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Abstract. Emulators of Earth System Models (ESMs) are statistical models that approximate selected outputs of ESMs. Owing

to their runtime-efficiency, emulators are especially useful when large amounts of data are required, for example, for in-depth

exploration of the emission space, for investigating high-impact low-probability events, or for estimating uncertainties and

variability. This paper introduces an emulation framework that allows to emulate gridded monthly mean precipitation fields

using gridded monthly mean temperature fields as forcing. The emulator is designed as an extension of the Modular Earth5

System Model Emulator (MESMER) framework and its core relies on the concepts of Generalised Linear Models (GLMs).

Precipitation at each (land-)grid point and for each month is approximated as a multiplicative model with two factors. The first

factor entails the temperature-driven precipitation response and is assumed to follow a Gamma distribution with a logarithmic

link function. The second factor is the residual variability of the precipitation field, which is assumed to be independent of

temperature, but may still possess spatial precipitation correlations. Therefore, the monthly residual field is decomposed into10

independent Principal Components and subsequently approximated and sampled using a Kernel Density Estimation with a

Gaussian kernel. The emulation framework is tested and validated using 24 ESMs from the Sixth Phase of the Coupled Model

Intercomparison Project (CMIP6). For each ESM, we train on a single ensemble member across scenarios and evaluate the

emulator performance using simulations with historical and SSP5-8.5 forcing. We show that the framework captures grid point

specific precipitation characteristics, such as variability, trend and temporal auto-correlations. In addition, we find that emulated15

spatial (cross-variable) characteristics are consistent with those of ESMs. The framework is also able to capture compound

hot-dry and cold-wet extremes, although it systematically underestimates their occurrence probabilities. The emulation of

spatially explicit, coherent monthly temperature and precipitation timeseries is a major step towards a computationally efficient

representation of impact-relevant variables of the climate system.
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1 Introduction20

Earth System Models (ESM) are process-based models built on physical equations that govern the dynamic and thermody-

namic process of the Earth system (e.g., Schneider et al., 2017). Their physically based modelling approach makes ESMs

invaluable for understanding and explaining the impacts of human activities on the global climate. At the same time, the mod-

elling approach is computationally expensive - generating a single ESM simulation for the Sixth Phase of the Coupled Model

Intercomparison Project (CMIP6) takes weeks to months to complete (e.g., Balaji et al., 2017). This limits the number of25

times any ESM can be run. However, studying a broad variety of different emission scenarios along with estimating associated

uncertainties and sampling natural variability traditionally requires running an ESM many times (Lehner et al., 2020; Maher

et al., 2021).

Emulators of ESMs are runtime efficient models that approximate specific outputs of an ESM using statistical methods. An

emulator (in this paper, the term emulator always refers to ESM emulators) is trained to approximate relationships between a30

set of predictor variables and selected target variable(s) from existing ESM data, which can then be applied to new predictor

data. The temporal and spatial properties of the emulated target variable(s) should ideally be statistically indistinguishable from

those of the actual ESM output. Emulators typically focus on a small set of key target variables, which reduces dimensionality

and saves computational time as well as storage. This is a reasonable choice as for many downstream applications of ESM

data only a small set of climatic variables is of interest: for example, the Large Ensemble output of the Community Earth35

System Model (CESM-LE) consists of 1168 climatic variables of which 64% are virtually never downloaded while 14%

contribute to over 90% of downloads (Edwards et al., 2019). Emulators can generate thousands of realisations of ESM-like
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data, thereby overcoming the limitations of having only a small number of ESM realisations. As such, ESMs and emulators

are complementary.

A number of such emulation frameworks of varying complexity exist. Some frameworks aim to approximate the mean40

trend of a single variable (e.g., Tebaldi and Arblaster, 2014, and references therein), others also emulate variability as either

a stationary (e.g., Link et al., 2019) or a non-stationary (e.g., Nychka et al., 2018) process. Recent approaches target the

simultaneous emulation of multiple variables to also correctly mimic cross-variable covariance structures (e.g., Tebaldi et al.,

2022; Edwards et al., 2019; Liu et al., 2023). Emulators can also target different spatial and temporal scales (e.g. yearly: Beusch

et al. (2020) or monthly: Nath et al. (2022)). Emulators often use global mean temperature (GMT) as a forcing variable (e.g.,45

Quilcaille et al., 2022) and some use additional drivers, such as ocean heat uptake, land-sea temperature contrast or time-shifted

GMT (e.g., Herger et al., 2015; Beusch et al., 2022).

