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Abstract
Climate models are primary tools to investigate processes in the climate system, to project future changes, and
to inform decision makers. The latest generation of models provides simulations of unprecedented complexity
and resolution, resulting in increasingly realistic representations of the real climate system. At the same time,
there is growing awareness that not all models produce equally independent and plausible simulations. Therefore,
methods are being developed to evaluate how model dependence affects output similarity and how well models
match observed climate. Such methods typically draw on climatological averages over several decades to minimize
internal variability. Here we show that models can robustly be identified as different from observations based on
temperature output from only a single day using two statistical and machine learning classifiers. The first classifier,
a logistic regression, achieves almost perfect accuracy in identifying models never seen in training. An analysis of
the derived regression coefficients reveals that this skill is founded in several climatological model biases emerging
on daily time-scales already. The second classifier, a convolutional neural network, is even able to correctly identify
the majority of 43 different models based on spatial dependencies between daily global weather patterns alone, i.e.,
after removing the climatological model biases. Misclassifications appear mostly between models developed at the
same institution, indicating that the effects of shared code also emerge already on daily times scales. These results
build the basis for further research on the usage of statistical and machine learning for evaluating models without
relying on climatological time-scales.

Impact Statement
Climate models are our main tool to investigate changes in the climate system and to provide information for
decision makers. While the models become increasingly better in representing climate system processes, some
differences compared to observations remain. Such differences are typically investigated on climatological
time-scales of several decades. Here we show that statistical and machine learning classifiers can reliably
distinguish models from observations based on the temperature map from only a single day. We find that
several areas of climatological model biases emerge already on a daily basis and can, hence, be used for
separation. These results provide new avenues for the evaluation and interpretation of model-observation
differences, on short time scales, and targeting pattern-based model features.
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1. Introduction
Multi-model ensembles such as the latest sixth Coupled Model Intercomparison Project (CMIP6;
Eyring et al. [2016]) are frequently used to investigate physical climate mechanisms, to attribute past
and project future changes, and inform political decisions. However, there is growing awareness in the
climate community that not all models contained in CMIP6 provide equally plausible and independent
simulations of the climate system [Tebaldi and Knutti, 2007, Knutti, 2010, Bishop and Abramowitz,
2013, Annan and Hargreaves, 2017, Eyring et al., 2019]. Model evaluation methods, typically based on
climatological means over multiple decades, have identified persistent biases across models compared
to observations and highlighted the effect of model dependence on model output similarity [Masson and
Knutti, 2011, Knutti et al., 2013, Boé, 2018, Brunner et al., 2020, Bock et al., 2020]. Both, model bias
and dependence, are ultimately due to the parametrizations used to represent processes which cannot
explicitly be resolved in simulations of the observed climate in numerical models.

Work is ongoing to further reduce these parametrizations in a new generation of kilometer-scale,
storm-resolving global models with the ultimate aim of creating a digital twin of Earth [Bauer et al.,
2021, Rackow et al., 2021]. These developments continue to blur the border between weather pre-
diction, climate predictions, and climate projections [Meehl et al., 2021] and call for new, innovative
evaluation methods that allow to contrast models with each other and with observations on weather
time-scales. This includes investigating if model biases and dependencies can be identified already on
such scales.

Here we present initial results from a setup drawing on different statistical and machine learning
classifiers that allows such an evaluation even on daily data. Similar approaches based on statistical
and machine learning have been used previously to identify forced signals from spatial patterns of
temperature, precipitation, and humidity [Barnes et al., 2019, Sippel et al., 2020], to explore the role of
single forcing agents [Labe and Barnes, 2021], and to predict modes of atmosphere-ocean variability
[Gordon et al., 2021]. In this exploratory study we showcase and discuss the potential of our approach
based on several examples drawing on reanalysis data (used to represent observations), CMIP6 and
experimental storm resolving simulations from the NextGEMS project1.

