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Abstract. Weather generators allow anticipating unseen weather and help prepare for possible weather-related hazards by pro-

viding long continuous time series representative of a given climate. Accurately representing dependencies between variables

and locations within weather generators is challenging yet important – ignoring them can result in biased risk estimates. Daily

analog weather generators trivially capture spatial and multivariate dependencies within each single time step. These genera-

tors resample a historical dataset while ensuring that successive sampled days have consistent large-scale atmospheric fields,5

thereby also ensuring temporally consistent local weather to some extent. Nevertheless, analog weather generators so far un-

derestimate temporal correlations and are limited by the length of the available dataset they sample from, usually observations

or reanalysis data. We propose unseen-awg, an analog weather generator based on data from weather forecasts initialized with

historical conditions (reforecasts) and apply it to Europe in a case study. Combined with a novel tuning strategy and block

sampling, this large, high-resolution dataset representative of present-day climate allows unseen-awg to simulate weather for10

the full annual cycle, improve on the temporal continuity of the generated time series, and generate unseen extremes at a

daily timescale. We demonstrate that unseen-awg captures both the distributional properties of the individual variables and the

dependence between summer temperature and precipitation at the grid-cell scale. We further highlight its ability to simulate

droughts and heatwaves of unprecedented spatial extent. Combined with climate impact models, unseen-awg holds great poten-

tial for assessing weather-related risks across sectors such as water, agriculture, and forestry, domains that require simulating15

multiple variables and spatial dependencies across a large number of locations.

1 Introduction

Weather generators are an important tool for exploring the full range of plausible weather states in a given climate. They

allow anticipating risks and preparing for unprecedented extreme events (Kelder et al., 2025). Coupled with impact models,

weather generators can, for example, help understand variability in ecosystem processes (Fatichi and Ivanov, 2014; Anand20

et al., 2024) or assess flood risks (Qin and Lu, 2014; Winter et al., 2020; Chen et al., 2025). Most approaches for simulating

unobserved weather are based on multi-step parametric models (Wilks and Wilby, 1999). Yet a consistent major challenge

for these models is to accurately simulate complex dependencies across large sets of locations and variables, especially in

the tails of the distribution. Simulating weather fields with realistic spatial dependencies, however, is important for assessing
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risks associated with spatially compounding hazards such as concurrent floods in multiple catchments or large-scale droughts25

(Zscheischler et al., 2020; Li et al., 2026). Multivariate extreme value theory has been used to address this challenge to some

extent, but the resulting models are typically restricted to temporally aggregated event footprints (Peard et al., 2026) or do not

allow generating consistent daily weather (Boulaguiem et al., 2022). Other studies simulate spatial dependencies in variables of

interest, but highlight the difficulty of simultaneously approximating temporal, spatial, and multivariate dependencies (Brunner

et al., 2021). Recently, emulators and weather prediction models based on machine learning (ML) have risen to prominence30

(Kochkov et al., 2024; Watt-Meyer et al., 2025; Cresswell-Clay et al., 2025), but they are often trained on coarse-resolution

output of general circulation models, simulate few variables, and recent studies raise questions about their ability to represent

record-breaking events (Sun et al., 2025; Pasche et al., 2025; Zhang et al., accepted).

Analog weather generators (Yiou, 2014) offer an alternative with past applications including, for example, the construction of

plausible worst-case heatwaves and cold spells (Yiou et al., 2023; Sippel et al., 2024). This type of weather generator simulates35

new time series by resampling a historical dataset while enforcing temporally consistent large-scale atmospheric circulation.

As the time series is constructed step by step, consistency is achieved by ensuring that each newly appended day is either the

actual subsequent day from the historical dataset or an analog of it, that is, a day on which the large-scale atmospheric state is

similar. As a consequence, also local weather is indirectly constrained (Cariou et al., 2025). Analog weather generators simply

construct a new temporal sequence from the existing dataset; therefore, they automatically represent spatial correlations within40

each individual time step with the same fidelity as the underlying dataset.

The main limitation of analog weather generators is typically the size of the underlying historical dataset, which restricts

both the range of possible generated weather and the quality of the analogs. These generators simulate weather by temporally

resampling historical observations; consequently, generated time series are only capable of exceeding past records in aggregate

metrics (e.g., multi-day or seasonal means Yiou and Jézéquel, 2020), not for individual time steps. Additionally, even the closest45

analogs are often fairly dissimilar when the sample size is small, potentially creating discontinuities in the generated weather

time series. One way to increase the sample size could be using data from climate models or numerical weather forecasts

rather than direct observations or reanalysis data (Yiou et al., 2023). Climate models have rather coarse spatial resolutions

and strong biases in comparison to observations, which limits their applicability for generating input data for climate impact

models. An alternative are reforecasts (hindcasts), which are weather forecasts that are run together with modern operational50

forecasting systems; they use the same methodology but are started from historical initial conditions (Hamill et al., 2006).

Therefore, reforecasts constitute a large dataset of high-resolution simulations that are continuously validated in an operational

setting and closely tied to their observational initial conditions (ECMWF, 2023). The UNSEEN approach (UNprecedented

Simulated Extremes using ENsembles; Thompson et al., 2017; Kelder et al., 2020) makes use of these data to study rare and

extreme weather events for risk assessments (e.g., Van Den Brink et al., 2004; Klehmet et al., 2024; Benito et al., 2025), but55

its applicability is limited by the fact that available reforecasts tend to be either high in resolution but short in lead time, or

long-running but coarsely resolved.

Here we introduce unseen-awg, a weather generator that extends the analog methodology to reforecast data. We demonstrate

its usefulness by generating more than 10,000 years of stationary weather with realistic multi-variable and spatial dependencies
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over long time scales for Europe. Grounded in an extensive dataset, unseen-awg samples from a larger pool of plausible60

weather states and can rely on closer analogs. Unlike earlier work that focused on single seasons, our method generates the

full annual cycle and allows the generation of arbitrarily long weather time series from a present-day climate. In this way,

we are able to sample many different types of unprecedented extremes that extend in space and time. To increase the fidelity

of the generated weather, we develop a systematic approach for estimating unseen-awg’s parameters by optimizing forecast

skill. To the best of our knowledge, comparable optimization strategies have only been applied in analog forecast settings65

(Krouma et al., 2024), where optimization was performed over small, hand-picked sets of candidate values. Furthermore, we

propose sampling states in multi-day blocks to improve temporal consistency. We present a flexible Python code base that

allows user-specific modifications to many parts of the pipeline.

