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ABSTRACT

Recent changes in climate made previously predictable temperature and weather
patterns increasingly unreliable, giving rise to increased volatility and extreme
events such as prolonged heat waves, abrupt cold spells, and erratic tempera-
ture shifts. This growing unpredictability challenges the capabilities of physics-
based climate models, particularly as low-return-rate temperature patterns become
more common. In this paper, we present a machine learning approach based on
ClimODE to generate projections of future climate scenarios conditional on spe-
cific temperature quantiles, treated as classes. Our Uniform Quantile ClimODE
(UQClimODE) approach presents itself as a promising tool to capture these atyp-
ical patterns, to identify localized impacts, and to enable proactive planning for
climate adaptation and resilience under different scenarios.

1 INTRODUCTION

In recent decades, frequent heatwaves and persistent high summer temperatures have been observed
across the globe, shifting significantly from past climate patterns (Materia et al., 2024; Hao et al.,
2022; Fischer et al., 2021). Despite their substantial societal and environmental consequences, ana-
lyzing such conditions remains challenging due to limited compound observations of extremes and
the high computational cost of simulating such events (Barriopedro et al., 2023). Recent works are
focusing on modeling rare events through phenomenological theories of their occurrence (Horton
et al., 2016; Messori et al., 2018), incorporating rare event algorithms (Lucarini et al., 2023; Ragone
& Bouchet, 2021), large deviation theory (Gálfi et al., 2021; Galfi & Lucarini, 2021; Ragone et al.,
2018) and extreme value theory (Philip et al., 2022; Thompson et al., 2022), and ensemble boosting
(Fischer et al., 2023) to reproduce similar conditions and simulate meaningful scenarios.
From a statistical perspective, generative models can help simulating, reproducing, and analyzing
extreme weather conditions. This capability can inform decision-making, provide stress tests and
scenarios for disaster preparedness, infrastructure planning, and climate adaptation and mitigation
strategies, ultimately contributing to more effective responses to the growing challenges posed by
climate change.
This paper presents the Uniform Quantile ClimODE (UQClimODE) generative model, an initial
step towards generating specific but realistic time series of extreme weather conditions. It offers a
novel statistical framework to study abrupt climate changes and their regional impacts. Due to the
scarcity of atypical and rare observations, we leverage ERA5 reanalysis data (Hersbach et al., 2020)
to capture underlying climate dynamics and model coherent scenarios in space and time. We further
guide the model to generate specific atypical temperature regimes through discriminative training
(see Figure 1).

2 METHODOLOGY

Throughout the paper t ∈ R denotes time and x = (h,w) ∈ Ω = [−90◦, 90◦] × [−180◦, 180◦]
denotes the location in latitude-longitude encoding. ∇x, ∇ in short, denotes spatial gradients
with respect to x, u̇ = du

dt is the time derivative of the variable u, · is the inner product
on the spatial coordinates and for the spherical vector v, ∇ · v = Tr(∇v) is the divergence.
We assume that the climate variables are described by a K-dimensional spatio-temporal process
u(x, t) =

(
u1(x, t), ..., uK(x, t)

)
(uk : Ω × R → R). The target region, denoted by X ⊆ Ω is the

region of focus of analysis. We use uX (t) = (u(x, t))x∈X to denote the climate process restricted
on the region X . Additionally, let U(X ) represent the space of all possible values of uX .
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Figure 1: Average global predicted temperature for the most likely 365-day sequences in 2017. The
dashed line corresponds to the observed mean, while shaded areas depict the different observed
quartile classes. The first (“cold”) and last (“hot”) predicted quartiles are shown in blue and red,
respectively. The star marks the initial condition to which the model simulates the season.

To generate scenarios with specific conditions, we systematically classify the restricted climate pro-
cess into distinct categories. These categories are determined based on the values of a query function
applied to the restricted climate process. Each instance of the restricted climate process is then as-
signed a label corresponding to its respective category.
Formally, the query function q : U(X ) → R is any measure of the restricted climate process, such
as the average temperature over the region X . We partition the output of the query function into Q
distinct target classes and assign labels y ∈ [Q] to instances of restricted climate process uX (t),
based on the value of their query function. Given the query function, the target classes are extracted
in a pre-processing step and the labels are paired with the observations uΩ(t). In this paper, we label
each observation using the quartiles of the average temperature over the X region for each day of the
year. Specifically, observations with an average temperature lower than the first quartile of that day’s
average temperature are assigned label 1 (“cold” regime, referred to as “first quartile”), whereas ob-
servations with an average temperature higher than the third quartile are assigned label 4 (“hot”
regime, referred to as “last quartile”). These temperature classes are used to generate sequences
that capture heat waves and cold spells within the region of focus for analysis while reflecting the
average observed dynamics. To model the climate process, we build on the recent success of the
ClimODE model (Verma et al., 2024), adapting it to address the specific challenges of our problem.