The work is guided by two main questions that will be further detailed in sections 3 and 4: based on
their daily temperature output, can models reliably be identified (1) as different from observational and
(2) as different from each other?

2. Data and Methods
2.1. Model and reanalysis data
We use all available models from CMIP6 which provide daily data for surface air temperature in the
historical period. In total this sums up to 43 models which can broadly be grouped into 22 families by
developing institution (see table S1 in the supplement for a full list). Daily reanalysis data, taken as
pseudo-observations, are derived from the fifth generation of the European Centre for Medium-Range
Weather Forecasts (ECMWF) Retrospective Analysis (ERA5; Hersbach et al. [2020]). The period from
1950 to 2014 is used to match the first availability of ERA5 and the end of the historical forcing
period in CMIP6, respectively and all daily temperature fields are regridded to 2.5◦×2.5◦. In addition,
we use temperature projections for the end of the century (2091-2100) driven by the high emission
scenario SSP5-8.5 [Meinshausen et al., 2020] if available to test the robustness of our approach under
severe warming (see table S1). Finally, we also draw on one year (February 2020 to January 2021) of
prototype data from the NextGEMS project and use global temperature fields from an ICON run with
an atmospheric resolution of 5km.

1https://nextgems-h2020.eu

https://nextgems-h2020.eu
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2.2. Statistical and machine learning methods
We use two different statistical and machine learning methods to separate models from observations,
and from each other: First, logistic regression, which allows insights of learned coefficients but has
the limitation of being a linear method. Second, a convolutional neural network (CNN) which repre-
sents rather the other end of the complexity spectrum, allowing to learn non-linear spatial relations
between features but lacking the easy interpretability logistic regression allows. Both methods are
briefly described here and we provide Jupyter notebooks in the supplement showcasing their exact
implementation.

Logistic regression is linear in its parameters and takes an 𝑀 × 𝑁 matrix as input, where 𝑁 is the
number of days and 𝑀 the number of grid cells. For training an additional vector of length N is provided
containing the labels (i.e., 0 for ‘model’ and 1 for ‘observation’) for each day. A continuous probabil-
ity is then assigned to each test sample with 1 indicating the highest certainty that a given day belongs
into the observation category and 0.5 representing the decision threshold below which it is assigned
into the model category. The logistic regression classifier is constrained by a L2 regularization (i.e., a
penalty on the squared sum of regression coefficients) to avoid overfitting and to ensure smooth coef-
ficients in space. This regularization is optimized using 5-fold cross-validation. More general details
on regularized logistic regression can be found, for instance, in Hastie et al. [2009] and an example
implementation is provided in the supplement.

To complement the logistic regression classifier we use a CNN as a second method. Deep neural
networks such as CNNs are considerably more complex and less interpretable than traditional methods
but their performance is superior in exchange. Therefore, their use in different scientific disciplines,
not least in climate sciences, has been rapidly increasing in recent years [Hsieh, 2022, Kashinath et al.,
2021]. Due to their complexity many different design choices in the exact layout of the network are
possible, here we use an out-of-the-box setup consisting of four convolutional and maximum pooling
layers resulting in about 122’000 trainable parameters (see supplement for the exact architecture). The
2-dimensional temperature field from each day can directly be interpreted by the CNN equivalent to a
picture classification task, therefore, the input layer takes a 𝐾 × 𝐿 × 𝑁 matrix where 𝑁 is the number
of days, 𝐾 the number of latitudes, and 𝐿 the number of longitudes (hence, 𝐾 ∗ 𝐿 = 𝑀 , the number of
grid cells). In contrast to the logistic regression the CNN is set up to allow distinguishing more than two
output categories and a given input is identified as belonging to the class which is assigned the highest
probability. For the case with only the model and observation classes, discussed in the first part of the
manuscript, this means the threshold for assignment is 0.5 as for the logistic regression.

