare the ensemble 
to other SMILEs with CMIP6 forcing. This facilitates comparisons to the growing number of SMILEs. From 
comparing the respective scenarios from MPI-GE CMIP6 to the ones from its predecessor MPI-GE CMIP5, 
we find that the change from CMIP5 to CMIP6 forcing causes a slightly stronger climate response, in line with 
findings from other SMILEs (Fyfe et al., 2021; Wyser et al., 2020), primarily caused by the updated forcing in 
CMIP6. From combining MPI-GE CMIP6 with artificial intelligence, we find that 30 realizations have equivalent 
capabilities as the 100-member MPI-GE CMIP5 when training a model to infill surface temperature observations.

Overall, MPI-GE CMIP6 beneficially complements the number of available SMILEs by a unique combination 
of a moderate ensemble size, high-frequency model output, the full range of emission scenarios including the 
lower end, and the availability of high-resolution simulations of the same model version. Consequently, MPI-GE 
CMIP6 allows a better understanding of changes in climate variability and extremes, and to quantify related 
uncertainties. This improved quantification will help to better inform society on the likelihood of plausible 
changes in the climate system to occur, including climate extremes.

Data Availability Statement
The MPI-ESM1.2-LR coupled climate model is distributed via http://www.mpimet.mpg.de/. The scripts and 
code for reproducing the plots are openly available through the publication repository of the Max Planck Society 
at https://hdl.handle.net/21.11116/0000-000D-B686-E. The simulations of MPI-GE CMIP6 can be accessed via 
DKRZ's ESGF server at https://esgf-data.dkrz.de/search/cmip6-dkrz/ by specifying the requested variable and 
frequency and the following IDs: Source: MPI-ESM1-2-LR; Institution: MPI-M (DKRZ for ssp119); Experi-
ment: historical, ssp126, ssp245, ssp370, ssp585; Variant Label: r*i1p1f1. Please note that the ensemble size is 
currently extended to 50.
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