2.1 CLIMODE MODEL OVERVIEW

ClimODE is a physics-based model designed to improve the inductive bias of climate models, while
increasing the interpretability of its predictions. It relies on the Partial Differential Equation (PDE)
of advection (1 and 2) as a prior to explain the evolution of the K-dimensional climate process
u(x, t). Along the advection process, the transport and concentration of the air mass are modeled by
auxiliary flow vector fields v(x, t) = (v1(x, t), ...,vK(x, t)) (vk ∈ Ω). Formally, for 1 ≤ k ≤ K,

u̇k(x, t) = −∇ · (uk(x, t)vk(x, t)) , (1)
v̇k(x, t) = f(u(x, t)), (2)

where the function f is an unknown function of the evolution of the flow vector field at time t and lo-
cation x. f(·) is approximated by a function fθ(·,v(x, t), ψ(x, t)) parametrized by θ and additional
context information ψ(x, t). The model accounts for the observation noise over the deterministic
advection sequence with a Gaussian likelihood, N (uobs(x, t);u(x, t) + µθ(x, t),Σθ(x, t)).
The ClimODE model is particularly valuable as it requires a low amount of training data and pro-
duces accurate sequential predictions in time, from low spatial resolution variables.

2.2 THE PROPOSED UNIFORM QUANTILE CLIMODE MODEL

ClimODE is not suitable for generating sequences from predefined target classes, such as different
temperature regimes. Since ClimODE is parameterized in terms of an ODE, we need to identify its
initial conditions, solve the ODE, and backpropagate through the sequence. Furthermore, ClimODE
implements attention blocks inefficiently and processes the observations without considering their
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structure. The model struggles to generate temporally stable predictions and diverges when the
sequence length extends beyond the one used during training. To improve scalability and produce
reliable long-term sequences that align with the desired target classes of the process, we introduce
the UQClimODE with the following modifications. UQClimODE models the climate process with
the advection-inspired Stochastic Differential Equation (SDE),

duk(x, t) = −∇ · (uk(x, t)vk(x, t)) dt+ µθ(x, y)dt+
√
2ΣdBt, (3)

where dBt is a Brownian motion (Oksendal, 2013). This difference to ClimODE provides a more
natural representation of the process and enables several extensions that enhance the predictions.
Flow parametrization: Instead of the evolution function, we directly parameterize the flow vector
field vθ(x, t) = Fθ(u(x, t),∇u(x, t), ψ(x, t)) and we use one-step-ahead predictions to learn the
climate process. This in turn enables the use of teacher forcing (see Appendix A.1) during training,
providing stronger gradient signals and stabilizing long-term prediction.
Feature extraction: We encode the day of the year t, the geographical coordinates h and w, and the
target temperature class labels y (i.e. quartiles) using trigonometric embeddings,

ψ(x, t) =

[
sin

2πh

180
, cos

2πh

180
, sin

2πw

360
, cos

2πw

360
, sin

2πt

365
, cos

2πt

365
, sin

y

100000.02
, cos

y

100000.02

]
.

These feature encodings are concatenated to climate variables u(x, t), the spatial gradient ∇u is
evaluated with spherical padding of u(x, t) and used as input to the corresponding neural network.
Tokenizing observations: UQClimODE addresses the model scalability issue by leveraging pow-
erful UNets (Ronneberger et al., 2015) for the parameterization of µθ and vθ. UNets are typically
used to estimate the drift function in diffusion models (Ho et al., 2020; Song et al., 2020), and for
the SDE in Equation 3 they lead to more accurate predictions.
Decomposing seasonality and volatility: The model performs best when the advection flow net-
work vθ incorporates all extracted features ψ(x, t), while the mean of the residual pattern µθ uses
embeddings other than time. This result is intuitive, as temperature volatility, which largely de-
termines the temperature class, is expected to be mostly independent of the seasonal variations.
Therefore, the overall mean of the model likelihood is given by

uθ(x, t+∆t, y) = uobs(x, t) + ∆t (−∇ · (uobs(x, t)vθ(x, t)) + µθ(x, y)) . (4)