2.3. Data preprocessing and conventions
Each daily 2-dimensional temperature field is used as a sample and each of the 10’368 grid cells
(resulting from 72 latitudes and 144 longitudes) as a feature in machine learning terminology. The
2-dimensional daily fields are either used directly in the case of the CNN classifier or reduced to a
1-dimensional feature array in the case of logistic regression. Note that the changing grid cell area
with latitude is not explicitly accounted for in this study but might implicitly be learned by the clas-
sifiers. Training and validation data are drawn from the 50-year period 1950-1999 and test data from
the slightly offset 10-year period 2005-2014 to ensure that they are temporarily out-of-sample without
leakage in the temporal domain. For reasons of computational performance only subsets of days are
used for training as specified in the corresponding sections. We also use a setup with individual models
being withheld from the training sample altogether and only used in the test dataset (out-of-sample in
the model domain in addition to the time domain).

Two pre-processing steps are applied to investigate their influence on the classification accuracy: (1)
removing the global mean from each day and from the entire spatial pattern, and (2) removing the mean
seasonal cycle from each grid cell on a model-by-model basis in addition to (1). The mean seasonal
cycle is calculated on a day-of-the-year basis for each model and the observations separately using the
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Figure 1. (a) Logistic regression coefficients learned from daily data in the period 1950-1999 and used
to separate daily temperature maps from models and observations. (b) Multi-model mean temperature
difference to ERA5 based on climatologies in the period 2005-2014. The climatologies are calculated
from daily data with the global mean removed.

training period 1950-1999 and a 31 day running window. A physical interpretation of (1) is that the clas-
sifiers train on persistent regional biases as far as they emerge from internal variability on daily scales.
In (2) such regional biases are explicitly removed together with any biases in the equator-pole gradi-
ent or between the hemispheres. This means that the classifiers can only train on the spatial relations of
internal variability making the problem considerably harder. Finally, each sample is associated with one
of two labels categories to be predicted by the machine learning classifiers: either ‘model’/‘observation’
or the name of the dataset (i.e., ‘ERA5’ or one of 43 model names). Figures S6 and S7 in the supplement
show an example test day from each model and ERA5 for the two pre-processing cases.

3. Separating models and observations
3.1. Logistic regression classifier
First, we train a single logistic regression classifier with the aim of distinguishing models from obser-
vations based only on the temperature maps from a single day. For this case we only remove the global
mean (i.e., the mean seasonal cycle is still included; see figure S6 for an example). We use 200 different,
randomly drawn training days from each of the 43 models resulting in 8’600 training samples labeled
’model’ which is matched by random 8’600 days labeled ’observation’ (out of 18’250 total days avail-
able from ERA5). Sensitivity tests show that using less samples for training leads to strongly decreasing
test accuracy while using more samples generally leads to slightly better results as one would expect,
but also greatly increases computing resource usage.

For this setup the accuracy for the test sample (i.e., individual days from 2005-2014) is almost 100 %
with only individual samples (less than 10 from over 150’000) being misclassified. Since temperatures
between different grid cells used as features are not independent the cross-validation yields a strong
L2 regularization parameter of about 𝐶 = 0.005. Overall, this very high accuracy shows that there are
persistent distinguishing features that can be used to reliably separate climate models and reanalysis
data even in the presence of large internal variability on daily time scales. The spatial patterns in these
features are reflected in the regression coefficients learned by the classifier and shown in figure 1.
The distribution of coefficients identifies areas important for the separation of climate models and
observations. In addition, the sign of the coefficients can be physically interpreted with positive values
indicating regions where models tend to be warmer than the observations and vice-versa.

