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Three decades of simulating global
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climate models
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Accurately simulating the climate system has been a challenge and aspiration since the advent of
numerical modeling. Here, we use the spatial pattern of 2 m surface temperature to discuss the
evolution of model performance from the beginning of the Coupled Model Intercomparison Project
(CMIP) in the 1990s to the latest kilometer-scale models today. We find that the kilometer-scale IFS-
FESOMmodel outperformseven thebestCMIP6models,while other kilometer-scalemodels still have
considerable deficits. These results demonstrate the potential of kilometer-scale models to surpass
established CMIP models, despite undergoing only limited tuning, while also highlighting the
considerable efforts still needed to realize their full potential. We put this performance in the context of
10 observation-based references and 150 coupled global climate models developed over the past
three decades to discuss that increasing resolution might be necessary, but is not sufficient for
improving model skill.

Today’s global coupled climate models build on a long history of devel-
opment, from the first attempts to couple atmospheric and ocean models
in the late 1960s1, and the ability to simulate a stable climate without flux
adjustments in the 1990s2, to the emergence of Earth system models in the
2000s3, and the development of the first kilometer-scale (km-scale) models
today4–6. Over the decades, the performance of models to represent Earth’s
climate has improved, driven by increases in computing power, growing
knowledge of and better observing systems for the climate system, and
enhanced understanding of small-scale processes7–9. These developments
have allowed to run increasingly complex models at higher resolutions and
have reduced the reliance on process omission, parameterization, and
empirical correction for processes that cannot be fully represented4,10–12.
Yet, all models are approximations of the real climate system, and their
output has to be compared to observation-based references to ensure fit-
ness for a given purpose or reveal inadequacies13–16.

In fact, the understanding that model evaluation and comparison is
crucial has led to the first Coupled Model Intercomparison Project (CMIP) in
the 1990s, whosemain objective was to “document systematic simulation errors
of global coupled climate models […] by comparing the mean model output to
observations to determine how well the coupled models simulate current mean
climate.”17 Here, we build on this and use the spatial pattern of 20-yearmean 2

m surface air temperature to track the evolution of model performance over
three decades, from the advent of CMIP to today. We evaluate 176 fully
coupledmodels against a set of 10 observation-based reference datasets.While
focusing on the mean temperature pattern does not provide a comprehensive
model evaluation [which is covered in other work, e.g., ref. 18] but rather
focuses on a narrow aspect ofmodel performance, it has twomain advantages:
First, it allows for a long-term view on model performance, including early
coupled models (which are limited in available variables and provide only
simulations of a stable climate) all the way to the latest km-scale models
(which are limited in available years). Second, our temperaturemetric provides
a robust starting point, as it can be compared to a range of high-quality,
observation-based products. We use this availability of multiple reference
datasets to quantify the effect of using different references and to compare
model performance with cross-evaluated references’ performance.

Since its establishment in the1990s,CMIPhasprovided the framework
for consistently comparing models17. However, many model evaluation
studies, impact assessments, and high-level reports, including those from
the Intergovernmental Panel on Climate Change, focus only on the latest
generation of models available at the respective time [e.g., ref. 19]. Studies
comparing models across generations, in contrast, often take a compre-
hensive approach and investigate a large suite of variables, aggregated into
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high-level metrics such as multi-model means and global means. In addi-
tion, theyoften rely on a single observation-based dataset as a reference [e.g.,
refs. 7,18,20,21]. While multi-model means can have the advantage to
average out different model-dependent biases, such an approach tends to
conceal model diversity within model generations, hides spatial perfor-
mance differences across models, and assumes that a single observational
reference is sufficient to serve as a baseline.

We showcase and discuss the implications of these points by
drawing on an extensive archive of 176 models, developed over three
decades and five model generations: 15 models from the 2nd phase of
CMIP (CMIP2; refs. 2,22), 22 from CMIP323,24, 44 from CMIP525, 84
from CMIP6 (including 17 from the High Resolution MIP—High-
ResMIP; refs. 26,27), and 11 runs from two next-generation km-scale
models4,5. Note that global temperature fields were not available from
CMIP117. We evaluate the models against 10 observation-based refer-
ences, among them several historically relevant but nowadays superseded
datasets: 20CR28, Berkeley Earth29, ERA4030, ERA-Interim31, ERA532,
JRA5533, JRA3Q34, MERRA35, MERRA236, and NCAR-NCEP37.