Training loss: We jointly minimize the negative log-likelihood of the one-step-ahead observations
and cross-entropy loss as

L(θ,D) =
1

N

N∑
i=1

{
logN

(
u
(i)
obs;u

(i)
θ ,Σ

)
+ λ log softmaxy(i) (L (q ((uθ)X )))

}
,

where L : R → RQ is a single layer classifier that returns logits of the target classes based on the
query function value of the prediction, and λ controls the contribution of cross-entropy.

3 EXPERIMENTS

Our experimental setup is similar to Verma et al. (2024). To study temperature regimes, we use the
temperature variable from ERA5 (t) (Hersbach et al., 2020) at a coarsened horizontal resolution of
5.625◦, with 1-day aggregates, from 2006 to 2018. t is normalized in the range [0, 1] using min-max
scaling over the spatial and temporal span. The training data consists of ten years (2006–2015), with
2016 reserved for validation and 2017–2018 used as the test set. Further details can be found in
Appendix A.1. We compare UQClimODE to ClimODE and its variants by sequentially predicting
the global process for long periods of time, setting the target region X as the globe, and three sub-
regions which exhibited heatwaves recently, from which we estimate the target class (Fischer et al.,
2023; Thompson et al., 2022; Philip et al., 2022; Ragone & Bouchet, 2021).

3.1 STABLE LONG-TERM GENERATION

As a baseline, we use the original CLIMODE with a global prediction model of 9 days, and its
variants, DAILY trained only with the daily temperature variable, and NOCONTEXT, which further
removes contextual information (orography and information about the surface of the land model).
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Table 1: CRPS comparison of predictions with ClimODE variants for global forecasting.

Lead time (days)
Model 1 3 7 14 30 90

ClimODE (24) 0.010 ± 0.010 0.017 ± 0.018 0.034 ± 0.041 NaN NaN NaN
DAILY (24) 0.017 ± 0.017 0.025 ± 0.027 0.034 ± 0.039 0.079 ± 0.072 NaN NaN
DAILY (6) 0.017 ± 0.021 0.022 ± 0.026 0.027 ± 0.037 0.031 ± 0.041 0.052 ± 0.061 NaN
DAILY (4) 0.019 ± 0.022 0.023 ± 0.026 0.026 ± 0.032 0.029 ± 0.036 0.041 ± 0.049 NaN

NOCONTEXT (24) 0.022 ± 0.062 0.028 ± 0.064 0.035 ± 0.069 0.052 ± 0.076 0.108 ± 0.169 NaN
NOCONTEXT (6) 0.033 ± 0.076 0.036 ± 0.077 0.039 ± 0.079 0.047 ± 0.081 0.077 ± 0.089 NaN

UQClimODE 0.015 ± 0.01 0.024 ± 0.027 0.031 ± 0.034 0.034 ± 0.037 0.035 ± 0.037 0.034 ± 0.036

These variants are introduced to provide a fair comparison with UQClimODE, which is trained sim-
ilarly to NOCONTEXT. As the performance of the variants is highly dependent on the number of
integration steps per 24 hours, we specify this value for each model in the reported results. We eval-
uate the model performance using latitude-weighted RMSE, the Anomaly Correlation Coefficient
(ACC), and the Continuous Ranked Probability Score (CRPS) (see Appendix A.1).
Table 1 shows the CRPS of sequential predictions with different lead times up to 90 days. We
observe that the CLIMODE model outperforms its variants for short-term (1-3 day period), while
training with daily signals (DAILY) and removing context information decreases the performance
considerably. All ClimODE variants struggle to remain stable for longer prediction horizons, with
CLIMODE failing and generating NaNs after 7 days. The integration resolution is critical, where
better results in short-term prediction are possible with 24 integration steps per day and the CRPS
values deteriorate with more resolution for longer lead times.
For UQClimODE, the 1-3 day prediction performance is similar to the best DAILY ClimODE vari-
ant, although UQClimODE does not rely on contextual information. Notably, with the proposed
modifications, UQClimODE retains its performance for up to 90 days with only a slight deteriora-
tion in time. We observed a similar pattern for RMSE and ACC (see Appendix A.2). The model is
able to remain in a small prediction error range for sequences as long as 365 days.