In this study, we focus on generating emulations of monthly gridded land precipitation from monthly gridded land temper-

atures, while aiming to conserve the covariance structure between the two variables. Temperature and precipitation are two of

the most important climatic variables and are required as input variables for most impact models (Lange, 2019).50

There are already emulators targeted at jointly emulating temperature and precipitation. For example, Tebaldi et al. (2022)

built their emulator STITCHES using resampling methods. They pool together all available data from any scenario, re-arrange

it using constraints on global mean temperature and then “stitch” it back together. This enables STITCHES to generate mul-

tivariate, spatially-resolved emulations. However, the quality of the emulator is constrained by the amount of available ESM

training data and does not perform ideally when data is under-representative. Link et al. (2019) have extended their tempera-55

ture emulator, fldgen1.0, to also model precipitation (fldgen2.0; Snyder et al., 2019). Their framework relies on capturing the

signal’s mean response using pattern scaling (Tebaldi and Arblaster, 2014, and references therein) and then adding a variability

term. The variability term possesses the spatio-temporal (cross-)correlations and is generated by decomposing the original

ESM signal into its principal components (PCs), applying a Fourier transformation to the PCs, applying random phase shifts

and then back-transforming. Fldgen2.0 has been developed and tested for yearly data and implicitly assumes stationarity in60

the variability of temperature and precipitation. Recently, Liu et al. (2023) developed a precipitation emulator, PrEMU, that

targets the emulation of monthly gridded precipitation starting from monthly gridded temperatures. Their approach is able to

deterministically reconstruct 70% of the variance in global land average precipitation. However, PrEMU does not offer to

emulate the remaining variance and cross-variable covariances have not been verified.

In this study, we present a novel approach that aims at fully emulating land precipitation fields at monthly resolution given65

a time series field of land temperatures, while especially approximating the cross-variable covariance structures. We show

that the emulation framework closely resembles ESM output and even captures monthly compound-extremes. Our emulator,

called MESMER-M-TP, serves as an additional module within the MESMER (Modular Earth System Model Emulator with

spatially Resolved output) framework (Beusch et al., 2020). MESMER has originally been designed to approximate grid point

level annual mean temperatures changes as a function of global mean temperature change, while explicitly accounting for70

spatial and temporal variability (Beusch et al., 2020). This approach has since been extended to also represent selected extreme

weather indicators (MESMER-X), and key impact relevant variables such as fire weather and soil moisture (Quilcaille et al.,
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2022, 2023). A temporal downscaling module to emulate monthly climate output has also been successfully implemented

(MESMER-M) (Nath et al., 2022). We here provide a module that can be coupled to MESMER-M temperature output (or to

output from other emulators of monthly local temperatures) to generate bivariate temperature and precipitation emulations.75

The core of the approach employs Generalised Linear Models (GLMs) (Dobson and Barnett, 2018). Our framework is easily

extendable to other variables that follow distributions within the exponential family and it allows for non-stationary variance

functions.

This study is structured as follows: First, the methodological emulation framework is introduced in Sect. 2. Second, we

describe how the suggested methodology is applied to the ESM data in Sect. 3. To this end, we introduce the dataset (Sect.80

3.1), give an overview on how the methodology is applied to the data (Sect. 3.2) and describe the validation of the emulation

framework (Sect. 3.3). Next, we present our results in Sect. 4. The results section contains exemplary emulation output and

validation metrics. Lastly, we summarise and discuss �ndings in Sect. 5. In addition, this paper comes with an extensive

Appendix. Appendix B displays additional spatio-temporal validation metrics and complements Sect. 4. In Appendix C, we

explain how MESMER-M-TP is coupled to an emulator that generates temperature data and we carry out validation and85

uncertainty estimations for the coupled emulation chain.