Over the ocean the most prominent region of negative coefficients is found in the North Atlantic, near
the so-called North Atlantic warming hole [Chemke et al., 2020, Keil et al., 2020]. Here models seem
to systematically underestimate temperatures on a daily basis compared with observations and relative
to the global mean. In contrast, there are regions of high coefficients on the eastern edges of the Pacific
and Atlantic ocean basins. These regions correspond to persistent model biases in the representation of
clouds and their radiative effect which are known to appear on all times scales from daily to decadal
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[Williams et al., 2013, Ma et al., 2014, Brient et al., 2019, Bock et al., 2020, Chen et al., 2022, figure 1b].
In the equatorial Pacific, known as a region with notorious climate model biases that typically show
too cold and too narrow equatorial cold tongues, negative coefficients are also found by the logistic
regression classifier. This is accompanied by warm biases to the north and south (shown as positive
regression coefficients) connected to the models representation of the intertropical convergence zone
[e.g., Hirota et al., 2011, Li and Xie, 2014, Tian and Dong, 2020]. Overall, the consistency in the pattern
between the logistic regression coefficients identified for classification on daily time scales (figure 1a)
and the long-term climatological model-biases (figure 1b) is remarkable. A notable exception are the
northern high latitudes where the clear cold-bias in the climatological multi-model mean is not reflected
in a corresponding pattern in the regression coefficients. Similarly for the southern part of the southern
ocean where the climatological warm-bias in models is not reflected in positive regression coefficients.
Daily temperatures from these regions do, hence, not carry information relevant for the separation of
models and observations. This seems to be caused by the large model spread in these regions with
models both considerably over- and underestimating ERA5 temperatures on climatological time scales
(see figure S8).

Focusing on land grid cells, it becomes clear that the corresponding regression coefficients are
considerably more prone to (over-)fitting to rather small-scale structures in particular in regions with
complex terrain such as the Andes or the Himalayan. Given the finer native resolution of ERA5 com-
pared to models it is also possible that the classifier learns information from the different representations
of topography in observations and models. To avoid this behavior we continue to use land masked data
in the rest of the manuscript. A map of regression coefficients from a classifier trained on such land-
masked data can be found in figure S1 in the supplement and shows very similar patterns over ocean
compared to figure 1a.

Now, we look more closely into how confident the classifier is in separating observations and models
split by model variant. Figure 2a shows the probability for test samples from 44 datasets (43 different
model variants and ERA5) to be in either category. Since the probabilities for the categories are com-
plementary, a predicted probability of 0 % to be an observation is equivalent to 100 % to be a model
(𝑝(0|𝑋) = 1− 𝑝(1|𝑋) in logistic regression). For the vast majority of cases the logistic regression clas-
sifier assigns the correct category with close to 100 % probability. This is quite remarkable considering
that only 200 random days per model variant were used for training, meaning that for an individual
model the seasonal cycle is not sampled completely in training, and decadal- and multi-decadal vari-
ability can be sampled only superficially in those 200 days. Common features, therefore, seem to get
generalised between models. However, for several models a fraction of days from the 10 years of test
data is also predicted with less certainty (whiskers in figure 2a). The model families most prone to get
confused with observations are CMCC, CNRM, EC-Earth3, GFDL, HadGEM3, and IPSL. An intuitive
interpretation of this behavior might be that these models provide the ‘best’ representation of ‘true’
temperatures on a daily basis. However, this is not conclusive and would require additional evidence.
First, there are only very few samples with a non-zero probability of belonging into the observation
category for each given model, therefore the confusion could be based on chance (i.e., a model sam-
ple could be classified as observations, but for the wrong reasons so that no conclusion on the overall
model performance should be drawn). A second important consideration is the possible codebase over-
lap also between models and ERA5 that might get picked up by the classifier. For EC-Earth3 (for which
all four variants show a tendency to get confused), for example, there are documented dependencies on
the ECMWF atmosphere [Döscher et al., 2022].

