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Abstract

High-resolution precipitation information is essential for hydrologic modeling, flood
forecasting, and climate-risk assessment, yet global weather and climate models operate at
spatial resolutions too coarse to resolve storm structure, intermittency, and extremes. Deep-
learning-based statistical downscaling provides a computationally efficient alternative to
dynamical downscaling, but deterministic convolutional neural networks often yield overly
smooth predictions and underestimate fine-scale variability and extreme events. Generative
deep-learning models, including generative adversarial networks and diffusion models, offer
a promising alternative by enabling stochastic downscaling and explicit representation of
uncertainty. This study presents a systematic intercomparison of three representative deep-
learning architectures for precipitation super-resolution, namely a Convolutional U-Net as
baseline, a conditional Wasserstein GAN (WGAN), and a conditional Denoising Diffusion
Probabilistic Model (DDPM). Using a perfect-model experimental design based on ERA5-
Land precipitation fields over climatologically distinct regions of the United States, models
are trained over the Central Plains and Northwest domains and evaluated over an
independent Northeast test domain under 8x and 16x downscaling factors, providing a
stringent test of cross-regional generalization. Evaluation diagnostics span precipitation
distributions, wet-dry occurrence, extremes, spatial autocorrelation, spectral structure, and
ensemble-based uncertainty quantification. All three models preserve large-scale
precipitation organization, with differences emerging primarily at fine spatial scales and in
the representation of extremes and spatial dependence. U-Net provides stable and
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computationally efficient predictions but consistently smooths fine-scale variability and
suppresses extreme precipitation. WGAN improves distributional fidelity and heavy-tail
behavior with comparatively modest computational overhead. DDPM yields the most
physically coherent spatial structure and natural ensemble diversity for uncertainty
quantification, at a substantially higher computational cost. Analysis of seed-based
variability further reveals that training uncertainty dominates over stochastic generation
variability, underscoring the need for multi-seed evaluation in generative downscaling
systems.

Keywords: Precipitation downscaling; deep learning; generative models; super-resolution;
hydrologic extremes; uncertainty quantification.

1. Introduction

Global climate models are fundamental tools for projecting future hydroclimate, yet their
typical horizontal spatial resolution (often on the order of ~100-200 km) remains too coarse
to represent the mesoscale and storm-scale processes that govern precipitation
intermittency and extremes (Feser et al., 2011; Palmer, 2014; Schér, 2019). In contrast,
hydrologic impact modeling, flood-risk assessment, and climate adaptation planning
commonly require precipitation information at finer resolution (~10 km), where localized
gradients, orographic forcing, land-sea contrasts, and convective organization must be
adequately represented (Lucas-Picher et al.,, 2021; Nishant et al., 2023; Piani et al., 2010;
Stephens, 2017). As a result, the direct application of coarse-resolution model output is
inadequate for hydrologic impact assessment, flood risk estimation, and climate-risk
analysis, especially in situations characterized by strong spatial intermittency and extremes
(Giorgi & Gutowski, 2015; Tabari et al., 2021; Wood et al., 2004). To address this scale
mismatch and provide high-resolution information required for hydrologic and climate-
impact applications, downscaling techniques are employed to infer fine-scale fields from
coarse-resolution model output. Dynamical downscaling, which relies on physics-based
regional climate models (RCMs), has been widely used to improve the representation of
mesoscale processes and precipitation extremes (Coppola et al., 2020; Giorgi & Gutowski,
2015; Giorgi & Mearns, 1991; Maraun et al.,, 2010). However, the substantial computational
cost of RCMs severely constrains ensemble size, limits the exploration of uncertainty, and
restricts their applicability for large multi-model or multi-scenario studies (Deser et al,,
2012; Gao et al, 2012; Tomasi et al.,, 2025). These limitations have motivated growing
interest in empirical downscaling approaches, including statistical and machine-learning-
based methods, which offer orders-of-magnitude reductions in computational cost (Bafo-
Medina et al., 2020; Hobeichi et al., 2023; Lange, 2019; Mamalakis et al., 2017; Vrac et al,,
2007).



