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Abstract. We present version v1.0.0 of MESMER - the
Modular Earth System Model Emulator with spatially Re-
solved output. MESMER is a comprehensive software pack-
age for spatially resolved climate emulation. Version 1.0.0
revises the source code of several emulation approaches de-
veloped as part of earlier versions of MESMER and inte-
grates them into a single python package that is readily avail-
able to the scientific community. We present the different
MESMER components and the development strategy used to
integrate them. MESMER v1.0.0 is numerically stable, faster
than previous versions, employs a modern data structure, and
better disentangles data handling and the statistical core. We
demonstrate that MESMER v1.0.0 is now a sustainable re-
search software according to requirements for modularity,
code quality, documentation, and reproducibility. Available
output variables are annual and monthly mean temperature
as well as several climate extreme indicators. The calibra-
tion of MESMER can take from a few seconds up to half
an hour, while large ensembles of climate realizations can
now be produced (emulated) in just a few minutes. We facil-
itate the adoption of MESMER for the broad research com-
munity by providing pre-calibrated parameters for multiple
variables. MESMER v1.0.0 represents a crucial milestone in
the coordination of on-going and upcoming developments of
the MESMER Earth System Model emulator.

1 Introduction

Climate model emulators are statistical models trained to
reproduce — emulate — the output of Earth System Mod-
els (ESMs) (Tebaldi et al., 2025). Such emulators reproduce
the statistical properties of a reduced set of climate vari-
ables through training on ESM output. This makes emula-
tors more computationally efficient than ESMs, which ex-
plicitly resolve the physical processes that govern the Earth
system. While simple climate models emulate only the re-
sponse of the Earth system at a global scale (Nicholls et al.,
2020, 2021), spatially-resolved climate model emulators ap-
proximate the local response of ESMs (Beusch et al., 2020b;
Tebaldi et al., 2022; Womack et al., 2025; Mathison et al.,
2025). Some of these emulators also have the capacity to
represent natural variability on a regional scale (e.g. Beusch
et al., 2020b) and can thus be used to produce large ensem-
bles of realizations consistent with ESMs at a much smaller
computational cost.

Their reduced complexity and low computational cost
makes spatially-resolved climate model emulators a pow-
erful tool for assessing a wide range of future scenarios
or counterfactual climate trajectories. As such, spatially-
resolved climate model emulators have recently been applied
in a variety of research fields such as exploring overshoot
scenarios (Schwaab et al., 2024), the modelling of natural
variability (Nath et al., 2024), the attribution of climate ex-
tremes to emissions from countries (Beusch et al., 2022a) and
income groups (Schongart et al., 2025), and the integration
of local observations in climate projections (Beusch et al.,
2020b). Given this large range of applications, spatially-
resolved climate model emulators matter not only for the
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exploration of scenarios and the linking to other modeling
frameworks, but are also powerful tools for e.g., climate im-
pact assessments and policy design. Consequently, there is
a need to make such spatially-resolved emulators accessible
to a broad community of researchers and to provide detailed
documentation on how to use them. The emulators’ source
code should be easily available, understandable and exten-
sible in order to open possibilities for new applications and
further democratize climate information.

Here we present MESMER v1.0.0 (hereafter called MES-
MER vl), a comprehensive software package for spatially-
resolved climate model emulation. MESMER is a climate
model emulator that translates annual mean climate trajec-
tories into spatial fields of selected climate variables over
land, based on training data from ESM simulations. It ac-
counts for the local forced climate response as well as inter-
nal variability of the respective ESM and produces spatio-
temporally coherent realizations. Since its original develop-
ment by Beusch et al. (2020b), several components have been
added to MESMER to emulate additional variables and tem-
poral resolutions, resulting in an organic growth of the code
base (Beusch et al., 2020b, a; Nath et al., 2022; Quilcaille
et al., 2022, 2023b; Schongart et al., 2024).

In MESMER v1, multiple former components are inte-
grated into a single package. This new and integrated version
of MESMER comes with a complete redesign of the Appli-
cation Programming Interface (API) to make the source code
more modular and user-friendly. We implement a new data
structure that simplifies the data flow within MESMER as
well as the loading and saving of data. Furthermore, we up-
date parts of the previously published methodologies to im-
prove the stability of MESMER output and reduce its run
time. This work presents the first integral release of MES-
MER and also constitutes a guide to future users and con-
tributors.

2 MESMER: past developments
2.1 Overview

The initial version of MESMER was developed to generate
large ensembles of spatially resolved annual mean daily land
surface air temperature (“tas”) time series that mimic ESM
output (Beusch et al., 2020b, a). Subsequently, the MES-
MER ecosystem grew, adding more capabilities: MESMER-
M extends the emulator to monthly local temperatures (Nath
et al., 2022). Similarly, MESMER-M-TP emulates monthly
local temperature and precipitation (Schongart et al., 2024).
Lastly, MESMER-X introduced capabilities to emulate var-
ious annual indicators of climate extremes and climate im-
pact drivers, such as the annual maximum of daily maximum
land surface air temperature (“txx”) (Quilcaille et al., 2022)
or soil moisture (Quilcaille et al., 2023b). Despite using dif-
ferent statistical methods, each approach separates the local
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signal into a local response and local variability, providing a
common ground for the design of MESMER vl1. In the next
sections we will shortly discuss the (statistical) methods used
for each of these MESMER components.

2.2 Annual temperature (MESMER)

The emulation of spatially resolved annual mean land surface
air temperatures consists of two main modules: (1) the local
response module, which translates the global mean temper-
ature into the local temperature response on a gridcell level
(Tebaldi and Arblaster, 2014; Herger et al., 2015; Senevi-
ratne et al., 2016; Wartenburger et al., 2017) using linear re-
gression. (2) The local residual variability module generates
temporally and spatially correlated random samples, with an
order 1 auto-regressive (AR(1)) process and spatially corre-
lated innovations. To dampen spurious correlations from rank
deficient empirical covariance matrices, a Gaspari-Cohn lo-
calization is employed (Cressie and Wikle, 2011; Humphrey
and Gudmundsson, 2019) (see Table 1, and Beusch et al.
(2020b)). We refer to the state of the MESMER code base
before the rewrite as the original MESMER version (MES-
MER v0.8.3 in Hauser et al., 2021), corresponding to the re-
lease for Beusch et al. (2022b).

2.3 Monthly temperature (MESMER-M)

MESMER-M is the monthly emulation component of MES-
MER. It takes in gridded local annual mean temperature
and emulates gridded local monthly temperature. MESMER-
M relates the annual mean temperature at each gridcell to
its monthly temperature response using a harmonic model.
To make potentially skewed residuals more normal a Yeo-
Yohnson Power Transformer (Yeo and Johnson, 2000) is em-
ployed. The residual variability module emulates spatially
and temporally correlated noise for each month, employing
a cyclo-stationary AR(1) process (Storch and Zwiers, 1999).
The same approach is used to localize the empirical covari-
ance matrix as in the original MESMER. The details of the
method are presented in Nath et al. (2022) and outlined in
Table 1.