2 Emulator Description

2.1 Notation

T andP denote the spatially explicit monthly temperature and precipitation �elds. We introduce the subscriptss, m andy, such

thatps;m;y (ts;m;y ) is the precipitation (temperature) value at locations, for monthm and yeary. We setm = 1 as January and90

m = 12 as December.P (andT) can be expressed as a 2-dimensional matrix with columns corresponding to spatial locations

and rows referring to speci�c month-year combinations:

P =

0

B
B
B
B
B
B
B
B
B
B
B
B
B
B
@

ps1 ;1;y 1 ps2 ;1;y 1 : : : psl ;1;y 1

ps1 ;2;y 1 ps2 ;2;y 1 : : : psl ;2;y 1

...
...

... : : :

ps1 ;12;y 1 ps2 ;12;y 1 : : : psl ;12;y 1

ps1 ;1;y 2 ps2 ;1;y 2 : : : psl ;1;y 2

...
...

... : : :

ps1 ;12;y k ps2 ;12;y k : : : psl ;12;y k

1

C
C
C
C
C
C
C
C
C
C
C
C
C
C
A

; (1)

wherel denotes the number of spatial locations andk the number of years. The matrix has dimensionsdim(P) = (12 � k) � l .

The precipitation timeseries at locations is the column-vectorPs = ( ps;1;y 1 ;ps;2;y 1 ; : : : ;ps;12;y 1 ;ps;1;y 2 ; : : : ;ps;12;y k )T , where95

the superscriptT refers to the transpose. We de�ne the grid point and month speci�c precipitation as the timeseries consisting

of precipitation samples from the same month over different years:Ps;m = ( ps;m;y 1 ;ps;m;y 2 ; :::;ps;m;y k )T , meaningPs;m

contains every 12th entry ofPs. All de�nitions work analogously for monthly temperatures.
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Figure 1.Schematic overview of our modelling approach. Precipitation is decomposed into a temperature-driven contribution and a contribu-

tion independent of temperature. We exploit local temperature information and the framework of Gamma GLMs to reconstruct precipitation

signals for each location and month. We then compute the empirical residuals and after applying a log and a PCA transform to disentangle

spatial correlations, we approximate the residuals individually by using a KDE. The framework is described in more detail in Sect. 2

2.2 General Approach

The goal of the emulator is to derive monthly, spatially-explicit precipitation based on monthly, spatially-explicit temperatures.100

In particular, the emulated precipitation data should be spatially and temporally consistent with the temperature data. To this

end, we suggest a multiplicative framework that can be summarised as

Ps;m = f s;m
�
f Tr;m gr 2 Ss;m

�

| {z }
1

� � s;m| {z}
2

; (2)

where the emulated local precipitation at grid points and for monthm, Ps;m , is de�ned by two terms. (1) By the deterministic

temperature-driven precipitation response. We assume that a large fraction ofPs;m can be constructed from local temperature105

information. LetSs;m be the set of spatial locations with temperature timeseries that may contain relevant information for

reconstructingPs;m . We then usef Tr;m gr 2 Ss;m to build a 2-dimensional predictor matrixX s;m . We assume thatX s;m relates

to Ps;m via the response functionf s;m . Note thatf s;m acts independently on each grid point and for each month (see Sect.

2.3.2). And (2) by a stochastic, multivariate noise term,� . � is used to approximate the fraction of the natural variability that

cannot be reconstructed from temperature information alone and thus appears random in our modelling framework. We assume110
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that the precipitation residuals still possess information across locations and months, but are independent of temperature.� is

evaluated at grid points and for monthm.

The suggested framework is equivalent to assuming an additive model for the logarithm of precipitation which is a common

choice when modelling precipitation (e.g., Snyder et al., 2019; Gudmundsson and Seneviratne, 2016; McCullagh, 2019).

2.3 Temperature-driven Precipitation Response115

The aim of the temperature-driven precipitation response is to capture the fraction of the precipitation signal that is determin-

istically derivable from temperature data. We do not assume a causal relationship here. Rather, the motivation is to provide

for a consistent multivariate extension. To this end, we assume that temperature is a good predictor for the general trend in

the precipitation signal as well as parts of the variability. In order to capture both contributions simultaneously, we rely on the

framework of GLMs (e.g. Dobson and Barnett, 2018; McCullagh, 2019). A GLM is a generalisation of ordinary linear regres-120

sion and is applicable to any dependent variable that follows a speci�c distribution within an exponential family relative to the

predictor variable(s). The basic assumption is that the dependent variable is related to a linear combination of the independent

variables via a link function.