2 Data and methods

2.1 Data and pre-processing70

Reforecasts, that is, weather forecasts with a modern forecasting system but initialized from historical conditions, exist mainly

to measure and improve the calibration of prediction systems (Hamill et al., 2006, 2008; Hagedorn et al., 2008). In this study,

we use a subset of the “Extended ensemble forecast hindcast” dataset by the European Centre for Medium-Range Weather

Forecasts (ECMWF). The data consist of simulations with version 48r1 of ECMWF’s Integrated Forecasting System (IFS;

ECMWF, 2023). Reforecasts were produced twice a week at 00:00 UTC. On each selected day, a set of distinct ensemble75

reforecasts initialized with ERA5 reanalysis data (Hersbach et al., 2020) was generated, one for the same calendar date in each

of the past 20 years (e.g., on 1 January 2024, reforecast start dates were 1 January 2004, 1 January 2005, . . . , 1 January 2023).

The dataset contains one control and ten perturbed ensemble members; reforecasts run up to a lead time of 46 days at 6 h

temporal and 0.4◦ horizontal resolution. We aggregate the data to daily scale for the 0th to 45th forecast day by taking the daily

minimum, maximum, mean, or sum depending on the variable of interest. The full dataset spans June 2003–September 202380

and consists of reforecasts initialized on 128 different calendar dates in each of 20 years. Overall, the dataset contains

(1control run+10perturbed members)× (128×20) initializations×46days per forecast ≈ 3500 years of daily weather states.

While dependencies, especially for small forecast lead times and between consecutive initializations, clearly decrease the

effective sample size, the dataset remains extensive.

Each daily weather state in the reforecast dataset can be identified with a coordinate vector s := (tinit, tlead,m), where tinit85

is the initialization date, tlead indicates by how many days the forecast predicts into the future, and m indexes the ensemble

members. For each state, we downloaded variables characteristic of the large-scale atmospheric circulation x(s) (Z500hPa,

geopotential height at 500hPa), and variables that are relevant for impacts: daily minimum, maximum, and mean 2m tem-

perature, and daily total precipitation sums (T2m,min, T2m,max, T2m,mean, P ), summarized as y(s) (Fig. 1). We use Z500hPa

instead of alternative choices like sea-level pressure because it approximates the dynamical evolution of the atmosphere more90

directly (Gutzler and Shukla, 1984; van den Dool, 1989). While climate change induces trends in Z500hPa (Christidis and Stott,
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Table 1. Spatial extents and horizontal resolutions of the regions for computing analogs and simulating impact-relevant variables.

Analogs Impact-relevant

Latitude 30.0◦N–72.5◦N 30.2◦N–71.8◦N

Longitude 80.0◦W–40.0◦E 9.8◦W–39.8◦E

Resolution 2.5◦ 0.4◦

2015), we work with data representative of the climate of a comparatively short period. As a ground-truth dataset, we use the

years 2003–2023 of the ERA5 reanalysis dataset, which is produced using version 41r2 of IFS (Hersbach et al., 2020).

We define two areas for which we retrieve data (Table 1 and Fig. 1): Z500hPa analogs are computed over a large but coarsely

resolved region that influences weather in Europe, using an extent roughly similar to that in Yiou (2014). For impact-related95

weather variables, we use a smaller, more finely resolved region that roughly corresponds to the MED, WCE, and NEU regions

used in the IPCC’s Sixth Assessment Report (Iturbide et al., 2020). ERA5 data are interpolated to the chosen 0.4◦ horizontal

resolution; bilinear (for Z500hPa and T2m aggregates) and conservative (for P ) interpolations are used for regridding.

In both datasets, we set daily total precipitation values P < 1mmd−1 to zero to ensure non-negative precipitation and

avoid drizzle effects, as is commonly done when working with ERA52003−2023 data. Simple additive mean bias correction100

per grid point, day of year, and lead time is applied to temperature variables in the reforecast data using ERA5 as ground

truth. Sensitivity tests (splitting the dataset in half by initialization time, then comparing the biases computed on each half)

raised doubts on the robustness of the bias estimation for precipitation; therefore, bias correction is only applied to temperature

variables (more details in Appendix A1). More elaborate and statistically efficient bias estimation methods are conceivable, but

bias correction is not a focus of the study and applying a custom bias correction method to the provided uncorrected reforecast105

dataset is possible. To avoid limiting possible bias correction strategies, we do not set P < 1mmd−1 to zero in the dataset we

provide; instead, this pre-processing step is executed in later stages in the evaluation pipeline.

s = (tinit, tlead,m)

x(s)

y(s)

Figure 1. Illustration of the data used by the analog weather generator; s refers to a coordinate vector in the reforecast dataset with the corre-

sponding large-scale atmospheric circulation x(s) (geopotential height at 500hPa) and the impact-relevant variables y(s) (daily aggregated

total precipitation, daily minimum, mean, and maximum 2m temperatures). We visualize each variable with the same extent as used by

unseen-awg (Table 1).
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2.2 Methods

Our method, unseen-awg, generates weather data by reusing contiguous blocks of days from the reforecast dataset. The weather

generator simply constructs a new sequence from the reforecast days while the full spatial fields and all variables within each110

day are copied verbatim. Therefore, we can conceptualize each generated time series S as a simple lookup table into the

reforecast dataset

S =
[(

t
(1)
out, s

(1)
)
,
(
t
(2)
out, s

(2)
)
, . . . ,

(
t
(T )
out , s

(T )
)]

. (1)

In particular, the generated spatiotemporal multivariate dataset is fully determined by a list of tuples (tout,s) consisting of

a desired output time tout and the reforecast weather state s= (tinit, tlead,m) which the weather generator assigns to it. Time115

series are generated by alternating between two steps until a desired length is reached (Alg. 1). In the first step, a block of

reforecast days is appended to the generated time series: starting from a state sblockstart, the coordinate vectors of all following

states within a time τ are appended to the time series, i.e., (tinit, tlead,m), (tinit, tlead +1,m) , . . . , (tinit, tlead + τ − 1,m). The

block-size parameter τ can be chosen between 1 and 44 days, one day less than the maximum tlead in the dataset. The initial

state of the time series, i.e., the first sblockstart can be prescribed or randomly selected.120

In the second step, unseen-awg samples an analog of snext := (tinit, tlead+ τ,m), the true next state obtained by continuing

along the reforecast. This sampled analog is subsequently used as the next sblockstart (Fig. 2). For the sampling, we construct

a set of candidate analogs and require their lead time to be so small that we can extract a τ -long block of days from the

corresponding reforecast when starting the block with the candidate. Additionally, we demand that the analog’s calendar date

is within a window of half-width of ∆ days (default ∆= 10) of both the targeted output date tout and the valid time of snext,125

t
(next)
valid = tinit+tlead+τ . The windowed selections are introduced for computational efficiency and because differences in solar

irradiation would otherwise necessarily lead to unrealistic dynamics (Lorenz, 1969). Constraining the set of candidates further

is possible (Appendix A2).