2.4 Monthly temperature and precipitation
(MESMER-M-TP)

MESMER-M-TP is a monthly precipitation extension to
MESMER-M (Schongart et al., 2024). It generates gridded
monthly mean precipitation fields using gridded monthly
mean temperature fields as input. The emulator is designed to
realistically capture the covariance structure between temper-
ature and precipitation, ensuring that the generated precipi-
tation fields are spatially and temporally consistent with the
input temperature fields. Precipitation at each gridcell and for
each individual month is modeled as the product of two com-
ponents: The first component describes how precipitation
statistically co-varies with temperature, modeled with a Gen-
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Table 1. Overview of MESMER components. Each component estimates a local response and the local residual variability. AR(1) stands for

auto-regressive process of order 1, PCA stands for principal component analysis.
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Component Local response ‘ Local variability
Description Statistical Methods ‘ Description Statistical Methods
MESMER Estimate local response  Linear regression Generate local temperature AR(1) process with spa-
to global mean temper- variability tially correlated innovations,
ature Gaspari-Cohn localization
MESMER-M Generate monthly sea- Harmonic model Transform skewed local resid- ~ Yeo-Johnson Power Trans-
sonal cycle around an- uals to more closely follow a  former
nual mean temperature normal distribution
Generate local monthly tem-  Cyclo-stationary AR(1) pro-
perature variability cess with spatially correlated
innovations, Gaspari-Cohn lo-
calization
MESMER-M-TP  Generate precipitation PCA, Generalized Generate spatially-coherent PCA, Kernel Density Estima-
component that co- Linear Model residual precipitation variabil-  tion
varies with temperature ity
MESMER-X Estimate parameters of Conditional Generate realizations of the AR(1) process with spa-
the distribution condi-  distribution desired climate variable and tially correlated innovations,

tioned on a function of
a global mean climate

variable

transform to the target distri-
bution

Gaspari-Cohn localization,
Probability Integral

Transform

eralized Linear Model, specifically with a gamma distribu-
tion with a logarithmic link. Here, temperatures from neigh-
boring gridcells (within a configurable radius) serve as pre-
dictors for local precipitation responses. The second compo-
nent accounts for variability in precipitation not explained by
temperature. While assumed temperature-independent, this
residual term can still reflect spatial correlations across the
precipitation field. To capture this structure, the residuals are
transformed via principal component analysis (PCA), and
their distribution is estimated using kernel density estimation
with a Gaussian kernel for resampling (Table 1).

We note that MESMER-M-TP is not fully integrated in
MESMER vl1, but we include it here for completeness. The
full integration of MESMER-M-TP is expected to follow in
the next MESMER release.

2.5 Annual extremes and climate impact drivers
(MESMER-X)

MESMER-X was developed to emulate local climate ex-
tremes and climate impact drivers (Quilcaille et al., 2022).
Instead of a local response module as employed in MES-
MER it uses non-stationary distributions, i.e. distributions
of the climate variable that are conditional on covariates,
e.g., the global mean temperature. Therefore it can accom-
modate non-normal distributions and non-linear responses to
changes in global climate. This module is designed to be ap-
plicable for a large range of variables, thus allows various
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distributions (Normal, Generalized Extreme Value, etc.) and
covariate responses (linear, polynomial, sigmoid, etc.). The
generation of realizations is achieved by sampling an AR(1)
process as in MESMER, and subsequently using Probability
Integral Transforms (Angus, 1994; Gneiting et al., 2007) to
transform the drawn samples to the distributions of the cli-
mate indicators (Table 1).

2.6 State of the legacy Software

Previously, the individual MESMER components listed
above were published in separate repositories, or, in the case
of MESMER-X, not accessible to the public at all. Over-
all, there was no overarching software architecture. While
all components were written in Python, the structure var-
ied across components. Some components were written in an
object-oriented style, others were a collection of scripts that
had to be executed in the right order, and others were col-
lections of function definitions and execution code in single
Jupyter Notebooks. Across all four components, there were
about 12 000 lines of code in 60 files.

External documentation for MESMER-M, MESMER-M-
TP and MESMER-X was limited to the model description
papers (Nath et al., 2022; Schongart et al.,, 2024; Quil-
caille et al., 2022, 2023b), whereas MESMER already had
a documentation webpage with an API reference. Around
60 % of public function and class definitions were docu-
mented with docstrings in the legacy code. The code quality
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of the legacy components was mixed, scoring pylint scores
(Goodger and Rossum, 2011) between 0 and 8.03, were O is
the smallest (worst) score possible and 10 the highest (best).

The comprehensibility of the software was further ham-
pered by a rather in-transparent data structure consisting of
nested dictionaries, where data was stored as plain numpy
arrays (Harris et al., 2020). To navigate the data one had
to know the dictionary structure, the appropriate keys, and
data dimensions. Lastlyy, MESMER-M, MESMER-M-TP
and MESMER-X had no testing suite, ensuring correctness
and stability of the code. As of the release of MESMER
v0.8.3 in Hauser et al. (2021), MESMER had a test cover-
age of around 78 %.

3 Design of MESMER v1

The development of MESMER and its extensions took part
over several years and was guided by scientific interest and
relevance. The code was developed by multiple researchers,
to a large extent independently of one another, and without a
focus on software design. Due to its relevance to the commu-
nity and use in various international projects, a rewrite, inte-
gration of all extensions, and unification of the code base was
deemed necessary. In doing so, we followed requirements for
sustainable research software, which are that the software is
maintainable, extensible, testable, accessible, flexible, has a
defined software architecture and is documented (Anzt et al.,
2021).

As shown above, each MESMER component has a unique
structure and uses different methods to achieve its objective.
However, each of the components is calibrated on ESM out-
put to obtain parameters specific to each ESM. Further, each
component emulates a local response to their respective pre-
dictor variable(s) and then generates local variability. Fig-
ure 1 shows the synergies between the existing MESMER
components, e.g., all use the same method for localizing the
empirical covariance matrix for the non-parametric sampling
of local variability. This perspective opens possibilities for
future developments. Additions to MESMER need not be
limited to one component or span all of them but can fall
into any of the domains defined here.

3.1 The modular user interface

MESMER vl is a pure python package and contains sta-
tistical functionality and utilities to process ESM data
to be used in the statistical functions. The statisti-
cal functions and classes are organized in two mod-
ules: mesmer.stats, and mesmer.distrib (Fig. 2).
The module mesmer.distrib holds classes and func-
tions related to conditional probability distributions, i.e.,
functionality that is mainly used in MESMER-X such
as fitting a conditional distribution (mesmer.distrib.
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ConditionalDistribtion () .fit) or the probability
integral transform (mesmer.distrib.Probability

IntegralTransform). The module
mesmer.stats contains all other statistical
classes and functions, including linear regression
(mesmer.stats.LinearRegression), auto-

regression (e.g., mesmer.stats.select_ar_order),
and others. The data handling functionality is distributed
over several modules, and includes functions to compute
anomalies (mesmer.anomaly.calc_anomaly), the
global mean (mesmer.weighted.global_mean), or
for pooling data of several scenarios and ensemble members
of ESM runs (mesmer.datatree.pool_scen_ens).

This layout leads to the following new workflow for the
user: for calibrating MESMER they need to (1) load the
predictor data, (2) calibrate the parameters using the statis-
tical functionalities and (3) save the parameters. To create
emulations, users need to (1) load the ESM-specific parame-
ters again, (2) calculate the (deterministic) local response, (3)
draw samples of the local variability, and (4) save the emu-
lations. This workflow is demonstrated in the tutorials de-
livered with MESMER and on the documentation webpage.
The restructured workflow is more in line with the frame-
work shown in Fig. 1. It allows users to interact with the sta-
tistical methods directly, and every step of the computation is
clearly separated. It disentangles the data handling from the
statistical functionality, and the data loading and saving, and
organizes the code into small units only concerned with one
well-defined task, making the code more modular (Trisovic
etal., 2022).

3.2 Data Structure

MESMER vl uses a new data structure based on xar-
ray (Hoyer and Hamman, 2017). xarray provides multi-
dimensional labeled arrays and datasets in Python. It adopts
Unidata’s self-describing Common Data Model on which
the network Common Data Form (netCDF) (Rew and Davis,
1990) is built. One main advantage over the previously-used
numpy array manipulation library (Harris et al., 2020) is the
introduction of labeled array dimensions, as well as provid-
ing coordinates to these named dimensions and adding at-
tributes to arrays and datasets. This facilitates keeping track
of multiple dimensions present in the climate data used in
MESMER, e.g. latitude, longitude, time, or initial condition
member. Several xarray arrays (xarray.DataArray)can
be collected into Dat aset objects in the form of named data
variables if their coordinates align, e.g. they live on the same
grid and have the same time steps. Several datasets in turn
can be held in a so called DataTree, which allows for a
hierarchical storage of data that lives on different coordinate
systems.