We use a standard evaluation metric, adapted to allow the option of
incorporating multiple references. At each grid cell, the distance of the 20-
year mean temperature anomaly relative to the global mean between a
model i (τmodel_i) and one or more references (τref) is calculated following:

Δτmodel i ¼
τmodel i � τref min if τmodel i < τref min

τmodel i � τref max if τmodel i > τref max

0 else ;

8><
>: ð1Þ

vice-versa. This approach (1) accounts for the (historical) uncertainty in our
knowledge of the true state of the climate system by assigning a distance
Δτmodel_i of zero if model i is within the references at a given grid cell, (2)
avoids the potential of underestimating model error due to dependencies
between individual models and references, and (3) allows for a comparison
of model performance against reference performance in a leave-one-out
cross-validation that compares one reference against the others.

20-year mean values are calculated on a common 2.5° × 2.5° grid from
themodels’ pre-industrial control simulations (or the closest corresponding
run if pre-industrial is not available; a few km-scalemodels with less than 20
years were also included; see “Methods” for details). From the bias fields
(Fig. 1e–g), we calculate the area-weighted root-mean-square distance
(RMSD) as well as the fraction of Earth’s surface where a model lies within
the reference range (Δτmodel_i = 0; see “Methods” for details).

Results
Simulating the global temperature pattern from the beginning of
CMIP until km-scale models today
The fraction of Earth’s surface for which a given model simulates surface
temperature within the bounds of the 10 references has increased con-
tinuously fromamedian of 25% inCMIP2 to 36% inCMIP6 (Fig. 1a). Yet, a
clear gap remains between the best-performing CMIPmodel (GFDL-CM4:
within the reference range for about half the globe—49%) and the most
distinct cross-evaluated reference (Berkeley Earth: 63%). However, several
of the next-generation km-scale model runs set new records for this metric,
as they simulate temperature climatologieswithin the reference range for up
to 60% (IFS-FESOM EERIE) of Earth’s surface for the first time and come
close to the lower end of the cross-evaluated references.When focusing only
on the land surface, two of the IFS-FESOM runs even outperform several
cross-validated references (Fig. 1c; see Fig. S3 for ocean only).

This finding is yet more pronounced for the land RMSD, where only
four out of the 10 references (ERA40, ERA5, JRA55, JRA3Q) performbetter
than the best IFS-FESOM runs, while ERA-Interim ranks similar and the
other references, including MERRA2, a state-of-the-art reanalysis, are
outperformed (Fig. 1d). When including the ocean, there is still a gap
between the RMSD performance of the best models and the cross-validated

references (Fig. 1b), and the best km-scale models do not perform better
than the coarser CMIP6-generation models. The differences can be
explained by the fact that the RMSD (shown in Fig. 1b, d) also considers the
amplitude of the bias while the fractional metric (Fig. 1a, c) does not.While
several of the IFSmodel versions perform very well overall, they are affected
by a strong negative temperature bias in the northern North Atlantic (see,
e.g., Fig. 1f), affecting their RMSD score. This bias is related to excessive
Arctic sea ice formation over the marginal ice regions and is potentially
linked to the sea ice coupling scheme. The issue is currently being addressed
by implementing amore dynamic coupling approach, and we expect global
RMSD to decrease once this issue is solved.

More generally, the northern North Atlantic is a region with quite
persistent multi-model mean bias, as the spatially resolved mean distance
across all 165 CMIPmodels in Fig. S2a and the individual model bias maps
in the online supplement show38. Similarly, many models have a warm bias
in the Southern Ocean that also persists through generations. The northern
hemisphere cold bias mainly stems from the winter season and has been
connected to the representation of sea ice in the models [e.g., ref. 39], while
the southern hemisphere warm bias has been connected to remote effects
[e.g., ref. 40]. Yet another set of regions with particularly persistent tem-
perature biases can be found in the low cloud regions at the eastern edges of
the ocean basins [e.g., ref. 40], withmodel deficiencies documented already
for the first CMIP (Meehl et al.17) still persisting inCMIP6 (Bock et al.18) but
starting to be resolved in the km-scalemodels (Fig. S2e, g).While pointing at
systematic problems in the models, such high-bias regions naturally also
have the highest potential for improvements if the mechanisms underlying
the biases are understood and can be addressed inmodel development. This
potential could (at least partly) be realized throughout CMIP and in the km-
scale models as shown in Fig. S2b–h. Large improvements in the repre-
sentation of surface temperature can be seen between the top and bottom
performing CMIP models (Fig. S2d), and the km-scale models in general
and IFS in particular are able to improve this further, beyond the top quarter
of CMIP models (Fig. S2f, h).