Distances are computed between the large-scale circulation of each candidate state and x(snext). Following common prac-

tice, we use the Euclidean distance d(x1,x2) = ∥x1 −x2∥2 (e.g., Lorenz, 1969; Gutzler and Shukla, 1984; van den Dool,130

1989; Krouma et al., 2022). For simplicity, the distance computations do not include area weights. Using the results, we define

probabilities such that closer (more similar) analogs get sampled more frequently. We define

p(xc|xnext)∝ exp

[
−d(xc,xnext)

2

2σ2

]
. (2)

Here, xc is a shorthand notation for x(sc), the circulation of a candidate state; xnext is defined similarly. The parameter σ

determines how spread out the probability mass is; while it could vary with the day of year, we keep it constant for simplicity.135

Plugging the Euclidean distance into Eq. (2) leads to a Gaussian distribution p(xc|xnext)∝N (xc;µ= xnext,Σ= σ2I).
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Instead of normalizing the probabilities of Eq. (2), we use the Gumbel-max trick (Maddison et al., 2014) to sample directly

from the unnormalized log-probabilities, i.e., from −d(xc,xnext)
2/(2σ2). Squared distances d(xc,xnext)

2 can be precom-

puted to speed up simulations with unseen-awg.

The presented distance measure and probability distribution are default choices, but the weather generator framework allows140

these components to be varied, the distance computation can be extended to include multiple days. Tunable parameters like σ

provide additional flexibility for a given choice of model.

xlast

xnext

Figure 2. Illustration of the sampling procedure in unseen-awg. xlast denotes the large-scale atmospheric circulation of the state slast at the

end of the last block of days currently included in the generated time series. The weather generator assigns probabilities (blue shading) to

each state in the reforecast dataset based on the distance between its large-scale atmospheric circulation and xnext, the large-scale circulation

of the true next state that followed slast in the reforecast. Possible analogs are restricted to states with a calendar date that is similar enough

to that of xnext (blue filling) and to the calendar date of the targeted output time (orange filling). A new state is then randomly chosen among

the samples that fulfil both conditions (orange and blue filling) based on the assigned probabilities and a new block of consecutive days

starting from this state (orange dashed circle) is appended to the generated time series, see Alg. 1.

2.3 Optimizing weather generator parameters

By restricting the set of allowed analogs to those with tvalid := tinit + tlead smaller than a fixed date, the weather generator

can be used as an ensemble prediction system. We use the heuristic that a weather generator that produces skillful ensemble145

forecasts of Z500hPa should generate more realistic weather than a generator with lower Z500hPa forecast skill. Therefore, we

choose parameter values that optimize the generator’s predictive skill. We run tforecast-long analog ensemble forecasts with

block size τ = 1 and 80 ensemble members and optimize the forecast skill of unseen-awg quantified through the Continuous

Ranked Probability Score (CRPS, Gneiting and Raftery, 2007). For a 3-day forecast, we find an optimum at σ ≈ 2.5 decameters

(dam, Fig. 3a) and use this value as the default choice for unseen-awg. Results are robust to using 4-day forecasts instead (see150

Fig. A3). Identifying optima in forecast skill is easier for relatively short tforecast and τ ; for large tforecast, the weather generator

shows no skill over climatological forecasts. We expect parameters optimized for τ = 1 to perform well with larger block sizes
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Algorithm 1 Sampling a time series S with the weather generator.

Require: Initial coordinate vector s(0) =
(
t
(0)
init, t

(0)
lead,m

(0)
)

, set of all coordinate vectors in the dataset Call, targeted output date t
(0)
current

for the initial coordinate vector, block size τ , length of the time series to be generated nblocks given as a number of blocks of length

τ , probability model pσ , distance function d( · , ·) between atmospheric fields, distance function ddate( · , ·) between calendar dates,

half-width ∆ of sliding windows.

1: S← [ ], tcurrent← t
(0)
current,sblockstart← s(0) // Initialize variables

2: for i= 1 to nblocks do

3: (tinit, tlead,m)← sblockstart // Unpack coordinate vector

4: S← S⊕ [(tout = tcurrent + j, (tinit, tlead + j,m))]τ−1
j=0 // Follow reforecast and concatenate with generated time series

5: tcurrent← tcurrent + τ // Update output time counter

6: snext← (tinit, tlead + τ,m) // Determine “true” next state in reforecast dataset

7: C ← {s ∈ Call | ddate (tvalid(s), tvalid(snext))≤∆} // Form set of “candidate” analogs for snext based on date similarity

8: C ← {s ∈ C | ddate (tvalid(s), tcurrent)≤∆} // Restrict set of candidates to have date similar to assigned output date

9: D← {d(x(s),x(snext)) |s ∈ C} // Compute (or load precomputed) distances

10: Use D to sample sblockstart from pσ , e.g., according to Eq. (2)

11: end for

12: return Time series S =
[(

t
(1)
out, s

(1)
)
,
(
t
(2)
out, s

(2)
)
, . . . ,

(
t
(nblocksτ)
out , s(nblocksτ)

)]

too, provided that the parameters only influence transitions between reforecast segments. Appendix A3 further details the

forecast-based parameter optimization workflow and its results.

Time series generated with small block sizes τ lack temporal autocorrelation due to frequent transitions between reforecast155

blocks (Fig. 3b). While large-scale circulation variables like Z500hPa constrain local surface variables to some extent, there

is remaining variability (Cariou et al., 2025). Additionally, memory is lost during transitions between imperfect analogs. De-

creasing the number of transitions by increasing the block size τ partially resolves this problem (Fig. 3b). However, setting the

block size close to the number of days in each reforecast (i.e., close to 45) restricts the weather generator’s flexibility, because

larger blocks reduce the number of possible sequences and tie generated time series more closely to the weather evolution in160

the reforecast dataset. As a compromise between enhancing flexibility and preserving autocorrelation, we choose τ = 30 as a

default.

Unless stated otherwise, all following analyses are based on 500 21-year time series generated with the default setup of

unseen-awg (σ = 2.5dam, τ = 30, and ∆= 10).

3 Results165

Combining the analog weather generator method with extensive reforecast data rather than a comparatively short historical

dataset has notable advantages. Weather simulated with unseen-awg can exceed observed records on a daily scale. For example,

generated time series can include unprecedented high and low temperature values (Fig. 4a).
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Figure 3. (a) Using the weather generator as an ensemble-forecast model for varying σ reveals an optimum in forecast skill (minimum

of area-weighted average CRPS) around σ = 2.5dam, which is subsequently used as the default value in unseen-awg. (b) Interquartile

ranges for the temporal autocorrelation of T2m,mean in the grid cell closest to Leipzig, computed over summer (JJA). For the ground truth

(ERA52003−2023, dashed), the autocorrelation is estimated within each summer and interquartile ranges are computed over years; for data

simulated with unseen-awg (filled regions), quartiles are computed over all years in 500 generated 21-year time series.