We continue to investigate if there are more fundamental features that distinguish models from
observations and if a model that has never been used in training can still be correctly identified. For
each tested model variant a separate classifier which was not trained on that particular model nor on
any model from the same model family is used in figure 2b (see table S1 for a list of model families).
The exclusion of models from the same family ensures that the tested model is not merely identified
as similar to another model from the same family (this will be discussed further in the second part
of the manuscript). Note that observations are not tested for this case as they have to be included in
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tested model omitted from training
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Figure 2. Distribution of predicted probabilities for the testset split by dataset. The vertical dotted line
at 50 % marks the decision threshold between the two categories. (a) Results for the logistic regression
classifier using landmasked data with the global mean removed and training on all models. (b) Same as
(a) but models from the same family as tested model are withheld from the training sample in turn, i.e.,
using 22 separately trained classifiers based on the model families given in table S1. The last model,
ICON-dpp0066, is never used in training and has only 1 year of test samples available. (c) Results
for the convolutional neural network and the same settings as (b) with the seasonal cycle removed in
addition.

training. The more strict out-of-sample interpretation leads to more test samples getting confused with
the observations, but overall accuracy remains close to 100 %. This means that most samples can clearly
be identified as belonging to the model category even if the classifier has not been trained on any models
from the same family. This could be due to remaining dependencies across families, which have been
quite loosely defined based on institutions in this study. However, it could also be an indication for the
existence of shared patterns in they daily temperature fields persisting across all CMIP6 models.

Focusing on model families with high and low resolution variants (e.g., AWI, CMCC, CNRM,
HadGEM, MPI) one can speculate about a certain resolution dependence in the probability to be mis-
classified (figures 2a and 2b). Several higher resolution model variants seem to have a higher probability
to be misclassified compared to their lower resolution siblings. Such a behavior would be consistent
with the findings of Bock et al. [2020] who note that long-standing regional model biases are smaller
in higher resolution versions of the same model. To investigate this behavior further we include pre-
liminary results from the NextGEMS project. We apply the classifier trained on all models (used in
figure 2a) to predict the category of one year of preliminary data from a global, 5km native resolu-
tion simulation using ICON that has never been used in training. The results are shown alongside the
model-out-of-sample test in figure 2b (bottommost box). Indeed, the daily temperature data from the
5 km resolution ICON can no longer be identified as clearly either CMIP model or observation. Since
only one year of data is available it is not possible to investigate full climatological differences to ERA5



Environmental Data Science 7

(as in figure 1b) but figure S2 shows the difference between the mean over one year in ICON and the
year 2014 in ERA5. Most strikingly, the model warm bias at the eastern edges of the ocean basins is
greatly reduced in ICON. In other regions differences are increased compared to figure 1b (note that
this comparison is very disadvantageous for ICON as figure 1b shows a mean over 10 years and over
43 models).

To summarize, a linear and interpretable logistic regression classifier is found to be able to iden-
tify biases that can be used to reliably separate models from observations based on only a single day
of temperatures. Patterns in the estimated regression coefficients reveal that known regions of climato-
logical model-observation differences are also important for the identification of climate models on a
daily basis. Based on this result it can be hypothesized that also the inverse is true: models which can
no longer be distinguished from the observations on a daily basis might have reduced climatological
biases in one or several regions. Should such a relation hold in future research this will enable innova-
tive, new ways of model evaluation based on considerably shorter time scales than the typically used
20+ years as pioneered for the case of a 5 km ICON simulation.

3.2. Convolutional neural network
Based on the results in the last section, we here test if models and observations can still be separated
in the absence of any climatological biases. To do so we remove the mean seasonal cycle from each
grid cell and model separately in addition to removing the daily global mean as in the last section (see
figure S3 for the resulting multi-model mean bias compared to ERA5 and figure S7 for a breakdown
by individual models). The logistic regression classifier no longer has any skill for this case as the only
remaining sources of information are non-linear relations between the spatial structures of daily global
weather (see probabilities assigned to the test samples in figure S4a).