To estimate the influenceof the remaining internal variability in the20-
yearmean temperature field used as a performancemetric, we also show the
distribution of a 50-member SingleModel Initial-condition Large Ensemble
(SMILE) from theCMIP6-generationMPI-ESM1-2-LRmodel41. The range
of the 50 SMILE members is generally quite small compared to the differ-
ences in the respective metrics described above. For the case of the global
RMSD, the full range amounts to 0.84 to 0.95 K or about 9% of the CMIP
medianRMSD.Acollectionof biasmaps for all 176models, 50 SMILEs, and
10 references is provided in the online supplement. In addition, for models
with sufficiently long pre-industrial control runs, internal variability is
estimated from additional 20-year slices (Fig. S11).

In a historical context, we find that the ability of CMIP models to
simulate surface air temperature patterns has not consistently improved
when considering the best-performingmodel of each generation. Although
the multi-model median shows a clear improvement, consistent with
findings in the literature [e.g., ref. 18], this appears to rather reflect a
reduction in poorly performing models and a convergence toward best
practices, rather than a true advancement in bestmodel performance. In the
case of the global inside area fraction (Fig. 1a), the best CMIP6 model
(GFDL-CM4; 49%) performs similarly to the best CMIP2 model (UKMO;
46%; although the highest values are only achieved in flux-adjusted models
forCMIP2). Similarly, for theRMSDover land betweenCMIP5 andCMIP6
(Fig. 1d). In this context, we stress that the aim of model development,
ultimately, has to be to improve not the multi-model mean but the best
models in as many metrics as possible.

In summary, we have shown that km-scale models can shift the
boundaries of what is achievable. However, while our results demonstrate
the potential of km-scale models to outperform coarser models, running
models at the km-scale alone is no guarantee for success42. In fact, most of
the current km-scale model runs do not perform better than traditional
CMIP models in simulating 2m surface air temperature patterns. This is,
perhaps, not surprising given that they are still in a prototype state and have
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only been tuned very rudimentarily (for climate applications)43. To give an
example: the base version of IFS has been continuously improved over
several decades for the best performance in terms of numerical weather
prediction.While the operational IFSmodel is coupled to theNEMOocean
model, for the purpose of several climate applications the IFS has also been
coupled to the FESOMoceanmodel and been tuned in twoways: (1) top-of-
the-atmosphere (TOA) radiation balance has been tuned to match satellite
observations and (2) a reduced cloud-basemass flux has been implemented
that impacts the precipitation distribution, effectively tuning intense pre-
cipitation towards observations [see ref. 5, for details]. The latter was not
done for IFSEERIE-p1. For ICON,only theTOAradiationbalancehas been
tuned, except for the EERIE-p1 version of ICON,where no tuning has been
done at all. Since several of the km-scale models are prototype versions or
still in development, only limited documentation on their technical speci-
fications exists4,5.We,hence, provide a summaryof theirmain features in the
“Methods” sectionanddiscuss themainadvances over coarsermodels in the
final section of this manuscript.

Our approach of using the full range of 10 references as the baseline
range formodel evaluationmight be considered to overestimate uncertainty
in our baseline. Yet, our primary rationale for including these reference
datasets is that each has been considered state-of-the-art at its time and has
been used as a baseline for model evaluation in the literature (for example,
ERA40 before the introduction of ERA-Interim and the subsequent ERA5).
Importantly, all conclusions presented here hold up under several robust-
ness checks, includingwhen restricting the analysis to the three state-of-the-
art reanalyses: ERA5, JRA3Q, andMERRA2 (Fig. S4). Even more crucially,
we showbelow that, when using only a single reference, the choice of dataset
can lead to model errors that differ by as much as 40% and lead to a

systematic effect depending on the model generation. This clearly shows
that overall model performance has reached a point where a single
observation-based reference can no longer adequately serve as a reliable
reference. So far, this argument has only been made qualitatively [e.g.,
ref. 44]; here, we provide the first quantification.