3.2 STEERING TEMPERATURE REGIMES IN DESIRED REGIONS

Here, we evaluate the ability of UQClimODE to generate sequential predictions from a specific
target class in different regions of the planet. For this purpose, we train the model when the target
classes are determined by the average daily temperature value over the entire world, the Pacific
Northwest, Europe, and the Chicago area, respectively. We generate the most likely sequences of
90 and 360 days in each region, conditioning the generations on the coldest and the warmest classes
(first and last quartile) of 2017 and 2018, respectively, and plot the average daily temperature. The
global predictions are illustrated in Figure 1. Additional results on average global and regional
temperatures, as well as exemplary temperature maps, are provided in Appendix A.3.

4 CONCLUSIONS AND IMPACT

In this work, we introduced UQClimODE, a class-conditional extension of ClimODE, designed
to generate conditional forecasts for a climate process. In this study, we focus on predicting the
temperature patterns within different temperature regimes. We model these dynamics through an
advection-based SDE, which enables the model to better capture temperature volatility and long-
term dependencies. We extend ClimODE by modifying its parametrization and optimization to
improve stability and accuracy of long-term predictions. These enhancements address key limita-
tions of the original approach, including scalability challenges and issues with model mismatch.
Our experimental evaluation demonstrates that the proposed model outperforms ClimODE base-
lines across global and regional forecasting tasks in long-term prediction. We further showcase the
model’s ability to capture extreme and atypical weather events like heat waves and cold spells, which
are critical for climate impact analysis and adaptation planning.
This model represents a first attempt to generate classes of extreme weather conditions reliably. It
provides a valuable tool for studying abrupt climate changes and identifying regional impact pat-
terns. Moreover, it addresses the challenges posed by the lack of extensive datasets available for this
type of analysis, offering a framework to better understand and simulate extreme climate scenarios.

ACKNOWLEDGMENTS: The authors are part of SPEED2ZERO, a Joint Initiative co-financed by the
ETH Board.
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A APPENDIX

A.1 EXPERIMENTS

Here, we provide more details on the dataset, model, and training procedure. Our final goal is to
provide the climate specialist with sample heat wave and cold spell patterns in various regions of
interest. To show the proof-of-concept application of the class-conditional generative models to this
particular task we use a similar setup as the one in Verma et al. (2024), relying on a coarsened ERA5
dataset. We alter some of the configurations and focus on three regions which were prone to climate
extremes in recent years (Fischer et al., 2023; Thompson et al., 2022; Philip et al., 2022; Ragone &
Bouchet, 2021). Due to the low resolution, the target regions have been specified as the entire world,
Pacific Northwest (34◦N-64◦N and 81◦W-160◦W), Chicago (28◦N-52◦N and 74◦W-100◦W), and
Europe (35◦N-75◦N and 10◦W-25◦E).

We use the ERA5 dataset (Hersbach et al., 2020) at a 5.625◦ resolution with 1-day intervals. We
only use the temperature variable (t), normalizing it to the range [0, 1] using min-max scaling over
the data. The training data consists of ten years (2006–2015), with 2016 used for validation and
2017–2018 for testing. As the original ClimODE model used 6-hour intervals and 4 other vari-
ables (t2m, z, u10, v10), along the temperature and the context information from orography and
land surface model, we train variations of ClimODE to serve as the baseline for a fair comparison
with UQClimODE. In the DAILY variant we train the model with 1-day interval of the temperature
variable and in the NOCONTEXT version we further remove the context embedding from the data.

UQClimODE models vθ with a UNet (Ronneberger et al., 2015) with 11 channels for the embedded
features, 3 residual blocks with 0.2 dropout value. Each block is repeated (1, 2, 3, 4) interleaved with
(16, 8) pixel token attention blocks in between. A smaller UNet with similar residual blocks that
are repeated (1, 2) times is used to model µθ. For training we additionally use a one-layer classifier
with piecewise linear non-linearity to get logits for the target classes and we minimize the combined
negative log-likelihood and cross-entropy loss

L(θ,D) =
1

N

N∑
i=1

{
logN

(
u
(i)
obs;u

(i)
θ ,Σ

)
+ λ log softmaxy(i) (L (q ((uθ)X ))))

}
.