We, therefore, move on to use a more complex, yet less interpretable CNN in the rest of the study.
First, we repeat the same case as for the logistic regression with only the global mean removed and
tested models omitted from training also achieving almost perfect accuracy (see figure S4b). In contrast
to the logistic regression classifier the CNN is also able to correctly identify the 5 km ICON runs as
a model, indicating that it learns some more fundamental model properties that persist also at high
resolutions. This becomes even more obvious if training and testing on samples with the seasonal
cycle removed: while the logistic regression did not have any skill for this case the CNN achieves an
overall accuracy of about 98 % showcasing the power of this non-linear method. Figure 2c shows the
corresponding breakdown of predicted probabilities revealing that now almost all models get confused
for observations a number of times while the vast majority of samples are still correctly assigned to the
model category.

The skill is remarkable if we remind ourselves that subtracting the mean seasonal cycle for each
individual model effectively removes the entire model specif regional biase used in the first part of the
manuscript. This means that the only remaining source of information to learn from are amplitude and
spatial dependencies of the remaining daily temperature variability.

4. Identifying models by name
In the first part of the manuscript we showed that there are common features across all models that
enable us to reliably separate them from observations. Complementary, we now ask if there are also
separating features that allow to distinguish models from each other. Past research, based on clima-
tological time scales, has shown that models can be separated as well as clustered into families based
only on their output [e.g., Masson and Knutti, 2011, Knutti et al., 2013, Boé, 2018, Brunner et al., 2020,
Merrifield et al., 2020]. Here we investigate if models still possess unique features that allow such a
separation even on daily time scales.
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Figure 3. Confusion matrix of true and predicted labels for classifying daily temperature fields using
a convolutional neural network. The vertical axis gives the true, the horizontal axis the predicted label
and the shading the fraction of cases relative to the total number in the true category (3’650 samples).
Note the logarithmic color bar.

We use the CNN on the deseasonalized data and train it to recognise each of the 43 models as
well as the observations. We use 800 training samples per model and from the observations for this
case corresponding to an overall doubling of samples compared to the first part of the manuscript.
Assigning the correct label (i.e., model name) to each of the 44 datasets yields an accuracy of 75 %. To
put this into context, note that compared to the last section (with 2 categories) we now aim to separate
44 categories which considerably increases the difficulty of the classification. The CNN is thus able
to pick up patterns unique to each model in order to separate it from all other models. Note that an
out-of-sample test for completely unknown models is obviously no longer possible in this classification-
by-name setup.

Figure 3 shows the confusion matrix of true sample names versus the predicted sample names. As
expected from the overall accuracy the majority of samples is assigned correctly with misclassifications
exceeding 10 % almost exclusively found within model families (i.e. models from the same institution).
The only notable exception is the Korean KACE model being classified as the Australian ACCESS-
CM2 for more than 10 % of samples. Closer investigation reveals that both models are related to the
United Kingdom’s HadGEM model family, with models from this larger group all being prone to be
confused with each other also in general [Andrews et al., 2019, Bi et al., 2020, Lee et al., 2020].



Environmental Data Science 9

Finally, we ask how the differences between models relate to the differences due to global warming
and check if the classification remains robust in a changing climate. We draw test samples from the
period 2091-2100 under SSP8-5.8 rather than from 2005-2014. For this case only 33 models and no
observations are available. As figure S5 in the supplement shows the patterns learned by the CNN in
the historical period still persist even after extreme climate change and allow the correct identification
of about half of the test samples from the end of the century.

Since we use only 800 samples per model for training in this section there is vast potential for
improvement (depending on the computational resources spent for training). For example, one could
use the entire period 1950-2014 (about 24’000 days per model) for training. This would probably allow
for an identification of the model name corresponding to a randomly selected daily temperature field
under any SSP with an accuracy considerably higher than 50 %. Ultimately such an approach could
be used, for example, in model development to investigate the impact of changes in parametrizations,
resolution, or model components on the model output without the need to run the model for several
decades. Conversely, if a model is no longer recognised in a future run this might also be an indication
for potential problems warranting a closer investigation.