MESMER was designed to be calibrated on ESM model
output from the Coupled Model Intercomparison Projects
(CMIP), e.g. CMIP6 (Eyring et al., 2016). We combine his-
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a) Predictors b) Local response

Linear regression

Global annual
mean predictors

Conditional
distribution

Local annual
mean predictors

Generalized linear
model

MESMER
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C) Local variability d) Output

Auto-regressive process of
order 1 with tempo-spatially

correlated innovations
Local annual

mean
temperature

Local annual
variable

Probability integral
transform

clo-stationary Auto-regressive
rocess of order 1 with tempo-

spatially correlated innovations Local monthly

mean
temperature

Yeo-Johnson
Power transform

Local monthly
mean
precipitation

Kernel Density
Estimation

MESMER-M-TP MESMER-X

PCA transform

Figure 1. Synergies between previously published MESMER components (indicated by color) showing predictors (a), methods for the local
response (b), local variability (c), and output variables (d) that are used within MESMER.

torical simulations with future projections, such as the shared
socioeconomic pathways (SSPs), (O’Neill et al., 2016). Most
models provide several scenarios, and historical and future
data do not have the same time coordinates. Therefore, dif-
ferent scenarios are stored in DataTree objects in MES-
MER. Predictor data for, e.g. global mean temperature (tas)
and optionally squared global mean temperature (tas2) or
global mean ocean heat content (hfds), are held in Datasets
at each node of the tree (Fig. 3a). Similarly, the target vari-
able for each scenario, e.g., gridded near surface air temper-
ature, is stored in a separate DataTree object (Fig. 3b).
Each variable in the datasets is a DataArray with a time
dimension, and for the gridded data, an additional gridcell
dimension. If several initial condition members are avail-
able for the same scenario, these can be stored along a
member dimension. It is thereby important, that the predic-
tor and target trees are isomorphic, i.e. they hold the same
scenarios, and that in each scenario, the coordinates align,
so that each target sample also has a corresponding sample
in the predictor data. For several of the statistical routines,
the data must be pooled into a single sample dimension,
where scenario, time, and member dimensions are stacked
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into one (Fig. 3c and d). MESMER provides a routine for
the pooling, ensuring that no missing values occur from in-
correct stacking and predictor and target data are aligned
(mesmer.datatree.broadcast_and_pool_scen
_ens).

3.3 Persisting calibrated parameters and emulations

The adoption of xarray data structures allowed us to effort-
lessly save parameters as netCDF files, instead of the previ-
ously used pickle format. netCDF is a widely used scientific
data format and has several advantages over pickle files in
that it saves independent of the underlying python structures,
which makes it more secure, interoperable with most com-
mon programming languages and ensures it can seamlessly
be read in the future (Rew and Davis, 1990).

Together with MESMER v1 we publish pre-calibrated pa-
rameters for the emulation of multiple variables (Quilcaille
et al., 2026): annual mean air temperature, monthly mean air
temperature, annual maximum air temperature, annual aver-
age of soil moisture, annual minimum of the monthly average
soil moisture, annual maximum of the Fire Weather Index,
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Ooad_stratospheric_aerosol_optical_depth_obs)

Yo YanYan

ProbabilitylntegralTransform N —
broadcast_and_pool_scen_ens ) ( fit_volcanic_influence )

resample geospatial _core

@psample_yearly_data) ( geodist_exact j utils

. closest_neighbors OptimizeWarning
Functions mask
LinAlgWarning

Classes [ e G ) ( cmip6_ng_path ) options

Class methods anomaly
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Figure 2. Public API of MESMER v1. Light yellow boxes indicate functions, blue boxes classes, and lilac boxes class methods. Gray frames
mark individual python files, i.e. (sub-)modules.
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a) Predictors

b) Target
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v Coordinates:

Attributes: (0)

Attributes: (0)

Attributes: (0)

xarray.DataTree

v Coordinates:

Attributes: (0)
ssp126

ssp585

v Groups: v Groups:
historical historical
Groups: (0) Groups: (0)
Dimensions: (time: 165, member: 2) Dimensions: (member: 2, time: 165, gridcell: 118)

time (time) object 1850-07-0106:00:00 ... 2014-07-... time (time) object 1850-07-0106:00:00 ... 2014-07-..
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d) Stacked target

xarray.Dataset

Attributes: (0)

xarray.Dataset

Attributes: (0)

Dimensions: (sample: 588) Dimensions: (gridcell: 118, sample: 588)
v Coordinates: v Coordinates:
scenario (sample) object ‘historical’ ... 'ssp585" scenario (sample) object ‘historical' ... 'ssp585'
time (sample) object 1850-07-0106:00:00 ... 2100-07-. time (sample) object 1850-07-0106:00:00 ... 2100-07-..
member (sample) <U8 'ri1p1f1' ... 'r2i1p1f1 member (sample) <U8 'ri1p1f1' ... 'r2ilp1f1'
i -49.5 -40.5-315 ... 76.5 76.5
v Data variables: lat (grfdcell) float64 9.5 -40.5 5 Zo 76.5
tas (sample) float64 0.088 0.08688 ... 6.713 6.798 lon (gridcell) float64 288.0 288.0 18.0 ... 324.0 342.0
hfds (sample) float64 -0.05272-0.04974 ... 2.63 2.646 v Data variables:
tas2 (sample) float64 51.6149.93 ... 3.849e+03 3.899e+03 tas (sample, gridcell) floaté4 -0.1548 -0.1209 ... 13.42 16.16
tas_resids sample) float64 -0.3034 -0.133 ... -0.04204 0.1266
- (sample) Indexes: (0)
Indexes: (0)

Figure 3. Data structure in MESMER. DataTrees holding predictor (a), and target data (b), respectively, where each scenario is in a separate
node. Predictor (c), and target data (d) stacked into Datasets along a sample dimension, respectively.
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seasonal average of the Fire Weather Index, annual number
of days with extreme fire weather, and length of the fire sea-
son. For information on the Fire Weather Index please refer
to Quilcaille et al. (2023a). The parameters are calibrated for
58 CMIP6 models (Eyring et al., 2016) post-processed ac-
cording to Brunner et al. (2020), using all available initial
condition members of SSP1-1.9, SSP1-2.6, SSP2-4.5, SSP3-
7.0, SSP4-6.0, SSP5-8.5, and SSP5-3.4-OS for each model.
We calibrate using only global mean surface air temperature
as a predictor. The pre-calibrated parameters allow users who
are interested in emulations of the listed variables to omit the
calibration step. We thereby establish a consistent parameter-
set for future applications. This parameter-set will be main-
tained together with MESMER and can be extended depend-
ing on the interest of the research community.

3.4 Documentation

To ensure that MESMER v1 is accessible to a broad range
of users, we considerably extended the documentation of
the software. We created a MESMER documentation web-
page (https://mesmer-emulator.readthedocs.io/, last access:
26 June 2026, Fig. 4a), which is automatically generated
for each version of the code to ensure it is always up-to-
date. Highlights of the new documentation webpage include
the API reference, which consists of the rendered in-code
documentation of all public functions and classes (Fig. 4b),
and multiple tutorials that demonstrate the workflow of the
most important MESMER use-cases, therein calibrating on a
real (but coarse resolution) example ESM and creating em-
ulations for the given ESM, for the MESMER, MESMER-
M and MESMER-X workflow (Fig. 4c). These tutorials are
rendered from interactive jupyter Notebooks, also available
from the MESMER repository (see Figure caption for link)
for users to download. Moreover, the documentation also
contains the open software license of MESMER, notably
the GNU General Public License as published by the Free
Software Foundation, version 3 (cf. https://www.gnu.org/
licenses/gpl-3.0.html, last access: 10 September 2025) and
resources for developers.