2.3.1 A GLM for Precipitation

To apply the GLM framework to precipitation, we assume thatPs;m follows a Gamma distribution with shape parameterks;m125

and scale parameter� s;m conditioned on a set of temperature predictors accounting for the local and global temperature con-

ditions,X s;m . The predictor matrixX s;m is derived from the setf Tr;m gr 2 Ss;m of gridded temperature data as described in

Sect. 2.3.2. Precipitation is continuous and non-negative while the Gamma distribution is strictly positive. By replacing zero

precipitation values with a small threshold for quasi-zero, the condition for the Gamma distributions can be met. We choose a

logarithmic link function,g = log, such that the inverse link function is the exponential function,g� 1 = e. Following this as-130

sumption, the response functionf s;m is the expected value ofPs;m conditioned on the predictorsX s;m (notedE(Ps;m jX s;m )):

f s;m
�
f Tr;m gr 2 Ss;m

�
= E(Ps;m jX s;m ) = eX s;m � � s;m + higher order terms (3)

where� s;m is a vector of linear coef�cients (see Sect. 3.2 for details on the higher order terms). The mean value of a Gamma

distribution can also be expressed using its scale and shape parameters:135

E(Ps;m jX s;m ) = ks;m � � s;m : (4)

Equally, we can express the variance of a Gamma distribution as

V (Ps;m jX s;m ) = ks;m � � 2
s;m ; (5)

whereV (Ps;m jX s;m ) is the variance ofPs;m conditional on the predictorsX s;m (notedV (Ps;m jX s;m )). When �tting a

Gamma GLM,ks;m is usually held constant while the scale parameter� s;m is varied. This leads to the mean-variance rela-140
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tionship of a Gamma GLM:

V (Ps;m jX s;m ) = � s;m � E (Ps;m jX s;m )2; (6)

where� s;m is called the dispersion and is given as the inverse ofks;m (therefore constant). As the conditional mean of

the precipitation distribution is changing with the background climate, this variance-mean relationship offers to model non-

stationary behaviour in the precipitation response. At the same time, imposing the variance function of a Gamma GLM is a145

strong assumption that may not hold true at all locations. Using a Gamma GLM to model precipitation has been shown to

yield good approximations in other studies (George et al., 2016; Hauser et al., 2017; Chandler, 2020; Kemsley et al., 2024;

Gudmundsson and Seneviratne, 2016) and in Sect. 3.3, we empirically validate our choice.

2.3.2 The Predictor Matrix X s;m

Precipitation is a complex climatic variable that depends on many factors such as water availability, temperatures or the ter-150

rain (Allen and Ingram, 2002; Trenberth et al., 2003; Tabari, 2020). As the goal is to reconstruct precipitation signals using

temperature information only, we try to exploit local temperature information as much as possible. We assume that, in or-

der to constructPs;m , temperature information at all grid pointsr in proximity to s is relevant. We denoteSs;m as the

set of n spatial locations that are closest tos and we assume that allf Tr;m gr 2 Ss;m are relevant predictors forPs;m . As

the timeseries' inf Tr;m gr 2 Ss;m are highly correlated, we perform a PCA transform and only keep the �rst p components.155

That is, we projectf Tr;m gr 2 Ss;m onto its p-dimensional Eigenspace spanned by the vectorsf PCA i
s;m gi 2f 0;:::;p � 1g. The

�rst principal component,PCA0
s;m , is now expected to contain a strong trend. As precipitation may scale differently with

temperature information on different timescales, we decomposePCA0
s;m into a trend and a variability term. The trend term

is derived by LOWESS smoothing consistent with the methodology in Beusch et al. (2022). This leaves us withT̂s;m =

f P CA0;trend
s;m ;PCA0;var

s;m ;PCA1
s;m ;PCA2

s;m ; : : : ;PCAp� 1
s;m g as a set of feasible predictors.X s;m is then constructed by using160

the setT̂s;m as row vectors and by adding column of ones to allow for a constant intercept:

X s;m =

0

B
B
B
B
B
@

1 PCA0;trend
s;m;y 0

PCA0;var
s;m;y 0

PCA1
s;m;y 0

PCA2
s;m;y 0

: : : PCAp� 1
s;m;y 0

1 PCA0;trend
s;m;y 1

PCA0;var
s;m;y 1

PCA1
s;m;y 1

PCA2
s;m;y 1

: : : PCAp� 1
s;m;y 1

...
...