An additional effect of the larger dataset size is that one can typically find better (closer) analogs among the reforecasts

than in reanalysis datasets (Fig. 4b). Smaller distances to analogs imply transitioning to more similar states when sampling170

analogs (Fig. 4c-g), minimizing jumps between blocks of reforecast days. In the analyses presented in Fig. 4, we excluded

candidate analogs with tvalid closer than 180 days to tvalid of the reference state – this is an optional configuration in unseen-

awg that is not active by default (Appendix A2). Representing dependencies between variables and locations is important

for capturing multivariate and spatially compounding events (Zscheischler et al., 2018), but is a challenge for many weather

generators. Therefore, after validating its annual cycle and grid-cell-wise statistics in Sect. 3.1, we test unseen-awg’s ability to175

represent the dependence between summer temperature and precipitation in Sect. 3.2, and explore whether it is able to simulate

unprecedented spatially-extensive droughts in Sect. 3.3.

3.1 Annual cycle and marginal distributions

With the default parameter settings, unseen-awg well reproduces the annual cycle of ERA52003−2023 (Appendix B1, Fig. B1).

In particular, generated temperature time series are visually similar to their ERA52003−2023 counterparts and there is no “lag”180

visible between the climatology of ERA52003−2023 and the generated time series for all but unrealistically extreme settings of

the weather generator parameters.

We further compare unseen-awg’s ability to reproduce different quantiles of temperature and precipitation at the grid-cell

scale. To this end, we compute quantiles of daily mean temperatures and wet-day precipitation amounts for unseen-awg sim-

ulations and the ERA52003−2023 ground-truth data (the latter are shown in Fig. 5a–e, p–t). Deviations from the ground-truth185

data vary regionally and with quantiles (Fig. 5, f–j, u–y). For daily mean temperature, deviations are strongly reduced if the
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Figure 4. (a) Maximum and minimum daily mean 2m temperature for each day of the year in the 0.4◦×0.4◦ grid cell that includes Leipzig,

Germany, for ERA52003−2023 (orange) and reforecast data (blue). (b) Distance to the best analog for ERA52003−2023 (orange) and reforecast

data (blue). (c) Strong omega block in the Z500hPa field on September 5, 2023. (d) Best and (e) second best analogs in ERA52003−2023 to

the event shown in (c). (f) Best and (g) second best analogs in the reforecast dataset to the event shown in (c). The tuples in the titles of (f)

and (g) indicate forecast initialization time, lead time, and ensemble member.

reforecast data are bias corrected (Fig. 5k–o). Bias correction substantially reduces quantile deviations for daily minimum and

maximum temperatures as well (not shown). For wet-day precipitation, relative deviations increase with increasing quantiles

(Fig. 5u–y). Small-scale spatial structures are visible in the deviations and there is an overall tendency towards overestimated

wet-day precipitation in generated data. We found bias estimation for precipitation to be unreliable (Sect. 2.1, Appendix A1);190

therefore, we do not apply bias correction for precipitation. We ran an unseen-awg weather generator with ERA52003−2023 data

instead of reforecast data and found strongly reduced quantile deviations for wet-day precipitation (Fig. C1). This suggests that

deviations in the quantiles are primarily due to differences in the underlying dataset, not the weather generator methodology,

observed discrepancies might be attributed to either systematic biases or the limited sample size of the ERA52003−2023 dataset.

Results are qualitatively similar when analyzing each season separately (not shown). As an additional diagnostic, we look at195

the distributions of daily mean 2m temperature and total precipitation for selected grid cells by using kernel density estimation

and quantile–quantile plots. For a sample grid cell containing Leipzig, Germany, the properties of the generated time series

closely match those of the ground-truth dataset across all seasons (Fig. C2).
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Figure 5. Empirical quantiles Qq for T2m,mean and total precipitation P (computed over days with P ≥ 1mm) in the ERA52003−2023

dataset (panels a–e, p–t) and average deviation of the same quantiles in 500 generated 21-year time series (f–j, k–o, u–y). Deviations are

computed additively for T2m,mean (f–j, k–o) and as relative deviations for P (u–y). Panels (k)–(o) show the quantile deviations after simple

additive bias correction has been applied to reforecast T2m,mean.

3.2 Correlation between summer temperature and precipitation

Capturing dependencies between seasonally aggregated variables with an analog weather generator is challenging: analogs200

– and consequently the transitions between blocks of reforecast data – are imperfect, and Z500hPa does not fully determine

local weather. At the same time, overlooking the dependencies between aggregate variables can distort estimated likelihoods of

multivariate events. Due to the relevance of the dependence between summer temperature and precipitation for the likelihood of
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compound hot and dry summers (Zscheischler and Seneviratne, 2017), we compare the joint distributions of June-July-August

(JJA) precipitation sums and JJA mean temperatures between ERA52003−2023 and unseen-awg simulations.205

When using a small block size (τ = 1), the spread in the marginal distributions and the negative correlation between the

seasonally aggregated variables appear underestimated; see Fig. 6a for an example in the grid cell containing Leipzig, Germany.

These deficiencies are mitigated when using a larger block size (Fig. 6b). In particular, the average strength of the negative

correlation over Europe tends to increase with increasing τ (Fig. 6c–f). A direct comparison with the correlation coefficients

estimated from ERA52003−2023 (Fig. 6g) is not advised due to ERA5’s substantially smaller sample size which leads to210

very uncertain estimates (Bevacqua et al., 2023). We therefore use the rank r ∈ [1,N +1] of the ERA52003−2023 correlation

coefficient among the coefficients computed from the N generated time series in each grid cell to compute p-values under the

null hypothesis that the ERA52003−2023 correlation coefficient is from the same distribution as the generated coefficients:

p=min

(
1,

2min(r,N − r+2)

N +1

)
. (3)

The proportion of grid cells for which the null hypothesis is rejected at the α= 0.05 significance level decreases with215

increasing τ (Fig. 6h–k): from 18.0% of valid grid cells when using τ = 1, to 10.0% for τ = 30 and further down to 9.1% for

τ = 44.

3.3 Spatially extensive droughts

Europe experienced several large-scale high-impact drought events in the last decade, including events in 2018–2020 and 2022

(Bakke et al., 2020; Rakovec et al., 2022; Bevacqua et al., 2024). Droughts often last several months or even years, which220

means long temporal windows should be used for drought analysis. We construct a large dataset of spatially connected drought

events generated with unseen-awg and test whether the distribution of the spatial extents of the events matches that obtained

from ERA52003−2023. We further explore generated events that exceed the observed maximal drought extent.

The following steps are performed per grid cell and per 21-year time series for both the 500 generated time series and

the ERA52003−2023 ground truth. We compute monthly precipitation sums and aggregate them into 12-month running totals.225

Given the running totals, we compute the empirical 20th percentile (per 21-year time series). For each time step in each time

series, we then aggregate spatially connected grid cells for which total precipitation is below the 20th percentile and record the

area A of the largest connected component (more details in Appendix B2).