In addition, the MESMER github page (https://github.
com/MESMER-group/mesmer, last access: 25 June 2026)
provides development oriented documentation. Here, the de-
velopment team records all changes made to the software,
discusses its design, collects issues, and structures the devel-
opment workflow. In addition, this page is an access point for
users to post issues or calls for improvement.

3.5 Testing

Re-structuring the MESMER code into small units allowed
us to write extensive unit tests, which ensure each individ-
ual function and method works as expected. We make use of
two kinds of tests in MESMER vl1: unit tests and integration
tests. Unit tests are used to test the smallest units of code in a
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program (i.e. a single function or method), while integration
tests ensure that these units work as intended when combined
(Wilson et al., 2014). The test suite of MESMER is automat-
ically run every time a contribution is made to the MESMER
code base on github, and can of course also be run locally by
the developer.

The implemented unit tests include testing that errors are
raised when expected, return values are of the expected type
or shape, and class attributes are assigned as expected. More
sophisticated unit tests test that an API fulfills its intended
purpose. Such tests in MESMER vl are for example if the
fitting routine of the auto-regressive process or the linear re-
gression can retrieve the correct parameters from simulated
data with known parameters, or if the Yeo-Johnson Power
Transformer actually reduces the skew of artificially skewed
data.

While each MESMER component (MESMER,
MESMER-M, MESMER-X) showed good performance
in emulating the statistical properties of ESM output
(Beusch et al., 2020b; Nath et al., 2022; Quilcaille et al.,
2022, 2023b), no integration tests were available for
MESMER-M and MESMER-X. Therefore, the integration
tests of MESMER vl execute the whole calibration and
emulation workflow for each MESMER component. Specif-
ically, each component is calibrated using CMIP6 data that
was re-gridded to a coarse resolution of 20 x 20 gridcells.
Subsequently, one to ten realizations are drawn using
the calibrated parameters. The calibrated parameters and
emulations are compared to previously-saved output. This
ensures stability of MESMER functionality as well as the
numeric stability over time, or between different machines.
The latter is especially important for software that is used in
a scientific context to ensure reproducibility (Reinecke et al.,
2022). If a change is intended, the developer can update the
saved test data.

3.6 Assessment of the redesigned Code base

We assess if MESMER vl reaches the development goals
(1) modular and comprehensible source code, (2) modern
data structure, (3) internal and external documentation, (4)
test coverage of the whole project, and (5) strategy for ver-
sion control and continuous integration. We exclude tests, tu-
torials, documentation source files, and deprecated modules
from the assessment, as well as the testing module, which is
only thought for use in the tests.

3.6.1 Modular and comprehensible source code

Code is modular if one unit of code (e.g. a function, method
or class) is only dedicated to one task (Trisovic et al., 2022;
Nyenah et al., 2024). Thus, it is reasonable to assume that
modular code units are short. On average, source code files in
MESMER v1 have 254 lines of code (Table 2). Lines of code
here are lines of source code, including blank lines and com-

https://doi.org/10.5194/gmd-19-5669-2026


https://mesmer-emulator.readthedocs.io/
https://www.gnu.org/licenses/gpl-3.0.html
https://www.gnu.org/licenses/gpl-3.0.html
https://github.com/MESMER-group/mesmer
https://github.com/MESMER-group/mesmer

V. M. Bauer et al.: MESMER v1.0.0

a) Landing page

5677

= R i= Contents
mesmer 1.0.0 )
MESMER: spatially resolved
documentation . Earth S
" ystem Model
MESMER: spatially resolved Earth System
.
Qe “+~ Model emulations
License
For users : . . . .
MESMER is a Modular Earth System Model Emulator with spatially Resolved output, which stochastically
Installation creates Earth System Model-specific spatio-temporally correlated climate variable field realizations at a
Publications negligible computational cost.
Calibrated P t s : .
alibrated Faramstars In combination with a global mean temperature emulator, MESMER can account for all three major
Tutorials sources of climate change projection uncertainty at the local scale: (i) internal variability uncertainty, i.e.,
u 1
unforced natural climate variability; (ii) forced climate response uncertainty, i.e., the Earth’s system
Calibrating MESMER on multiple response to forced natural changes (solar and volcanic) and human influences (greenhouse gas and
SEEnarios aerosol emissions, land use changes etc.); and (iii) emission uncertainty, i.e., uncertainty in the emission
Emulating near surface pathway humans decide to follow. An interface between MESMER and global mean temperature
temperature on land with MESMER emulators can be found at ) MESMER-group/mesmer-openscmrunner.
MESMER-M: calibrate multiple
scenarios MESMER provides infrastructure to emulate annual and monthly near-surface air temperature (MESMER
MESMER-M:create emulations and MESMER-M) as well as various climate extreme indicators (MESMER-X)
MESMER-X workflow for annual MESMER is under active development both scientifically and technically. Future work will increase its
maximum temperatures user friendliness and extend its emulation capabilities to include additional emulation methods and
target climate variables.
For developers
oy e
Contributing to MESMER Cltlng MESMER
API Reference . - . . . I
Scientific publications using MESMER Software should cite the following publication:
API reference v
Legacy API reference A Bauer, V. M., Hauser, M., Quilcaille, Y., Schéngart, S., Gudmundsson, L., and Seneviratne, S. I.:
MESMER v1.0.0: Consolidating the Modular Earth System Model Emulator into a Sustainable
Additional info Research Software Package, Geosci. Model Dev., tba, tba, 2026.
Changelog
Authors Depending on which application of MESMER you use (MESMER, MESMER-M, MESMER-X, etc.) please
License also cite the relevant publications found in our publication list.
Data Provenance L'
APl Reference. = & 0 1= Contents = & 0 1= Contents
\”‘ reference ~ | ‘Top-level functions. mesmer 1.0.0 Load data
‘mesmer.set_options API reference ‘Statistical functions documentation Calculate anomalies
mesmerget_options Gonditonal distibuton © note Globaimean
t This id mesmers' AP, Data handiing ey U This page notebook that can be github. “Smooth* and volcanic
mesmerstats.LinarRegressiont et onetons rorvsers campanents o the glabal
rom_parsms tomperature
mesmersasnearresressint TOP-level functions iRt Calibrating MESMER on multiple Glabalvaribity
Poliiceions. ocal forced response.
mesmerstots UnearRegression, | set_eptions (*rkwarge) Setoptions for mesmer in 3 contralled context. Catbrated parameters scenarios o
resicuals Calibrating MESMER on multiple. - We calibrate
mesmerstts Unearieression using three scenarios:  historical, a low emission (SSP1-2.), and a high emission (SSP5-8.5) scenario,
e L . e et here SSP5-6.5 ncludes severalensemble members. You canfind the basics of the MESMER approach
s e . Statistical functions oo o ath vesyie | [n Beusch etal (2020) and the multi-sceario approach n Beusch et al. (2022). Training MESMER
mesmsssssees s |inear regression —-— 1 : : compute the peratur trend, inclucing
’ crate emlations wends
e o | Meswex . iablity: estimating
e tempeaturss )
mesmertats.select_a_order From params)(params) intalize LinearRegression cass using parameters ntolocaltemperature
For developers
eSS TAAIS GRS, fit (predictors, target, dim, weights, .))  Fit alinear model Contbuting to MESMER N fabil ded v
s rono | | (EEioredicar L, sxude ony) redic g heInee nadel This sxample can be extended o more scenarios, ensemble members and higher resolution data See
s APt Reference a0 the mesmer calibraton tet ntest/inegration/.
ettt oo rogrs | Fesidua (predictors, target) Calculatethe residuls o th fited linear model Aot eterance .
son-uncorrlsed to_netcdf (filename, **kwargs) save params to a netCOF file Legacy APl reference 0 CLEED
[ — aport cartopy.crs a5 cers
son_carrlsted fron_netcat (flename, **wargs) read params from a netCOF fle Additiona ino e T e
[ — chengeion taport array asxr
son_monthly Authors 1nport mesaer
mesmerstatsHarmonieiode . i
mesmerstasarmonicuosere | PUILO regression e
on-eens select ar_order_scen_ens (‘objs, dim .[,ic})  Select the order of an autoregressive process Load data