...
...

...
...

...

1 PCA0;trend
s;m;y k

PCA0;var
s;m;y k

PCA1
s;m;y k

PCA2
s;m;y k

: : : PCAp� 1
s;m;y k

1

C
C
C
C
C
A

: (7)

For simplicity, we sometimes refer toPCA0;trend
s;m asPCAtrend

s;m andPCA0;var
s;m asPCA0

s;m . The model design also offers

to include higher order effects by, for example, includingX 2
s;m as a predictor or by including pairwise interactions between

predictors. Including higher-order effects is a calibration choice and is discussed in Sect. 3.2.165
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2.4 Residual Variability

We de�ne the residual variability of the precipitation signal,P res
s;m , as the fraction of precipitation that cannot be derived using

gridded temperatures alone and assume it follows a multivariate stochastic process,� m;s ,:

P res
s;m = Ps;m =f s;m (X T

s;m ) / � s;m : (8)

We assume thatP res
s;m is independent of temperature, but dependent on all other precipitation residuals. That is, the �eldP res170

still possesses spatial correlations, meaning we assume grid cells in proximity to one another are likely very similar. As a

Gamma-GLM does not contain any explicit assumptions about the distribution of the residuals, our goal is to generate new

residuals with a distribution closely resembling the distribution of the empirical residuals. The empirical residuals are non-

negative and we �rst map them onto the entire space of real numbers by applying a logarithmic transformation. Next, we

further apply a PCA to resolve the spatial dependencies across precipitation residuals. This allows us to approximate the175

distributions of the PCA components individually, rather than modelling the joint distributions of the actual residuals. Let

f P Cres
i;m gi 2 1;:::;q be the �rst q PCs ofP res

m . We assume that the probability density function (PDF) of each of the PCs can be

modelled as a superposition of many Gaussian distributions with widthhm :

PDF (PCres
i;m;y ) =

1
k � hm

kX

j =1

1
p

2�
e� 1

2 � (
P C res

i;m;y � P C res
i;m;y j

h )2
(9)

where k denotes the number of sample years. In other words, we characterise the random process� s;m by applying a Kernel180

Density Estimation (KDE) with a Gaussian kernel to the PCs of the empirical residuals. In order to generate additional, random

and spatially coherent variability realisations, we draw new samples from the KDE and inverse transform (�rst inverse PCA

transformation, then inverse logarithmic transformation).

2.5 Model Parameters

To summarise the above approach: We �rst construct the grid point and month speci�c predictor matrixX s;m using local185

temperature information. This offers two hyperparameters: (i) the number of then-closest spatial locations that still in�uence

precipitation at locations and (ii) the number of PCA components,p, that should be kept as predictors. In addition, we can

chose to include higher-order terms (for example, dependencies onX 2
s;m or interaction terms). The matrixX s;m has p+2

columns (the �rst PC is divided into a trend and a variability contribution and we have a column of ones to allow for a constant

offset), leaving us with p+2 parameters for each grid point and month (the parameters are encompassed in the coef�cient vector190

� s;m ). � s;m is �tted using the framework of a Gamma GLM and a log-likelihood estimation. As the residuals of a Gamma

GLM do not have a pre-described functional form, we are approximating the residuals using a KDE that relies on another

hyper-parameter, the smoothing parameter or bandwidth,hm .
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3 Emulator Application