We compare the distribution of A, the area of the largest connected drought event in each time step, between generated

and ground-truth data. The largest connected 12-month drought event for ERA52003−2023 occurs between January 2018 and230

January 2019 (Fig. 7a), which is a well-known historical event (Bakke et al., 2020). In the generated data, we find a roughly

50% larger event, covering most of France and large parts of Scandinavia, Central, Eastern, and Southeastern Europe (Fig. 7b).

Quantiles of the empirical distributions of A in ERA52003−2023 fall inside the range of the area quantiles derived from the

500 generated time series, suggesting that there is no systematic under- or overestimation of drought extents in the generated

data (Fig. 7c). Altered definitions of drought events (varying the threshold for defining droughts) yield qualitatively similar235
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Figure 6. (a) Averaged daily mean 2m temperature and precipitation totals of the 21 summers (JJA) in ERA52003−2023 in the grid cell

closest to Leipzig, Germany (black stars) and in the 500 generated 21-year time series with block size τ = 1 (blue markers). (b) Same as

(a) but for τ = 30. Gray and orange regions indicate unprecedented hot, dry, or hot-dry summers. (c) Pearson correlation between detrended

JJA averaged daily mean 2m temperature and detrended JJA total precipitation, estimated over the 21 years in ERA52003−2023. (d)–(g)

Same for generated time series; shown is the mean over the 500 estimated correlation coefficients. (h)–(k) For each grid cell, p-values are

estimated from the rank of the ERA52003−2023 correlation coefficient among the 500 generated coefficients. The grid cell is colored orange

if p < 0.05. A cell is colored gray if estimating a correlation coefficient is impossible for at least one time series.

results (Appendix B2). We also found comparable results performing a related analysis using single-day spatially coniguous

heat extremes (Appendix B2). This indicates that unseen-awg is able to simulate droughts and heatwaves with unprecedented

spatial extent, while the analysis on the quantiles supports the realism of the generated event magnitudes.

4 Discussion

The outlined analog weather generator is able to generate data for a present-day climate and incorporates mechanisms for240

preserving autocorrelation as well as multivariate and spatial dependencies over Europe. By resampling 30-day stretches and

using reforecast data, we are able to substantially improve the sampling pool and temporal consistency of unseen-awg. The

weather generator can be used to assess present-day risks of complex compound events that extend in time, space, or across
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Figure 7. (a) Largest connected component in which every land grid cell has an annual precipitation total below its 20th percentile in the

ERA52003−2023 time series of monthly rolling 12-month precipitation sums. (b) Same for time series generated with unseen-awg using

quantiles computed on the generated time series. (c) Distribution of connected areas under drought: The x-axis indicates the quantiles QA

of A, the area covered by the largest connected drought event in each time step, computed over the ERA52003−2023 dataset. The box plots

show the respective quantiles of A in the 500 time series generated with unseen-awg.

variables. Furthermore, the output of the weather generator can be used to force hydrological, vegetation or agricultural models

to study weather-related impacts such as floods, forest mortality and crop failure risks. In this way, the weather generator can245

also be used for stress testing climate-sensitive system, for instance by generating plausible storylines of worst-case events

(Sillmann et al., 2021).

Preserving autocorrelation (Sect. 2.3) and simulating realistic aggregated variables such as seasonal averages (Sect. 3.2) are

key challenges for dynamic analog weather generators. The large-scale atmospheric circulation poses a constraint on local

weather whose strength depends on scale, variable, region, and process (Cariou et al., 2025; Thompson, 2025). Sampling data250

in blocks of days can improve the representation of processes that are only weakly constrained by the circulation. Identifying

high-quality analogs in large-scale atmospheric fields has long been known to be challenging (Lorenz, 1969). The distance

to the closest analog scales exponentially with dimensionality of the system (van den Dool, 1994); therefore increasing the

dataset size has limited effects (“curse of dimensionality”). Indeed, the distances to the closest analogs in the reforecast dataset

are smaller than those in the ERA52003−2023 dataset, but of the same order of magnitude (Fig. 4b). Although the reforecast255

dataset is much larger, typical distances are still substantial: when excluding data from within 180 days of the reference state,

the distance to the best analog is comparable to the distance between two ensemble forecast members at a lead time of roughly

6 days (Fig. B4, further analyses in Appendix B3). Computing analogs over a smaller area reduces the number of degrees of

freedom, but this improves analog quality at the cost of weaker constraints on the dynamical evolution of the system (van den

Dool, 1994). Analog approaches in attribution or forecasting usually operate with sets of analogs (van den Dool, 1994; Lguensat260

et al., 2017; Platzer et al., 2021), but these methods do not transfer easily to the setting of generating a single realistic weather

time series. Despite these known limitations, we illustrate that using reforecast data and longer stretches before switching to

the next analog substantially improves key properties of the generated weather.
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The fidelity of the weather generated by unseen-awg is tied to the fidelity of the underlying dataset, which has known limi-

tations compared to real observations, in particular for precipitation (Lavers et al., 2022). However, by their nature, reforecasts265

are continuously validated in an operational setting, and they are more closely tied to real-world climate variability than free-

running simulations with climate models (Kelder et al., 2020). Caution is advised when interpreting return levels of generated

data: reforecast data do not necessarily constitute a representative sample of possible weather states. For small lead times,

members of the same ensemble reforecasts are similar to each other and to the ground truth, causing a denser sampling of

this subregion of possible weather than expected. On the other hand, some plausible weather states may be never be generated270

by unseen-awg if their occurrence depends on values of long-term oscillations in the climate system that were not observed

between 2003 and 2023.

Generating weather data with unseen-awg is fast: sampling a 21-year time series with default parameter choices and using

precomputed similarities takes less than 5 minutes on a single CPU core and uses less than 1GB of memory. Each generated

time series can be stored as a look-up table (Sect. 2.2) and requires only 300KB of memory. However, storing the precomputed275

distances requires roughly 500GB of disk space when using the full reforecast dataset. Distances can also be computed on

the fly, but this slows down simulations by orders of magnitude. The size of the reforecast dataset poses challenges. Compu-

tational and memory footprints of the weather generator scale linearly with dataset size when lazy computations are used and

quadratically if distances are precomputed. While precomputing is already demanding given the size of reforecast dataset, it

may become prohibitively expensive for even larger datasets.280

There are rapid advances in the application of machine learning to forecasting and emulating the climate system. While

ML weather prediction models reach impressive forecast accuracy, some tend to produce blurry atmospheric fields for long

time series (Lam et al., 2023) or become unstable (Karlbauer et al., 2024). The performance of ML methods on record-

breaking extreme events remains uncertain (Zhang et al., accepted), which are of particular interest when studying impacts.