Figure 4. Screenshots of html documentation of MESMER: the landing page on readthedocs (a), API documentation (b) and one of several

tutorials (c).

https://doi.org/10.5194/gmd-19-5669-2026

Geosci. Model Dev., 19, 5669-5688, 2026



5678

ments, counted by the scc tool available from GitHub (https:
//github.com/boyter/scc, last access: 10 September 2025).
Nyenah et al. (2024) argue that code files shorter than 1000
lines can be considered modular, as they are still readable
and likely understandable in a reasonable amount of time and
likely to only be focused on one specific task. The longest
source code file in MESMER v1 has 1246 lines. While this
file exceeds the recommendation the second largest file has
645 lines. In addition to lines of code per file, we also as-
sessed number of lines per object definition, i.e. per defined
function, class or method. In total, the MESMER v1 code
base consists of about 8400 lines of code in total and 226 de-
fined objects, making for an average of about 37 lines of code
per definition (Table 2), which we argue is reasonably short
to understand. Furthermore, we employ the pylint score, to
analyze the adherence of the MESMER vl code to coding
standards (Goodger and Rossum, 2011), as a metric of how
comprehensible the MESMER v1 source code is. The score
lies between 0 and 10 with 10 being perfect compliance. A
score above 6 is considered satisfying (Molnar et al., 2020;
Nyenah et al., 2024). The refactored code base reaches a
score of 8.63 (Table 2). Note that here we excluded the dep-
recated legacy modules that will be removed in the next ver-
sion. The most common violations of the standards in MES-
MER are: (1) lines with more than 100 characters (mostly
example-data file hashes), (2) functions having more than 5
arguments, which is sometimes unavoidable, and (3) missing
module docstrings, as we do not document modules but only
functions, classes and methods (not shown).

3.6.2 Modern data structure

We implemented a new data structure based on xarray. This
library is well maintained externally and independent of
MESMER. It is interoperable with all MESMER dependen-
cies and provides a safe and convenient data saving and load-
ing infrastructure. Moreover, the xarray data structure greatly
enhances readability of the MESMER vl source code.

3.6.3 Internal and external documentation

MESMER v1 provides internal documentation through doc-
strings and in-code comments and external documentation
in the forms of a ReadMe, the documentation webpage, the
github page, and this publication. MESMER v1 provides
documentation for 99 % of its public API and 53 % of private
definitions (Table 2). We count a function, class or method as
documented if it has a docstring attached to its definition that
is longer than 10 characters.

3.6.4 Test coverage
MESMER has and automatically runs a large testing suite

for every code contribution and release. MESMER has a test
coverage of 99 % (Table 2), meaning that 2034 of 2047 of
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tracked source code lines (which also exclude deprecated
modules) are covered by at least one test.

3.6.5 Strategy for version control and continuous
integration

The MESMER v1 source code lives on github. We imple-
mented several workflows to manage a sustainable continu-
ous integration, like code review, issue tracking, automatic
code checks, and an automatic testing suite.

Overall, we conclude that MESMER vl complies with
standards for sustainable research software (Anzt et al., 2021;
Reinecke et al., 2022; Nyenah et al., 2024).

4 Performance optimization and numerical
stabilization

We implemented several measures to optimize and stabilize
MESMER. The performance improvements presented in this
section were measured using data from one initial condition
member of the SSP5-8.5 scenario together with its match-
ing historical member of the IPSL-CM6A-LR model of the
CMIP6 new generation data archive (Eyring et al., 2016;
Brunner et al., 2020). In favor of reducing testing time, we
re-gridded the dataset of the yearly and monthly mean and
maximum temperatures to a resolution of 20 x 20 gridcells.

4.1 Stabilization of covariance matrix decomposition

Previous versions of MESMER produced numerically dif-
ferent emulations on different machines, despite using the
exact same parameters. We traced this problem back to nu-
merical instabilities in the inversion of the spatial covariance
matrix and were able to resolve it by changing the decompo-
sition strategy of the spatial covariance matrix from a sin-
gular value decomposition to the Cholesky method (Gen-
tle, 2009). The decomposition is needed to sample tempo-
spatially correlated variability at each gridcell, i.e. the white
noise term of the AR(1) process (Fig. 1c). While the decom-
position using singular value decomposition is not unique
and depends on linear algebra routines independent of the
python installation on a machine, Cholesky decomposition is
unique and produces stable results on different machines (see
also https://numpy.org/doc/2.3/reference/random/generated/
numpy.random.Generator.multivariate_normal.html, last ac-
cess: 10 September 2025). We find that Cholesky decom-
position is about 80-100 times faster for a 118 x 118 ma-
trix than singular value decomposition. Consequently, using
the Cholesky method has the added benefit of speeding up
the calibration (7.8 times faster) and emulations (1.7 times
faster). The calibration step sees a bigger improvement be-
cause the covariance matrix needs to be transformed several
times during the cross-validation step (15 cross-validations
for 7 radii with our test data).
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Table 2. Assessment of development targets.
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Target Metric Value
Modularity Average number of lines of code per object 37

Number of lines of code per file (avg. [min, max]) 254 [7, 1246]
Code quality Pylint score 8.63
Data structure numpy arrays to xarray data structure Completed
Documentation % of public API documented 99 %

% of private API documented 53 %
Testing % of lines covered by tests 99 %

Additionally, we want to note that large localization radii
can lead to singular localizer matrices and are thus not suited
for mitigating spurious correlations in the empirical covari-
ance matrix. This phenomenon starts occurring at localiza-
tion radii of about 11 000km and larger. Such large local-
ization radii are only rarely selected by the cross-validation,
except when there are a large number of samples, e.g. a large
number of initial condition members, are available, in which
case the rank deficiency of the empirical covariance matrix
is small. In such cases, the large localization radius must be
kept sufficiently low to preserve a positive definite covari-
ance matrix, thus still mitigating spurious correlations.

4.2 Performance optimization of the harmonic model
and Power Transformer

We were able to reduce the time needed for the fit of the har-
monic model from about 4 min to below one second for our
test dataset. First, we only fit the Fourier Series up to an or-
der of 6 instead of 12 by default, since a Fourier series of
order 6 is able to capture a series with 12 features. Second,
we now only fit until the first local minimum of the Bayesian
Information Criterion is reached when finding the optimal
order, as the BIC was found to increase monotonically there-
after. Third, we pass the parameters from the previous order
as first guess when fitting the parameters of the Fourier Series
for each new order. This improves the performance since the
parameters of the lower order terms only vary slightly when
adding a new order to the series. We also optimized the gen-
eration of the Fourier Series by factoring out constant terms,
e.g. the harmonic representation of the months.

Testing the Power Transformer showed that it did not
reliably reduce the skew of monthly residuals. We stabi-
lized the Power Transformer by expanding the bounds im-
posed on the optimization of the parameters of the logis-
tic function used for conditioning the normalization pa-
rameter, and switched the optimization method to Nelder-
Mead. Moreover, we set the first guess for the fitting to
assume the data is already normally distributed, which has
proven to be a good first guess for the monthly temper-
ature residuals. In addition, there were problems with the

https://doi.org/10.5194/gmd-19-5669-2026

numerical stability of the back-transformation using the
Power Transformer, that arose from floating point errors
in the formulation of the transform. Specifically, round-
tripping certain values did not lead to the original data
for small numbers. We were able to fix these issues by
switching to more precise numpy routines in the computa-
tion of the transformed data (namely numpy.expml (x)
and numpy.loglp (x) which yield higher precision for
small x than numpy . exp (x) -1 and numpy . log (1+x),
cf. https://numpy.org/doc/stable/reference/generated/numpy.
expml.html, last accessed: 12 March 2026). With these ad-
justments, the time needed for the calibration of the Power
Transformer was reduced from approximately 8 min to un-
der 5s.