Quantifying the effect of referencechoiceonmodel performance
Comparing model performance evaluated against each of the 10 reference
datasets individually reveals that up to 40% ofmodel RMSD can result from
the choice of the reference for the latest km-scale models (Fig. 2a, b). This
approach corresponds to applying Eq. (1) 10 times (once for each reference)
and then calculating the full range of possible RMSD values divided by their
mean value. Studies drawing on only a single reference disregard the dif-
ferences we reveal here, more or less implicitly assuming that model bias
dominates in model evaluations [e.g., ref. 21].

This assumption is defensible for early models, with the effect of
referencebeingmostly constrained to less than20%forCMIP2,CMIP3, and
CMIP5 (Fig. 2a). However, for CMIP6-generation models, the choice of
reference can already lead to RMSD variations of up to 30%, increasing to
40% for the latest km-scale models. The main driver of this increase is the
reduction of absolute RMSD, with the effect of reference choice staying
mostly constant in absolute terms.

Yet the reduction in absolute RMSD is not the sole driver and other
model properties also play a role: the model with the strongest dependence
of temperature RMSD on the choice of reference is IFS-28-N, which is not
the best-performingmodel in terms of overall RMSD (Fig. 2b). Its sensitivity
is, hence, a combination of (1) its lowmeanRMSD, (2) it being quite close to
ERA5 (3rd lowestRMSD toERA5model overall), and at the same time (3) it

Fig. 1 | Evolution of model performance across generations. a Fraction of Earth’s
surface area for which themodels’ 20-year mean surface temperature falls within the
range of the 10 references, and b area-weighted root-mean-square distance (RMSD)
relative to the reference range. c, d same as (a, b) but only for the land surface.
Unfilled symbols indicate runs with less than 20 years available. e–gDistance to the

reference range, with grid cells where the model falls between the references shown
in white. The examples show the models with the lowest RMSD in (e) CMIP2
without flux adjustment and (f) overall, as well as (g) the reference dataset Berkeley
Earth, cross-evaluated against the other nine references.

https://doi.org/10.1038/s43247-026-03497-w Article

Communications Earth & Environment |           (2026) 7:400 3

www.nature.com/commsenv


being quite far away from several other references (Berkeley Earth and
NCAR-NCEP) leading to an effect of the reference choice onRMSDofmore
than 0.5 K or 41%. This example also shows that older or superseded
references arenot (necessarily) dominating the effect of the reference choice:
several of the older references (such as ERA40, ERA-Interim, MERRA)
rather lead to intermediate RMSD values (Fig. 2b).

The effect of reference choice also persists when comparing only two
of the most frequently used references: ERA-Interim and its successor
ERA5. Simply switching from ERA-Interim to ERA5 as a reference
(which is what silently happened in the literature after the advent of
ERA5 in the mid-2010s) can lead to differences in model performance
(Fig. 2c). More importantly, the effect of the reference choice on model
performance is systematic across model generations: almost all CMIP2
models have a lower RMSD when using ERA-Interim as reference
(median 4%), while almost all HighResMIP (median 7%) and all km-
scale (median 13%) models are closer to ERA5 (Fig. 2c). Figure 2d, e
shows examples for the CMIP2 model with the strongest “preference” for
ERA-Interim and the HighResMIP model with the strongest “pre-
ference” for ERA5. In the supplement, we also show an analysis of the
effect for the three modern reanalysis datasets (ERA5, JRA3Q, MERRA2;
Fig. S7) and an overview of all models (Fig. S8 and Table S5). These
findings have implications for assessments of model performance across
generations as they show that the improvement over time partly depends
on the choice of reference: using ERA5 leads to a higher performance
increase of km-scale models compared to early CMIP models relative to
continued usage of ERA-Interim as reference (Fig. 2c).