Although UQClimODE is a sequential generative model, instead of training on previously predicted
steps in the sequence, we input the ground truth from training dataset to the model during training,
otherwise known as teacher forcing. This method is known to accelerate the training of sequential
models (Lamb et al., 2016). We train the model for 100 epochs with λ = 0.1 and learning rate of
0.001. Σ is set to 0.01 through cross validation in 0.1, 0.05, 0.01, 0.005, 0.001.
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We evaluate the quality of the predicted temperature maps with latitude-weighted RMSE

RMSE =
1

N

N∑
t

√
1

HW

∑
h

∑
w

α(h)(uobs − uθ)2, (5)

where α(h) = H cos(h)/
∑

h′ cos(h′), Anomaly Correlation Coefficient (ACC)

ACC =

∑
α(h)(uobs − ūobs)(uθ − ūθ)√∑

α(h)(uobs − ūobs)2
∑
α(h)(uθ − ūθ)2

, (6)

for the averages ūobs = 1/N
∑

i uobs and ūθ = 1/N
∑

i uθ and Continuous Ranked Probability
Score (CRPS).

A.2 LONG-TERM GENERATION RESULTS

Tables 1, 2, and 3, show the results for CRPS, weighted RMSE, and ACC of sequential predictions
with different lead times up to 90 days, in the setup explained in Section 3.1.

Table 2: RMSE comparison of predictions with ClimODE variants for global forecasting.

LEAD TIME (DAYS)
MODEL 1 3 7 14 30 90

CLIMODE (24) 1.58 ± 0.09 2.58 ± 0.16 4.77 ± 0.37 NAN NAN NAN
DAILY (24) 2.04 ± 0.10 3.15 ± 0.21 4.50 ± 0.34 8.71 ± 0.76 NAN NAN
DAILY (6) 2.55 ± 0.21 3.23 ± 0.21 3.74 ± 0.31 4.05 ± 0.37 6.10 ± 1.15 NAN
DAILY (4) 2.81 ± 0.41 3.32 ± 0.37 3.74 ± 0.40 3.96 ± 0.42 5.33 ± 1.05 NAN

NOCONTEXT (24) 3.33 ± 0.34 4.03 ± 0.31 4.90 ± 0.29 6.83 ± 0.72 13.21 ± 5.03 NAN
NOCONTEXT (6) 4.22 ± 0.24 4.61 ± 0.25 4.97 ± 0.20 5.85 ± 0.37 9.27 ± 1.08 NAN
UQCLIMODE 2.06 ± 0.11 3.26 ± 0.24 4.10 ± 0.36 4.38 ± 0.39 4.38 ± 0.41 4.33 ± 0.31

Table 3: ACC comparison of predictions with ClimODE variants for global forecasting.

LEAD TIME (DAYS)
MODEL 1 3 7 14 30 90

CLIMODE (24) 0.95 ± 0.02 0.86 ± 0.06 0.52 ± 0.21 NAN NAN NAN
DAILY (24) 0.91 ± 0.04 0.76 ± 0.13 0.53 ± 0.25 0.15 ± 0.39 NAN NAN
DAILY (6) 0.85 ± 0.08 0.73 ± 0.15 0.61 ± 0.23 0.54 ± 0.29 0.26 ± 0.39 NAN
DAILY (4) 0.82 ± 0.09 0.72 ± 0.15 0.63 ± 0.22 0.57 ± 0.27 0.33 ± 0.41 NAN

NOCONTEXT (24) 0.77 ± 0.10 0.61 ± 0.19 0.45 ± 0.24 0.25 ± 0.32 0.07 ± 0.41 NAN
NOCONTEXT (6) 0.69 ± 0.13 0.56 ± 0.20 0.47 ± 0.22 0.37 ± 0.22 0.22 ± 0.25 NAN
UQCLIMODE 0.91 ± 0.05 0.76 ± 0.13 0.61 ± 0.21 0.54 ± 0.24 0.50 ± 0.24 0.49 ± 0.23

A.3 RESULTS OF STEERING TEMPERATURE REGIMES

All of our results highlight that UQClimODE can successfully generate global and regional temper-
ature maps in the specified temperature class, in particular the first (“cold”) and last (“hot”) quartiles.
We provide additional visualizations of our results in the following. In all plots, blue and red lines
indicate results for the first and last quartile, while dashed lines correspond to the true temperature
class.