72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100

Recent advances in deep learning have substantially reshaped empirical precipitation
downscaling. Convolutional neural networks (CNNs), particularly end-to-end architectures
such as the U-NET, have demonstrated strong skill in reproducing mean precipitation
patterns, spatial continuity, and wet-dry occurrence with stable training and fast inference,
making them attractive for large-scale and operational applications (Bafio-Medina et al,,
2020; Hohlein et al., 2020; Vandal et al,, 2017). However, deterministic CNNs are typically
optimized using pixel-wise loss functions that favor conditional mean solutions, resulting in
overly smooth precipitation fields, reduced small-scale variability, and systematic
underrepresentation of extremes, especially at high spatial resolutions and large
downscaling factors (Abdelmoaty et al., 2025, 2026; Ravuri et al., 2021; Singh et al.,, 2026).
To address these limitations, stochastic generative models have been increasingly explored
to represent the inherent non-uniqueness of fine-scale precipitation conditioned on coarse
inputs (Rampal et al., 2024). Generative adversarial networks (GANs), including Wasserstein
GANSs, have shown improved representation of fine-scale structure and extreme intensities
relative to deterministic models, but their training is sensitive to hyperparameter choices
and can suffer from instabilities and mode collapse, complicating robustness and calibration
(Arjovsky et al,, 2017; Gulrajani et al., 2017; Harris et al., 2022). More recently, diffusion-
based generative models have emerged as an alternative stochastic framework, offering
improved training stability and flexible uncertainty representation through a forward-
reverse diffusion process, with latent diffusion variants improving computational efficiency
by operating in a compressed feature space (Khader et al,, 2023; Lyu et al., 2024; Tomasi et
al, 2025). Early applications suggest that diffusion models can outperform both
deterministic CNNs and GANSs in capturing multiscale variability and spatial organization,
though at substantially higher inference cost and with sensitivity to diffusion configuration
(Mardani et al., 2025; X. Wang et al., 2025). Despite these advances, existing studies typically
develop and evaluate deterministic, adversarial, and diffusion-based approaches in isolation,
using case-specific designs and single target resolutions, leaving key questions unanswered
regarding their relative performance, uncertainty representation, and computational
scalability for hydrologically relevant diagnostics.
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In this study, we address these gaps through a comprehensive, hydrologically oriented
comparison of three representative deep-learning frameworks for daily precipitation super-
resolution downscaling: a U-Net trained with pixel-wise mean squared error (MSE) loss, a
Wasserstein generative adversarial network (WGAN), and a denoising diffusion probabilistic
model (DDPM) in a conditional setting. Using a common training and evaluation framework,
we assess their ability to reproduce precipitation occurrence, spatial structure, temporal
consistency, precipitation distributions, extreme-event behavior, and uncertainty
characteristics. We further investigate multi-seed and stochastic realizations to quantify
within-seed and across-seed variability, providing insights into the relative contributions of
model initialization and stochastic sampling to prediction uncertainty. By comparing
regression-based, adversarial, and diffusion-based approaches under a consistent
experimental design and emphasizing physically meaningful diagnostics, this work aims to
clarify the strengths and limitations of contemporary deep-learning downscaling methods
and provide guidance for hydrologic and climate-risk applications requiring reliable
representation of precipitation extremes, spatial organization, temporal persistence, and
predictive uncertainty.

2. Data and Methodology
2.1 Data

We use precipitation fields from the ERA5-Land reanalysis dataset (Mufioz-Sabater et al.,
2021), which provides hourly accumulated precipitation at 0.1° (~9 km) spatial resolution
over global land surfaces. Hourly precipitation is aggregated to daily totals and extracted
over the contiguous United States (CONUS) for the period 1980-2014. This 35-year record
is sufficiently long to sample a wide range of storm types, hydroclimatic variability, and
interannual fluctuations. ERA5-Land is selected because it provides physically consistent
land-surface precipitation estimates that are widely used in hydrologic modeling and
downscaling evaluation.

To assess model behavior across distinct precipitation climatologies, we define three
non-overlapping 128 x 128 grid domains (~1150 x 1150 km at mid-latitudes) representing
major U.S. hydroclimatic regimes (Figure 1): (i) Central Plains (30.2°N-43.0°N, 105.4°W-
92.6°W), dominated by warm-season convective precipitation; (ii) Northwest (36.6°N-
49.4°N, 121.8°W-109.0°W), characterized by wintertime orographic enhancement and
strong seasonal contrast; and (iii) Northeast (36.6°N-49.4°N, 90.4°W-77.6°W), influenced
by synoptic-scale cyclones and frontal systems.
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Figure 1. Geographic domains used in this study, showing the three 128 x 128 grid regions over the contiguous
United States representing distinct hydroclimatic regimes: the Northwest, Central Plains, and Northeast.

A cross-regional evaluation strategy is adopted to test generalization across
hydroclimatic regimes. Models are trained using samples from the Central Plains and the
Northwest. The validation samples are drawn partially from the Central Plains to guide
model selection and early stopping, while the Northeast samples are reserved for
independent model evaluation and testing regional generalization. This setup ensures that
the Northeast region is not used for parameter learning during training to keep it as a strictly
independent test set (Rampal et al.,, 2024; Vandal et al., 2017).