The influence of model resolution and tuning
Finally, we discuss the role of model resolution for the evolution of model
performance in a long-termcontext, revealing a clear relationship that holds
across models and generations (Fig. 3), using the RMSD based on the
models’ distance to the full reference range (Eq. (1)). This relation is
strongest across all 148 CMIP models (excluding HighResMIP, see below)
where the RMSD improves by −0.30 K/100 km (95% range: −0.36 K/

100 km to −0.23 K/100 km), less but similarly strong within generations
(mean across CMIP slopes:−0.25 K/100 km), and weakest for 13 high-low
resolution pairs of the same models (mean across pairs: −0.18 K/100 km;
see Table S1 for details).

The greater improvement across all 148 CMIP models is not sur-
prising, as the slope clearly also includes other drivers beyond resolution.
Most importantly, the fact that higher-resolved models are, on average,
also more recent, adds growing knowledge and methodological
advancements with time to the slope. Estimating the resolution effect on
performance only from models developed at a similar time (i.e., from
models within each generation) reduces the effect of time, leading to the
estimate of −0.25 K/100 km. Calculating it from pairs of models that
were run at two different resolutions could be considered the cleanest
estimate, but it is limited to only 13 model pairs (7 of which are from
CMIP6) and is, hence, less robust. In addition, a model might be run at
two resolutions, but only be fully tuned to one of them.

In fact, the influence of tuning is crucial as the example ofHighResMIP
shows: the HighResMIP protocol explicitly states that additional tuning of
the higher-resolution versions should be avoided27, so that the pure reso-
lution effect is relatively well isolated. From the six HighResMIP model
pairs, five worsen with increasing resolution for our metric (Table S1), and
the slope across all 17HighResMIPmodels is only−0.08 K/100 km.This is a
clear indication that, while resolution increase might be a necessary step for
model improvement, it is by no means sufficient, and careful tuning to a
given resolution is perhaps evenmore crucial. This underlines the potential
of km-scale models, some of which already perform well despite being
hardly tuned at this point.

Summary and discussion
We have shown that the model representation of the 20-year mean 2m
surface air temperature pattern has steadily improved over the last three
decades in a multi-model mean view but less so when considering the best
models in a generation (Fig. 1). Yet, ICON and IFS, two prototype km-scale
global climate models have the potential to outperform the best established

Fig. 2 | Impact of the reference choice on model performance. a Difference
between the maximum and minimum RMSD divided by the mean RMSD. The
RMSD is calculated for each model using each of the 10 different reference datasets,
in turn, as showcased in (b) for IFS-28-N (ngc3). cDifference in RMSD when using

one of two references: ERA-Interim or its successor ERA5, as showcased for d CSIR
and e CNRM-CM6-1-HR. b, d, e The horizontal dashed lines and corresponding
numbers give the (absolute and relative) difference between the indicated references.
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models from CMIP6 but, at the same time, can perform worse than a
median CMIP model, indicating that resolution might be necessary for
furthermodel improvement but is not sufficient. Our findings also revealed
that increasing model performance leads to an increasing effect of the
reference choice, which can exceed 30% based on 10 different observation-
based datasets developed in the last decades (Fig. 2). Even when restricting
the choice to only modern reanalysis products, systematic differences
exceeding 15% still exist (Fig. S7). Crucially, we note that while focusing
solely on surface temperature has enabled the long-term multi-model,
multi-reference perspective we provide, it is also a clear limitation of our
work as it omits many climate system features important for a compre-
hensive model evaluation.

Finally, we also provided an alternative view on model perfor-
mance as a function of the models’ spatial resolution instead of the
more established generational view to investigate the resolution
dependence of model performance (Fig. 3) similar, for example, to
work by ref. 45. While we found clear signs for an increase in model
performance with resolution for well-tuned CMIP models, we also
found a decrease in the same relationship for five out of six High-
ResMIP model pairs, which we attribute to the fact that they are not
tuned at high resolution, deteriorating their performance. This, again,
underscores that resolution alone is not enough to increase model
performance.