Global results: Figure 2 provides global temperature maps for five consecutive days in 2017. We
show the ground truth map as well as the most likely predictions for the first (“cold”) and last (“hot”)
quartiles. Notice, for instance, the difference between the cold and hot regimes and the ground truth
in Europe. Figures 3 and 4 provide the average global temperature curves of several generated
sequences for 2017 and 2018. The initial conditions after 30 consecutive days were used to start the
generation. In Figures 5 and 6, we extend the period for which we want to generate to 90 days. We
take initial conditions after this time period and show the results for the global average temperature
of the most likely 90-day sequences. Figures 1 (in the main text) and 7 provide the result if we take
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the initial conditions at the beginning of 2017 and 2018, respectively, and generate the most likely
sequences for the full year. In Figures 5, 6, 1, 7, the shaded areas depict the different (ground truth)
quartile classes.

Regional results for Europe, the Pacific Northwest, and the Chicago region: Similar to the
global setting, we provide regional results for regions which exhibited heat waves in recent years.
As before, we take the initial conditions at the beginning of 2017 and 2018, respectively, and show
the most likely sequences for the full year in Figures 8 and 9 for Europe, 12 and 13 for the Pacific
Northwest. We provide several generated sequences with initial conditions after 30 consecutive days
for 2017 in Figures 10 for Europe, 14 for the Pacific Northwest, and 17 for the Chicago region. For
the latter region, we provide the most likely results for the 90-day sequences for 2017 and 2018 in
Figures 15 and 16.

Figure 11 shows the prediction of the most likely temperature maps for 5 consecutive days in the
region of Pacific Northwest, with 10-day leads and under the cold and hot temperature regimes. It
illustrates that heat waves are most likely going to impact the south and central part of the map while
cold temperatures are most likely bounded to the northern areas.

Figure 2: Prediction of the most likely temperature maps with 10-day lead for 5 consecutive days
(globally for 2017). (a) Ground truth, (b) prediction from first quartile (“cold”) temperature regime,
(c) prediction from last quartile (“hot”) temperature regime.
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Figure 3: Average global temperature of 30 generated 30-day sequences conditioned on target tem-
perature regimes (2017).
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Figure 4: Average global temperature of generated 30-day sequences conditioned on target temper-
ature regimes (2018).
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Figure 5: Average global predicted temperature for the most likely 90-day sequences conditioned
on target temperature regimes, target classes are displayed in shades (2017).
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Figure 6: Average global predicted temperature for the most likely 90-day sequences conditioned
on target temperature regimes, target classes are displayed in shades (2018).
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Figure 7: Average global predicted temperature for the most likely 365-day sequences conditioned
on target temperature regimes, target classes are displayed in shades (2018).
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Figure 8: Average predicted temperature over Europe for the most likely 365-day sequences condi-
tioned on target temperature regimes (2017).
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Figure 9: Average predicted temperature over Europe for the most likely 365-day sequences condi-
tioned on target temperature regimes (2018).
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Figure 10: Average temperature over Europe of 30 generated 30-day sequences conditioned on target
temperature regimes (2017).
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Figure 11: Prediction of the most likely temperature maps with 10-day leads for 5 consecutive days
in the Pacific Northwest region (2017). (a) Ground truth, (b) prediction from first quartile (“cold”)
temperature regime, (c) prediction from last quartile (“hot”) temperature regime.
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Figure 12: Average predicted temperature over Pacific Northwest for the most likely 365-day se-
quences conditioned on target temperature regimes (2017).
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Figure 13: Average predicted temperature over Pacific Northwest for the most likely 365-day se-
quences conditioned on target temperature regimes (2018).
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Figure 14: Average temperature over Pacific Northwest of 30 generated 30-day sequences condi-
tioned on target temperature regimes (2017).
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Figure 15: Average predicted temperature over the Chicago region for the most likely 90-day se-
quences conditioned on target temperature regimes (2017).
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Figure 16: Average predicted temperature over the Chicago region for the most likely 90-day se-
quences conditioned on target temperature regimes (2018).
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Figure 17: Average temperature over the Chicago region of 30 generated 30-day sequences condi-
tioned on target temperature regimes (2017).
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