Daily precipitation values below 1 mm/day are treated as dry and set to zero,
following commonly used wet-day thresholds in hydro-climatological analyses (Teutschbein
& Seibert, 2012; Trenberth et al., 2015). To ensure that learning is driven by meaningful
spatial rainfall structure rather than near-empty scenes, days with fewer than 1% wet pixels
(<164 wet pixelsina 128 x 128 domain) are excluded. This filtering removes 13.76%, 8.11%,
and 3.41% of samples in the Central Plains, Northwest, and Northeast regions, respectively,
with the highest removal occurring during winter (DJF) and autumn (SON), and minimal
removal during summer (JJA). This indicates that the filtering primarily excludes dry and
weak precipitation events. While this step improves training stability, it may lead to an
underrepresentation of light rainfall and a slight reduction in wet-day occurrence frequency.
After preprocessing, 11,025 samples are retained for the Central Plains, 11,747 for the
Northwest, and 12,348 for the Northeast. The dataset is then split into 19,200 training
samples, 3,304 validation samples, and 12,348 test samples.

Low-resolution inputs are generated through block averaging, producing 8x and 16x
aggregated precipitation fields while conserving storm-total rainfall volume. Block
averaging is preferred over interpolation because it preserves physical mass consistency and
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avoids introducing artificial spatial correlations (Hsu et al., 2024; Kumar et al., 2023; Stengel
et al,, 2020). For the 8x configuration, 128 x 128 fields (~9 km) are aggregated to 16 x 16
(~72 km) and models are trained to reconstruct the corresponding 128 x 128 target. For the
16x configuration, targets are reconstructed from 8 x 8 (~144 km) inputs. This design
defines a perfect-model super-resolution framework in which inputs and targets originate
from the same dataset, enabling controlled evaluation of spatial refinement independent of
predictor mismatch or bias-correction effects.

2.2 Models

In this study we used a deterministic convolutional U-NET as a baseline and two generative
models WGAN and DDPM for downscaling precipitation. A schematic of these deep-learning
architectures is presented in Figure 2 and detailed architectures including total numbers of
earnable parameters are included in supplementary Figure S1 and Table S1.

2.2.1 U-NET

A U-NET architecture is widely used in deep learning-based super-resolution downscaling
experiments (Abdelmoaty et al., 2025; Papalexiou & Mamalakis, 2025; Wang et al., 2021).
The model takes as input a coarse precipitation field x; g of size 16 X 16 for the 8x
downscaling task or of size 8 X 8 for the 16x downscaling task, together with a spatially
uncorrelated noise tensor z ~ V'(0,I) of identical dimensions. The noise input is included
solely to maintain architectural compatibility with the stochastic generator used in the
WGAN framework, but since the network is trained independently using a mean-squared
error (MSE) loss, it converges to the conditional mean of the high-resolution target given the
coarse input and therefore exhibits deterministic behavior during inference
(Lakshminarayanan et al,, 2017; Yan et al., 2019). The MSE loss is expressed as:

Lyse = E[ll Go(x1r,Z) — xpr ||%] (D

where Gy denotes the U-NET mapping parameterized by 6, and xyr represents the
corresponding high-resolution target field.

Architecturally, the encoder consists of two down-sampling stages with 32 and 64
filters, each containing pairs of 3 X 3 convolutional layers with ReLU activations, followed
by 2 X 2 max-pooling layers. The bottleneck includes two convolutional layers with 128
filters. The decoder employs transposed convolution up-sampling and incorporates skip
connections from the encoder to preserve fine-scale spatial organization. To reach the target
128 x 128 resolution from the coarse input, three progressive up-sampling stages are
applied (32 — 64 — 128), using 2 X 2 transposed convolutions with Leaky ReLU
activations, followed by refinement convolutions at full resolution. The output layer uses a
linear activation to produce precipitation intensity in mm/day. The model is trained end-to-
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end using the Adam optimizer (learning rate 1x10~*, beta, = 0.9, beta, = 0.999, batch size
32) with early stopping when validation loss fails to improve for ten consecutive epochs
(patience = 10). No weight decay is used, and the best checkpoint based on validation set
MSE is retained for evaluation.