Improvements of newly developed km-scale models43 over their coarser
predecessors, hence, depend on realizing the full potential resolution pro-
vides. This potential can manifest in many domains, from the model output
resolution to the representation of physical processes. For example, recent
work by ref. 46 has shown that the finer grid spacing more clearly resolves
land surface heterogeneity, particularly at mountain ranges and along
coastlines in both ICON and IFS, with implications for temperature
extremes and impacts. At the same time, the representation of (extreme)
precipitation differs quite considerably between the models, with ICON
generally showing higher and temporally and spatially more localized pre-
cipitation than IFS. The higher localization of precipitation in ICON is a
result of its setup without any convection parameterization, while IFS still
uses parameterization to different degrees [refs. 46–49, see also Table S2].
This difference in approaches reflects the fact that the grid spacing of about
10 km puts both models in somewhat of a transition zone, which is slightly
too coarse to accurately permit explicit convection (often set to about
2–4 km; e.g., ref. 50) but too fine to allow a robust empirical parameterization
(about 25–50 km; ref. 51).While our results for mean temperature show that
the partly parameterized runs from IFS tend to perform better than the
ICON runs, this result cannot be attributed to the treatment of convection
alone and might be due to a whole range of structural model differences. In
fact, recent work has shown that a realistic precipitation climatology can be
achieved with explicit convection6 and that land-atmosphere coupling is

better represented, affecting (extreme) temperatures52. Ongoing efforts to run
climatological time-periods at 5 km grid spacing globally53, contributing to
push km-scale models towards the explicit convection domain, hence, fur-
ther contribute to materializing their potential.

As models keep improving and resolution keeps increasing, finding
appropriate reference datasets will get more difficult andmore important at
the same time, as the choice of reference can start to dominate evaluation.
The realization of envisioned products like Climate Digital Twins53 and
Earth Virtualization Engines54 will continue to increase the integration of
observation- and model-based information, further complicating evalua-
tionwith independent datasets. At the same time, advances inmodeling can
even lead to a reversal of the evaluation chain. Already, there are examples
where models pointed to deficits in observation-based products55,56. Ulti-
mately, we recommend including reference uncertainty in model evalua-
tionswhenever possible to documentmodel-reference dependencies arising
fromthedevelopment cycle, and toaccount for thesedependencies inmodel
evaluations. This holds particularly when tracking climate model evolution
over time and when evaluating the latest km-scale and upcoming CMIP7
models.

Data and methods
Model data
We use all available CMIPmodels that provide 2 m surface air temperature
frompre-industrial control (piControl) simulations. In addition,we also use
all models from the CMIP6-generation high-resolution model inter-
comparison project (HighResMIP), which provide the same variable for the
1950-control simulations. This leads to a total of 165 models detailed in
Table S5. In our analysis, we treat all models and model versions equally in
what has been termed “model democracy” and do not account for any
model dependencies57,58. In addition, we use 50members fromMPI-ESM1-
2-LR in the historical 1980–1999 period to quantify internal variability. The
samemodel, drivenbypre-industrial forcing, is also included inCMIP6, and
we use the direct comparison to show the effect of choosing piControl over
the historical period in the rest of the models. Finally, we use two km-scale
models (ICON and IFS) in a total of 11 different configurations from the
nextGEMS (https://nextgems-h2020.eu/), EERIE, and DestinE (https://
destine.ecmwf.int/) projects (see Table S2 for a full list).

All spatial fields are conservatively regridded to 2.5° × 2.5°, which
means coarsening the native resolution for almost all models beyond
CMIP2. For some of the km-scale models, conservative regridding is not
possible and, therefore, the different regridding strategies are detailed in
Table S3.

Additional details on the km-scale models
The km-scalemodels used in this study are set apart from theCMIPmodels
by a considerably higher resolution, using a grid spacing of about 10 km or

Fig. 3 | Model performance as a function of model
resolution. RMSD to the full reference range as a
function of model resolution for all 165 CMIP and
11 km-scale models. Unfilled symbols indicate runs
with less than 20 years. The dashed lines showTheil-
Sen regressions: (black) over all 148 CMIP2,3,5, and
6 models (excluding HighResMIP) and (colored)
over all models within each generation. The large
dots indicate the median values for each generation.
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even finer, both in the atmosphere and ocean43. Compared to conventional
CMIP models, the finer grid spacing permits atmospheric deep convection
and (sub)mesoscale eddies in the ocean, which allows for turning off
mesoscale eddy parameterizations59,60. Also, the heterogeneity of the land
surface is better represented, and does include cities or urban areas in the
case of the IFS model5,46. Several of the km-scale model versions used here
are (superseded)prototypes or still indevelopment.They arenot fully tuned,
and that might still include various bugs. Since only limited documentation
of these models exists in the literature to date, we summarize their main
features in Table S2 and below.