ML-based emulators of the atmosphere or coupled atmosphere-ocean models exist (Kochkov et al., 2024; Watt-Meyer et al.,285

2025; Cresswell-Clay et al., 2025). However, they are often coarsely resolved, may lack variables of interest, and in some cases

they exhibit limited long-term stability (Kochkov et al., 2024). More work is needed to assess their ability to reproduce extreme

weather.

Future work may try to improve unseen-awg through more elaborate measures of distance. A low-dimensional representation

of the atmospheric circulation might be obtained through dimensional reduction methods like principal component analysis/em-290

pirical orthogonal functions (e.g., Zorita and von Storch, 1999) or using machine learning. Ideally, distance measures should

depend on the day of year or even the last state included in a time series. However, learning such a measure from data is chal-

lenging. Future research could focus analog computation on impact-related variables by learning a tailored representation from

Z500hPa fields or by including more variables in the similarity computation (e.g., Horton et al., 2017). Including covariates

to better capture slow modes of variability is also conceivable and computing analogs between sequences of days instead of295

single days is already possible within our framework. Alternative reforecast datasets are available with longer lead times and

lower spatial resolution, or shorter lead times and higher resolution (Vitart and Robertson, 2018; ECMWF, 2023). Depending
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on the problem at hand, different choices might be desirable. Coupling unseen-awg with impact models can be used to guide

the selection of evaluation metrics for the weather generator.

5 Conclusion300

We present an approach for generating long stretches of spatiotemporal weather data over Europe representative of present-day

climate. Our method, unseen-awg, combines an analog weather generator with unseen data from a large reforecast dataset.

It thus bridges recent approaches for anticipating unprecedented weather (Kelder et al., 2025) with the analog approach. By

enabling the creation of large forcing datasets for climate impacts models, one can use it to assess present-day climate risks

across different climate-sensitive sectors. To ease user uptake, we develop a flexible python framework that implements unseen-305

awg, present suggestions for optimizing parameters, and evaluate it from multiple points of view and across a set of analyses

directly tied to weather-related impacts.

Unseen-awg inherits challenges from the approaches it builds on: it uses weather forecast data instead of observations,

and generated time series include imperfect transitions between blocks of analog states. At the same time, it also has clear

advantages over the individual approaches: arbitrarily long time series can be generated, we can find better analogs than in310

observational datasets, and unlike traditional analog weather generators, the generated time series can contain unprecedented

events at daily scale.

Given this trade-off and the necessary careful validation of the weather generator’s output for each system of interest,

unseen-awg holds promise for studying many types of impacts, especially various types of compound events for which captur-

ing spatiotemporal aspects in the analysis matters. To this end, we provide more than 10,000 years of synthetic daily European315

weather data, including total precipitation and minimum, maximum, and mean temperature. Further variables can be down-

loaded from ECMWF’s operational archive. We also release a weather generator instance with precomputed distances for rapid

generation of additional data, as well as the preprocessed reforecast dataset needed to develop new weather generators.

Appendix A: Methodology

A1 Bias estimation320

We estimate biases for each impact-relevant variable, location, day of year, and lead time separately. First, climatologies are

computed for ERA52003−2023 and the reforecast dataset per variable, location, day of year and lead time. Forecast initializa-

tions in the reforecast dataset are not uniformly distributed. Therefore, to compute daily climatologies we group data for a

given location and lead time by the day of year of its valid time (tvalid = tinit+tlead) and then compute the average within each

group. We impute values for days of year with no data using linear interpolation and periodic boundary conditions to bridge325

the year-end discontinuity. Finally, we smooth the resulting climatology by applying a temporal rolling mean with a default

window size of 61 days (half-width of 30 days). To prevent inconsistent sample sizes from biasing the estimates, we only use
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a subset of ERA52003−2023 by restricting its temporal domain to those time steps available in the reforecast dataset for a given

lead time. Biases are then computed additively for temperature variables and as relative biases for precipitation:

Bias
(doy,loc,tlead)
T2m

= T
(doy,loc,tlead)
2m,reforecasts −T

(doy,loc,tlead)
2m,ERA52003−2023

330

Bias
(doy,loc,tlead)
P = P

(doy,loc,tlead)
reforecasts /P

(doy,loc,tlead)
ERA52003−2023

− 1

Overlines indicate climatological means, doy and loc are shorthands for day of year and location, and the ERA52003−2023

quantities include a tlead index due to subsetting to available reforecast dates. The bias computation for 2m temperatures is the

same for T2m,min, T2m,max, and T2m,mean. For precipitation, we include all days (i.e., also dry days) in the computation of the

climatology and the bias.335

To test the reliability of the bias estimation, we split the reforecast dataset into subsets and assess how similar the estimates

from different subsets are. This is done by randomly splitting it into two halves by its initialization time steps tinit. Qualitatively,

patterns seem consistent between the subsets for 2m temperature biases (Fig. A1 for T2m,mean), but for precipitation, the bias

estimation yields patterns that vary strongly between the two random subsets (Fig. A2), with especially large variability in dry

regions. Results for T2m,min and T2m,max are comparable to those for T2m,mean (not shown). The main findings do not change340

when tlead is held constant instead of the day of year or when chronological splitting is used instead of random splitting (not

shown).

A2 Restrictions on the set of candidate states

In addition to the constraints presented in Sect. 2.2 (an analog must be a valid start of a new block; its calendar has to be within

a window of half-width ∆ around both the targeted output date and the valid time of the true next state), users can further345

restrict the set of candidates. These additional restrictions can be set for each simulated time series separately. By default, only

the constraints presented in Sect. 2.2 are employed.

Useful additional implemented restrictions include avoiding direct repeats of the same coordinate vector slast, assuring

a minimal calendar distance from tvalid(snext), or disallowing the selection of analogs past a certain date. The last option

is particularly useful when employing the weather generator as a forecast model; the second-to-last could be used to avoid350

sampling analogs from within the same year.

In practice, the constraints are implemented within the module that defines probability models, e.g., together with the one

defined in Eq. (2), by setting the probability of sampling a state for which the condition is not fulfilled to zero (or equivalently

setting the log-probability to −∞).