2.2.2 Wasserstein GAN (WGAN)

To enable stochastic and spatially realistic precipitation downscaling, we implement a
conditional Wasserstein GAN (WGAN), following (Arjovsky etal., 2017; Gulrajani etal., 2017;
Papalexiou & Mamalakis, 2025). The generator, which is the same noise-conditional U-NET
described above, maps a coarse precipitation field x; g together with a spatial noise tensor
z ~ NV (0,1) to a high-resolution field Xgg on the 128 x 128 grid. Unlike the MSE-trained U-
NET, which converges to the conditional mean, adversarial optimization enables sampling
from the conditional distribution of plausible high-resolution rainfall structures conditioned
on the same coarse input. The critic Cy, serves as a conditional discriminator and evaluates
the realism of the generated field given the coarse rainfall context. It consists of two
pathways: an encoder that reduces the 128 x 128 field through strided convolutions, and an
embedding of the low-resolution input into a matching spatial feature representation. These
feature streams are fused and reduced to a scalar score, enabling the critic to assess global
storm morphology while remaining aware of the large-scale meteorological state.

Let xyr ~ B- denote real high-resolution samples and Xugr = Gg(x1r,Z) ~ P, denote

g
generated samples. The conditional Wasserstein critic loss is:

Le= IE;?HR~P9 [Czp(fHR' xLR)] - ]ExHR~PT[Cw(xHR: xLR)] + AEz-p, [(” Ve Cy (X, x18) 2 _1)2] (2)

where, interpolated sample (X) is defined as,

X =€ XHR + (1 - E)QHRI € ~ U(O, 1) (3)
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Figure 2: Schematic of the deep-learning architectures used for precipitation super-resolution downscaling
(16x). (a) Deterministic U-NET with an encoder-decoder structure and skip connections producing a single
high-resolution output. (b) Conditional Wasserstein GAN (WGAN), where a stochastic generator produces high-
resolution fields conditioned on low-resolution input and noise and is trained adversarially against a critic. (c)
Conditional denoising diffusion probabilistic model (DDPM), which reconstructs high-resolution precipitation
through an iterative, noise-to-signal denoising process conditioned on the coarse input.

The generator is trained to maximize the critic score for the generated samples,
corresponding to:

Lg = _IEJ?HR~Pg [Cz,b (Xur, xLR)] (4)
The model is trained using a gradient penalty weight A = 10, updating the critic three times
for each generator update. Both networks use the Adam optimizer with learning rate 1x107%,
B1=10.0,and B, = 0.9, with no weight decay. To characterize epistemic variability, ten WGAN
models independently initialized with different random seeds are trained for 200 epochs,
producing ensembles of generated samples for each coarse precipitation input.

2.2.3 Denoising Diffusion Probabilistic Model (DDPM)

To exploit recent advances in likelihood-based generative modeling for high-resolution
precipitation reconstruction, we implement a conditional DDPM following the framework
proposed by Ho et al. (2020). In their framework, the model learns to reverse a fixed forward
diffusion process that progressively perturbs high-resolution (HR) precipitation fields with
Gaussian noise over T = 500 steps. During training, the network predicts the added noise at
a randomly sampled timestep t, conditioned on the corresponding low-resolution (LR)
precipitation field (either 16 X 16 or 8 X 8). Atinference, samples are obtained by iteratively
denoising pure Gaussian noise while conditioning on the LR field. The forward process is
defined as:

T

qCerr | x0) = HQ( Xe | x¢-1) 5)
t=1

q(x; | xe—1) = N(xt; v1- ﬁtxt—lugtl) (6)

where {B}{_; is the noise schedule. We adopt the cosine noise schedule (Song & Dhariwal,
2023) to improve sample smoothness and reduce denoising artifacts. The cumulative signal
retention is given by

a=]Ja-p (7)
s=1
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R U )

at: 2 S s (8)
cos? (1557 )

with a small offset s = 0.008 to avoid extreme noise ratios. At training time, the model
predicts the noise € added to x, at timestep ¢, conditioned on the LR field x| y:

L = Exyerllle — €9(xe, t,x0r) l13] C)

where x; = \/a;xy, + /1 — a;€. The network backbone is a conditional U-NET augmented

with sinusoidal time embeddings and Feature-wise Linear Modulation (FiLM; (Perez et al,,
2018) layers to inject timestep context and LR conditioning into intermediate feature
representations. Time is encoded using 256-dimensional sinusoidal embeddings,

) t t 127
Y= [Sm (100002i/256>’ C(’5(1000021'/256>]l-:(, (10)

and refined using a multilayer perceptron to produce a contextualized embedding t.,.
Within each convolutional block, FILM modulates internal activations according to the
timestep and LR conditioning:

FILM(h, temp) = ¥ (temp) © b+ B(tems) (11)