3.1 Data195

The emulator is trained on monthly mean temperature and monthly mean precipitation data from CMIP6 experiments (Eyring

et al., 2016) of 24 different ESMs (see Table A1 in Appendix A). In this study, the term temperature refers to temperature

anomalies relative to the period 1850-1900 while precipitation refers to absolute precipitation. The ESM data went through

a centralised pre-processing that includes the interpolation to a common2:5� � 2:5� latitude-longitude grid and was obtained

from the CMIP6 next generation archive (Brunner et al., 2020). As variables are emulated over land only, grid cells with a land200

area coverage of less than a third are �ltered out, resulting in 2652 land grid points. Monthly precipitation data can contain

zero values and in some cases very small negative numerical residuals. Therefore, for each ESM, a cut-off for quasi-zero is

introduced by replacing zero and negative values with half of the smallest non-negative precipitation value found in the entire

dataset. Data from �ve scenarios that represent combinations of Shared Socioeconomic Pathways (SSPs) and Representative

Concentration Pathways (RCPs) are used, namely SSP1-1.9 (notation indicating the combination of SSP1 and RCP1.9), SPP1-205

2.6, SPP2-4.5, SPP3-7.0, SSP5-8.5) as well as the historical simulations are considered (O'Neill et al., 2016). We refer to these

SSP-RCP combinations as SSPs or scenarios. Not all 24 models provide temperature and precipitation data for each SSP (see

Table A1 in A).

For each ESM, the emulator is trained independently based on a single ensemble member across all available SSPs. The

historical simulation and the SSP5-8.5 scenario of the remaining ESM ensemble members are used for evaluating the emulator210

performance and are referred to as validation runs. When generating emulations from actual ESM data, we generate a single

precipitation realisation for each available temperature �eld. Therefore, the number of emulations exactly equals the number

of ESM runs. A special focus is put on the three models with the highest number of validation runs: ACCESS-ESM1-5,

CanESM5 and MPI-ESM1-2-LR. These three models offer at least 30 ensemble members each which allows us to compare

ensemble statistics and, in particular, extreme event distributions. As an example, ACCESS-ESM1-5 has 40 ensemble members215

(see Table A1). We calibrate on ensemble member “r1i1p1f1” across scenarios to then generate 39 precipitation emulations

across scenarios based on the gridded temperatures from the remaining 39 ensemble members.

MESMER-M-TP has been designed as a module that can be coupled to existing temperature emulators. To additionally

evaluate the emulator performance and the propagation of uncertainties in this context, the trained emulator is coupled to

emulated monthly temperatures of the historical simulation and the SSP5-8.5 scenario. The emulated temperature dataset220

was speci�cally generated for this study and is described in Appendix C1. We generate an ensemble of 100 temperature and

precipitation realisations per model and scenario.

3.2 Calibration

The methodological framework described in Sect. 2 offers hyperparameters (see Sect. 2.5) for both, the temperature-driven

precipitation response module and the residual variability module. As part of the temperature-driven precipitation response,225

Ps;m , is reconstructed from information in then closest temperature timeseries,f Tr;m gr 2 Ss;m with jSs;m j = n. For simplicity
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and comparability, we assume thatn is constant across models, months and grid points. Therefore,Ss;m only depends on the

spatial location and reduces toSs. The choice ofn is a trade-off between model complexity (for highern the PCA has more

coef�cients and takes longer to compute) and prioritising local modes of variability over large-scale/global relationships. We

�nd that across months and models, the strongest correlations between the variability in temperature and the variability in230

precipitation occur in almost 80% of the cases within the closest 150 grid points. Thus, we setn = 150, such that we can derive

precipitation based on the 150 closest temperature locations. We have tested the approach for a variety ofn and �nd that, across

grid points and months, results forn 2 [75;400]are comparable, while introducing largern is too computationally intensive.

We also tested using a single global decomposition by settingn = 2652 which leads to good results in some areas (e.g. North