4.3 Switch to cyclo-stationary AR(1) process for
monthly emulations

The method employed to emulate local variability for
monthly temperatures is different from the approach for an-
nual temperatures (Nath et al., 2022; Beusch et al., 2020b).
The residual temperature variability of June may depend dif-
ferently on the one of May than the one of July does on
June. Therefore, there are separate AR parameters for each
calendar month, and the method used for monthly tempera-
ture emulations is a cyclo-stationary AR(1) process instead
of a AR(1) process (Storch and Zwiers, 1999). In contrast
to the AR(1) process, a cyclo-stationary AR(1) process can
still be stationary with AR-coefficients larger than absolute
1, since the destabilizing effect of one coefficient (e.g. of one
month) can be compensated by another (e.g. the one of the
next month). We thus removed the bounds of [—1, 1] en-
forced on the slopes during the fitting routine of the monthly
AR(1) process and found that slopes outside these bounds
do appear in our parameters. Consequently, we are not able
to adjust the covariance matrix with the AR slopes anymore
as done for e.g. annual mean temperatures (Beusch et al.,
2020b; Storch and Zwiers, 1999). To prevent the overestima-
tion of the driving noise variance, we now fit the covariance
matrix on the residuals of the cyclo-stationary AR(1) pro-
cess and found that for generated data, this leads to a better

Geosci. Model Dev., 19, 5669-5688, 2026


https://numpy.org/doc/stable/reference/generated/numpy.expm1.html
https://numpy.org/doc/stable/reference/generated/numpy.expm1.html

5680

representation of the variability than estimated by the AR(1)
process (Fig. Al).

4.4 First guess module for the Conditional Distribution

MESMER-X emulates climate variables by sampling their
values from a calibrated conditional distribution. Thereby,
every parameter of the conditional distribution, e.g. the lo-
cation or the scale, can be a function of covariates, i.e. global
predictors such as the change in global mean temperature.
Both the type of distribution and the functions for the param-
eters are chosen by the user, based on statistical and physical
arguments. Identifying the adequate distribution and func-
tions require data exploration and validation (see Quilcaille
et al., 2022, 2023b). Because MESMER-X is designed to be
able to emulate a large range of variables, the module to train
these conditional distributions is designed for flexibility and
robustness of the training. To maximize the chances of find-
ing the best solution, an algorithm finds a first guess, as close
as possible to the final solution. This algorithm builds on
the principles introduced in (Quilcaille et al., 2022, 2023b),
which uses an iterative process to fine tune the first guess for
each gridcell:

1. First approximation for the location: using only the
function of the location, global minimization of the
square of the errors on the mean of the sample and the
first derivatives with the predictors.

2. Fit of the location: using only the function of the loca-
tion, local minimization of the square of the differences
between the evolution of the location and the smoothed
sample. It implicitly assumes that the location and the
mean are close.

3. Fit of the scale: using only the function of the scale,
local minimization of the square of the differences be-
tween the evolution of the scale and the empirical scale.
This empirical scale is calculated as the square of the
differences between the smoothed sample and the sam-
ple itself. It implicitly assumes that the scale and this
empirical estimate are close.

4. Overall improvement: using the distribution and all
functions for its parameters, local minimization of the
negative log-likelihood. Given the three former steps,
the location and scale are relatively good approxima-
tions, but the remaining parameters need to be estimated
as well. The location and scale may change here, to
adapt to the evolutions of the overall conditional dis-
tribution.

5. Validation of the first guess: several tests are conducted
to verify necessary conditions or user-defined con-
straints. Namely, the parameters must be within bounds
(e.g. the scale must be positive); the coefficients within
their functions may have to respect other bounds; the
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whole sample must be within the support of the distri-
bution; every point of the sample must have a minimum
probability, set by default to 1 x 1077, If all tests are
verified, this solution will be used as first guess.

6. Eventual improvement: if the former step has shown
failure of a test, an additional local optimization is
conducted, using the minimization of the negative log-
likelihood at a cubic power. This approach gives more
weights to outliers, thus avoids having parts of the sam-
ple that will cause the test on the minimum probability
to fail.

The global optimizer is a Basinhopping algorithm, with 10
iterations and 100 intervals, with a seed set for reproducibil-
ity. The local optimizer is a Nelder-Mead algorithm, but the
user may provide a second local optimizer, and the best result
will be used. When minimizing the negative log-likelihood,
weights can be used for every point of the sample, e.g. uni-
form or based on the density of the predictor samples. The
predictor samples are often not equally distributed over their
whole range, for example the global mean temperature has
more samples at lower than high values because there is a
longer period of relatively constant temperatures in the his-
torical period. Therefore, a weighting may help in providing
equal performance for the fit over the whole range of the pre-
dictors. This weighting is based on the inverse of the density,
calculated with a Gaussian kernel-density estimate.

The solution for the conditional distribution is finally ob-
tained by a local minimization of the negative log-likelihood
from this first guess, accounting for given weights. Every it-
eration during the minimization is checked with the same
tests outlined in step 5 of the first guess. The optimizer is
again Nelder-Mead, with the possibility to use a second one
defined by the user. Overall, the first guess module enhances
the chances of finding a good fit of the conditional distribu-
tion.

5 Performance assessment

To illustrate the use-case of MESMER being used on a per-
sonal machine instead of a cluster, we calibrate and emulate
three use-cases of MESMER on a personal machine with an
Apple M3 Pro Chip (November 2023) and 18 GB of mem-
ory. The three use-cases are: calibration and emulation of lo-
cal annual mean surface air temperature (MESMER), local
monthly mean surface air temperature (MESMER-M), and
local annual maximum surface air temperature (MESMER-
X) using only annual mean temperature as predictor. For
the calibration we use CMIP6 data of one ESM, specifically
IPSL-CM6A-LR.

We perform two calibrations: once on a single member
and once a 24-member ensemble of five future scenarios
and the historical period with four initial condition members
each. The calibration including one member is performed on
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the historical and SSP5-8.5 scenarios, using the “rlilplfl”
member, yielding 251 samples. On the used 2.5° x 2.5° grid
and after masking the ocean and Antarctica, this makes for
a total of 2652 gridcells. The ensemble includes the ini-
tial condition members “rlilplfl”, “r2ilp1fl”, “r3ilplfl”,
and “r4ilplfl” of the scenarios SSP1-1.9, SSP1-2.6, SSP2-
4.5, SSP3-7.0, and SSP5-8.5 respectively, together with the
matching historical members. Note that we use the histori-
cal members only once (not once per future scenario). This
yields a total of 6 x4 = 24 members with 86 timesteps for the
future scenarios, and 165 timesteps for the historical mem-
bers, respectively, a total of 2380 samples on 2652 gridcells.
While we used the same members for all scenarios for con-
venience and to limit the number of samples, this is not nec-
essary and MESMER can be run with an arbitrary number
and combination of ensemble members or scenarios.

Note that we only timed one individual execution for each
use-case, and did not run on multiple machines or control for
work load from other programs (email, browser, etc.). This
analysis does not aim to be a thorough benchmarking of the
software as each application of MESMER depends heavily
the use-case. Instead, we want to give rough time indications
for future users and point out which parts of the calibration
and emulation routines control the overall computation time.