A3 Parameter tuning355

To select values of the parameter σ in Eq. (2), we use the heuristic that a weather generator that produces good ensemble

forecasts should also generate more realistic weather time series than a weather generator with bad forecast skill. As described

in Appendix A2, it is possible to disallow analogs with a valid time later than a fixed date from being included in a generated
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Figure A1. Additive T2m,mean bias (reforecast climatological mean minus ERA52003−2023 climatological mean) for 1 January and varying

lead-time tlead. The reforecast dataset was split into subsets 1 and 2 randomly along the tinit dimension and the bias was computed for each

subset separately.
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Figure A2. Relative mean precipitation bias (reforecast climatological mean divided by ERA52003−2023 climatological mean minus 1) for

1 January and varying lead-time tlead, computed including both wet and dry days. The reforecast dataset was split into subsets 1 and 2

randomly along the tinit dimension and the bias was computed for each subset separately.
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time series. We set this fixed date as the start dates of the analog ensemble weather forecasts, thereby preventing the weather

generator from using “future weather” in its generated time series.360

We use all weather states with tlead = 0 and unperturbed ensemble member m= 0 to construct a ground-truth dataset. We

initialize the analog forecasts with a state in this ground-truth dataset, generate a forecast time series using the block size τ = 1,

and compare results against the corresponding sample in this ground-truth dataset. This results in a restriction on the possible

analog forecast lengths, because ground-truth states are typically separated by intervals of 3 or 4 days (for most weeks, our

reforecast dataset contains two reforecast starting dates, see Sect. 2.1).365

We choose 500 initial conditions randomly among all points in the ground-truth dataset for which we also have a valid

ground-truth data point against which we can compare predictions (e.g., for a possible initial time t0 and 3-day forecasts, we

make sure that also the sample 3 days after t0 is in the ground-truth dataset defined above). We also ensure that all months

appear roughly equally often in the set of initial conditions. Ensemble forecasts are created using 80 ensemble members

and compared to two baselines: persistence and (probabilistic) climatological forecasts. The climatological forecast uses the370

empirical distribution over all past data with the same day of year as the target tvalid as its prediction, while the persistence

forecast simply returns its initial condition. Forecast performance is quantified by the area-weighted mean Continuous Ranked

Probability Score (CRPS; Gneiting and Raftery, 2007).

For small σ, the analog forecast behaves like a persistence forecast. This is because in this case the weather generator chooses

the most similar state to be the true next state with exceedingly high probability and, with the restriction of not sampling from375

the future, the most similar state to (tinit, tlead = 1,m= 0) will most likely be (tinit, tlead = 0,m= 0) or potentially some

other ensemble member m′. When σ is large, the weather generator will assign roughly equal probabilities to each candidate

state; therefore, the behavior gets similar to climatology forecasts (Fig. A3). At intermediate scales, we find an optimum σ∗, for

which the analog CRPS is smaller (better) than that of the persistence and climatology forecasts. There are subtle differences

between the two edge case behaviors of analog forecasts, and persistence and climatology forecasts respectively: for very380

small σ, we tend to find a slightly better forecast skill than for persistence, because the analog forecast is effectively the closest

analog of (tinit, tlead +1,m) in the dataset before the forecast initialization. Therefore, the analog weather generator has a

small advantage through this one-day “look-ahead”. For very large σ, differences in skill compared to climatology arise from

the limited size of the analog ensemble forecast (which leads to an incomplete estimation of the full climatological distribution).

For a forecast lead time of 3 days, σ∗ ≈ 2.5dam (Fig. A3a), while for a weather generator using the same methodology385

but ERA52003−2023 data, we find σ∗ ≈ 4.0dam (Fig. A3c). The optima stay at similar values when evaluating 4-day forecasts

instead (Fig. A3b, d). One would expect a smaller optimal sigma for a dataset with better analogs (i.e., closer nearest neighbors);

indeed, we observe a smaller optimal σ for the reforecast dataset compared to when ERA52003−2023 is used. Distances to the

best analogs in these datasets are studied in Appendix B3.

Other parameters could be tuned similarly, e.g., one could also compare alternatives to the default choices for computing390

distances between analogs and for assigning probabilities based on the distances in Eq. (2).
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Figure A3. Tuning the σ parameter in Eq. (2) of unseen-awg with the goal of optimizing 3-day or 4-day forecast accuracy. (a, b) Weather

generator using ERA52003−2023. (c, d) Weather generator using reforecast data; (c) shows the same data as Fig. 3a. Each data point is the

area-weighted CRPS-average over the entire spatial domain and over forecasts started from 500 randomly selected initializations. Dash-dotted

line: average CRPS of persistence forecasts for the same set of initial conditions. Dotted line: same for probabilistic climatological forecasts.

Optuna (Akiba et al., 2019) was used to efficiently explore plausible values of σ, vertical lines indicate default choices of σ = 2.5dam for

the reforecast-based weather generator and σ = 4.0dam for the ERA5-based weather generator.

Appendix B: Additional analyses

B1 Annual cycle

The generated time series do not show a major lag in their annual cycle when compared to ERA52003−2023 (Fig. B1a). For

an arbitrary year and the grid cell closest to Leipzig, Germany, true and generated time series are visually similar (Fig. B1b).395

Analyzing the differences between the day of year of tvalid, the true date of the sample within the reforecast dataset, and day of

year of tout, the date that gets assigned to the sample in the generated time series, we obtain a symmetric histogram with most

cases showing small lags (Fig. B1c). Here, we exclude days with tout in DJF from the time series to simplify the analysis.

Under extreme conditions (σ very small, τ = 1), we obtain a skewed distribution (Fig. B1d, blue histogram). In this case,

because of the small σ, the generated time series follow a single reforecast without doing any transitions until there are no more400

forecast days left that could be included next (i.e., reaching the sample with tlead = 44). In some cases, this last state in the

reforecast will itself be the best analog of its successor and will therefore be repeated in the time series with high probability.
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This leads to the days of year of tvalid lagging behind those of tout. The window of half-width ∆ centered on tout restricts how

large these lags can get. It is possible to choose a configuration of the weather generator that precludes repeats by excluding

them from the list of valid candidates in the sampling process (see Sect. A2), but as this is not a concern for default parameter405

settings, the setting is not active by default.

Having a windowed selection of analogs centered on tout partially enforces that generated time series follow an annual cycle.

Having a small window is therefore beneficial, but it reduces the set of valid analogs. This is less of a problem in the much

larger reforecast dataset than when working with ERA52003−2023 or observational data.

B2 Spatially compounding extreme events410

After binarized datasets are obtained as described in Sect. 3.3, we aim to identify spatially connected components within

each 12-month aggregate time step. To do this, we use the scikit-image python library (van der Walt et al., 2014) and search

for connected components using 8-connectivity. Only land area is included in the dataset while oceans are masked out. We

compute the area-weighted size of each component and only keep the largest event for each time step. We compute the area of

the largest component relative to the total land area within our study domain. We repeat the analysis in Sect. 3.3 using different415

quantile thresholds: above, we defined drought conditions as having a 12-monthly precipitation sum below the 20th percentile

in the respective grid cell. We repeat the analysis for the 10th and 5th percentile, obtaining comparable results (Fig. B2).