America) and performs poorly in other regions (e.g. South-East Asia). As the set off Tr;m gr 2 Ss are highly correlated, we apply235

a PCA transformation prior to using them as independent variables for the GLM (see Sect. 2.3.2). The amount of explained

variance in each PC falls off rapidly over the �rst �ve PCs and strives towards zero with increasing component number. To

include as much information as possible, while not in�ating the model, we setp = 8 . It is possible to include higher-order terms

in the model, that is, to addX s;m
2 as a predictor or allow for interaction terms. We found that the model performance improved

when we allow for 1st order interaction terms between the trend in the 1st PC and all other PCs. The physical interpretation240

begin that the relative importance of the PCs varies with the trend in local temperatures. Including additional terms had little

effect on the model performance. Therefore, the calibrated model equation for the trend contribution to precipitation reads

f s;m = e� 0
s;m intercept

� e� 1
s;m � P CA 0;trend

s;m + � 2
s;m � P CA 0;var

s;m +
P 7

p =1 � p +2
s;m � P CA p

s;m �rst order

� eP CA 0;trend
s;m � ( � 10

s;m � P CA 0;trend
s;m + � 11

s;m � P CA 0;var
s;m +

P 7
p =1 � p +11

s;m � P CA p
s;m ) interaction: (10)

Lastly, we set the parameters of the residual variability module. We apply a PCA on the precipitation residuals in order to

resolve spatial correlations and treat the PCs independently. We keep 98% of the variability in the original residual signals. The245

bandwidth of the KDE was chosen via k-fold cross validation and was mostly constant across months and models. To reduce

computational complexity, we have sethm = 0 :1 as a global parameter.

3.3 Validation

The validation framework consists of two steps: (1) Evaluating the emulator's performance when it emulates precipitation based

on actual ESM temperatures and (2) evaluating the model's performance when it emulates precipitation based on emulated250

temperatures. The �rst evaluation step captures the direct error in the emulation framework while the second step also captures

the propagation of uncertainties from one emulator to another. Results for the former are shown in Sect. 4, while results for the

latter are shown in Appendix C. The evaluation procedure and result metrics are the same in both cases and described in the

following.

The emulator is trained on one ensemble member across all available scenarios (see Sect. 3.1). Temperature data from255

all remaining ensemble members is used to generate emulated precipitation data for the �rst evaluation step (for the second

evaluation step, we use the temperature dataset described in Appendix C1 as forcing). Both emulation datasets are assessed
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against actual ESM precipitation data from all remaining ensemble members for the historical period (1850-1950) and the

projections from the high warming scenario SSP5-8.5 (2015-2100) independently. The time intervals and the scenario are

chosen such that the emulator's behaviour in a stable period with limited climate change and its behaviour under an extreme,260

high-warming scenario can be equally analysed. As the three models ACCESS-ESM1-5, CanESM5 and MPI-ESM1-2-LR are

the only models that offer a large number of additional ensemble members for evaluation (30+), we focus on validating the

emulation approach using these three models and only schematically show results for all other models. In addition, we base

our evaluation on the AR6 regions (Iturbide et al., 2020) with an emphasis on four regions that represent a diverse set of

geographies and precipitation trends: Southern Central America (SCA), Northern Europe (NEU), Central Africa (CAF), South265

East Asia (SEA) (see also Fig. A1). We validate the following properties:

(1) Inter-annual trend and variability of precipitation. We aim at verifying the emulated estimates of inter-annual trend as

well as of year-to-year variability inPs;m across regions. To this end, ESM and emulated (EMU) data are aggregated by AR6

region. Next, all quantiles between the 1st and 99th quantile are computed in steps of one and compared against one another

for both the historic and the future period. In addition, we compute quantile deviations for the 10th, median and 90th quantile270

for each region (see Nath et al., 2022; Beusch et al., 2020). The Gamma GLM is mainly responsible for correctly estimating

the trend inPs;m , while the residual variability module determines the variability inPs;m . Therefore, the deviations allow to

draw conclusions on the performance of both models.

(2) Month-to-month relationships of precipitation. The emulator was �tted for each month independently and only implic-

itly inherits month-to-month relationships from the temperature data. Therefore, we verify the month-to-month relationships275

using lagged auto-correlations. At each grid point and for each ensemble member, the correlation between the precipitation

timeseries and a temporally shifted version of the same precipitation timeseries is computed. The correlation coef�cient is

computed for each ESM run and each EMU run individually and then averaged to obtain a single ESM/EMU value per grid

point.

(3) Spatial precipitation structure. The spatial structure in the precipitation signal is partially inherited form the spatial280

structure of the temperature �eld and partially explicitly enforced through the sampling strategy of the residuals. We verify

that the joint use of the GLM and the KDE produces spatially coherent precipitation �elds. To this end, we compute the

month speci�c cross-correlation matrix between precipitation timeseries at different gridpints for each ensemble member.