5. Summary and Conclusions
We have shown that machine learning classifiers can distinguish CMIP6 generation climate mod-
els from the ERA5 reanalysis based on only a single day of global temperature. Both investigated
approaches (logistic regression and convolutional neural network - CNN) are found to perform very
well in separating surface air temperature fields where only the global mean has been removed. If the
mean seasonal cycle is removed from each grid cell in addition, the logistic regression does no longer
show any skill while the CNN still achieves an accuracy of about 98 %.

This performance is quite remarkable given that removing the mean seasonal cycle from each model
means that the classifier cannot learn from regions that show absolute biases in the models, and hence
the classifier relies only on the spatial dependency structures (and, possibly, the amplitudes of varia-
tions) of daily global weather. The properties of the CNN as a highly non-linear, deep learning method,
however, do not allow a straightforward extraction of the features used to separate both categories, but
a further investigation in the future might be able to reveal more details.

In addition to the CMIP6 models we also tested the classifiers on one year of prototype data from
a storm resolving simulation run with ICON at a resolution of 5km. The logistic regression classifier
was not able to clearly assign the samples into either category, indicating that this high-resolution case
has different or potentially reduced biases compared to the CMIP6 models. The CNN, in turn, manages
to correctly predict that the ICON simulations belong to the model category for most samples. This
case raises a range of interesting questions, that we will follow up upon once more data is available,
for example: If training would be based also/only on ICON output, would it be possible to correctly
classify out-of-sample data from ICON and CMIP6 using logistic regression? Does the CNN have skill
also for the case where the mean seasonal cycle is removed from ICON?

In the second part of the study we investigated if the CNN is able to separate between 43 model
variants, which considerably increases the difficulty of the classification task. Again, we used daily
temperature fields with the mean seasonal cycle and the global mean removed. We found an overall
accuracy of 75 %, which is about 40 times better than the baseline of a random choice. These results
show that the CNN is clearly able to pick up relations between features that reliably separate models,
including very similar variants. It is also important to keep in mind that we only used 800 samples per
model variant for training due to computational performance restrictions. In theory, orders of magnitude
more training samples would be available leaving ample room for improving the classifier. Finally, we
showed that the CNN is able to correctly identify about half of the test samples even after 100 years
of strong climate change using training samples from the period 1950-2000 and test samples from
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2091-2100 in the high-emission SSP5-8.5 scenario. The features identifying climate models are, hence,
state-invariant remaining robust even under a warming exceeding several degrees centigrade.

Future applications could build on the approaches illustrated here in several ways: First, the approach
could add to the model evaluation toolbox [Eyring et al., 2019], and could target, for example, the clas-
sification of individual model components (e.g., atmospheric or ocean component), model generations
(e.g., CMIP6 versus the about 10 years older CMIP5), perturbed parameter ensembles, or strains of
model development in general. This would add to model evaluation, as the classifiers employed here
target spatial patterns, thus likely related to dynamical characteristics, rather than model mean clima-
tology, seasonal cycles, or other error metrics compared to observations. The clustering could also
be applied in this context to infer model performance directly (e.g., predicting an estimate of model
error), potentially enabling to establish a model’s ability to simulate observed climate based on con-
siderably shorter periods than has been possible so far and potentially directly incorporating physical
processes [Kashinath et al., 2021]. Second, the classification approaches could be used to pinpoint
model-model or model-observation differences. This could be done by analyzing the spatial scales
of separability, that is, whether models on regional domains are less separable than globally, and/or
whether this may depend on specific regions. Additionally, illustrating and understanding the patterns
of separability, by using explainable neural network techniques [e.g., Toms et al., 2020] revealing how
the neural network has learnt to distinguish models and observations, could provide additional insights.
Lastly, and most speculatively, recent progress in machine learning towards image-to-image translation,
using for instance techniques such as generative adversarial networks [Stengel et al., 2020], could pro-
vide an avenue towards bias correcting model output towards observations, such that a hypothetically
’bias-corrected’ spatial pattern would not be distinguishable from observations.
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