Calibrating parameters for annual mean surface air tem-
perature emulations, takes approximately half a minute for
one member and 3 min for the 24-member ensemble (Ta-
ble 3). In both cases, most of the time in the calibration is
taken up by the fitting of the local AR(1) processes with spa-
tially correlated innovations (> 85 %, Table A1). This is, on
the one hand, the fitting of the AR(1) parameters, and on the
other hand finding the optimal localization radius for the em-
pirical covariance matrix. Importantly, the time needed to fit
the AR(1) process depends mostly on the number of supplied
samples, while the time needed to find the optimal localiza-
tion radius depends primarily on how many radii need to be
tested until a local minimum is reached. Calibration on one
member makes the empirical correlation matrix severely rank
deficient since there are only 251 samples for 2652 gridcells.
This leads to a low localization radius, corresponding to a
“strong” localization, in this case 2250 km. In contrast, cali-
brating on multiple members provides more samples and thus
mitigates the rank deficiency, resulting in a higher localiza-
tion radius, here 4750 km. Since we tested radii from 1000 to
10000 km in steps of 250 km, the calibration on one member
cross-validated 7 radii, while the calibration on the ensemble
needed 17 cross-validations. Note that we use a number of 30
folds for each cross-validation step throughout this analysis.
Subsequently, the time needed to find the localization radius
can be greatly decreased if the user supplies a suitable range
of radii to test.

The calibration of monthly mean temperatures
(MESMER-M) takes significantly longer: Calibrating
on one member takes 5 min and calibrating the the ensemble
takes more than 25 min (Table 3). Again, most time (about
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80 %, or 20min for the ensemble) is spent on finding the
optimal localization for the empirical covariance matrices
(Table A2). In contrast to the calibration on yearly data, we
now calibrate 12 localization radii instead of one, that is,
one for each calendar month. This of course takes about 12
times longer. Notably, the localization radii of the different
months are rather similar: For steps of 250km we did not
find radii differing by more than 500 km. In the future, we
plan to leverage this similarity to speed up calibration after a
radius is found for the first month.

The calibration for annual maximum temperatures with
MESMER-X takes about 1.5min for the small and 4 min
for the large calibration dataset (Table 3). Again, the most
time intensive step (about one third of the time for the large
calibration dataset) is finding the localization radius (Ta-
ble A3), where in this use-case, the fist local minimum was
found after 7 iterations for the small and after 14 iterations
for the large dataset. The second most time-intensive op-
eration is finding a suitable first guess, followed by fitting
the conditional distribution coefficients (Table A3). The per-
formance of the MESMER-X calibration depends heavily
on how complicated the chosen expression for the condi-
tional distribution is. Complex expressions, with many pa-
rameters and coefficients, will be slower than simple expres-
sions. Besides, although the expressions are chosen based
on physical and statistical reasons, the user may provide an
ill-defined expression which will slow down the optimiza-
tion algorithms or make them fail altogether. Finally, the first
guess may still be not good enough despite the algorithm de-
scribed in Sect. 4.4. Here, we emulate local annual maxi-
mum temperature as samples of a normal distribution where
the mean is linearly dependent on the global mean tempera-
ture and a variable scale parameter (fmax ~ N (1, o), where
WU =c1+cy-t,0 =c3), which can be judged as a rather sim-
ple expression. While a generalized extreme value distribu-
tion would be a better choice for the distribution (Quilcaille
et al., 2022), we use a normal distribution in this example to
keep the number of parameters to fit smaller.

Furthermore, we provide time estimates for drawing emu-
lations. To this end, we use the smoothed global mean tem-
perature of the CMIP6 IPSL-C6MA-LR historical and SSP5-
8.5 “rlilplf1” initial condition member as forcing data for
MESMER and MESMER-X and the gridded temperature of
the same member for MESMER-M, together with the cali-
brated parameters from the large ensemble calibration above.
Drawing 100 samples of local annual mean temperature for
2652 gridcells and 251 time steps takes less than 20 s, while
1000 samples require approximately 2 min (Table 3). Here,
the emulation of local variability, i.e. sampling the AR(1)
process is the most time intensive step (> 50 %, Table Al).

Drawing monthly samples for 100 realizations using the
MESMER-M setup takes about 2 min (Table 3). This is about
9-10 times slower than emulating annual mean temperatures.
Note that one realization of monthly data has 12 times as
many samples as yearly data. As a consequence, it is not

Geosci. Model Dev., 19, 5669-5688, 2026



5682

V. M. Bauer et al.: MESMER v1.0.0

Table 3. Time needed for the calibration and emulation workflows of MESMER, MESMER-M and MESMER-X tested on CMIP6 data of
IPSL-CM6A-LR with 2652 gridcells. Times were measured on one execution each, using the standard cProfiler of Python. All workflows
where timed once, omitting data loading and saving, on a personal machine with an Apple M3 Pro Chip (November 2023) and 18 GB of

memory.
Component Calibration ‘ Emulation
one member ensemble 100 emulations 1000 emulations
(251 samples) (2380 samples)
MESMER 25s 2min 55s 13s 1min47s
MESMER-M  5min0Os 25min 26 2min 4s -
MESMER-X  1min20s 3min 42s 26s 4min 30s

possible to draw 1000 realizations of monthly temperature
trajectories on a standard office machine, as it runs out of
memory. Memory optimization is a goal of future MESMER
developments but was not a priority for MESMER v1, be-
cause realizations can also be drawn sequentially by the user.
This is also beneficial for having the emulations split into
smaller files. Users should keep in mind however to set new
seeds when drawing new realizations, otherwise one will end
up with the same data.

Finally, Using the MESMER-X setup, drawing 100 sam-
ples of annual maximum temperature takes about 30's, while
drawing 1000 samples takes about 4.5 min (Table 3). For this
setup, the most time intensive step is sampling the standard
normal for few samples, while for the large case, it is trans-
forming the standard normal samples to the desired target
distribution (Table A3).

6 Summary and Outlook

Overall, the MESMER software package provides user-
friendly spatial climate model emulator functionalities
needed to reproduce previous MESMER applications as well
as providing a flexible basis for further MESMER develop-
ments. We restructured the code base into a modular, flex-
ible, extensible and comprehensible software package, im-
plemented a safe, modern and transparent data structure, and
constructed extensive tests and documentation. Moreover, we
showed that emulation of typical MESMER use-cases can
be done in just minutes, while calibration of the model can
take between seconds (one member, annual mean temper-
ature) and half an hour (multiple members and scenarios,
monthly temperatures). For the first time, we also provide
pre-calibrated parameters for multiple climate variables (an-
nual and monthly mean temperature, annual maximum tem-
perature, soil moisture and several Fire Weather related indi-
cators) to enable users to skip the manual calibration process
(Quilcaille et al., 2026).

The rewrite was not without its challenges: it was diffi-
cult to integrate and align the source code of the different
components developed by multiple researchers over several
years, some of whom were working at different institutions
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in the meantime. Much of the code was tailored to the spe-
cific use-cases of the experiments previously performed and
integrating the code to be flexible for novel use-cases was
challenging. Then, the numerical stabilization of the output
required considerable time and research effort. Further, de-
velopments in external libraries were necessary to accommo-
date MESMER’s use-case, foremost the recent inclusion of
DataTree in xarray. The resulting integrated code provides
a much more versatile tool to the research community and
will serve as basis for follow-up MESMER developments.

The appropriate tools to meet the above-mentioned chal-
lenges were most importantly the implementation of unit and
integration tests, which flag when functionalities are not be-
having as expected. This did not only provide stability and
functional testing of the code, but also enforced a deeper
understanding of the functionalities on the developers side.
Moreover, enforcing a four-eye principle of code review on a
platform like github ensured that code was checked by some-
one else than the developer themselves before it was merged
into the main code base. Lastly, version control using git al-
lowed us to track changes in the code and trace issues to their
root cause.