All the ICON simulations use the ICON model run in its Sapphire
configuration described in ref. 4. The version identifiers ngc2(013),
ngc3(028), and ngc4(008) correspond to different model development
cycles of nextGEMS and include various model updates and bug fixes.
Compared to the version described in ref. 4, ICON (ngc2013) includes river
discharge, uses the RTE-RRTMGP radiation scheme instead of PSRAD, the
TTE scheme instead of Smagorinsky as turbulence scheme in the atmo-
sphere, and employs z-star coordinates as well as some updated parameter
values in the ocean. ICON (ngc3028)61 employs the Smagorinsky scheme
again as a turbulence scheme in the atmosphere, includes energy fixes in the
microphysics, bug fixes in the computation of the surface fluxes, and new
land external parameters. In ICON(ngc4008)62, the turbulence interface has
been rewritten, energy leaks have beenfixed, and the cloud amount has been
retuned by adding a stability correction in the turbulence scheme and
adapting the cloud inhomogeneity factor in the radiation. The number of
vertical levels in theoceanhasdecreased, but thin layers are kept in theupper
ocean.The ICON(ngc4008) exhibits a stable climate,withno strong cooling
of the temperature as documented in ref. 43, and no energy leak. Also, in
contrast to the previous ICONversions, which usefixed greenhouse gas and
aerosol forcing (set to 2020 conditions), ICON(ngc4008) is integrated using
the SSP3-7.0 scenario. The global mean warming between the first and last
10 years of the 30-year integration is about 0.7 K. The ICON EERIE-p1
(phase 1) simulation employs the same radiation and atmospheric turbu-
lence schemes as ICON (ngc2013), as it provided a stable climate, and uses
the z-star coordinates and 72 vertical levels for the ocean, like ICON
(ngc4008). The ICON version from the Destination Earth project, finally, is
labeledClimateDTas it serves as a basis to build aClimateDigital Twin, as is
described in ref. 53.

The IFS simulations used in this manuscript were performed with
two different ocean models, namely with the IFS-FESOM (IFS-F) and
IFS-NEMO (IFS-N) model configurations as described in detail by ref. 5.
While the 28 km simulation (IFS-28-F) with a 0.25° ocean uses the
Gent-McWilliams (GM) parameterization for mesoscale eddies59,60 in
the implementation described by ref. 63, all 5 km ocean eddy-resolving
simulations from EERIE and nextGEMS do not use GM. Consistent
with the other nextGEMS model ICON, the IFS scenario simulation
(IFS-F ngc4) was also performed with the SSP3-7.0 scenario for the
period 2020-2049. For consistency within nextGEMS and despite the
coarser atmospheric resolution of 9 km in IFS-F ngc4, a reduced cloud-
base mass flux has been applied as for the earlier 4.4 km nextGEMS
simulation (IFS-4-F ngc3). The global mean surface warming of 1.15 K
between the last and the first 10 years of the 30-year integration is higher
by 0.45 K than for the ICON model. The IFS-F model configuration for
the EERIE simulation (IFS-F EERIE-p1) mirrors that of the IFS-F
(ngc4), with the exception of deep convection parameterization, where
the reduced cloud-base mass flux is not implemented. Moreover,
compared to IFS-F (ngc4), the IFS-F (EERIE-p1) is a simulation with
constant 1950 radiative forcing64.

Observation-based references
As references, we use nine reanalysis datasets, which provide 2m surface air
temperature, and Berkeley Earth, which provides blended 2 m surface air
temperature over land and sea ice and sea surface temperature over open
ocean. We note that other direct observational temperature datasets with
global coverage, suchasHadCRUT65 orGISTEMP66donot provide absolute

temperature fields but only changes from a base period and can, therefore,
not be used here, and other products are not available globally67,68.

All reference datasets are conservatively regridded to a common
2.5° × 2.5° grid equivalent to the models.

Definition of the model performance metric
We use the 20-year mean of the spatially resolved 2m surface air tem-
perature field as a basis for evaluating model performance. For the CMIP
models, the climatology is calculated from 20 years at the end of the
piControl run. For the CMIP6-generation HighResMIP, no pre-industrial
control run is available, andweuse 1950-control instead. For the SMILEand
the reference datasets, we use the 1980–1999 mean from the historical
period. The km-scale simulations are based on different scenarios as sum-
marized in Table S2 and we use whatever forcing is available.