We also analyze spatially connected heat events using a similar methodology. To study single hot days, the following oper-

ations are performed per grid cell and time series (for each generated and ERA52003−2023 ground-truth time series). We filter

the time series to only include days in JJA and compute the empirical 90th, 95th and 98th percentile over the selected subset.420

We then binarize the time series as above depending on whether the corresponding percentile is exceeded and extract the largest

spatially connected components within each day. Again, the Q–Q plots computed from the distribution of true and generated

event area A over time do not indicate clear trends towards overestimation or underestimation. For the ERA52003−2023 re-

analysis data, the largest connected event occurs during the 2010 heat wave for all tested thresholds (Fig. B3). We observe

substantially larger extents in the generated dataset. Interestingly, the same state in the reforecast dataset (tinit = 29 July 2012,425

tlead = 28,m= 8) gets selected for all three thresholds.

To study short events like daily heat extremes it is not strictly necessary to use unseen-awg as this application is not limited

by the maximum reforecast lead time in the reforecast dataset. Potentially, the weather generator helps produce a more realistic

distribution by avoiding oversampling dependent states at small lead times but one would have to study this more systematically.

B3 Distances to best analogs430

While the distance between a base state and its best analog (nearest neighbor) is smaller than the distance to a random analog

(a random state from a similar calendar date), both distances are still on a similar order of magnitude: the average distance

to the best analog is roughly 40% of the distance to a random analog in the reforecast dataset (Table B1, roughly 60% in

the ERA52003−2023 dataset). We exclude potential analogs within 180 d of each reference state to avoid sampling strongly

dependent atmospheric conditions.435
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Figure B1. Comparing the annual cycle of generated time series to ERA5 (2003–2023). For all panels and each configuration, we generated

500 21-year time series using unseen-awg with default parameter values unless mentioned otherwise. (a) True and generated T2m,mean for

each day of the year, averaged over time, space (area-weighted), and generated time series. (b) True T2m,mean time series for the grid cell

closest to Leipzig in 2003 and one randomly chosen generated time series. The initializations of generated time series are random, so no

one-to-one comparison is possible with the ERA5 year. (c) Pooled histogram of the lag between the day of year of tout, the “output time”

the weather generator assigns to a sample, and tvalid, its actual date in the reforecast dataset. (d) Same as (c) but using τ = 1.

Although the reforecast dataset is much larger than ERA52003−2023, the nearest neighbors are not much closer, a conse-

quence of the “curse of dimensionality”. Another consequence is that the distance to the kth best analog varies only weakly

with k (Fig. B4). Consequently, for each base state, there are typically many analogs in the reforecast dataset closer than the

best analog in ERA52003−2023: In roughly half the cases, distances to 300 analogs in the reforecast dataset are smaller than
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Figure B2. Same as Fig. 7, but in addition to the analysis for annual precipitation totals below the 20th percentile only (a)–(c), it also include

analyses for q = 0.1 (d)–(f) and and q = 0.05 (g)–(i).

the distance to the best analog in ERA52003−2023. This may seem surprising given that the distance to the best analog in the440

reforecast dataset is not much smaller than that to the best analogs in ERA52003−2023 (Table B1).

We compare typical distances between a base state and its closest analog to the typical distance between two members of

the same ensemble forecast at a given tlead. To do so, we compute typical distances between ensemble members for various

lead times in the reforecast dataset. Typically, a base state and its best analog in the reforecast dataset are roughly as far apart

as two ensemble forecast members at a lead time of 6 days (Fig. B4, roughly equal for 7 days or 8 days for the ERA52003−2023445

dataset).

Appendix C: Figures

This section collects additional figures not associated with any of the appendix sections.
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Figure B3. (a), (d), (g) Largest connected component in which every grid cell has a higher T2m,mean than the q quantile in the

ERA52003−2023 JJA time series. (b), (e), (h) Same for 500 time series generated with unseen-awg using quantiles of the respective gen-

erated time series. (c), (f), (i) Studying the distribution of connected areas under heat. The x-axis indicates quantiles QA of A, the area

covered by the largest connected heat event, computed over the the ERA52003−2023 dataset. The box plots show quantiles of A in the 500

time series generated with unseen-awg.

Table B1. Mean Euclidean distances between large-scale atmospheric circulation states and their best and random analogs (i.e., randomly

selected from set of all valid candidates). Estimates are computed over 1000 randomly selected base states. 2.5%–97.5% confidence intervals

for the estimated mean are computed through bootstrapping with 9999 bootstrap resamples.

Dataset E∥x−n1(x)∥ [dam] E||x−nrandom(x)|| [dam]

Reforecasts 6.50 (6.42, 6.59) 15.39 (15.30, 15.48)

ERA52003−2023 8.94 (8.83, 9.05) 15.56 (15.47, 15.65)
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Figure B4. Ratio of the average Euclidean distance between a random large-scale atmospheric state and its kth best analog (i.e., kth nearest

neighbor) to the average Euclidean distance between two random members of a single reforecast ensemble forecast at lead time tlead.
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Figure C1. (a)–(e) Quantiles Qq for daily total precipitation P in the ERA52003−2023 dataset (computed on days with P ≥ 1mm). Average

deviation of the same quantile in 500 21-year time series generated with unseen-awg weather generators based on ERA52003−2023 (f)–(j)

and reforecast data (k)–(o). Deviations are computed relatively as indicated in the colorbar labels.
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Figure C2. Marginal statistics of true and generated time series in grid cell closest to Leipzig, Germany, split by season. (a–c), (e–g), (i–k),

(m–o) Kernel density estimate plots for ERA52003−2023 (black) and 500 21-year time series generated with the standard setup of unseen-awg

(orange). (d), (h), (l), (p) Quantiles q = 0.025,0.050, . . . ,0.975 of total precipitation on days with P ≥ 1mm for ERA52003−2023 (x-axis)

and the generated time series (y-axis, min–max ranges computed over the values obtained from the 500 time series).
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Code and data availability. We release an instance of unseen-awg with precomputed similarities and 500 21-year simulations with the

weather generator are available (https://doi.org/10.26050/WDCC/unsawg_wg; Wider and Zscheischler, 2026b). Datasets of geopotential450

height at 500hPa and impact-relevant variables stored too (https://doi.org/21.14106/43da459a79e9f91e817e0b8690d494e8e91a00a5; Wider

and Zscheischler, 2026c). Here, we archived preprocessed data from ECMWFs “Extended ensemble forecast hindcast” dataset (ECMWF,

2023) and the ERA5 reanalysis (Hersbach et al., 2020). All data are available under a CC-BY 4.0 license. The model code uses an MIT

license and is split into a main repository for the unseen-awg weather generator itself (https://doi.org/10.5281/zenodo.19698709; Wider and

Zscheischler, 2026d), and a secondary repository for reproducing our evaluation results (https://doi.org/10.5281/zenodo.19698739; Wider455

and Zscheischler, 2026a). We also created a user guide for unseen-awg (https://jonathanwider.github.io/unseen-awg; Wider and Zscheischler,

2026e). The user guide contains instructions on how to utilize the archived data within the unseen-awg framework.
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