With these tools, the development team achieved a signif-
icant performance increase, not only with respect to the time
needed for calibration and emulation, but also with respect
to numerical stability. The first aspect, i.e. faster calibration
and emulation, is essential for making emulators useful tools
next to Earth System Models. The latter aspect, i.e. numerical
stability, is important for reproducibility as well as reliability
of the results. Moreover, completely rewriting research code
with the goal to provide a comprehensive software package
suitable for general and external use is rather rare and still
under-recognized in academia (Gregor et al., 2026; Trisovic
etal., 2022; Reinecke et al., 2022; Nyenah et al., 2024, 2025).
The present development of MESMER v1 should also be a
motivation for more research code to become publicly avail-
able and suited for external use.

Future developments of MESMER should be twofold: (1)
Scientific developments can focus on new applications of the
existing capabilities of MESMER, such as attribution stud-
ies, exploration of counterfactual scenarios, overshoot sce-
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narios; or new applications, such as including new variables
or extending to multivariate emulations. (2) Technical de-
velopments of the code base should include further perfor-
mance optimization of the fitting routines to make calibra-
tion even faster, especially of the conditional distributions,
as well as memory optimizations for the emulation routines
to enable drawing a larger number of emulations, notably for
monthly temperatures. Immediate further developments in-
clude the integration of MESMER-M-TP and a novel exten-
sion of MESMER-X for extreme precipitation (Pierini et al.,
2026) into the code base.

In conclusion, the newly developed MESMER v1 modular
Earth System Model emulator is a user-friendly open-source
software that is available for the fast assessment of climate
projections under various emission scenarios, as well as for
numerous further applications of relevance for the climate
research community and society.

Appendix A
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Figure Al. Comparison of methods to estimate the driving noise
variance of data generated by a cyclo-stationary AR(1) process.
Data was generated for 12 months using AR slopes indicated by
red dots and a standard deviation (SD) of 2 (actual SD — gray stip-
pled line). Yellow squares mark the estimated AR slopes retrieved
by MESMER’s fitting algorithm. Green crosses indicate the stan-
dard deviation estimated from the raw monthly data, blue crosses
the one estimated by adjusting the standard deviation with the re-
trieved AR parameters, and purple crosses the one estimated on the
residuals of the AR process.
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Table A1. Time needed to calibrate and emulate annual mean temperature (MESMER workflow) for one ESM (IPSL-CM6A-LR). Calibration
is once done only on one initial condition member of one scenario (rlilp1fl and SSP5-8.5) and once on multiple members of four scenarios
(rlilplfl, r2ilplfl, r3ilplfl, r4ilp1fl and SSP1-1.9, SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5). The matching historical member is
included once for every scenario member. This yields 251 samples for the one member calibration and 2380 samples for the ensemble
calibration. Times for emulation are given for 100 and 1000 realizations. Times were measured on one execution each, using the standard
cProfiler of python. All workflows where timed once, omitting data loading and saving, on a personal machine with an Apple M3 Pro Chip
(November 2023) and 18 GB of memory.

Task Calibration Calibration Emulation Emulation
one member ensemble (100 realizations) (1000 realizations)
(251 samples) (2380 samples)

fit Linear Regression Omin 0.0 Omin0.1s - -

fit AR(1) process Omin 5.0 1min 0.4s - -

find localized empirical covariance matrix ~Omin 17.1s 1 min 50.1s - -

predict Linear Regression - - Omin0.1s Omin 3.1s
draw tempo-spatially correlated samples - - Omin 12.1s Omin 50.2 s
other Omin 3.3s Omin 3.9s Omin 0.4 s Omin 54.0s
total Omin 254s 2min 54.5s Omin 12.6s 1 min 47.3s

Table A2. Time needed to calibrate and emulate monthly mean temperature (MESMER-M workflow) for one ESM (IPSL-CM6A-LR).
Calibration is once done only on one initial condition member of one scenario (rlilp1fl and SSP5-8.5) and once on multiple members of
four scenarios (rlilplfl, r2ilplfl, r3ilplfl, rdilp1fl and SSP1-1.9, SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5). The matching historical
member is included once for every scenario member. This yields 251 samples for the one member calibration and 2380 samples for the
ensemble calibration. Times for emulation are given for 100 realizations. No times can be given for drawing 1000 realizations as it is not
possible to draw that many samples on a personal machine due to too small memory. Note that monthly emulations need 12 times the
memory of annual emulations as in Tables A1 and A3. Times were measured on one execution each, using the standard cProfiler of python.
All workflows where timed once, omitting data loading and saving, on a personal machine with an Apple M3 Pro Chip (November 2023)
and 18 GB of memory.

Task Calibration Calibration Emulation Emulation
one member ensemble (100 realizations) (1000 realizations)
(251 samples) (2380 samples)

fit harmonic model Omin 14.1s 2min479s - -
fit Yeo-Johnson Power transform 1 min 22.0's 2min 5.7 s - -
apply Yeo-Johnson Power transform Omin 16.4s 2min 34.4s - -
fit cyclo-stationary AR(1) process Omin 1.1s Omin 5.2 - -
find monthly localized empirical covariance matrices 3 min 1.9s 16 min 35.7 s - -
predict harmonic model - - Omin 0.0s -
draw tempo-spatially correlated samples - - Omin 39.2s -

apply inverse Yeo-Johnson

Power transform — — lmin 17.5s -
other Omin 3.9s Omin4.5s Omin 6.8 s -
total 4min 59.5s 24 min 13.3s 2min 3.55s -
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Table A3. Time needed to calibrate and emulate annual maximum temperature (MESMER-X workflow) for one ESM (IPSL-CM6A-LR).
Calibration is once done only on one initial condition member of one scenario (rlilp1fl and SSP5-8.5) and once on multiple members of
four scenarios (rlilplfl, r2ilplfl, r3ilplfl, rdilp1fl and SSP1-1.9, SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5). The matching historical
member is included once for every scenario member. This yields 251 samples for the one member calibration and 2380 samples for the
ensemble calibration. Times for emulation are given for 100 and 1000 realizations. The conditional distribution is based on a normal distri-
bution with N'~ t = ¢y + ¢ - T, o = c3 where T is annual global mean temperature. Times were measured on one execution each, using
the standard cProfiler of python. All workflows where timed once, omitting data loading and saving, on a personal machine with an Apple

M3 Pro Chip (November 2023) and 18 GB of memory.

Task Calibration Calibration Emulation Emulation
one member ensemble (100 realizations) (1000 realizations)
(251 samples) (2380 samples)

find first guess Omin 32.0s Omin 50.2s - -

fit conditional distribution Omin 21.4s Omin 29.7 s - -

apply Probability Integral Transform Omin 0.0s Omin 0.3s Omin4.6s 3min 17.5s

fit AR(1) process Omin 5.0 Omin 58.2s - -

find localized empirical covariance matrix ~ Omin 17.4s 1min 19.5s - -

draw tempo-spatially correlated samples - - Omin 21.3s 1min 1245

other Omin4.2s Omin4.0s Omin 0.0s Omin 0.0

total 1 min 20.1s 3min41.8s Omin 259s 4min 29.8 s

Code and data availability. The source code for MESMER vl
is available on Github (https://github.com/MESMER-group/
mesmer/releases/tag/v1.0.0, last access: 26 June 2026) and Zenodo
(https://doi.org/10.5281/zenodo.20156753, Hauser et al., 2026).
The code used to produce the analyses in this paper are avail-
able on Zenodo (https://doi.org/10.5281/zenodo.20153653,
Bauer et al, 2026). CMIP6 data is available at https:
/lesgt-node.llnl.gov/projects/esgf-1lnl/  (last access: 26 June
2026; Eyring et al., 2016), the CMIP6-ng data can be re-
quested under cmip6-archive@env.ethz.ch (Brunner et al., 2020,
https://doi.org/10.5281/zenodo.3734128). The reduced example
data used for measuring performance improvements is part of
the MESMER package. Pre-calibrated parameters for emulating
selected variables are available to the community at the ETH
Research Collection (https://doi.org/10.3929/ethz-c-000798034,
Quilcaille et al., 2026).
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