More precisely, for a given month and ensemble member, we compute the correlation between precipitation at any given grid

point and precipitation at all other grid points. As we have 2652 grid points this results in a correlation matrix of dimension285

(2652, 2652) whose entry (i, j) describes the correlation betweenPsi ;m andPsj ;m . We compute the ensemble-mean of the

correlation matrices and compare emulated estimates against ESM estimates.

(4) Spatial precipitation-temperature cross-variable correlations.The GLM relies on exploiting local temperature in-

formation to reconstruct precipitation. Verifying that spatial cross-variable correlations are approximated well, veri�es the

modelling approach and is important for downstream applications that rely on spatially and temporally consistent temperature290

and precipitation data. We verify the cross-variable statistics by computing the cross-correlation matrix between the precipita-

tion and the temperature �eld for each month and for each ensemble member individually. Similar to (3), for a given month,
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precipitation at any grid point is correlated with temperature at any other grid points. This results in a correlation matrix of

dimension (2652, 2652) whose entry (i, j) describes the correlation betweenPsi ;m andTsj ;m .

(5) Compound temperature-precipitation extremes.As the mechanistic processes that govern the occurrence of extremes295

are very different to the processes that determine long-term trends, verifying mean temperature-precipitation correlations alone

is not enough to draw conclusions about the joint distributions of the tails. Therefore, we verify compound extremes individu-

ally. At each grid point, the 10th and 90th quantiles of temperature and precipitation are computed across ensemble members

for ESM and EMU. To assess hot-dry extremes, we count the number of times a projection lies above the 90th temperature

quantile and is simultaneously drier than the 10th precipitation quantile. Similarly, for cold-wet extremes, we count the number300

of times a projection is cooler than the 10th temperature quantile and simultaneously wetter than the 90th precipitation quantile.

We then compute the mean across ESM and EMU estimates and scale the count to the number of events that would happen

during the course of 100 years.

4 Results

The result section is divided into two parts. In Sect. 4.1 we show all results that only concern precipitation characteristics,305

these are inter-annual trend, inter-annual variability, month-to-month relationships and the spatial structure of the precipitation

signal (see properties (1)-(3) in Sect. 3.3). In Sect. 4.2, we show results concerning the joint characteristics of temperature and

precipitation, these are the cross-correlation structure between temperature and precipitation as well as compound extremes

(see properties (4) and (5) in Sect. 3.3). We mainly focus on validating results when temperature �elds from actual ESMs are

used as forcing. In Appendix C, we show all results from this section when the emulator is forced with emulated temperatures.310

4.1 Precipitation Characteristics

In Fig. 2, we show exemplary maps of the median gridded precipitation ensemble output as seasonal averages over December-

January-Feburary (DJF), March-April-May (MAM), June-July-August (JJA) and September-October-November (SON) under

SSP5-8.5 for 2024. The emulator adequately reproduces the precipitation patterns of the individual ESMs with the largest

relative deviations occurring in dry regions (Sahara for MPI-ESM1-2-LR and ACCESS-ESM1-5; Australia for MPI-ESM1-315

LR). This is not surprising as the relative error metric ampli�es deviations when the divisor is close to zero. In addition,

deviations are generally largest for MPI-ESM1-2-LR, this is equally expected given that, among the three models, the original

MPI-ESM1-2-LR data has the smallest numerical representations of quasi-zero. However, even in the worst performing cases,

the relative deviations rarely exceed� 15% which compares pale to inter-model differences that reach deviations of more than

� 100%. The 10th and 90th quantiles of the gridded precipitation ensemble is displayed in Fig. B1 and B1 and highlight similar320

deviations over dry regions.

As exemplary shown in Fig. 3 for January, the emulator performs well in capturing inter-annual trends as well as inter-annual

variability across months and models. The emulator captures different precipitaton characteristics including quasi-stationarity

(MPI-ESM1-2-LR in SEA), shift in the mean precipitation (CanESM5 SCA or ACCESS-ESM1-5 NEU) and a widening of the
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