We use piControl runs instead of historical runs in CMIP to (1)
maximize data availability and (2)maximizemodel consistency. (1) CMIP2
allows unique insights into several models from the early days of coupled
atmosphere-ocean model intercomparison, but it only provides piControl
runs since historically forced runs only became part of the CMIP protocol
with CMIP323. (2) In our main comparison we prioritize consistency
between models from different generations, which is ensured by the use of
piControl. The historical forcing, in contrast, has been updated between
generations69.

To correct for the first-order differences due to the different absolute
climate states between the datasets, we remove the globalmean temperature
from eachdataset separately.We are, hence, interested in themodels’ ability
to simulate the spatial patterns of temperature, not its absolute value70.
Correcting for differing globalmeans between piControl and historical runs
clearly does not offset all effects of warming, with land warming faster than
the ocean and high latitudes faster than lower ones. To estimate the global
meaneffect of remainingdifferences,we compare thehistorical period in the
50-member SMILEwith the piControl run from the samemodel in Fig. 1 of
the main manuscript. In addition, we also provide a version of Fig. 1
including onlymodels that provide historical simulations (Fig. S6) as well as
the difference between piControl and historical for each model (Fig. S12).

Mathematically formulated, the performance metric τ is calculated
from the 3-dimensional temperatures T following

τ0ð year; lat; lonÞ ¼ Tðyear; lat; lonÞ �Meanlat;lon Tð year; lat; lonÞ� � ð2Þ

τðlat; lonÞ ¼ Meanyear τ0ð year; lat; lonÞ� �
; ð3Þ

where the Meanlat,lon operator uses weighting based on the cosine of the
latitude.

Estimating model performance relative to 10 observation-based
references
Wecalculatemodel performance according toEq. (1). For a single reference,
the metric is simply the model-reference distance at each grid cell (with
τref min ¼ τref max), formore thanone reference, thedistance at a givengrid
cell is zero if the model falls between the references and increases linearly
outside. Examples for the resulting difference fields are given in Fig. 1 in the
main manuscript, and a repository of all models can be found online
in ref. 38.

To test the robustness of the results to our choice of reference datasets
we provide two additional approaches: (1) using only the three latest full
reanalyses ERA5, JRA3Q, andMERRA2 as reference (Fig. S4) and (2) fitting
aGaussian to the 10 reference datasets at each grid cell andusing the 5th and
95th percentiles as reference range (Fig. S5).

From the distance maps Δτ, we calculate the area-weighted spatial
RMSD and the area-weighted fraction of grid cells that fall inside the
reference range (i.e., have a distance Δτ of zero).

We also calculate the RMSD and fraction inside the reference range
of the reference datasets in a leave-one-out cross-validation setting. For
each of the 10 observation-based datasets, we use the remaining nine as
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references in turn. This cross-validation approach serves as a fair baseline
for the model performance and can reveal when models start to out-
perform the reference datasets.

Calculation of performance-resolution slopes
We approximate mean model resolution Δd for all CMIP models using a
pragmatic approach: it is calculated as the square root of the surface of a
sphere with themean radius of the Earth divided by the number of grid cells
in the native atmospheric resolution files:

Δd ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4π × 6371 km2

nr grid cells

s
½km� ð4Þ

Wenote that theprovidednative resolution is not necessarily the realmodel
resolution. However, from the CMIP6 models provided via the Earth Sys-
tem Grid Federation, the vast majority are on the native model grid. In
addition, it is reasonable to assume that even for models provided on dif-
ferent grids, the effective resolution does not change much from the native
model grid, so that our approximation holds in general.

For the reference datasets and the km-scale models, we use values
provided in the respective documentation.

To calculate changes ofmodel performancewith resolution, we use the
Theil-Sen estimator as implemented in Python’s SciPy package. It computes
the slope as the median over all possible pairs of models with differing
resolution values (https://docs.scipy.org/doc/scipy/reference/generated/
scipy.stats.theilslopes.html).

For the case of high-low resolution model pairs, we compute the
median only over pairs from the same model.

Data availability
The processed climatologies used for this study are freely available from ref.
38, the raw model output is available upon reasonable request.

Code availability
The code used to process and visualize the main results is available from
ref. 38.
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