This allows the model to adapt its representations to different stages of the denoising
trajectory. To condition DDPM, the LR field is up-sampled to 128 X 128 via bilinear
interpolation and concatenated with the noisy HR input, ensuring that the coarse-scale
spatial context informs the fine-scale reconstruction. Unlike the U-Net and WGAN models,
which were trained without an additional target normalization step, DDPM training
employed a log(l+x) transformation followed by min-max normalization. This
normalization was introduced to improve numerical stability during the iterative diffusion
and denoising process. During training, we minimize the noise-prediction loss using the
AdamW optimizer (learning rate 1x107%, B, = 0.9, B, = 0.999, weight decay 1x10~*). During
inference, HR precipitation samples are generated by iteratively applying the reverse
diffusion update,

1

—(xt —Leg(xt t c))
Ja: J1—a o

Xe—q = + 0,2z, z~N(0,D (12)
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for all t from T to 1, injecting noise at each step except the final one. This additional noise
makes the denoising process more stochastic and for same LR input, keeping all other
parameters same, we get different downscaled output.

All three models (U-NET, WGAN, and DDPM) were trained using 10 different random
seeds, yielding 10 independently initialized and trained realizations of each architecture. For
a given low-resolution input, one prediction was generated from each trained instance,
forming a 10-member ensemble. This ensemble primarily reflects epistemic uncertainty
arising from random weight initialization during training. To ensure a fair comparison across
downscaling factors, the core network architectures were kept fixed across experiments. For
the deterministic U-NET and the WGAN, the same generator and critic architectures were
used for both 8x and 16x configurations. The increased difficulty of the 16x case was
introduced solely by providing coarser inputs and by bilinearly interpolating 8 x 8 fields to
16 X 16 before being passed to the networks, while keeping the target resolution at
128 x 128.

For the DDPM, the same denoising U-NET architecture was used for both scaling
configurations. In the 8x setup, conditioning fields were bilinearly interpolated from 16 x 16
to 128 x 128 through three successive 2x interpolations, consistent with the diffusion
model’s multi-scale refinement process. In the more challenging 16x setup, conditioning
fields originated from 8 X 8 inputs and were similarly interpolated to 128 X 128 through
repeated (four-times) 2x bilinear interpolation steps before being concatenated with the
noisy target field at each diffusion timestep. This design ensured that differences in
performance across scaling factors reflect the increased information gap in the input, rather
than changes in model capacity or architecture. By holding network architectures fixed and
varying only the effective resolution of the conditioning input, this experimental setup
enables a controlled and equitable comparison of deterministic and generative models
across downscaling factors. This implementation allows direct comparison with U-NET and
WGAN models under identical input configurations and downscaling ratios (8x and 16x)
isolating differences attributable to generative formulation rather than architectural
capacity or preprocessing design.

3. Performance Evaluation

To evaluate the statistical fidelity, spatial realism, and hydrologically relevant characteristics
of the downscaled precipitation fields produced by the U-NET, WGAN, and DDPM models, we
employ a set of complementary evaluation measures. These measures examine
distributional consistency, representation of extremes and dry occurrence, rainfall mass
conservation across spatial scales, spatial organization and storm morphology, and binary
precipitation detection skill. All analyses are conducted on a test set of 12,348 daily
precipitation fields from the unseen Northeast hydroclimatic region. For each modeling
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framework, results are computed across a 10-member ensemble consisting of independently
trained models initialized with different random seeds.

3.1 Distributional Consistency

3.1.1 Quantile-Quantile (Q-Q) Analysis

Quantile behavior is assessed by comparing the p-quantile of model predictions (Qg’mdel)

with the corresponding target (ERA5-land) quantile (Qg arget),

prodel = Fisael () (13)
T —
pargEt = FTalrget(p) (14)

where p € [0,1] and F~! denotes the empirical inverse of the cumulative distribution
function (CDF). When plotted together, alignment with the 1:1 line indicates agreement in
distributional shape, while deviations at high p quantify errors in extreme precipitation
intensity representation.

3.1.2 Exceedance Probability

Extreme rainfall representation is examined using the complementary CDF and evaluated
across intensity thresholds x. This emphasizes tail performance (e.g., > 10 mm/day), which
is critical for hydrologic risk estimation. The probability that exceeds the threshold (x) is
expressed as:

P(XM%! > x) = 1 — Fyoder (%) (15)
where F(x) is CDF of rainfall intensity.
3.1.3 Probability of Zero Precipitation (P,)

Dry-wet occurrence skill is evaluated using the probability of zero (or near-zero)
precipitation, defined as:

N
1
podel = =% 1(xMote! < xy) (16)
i=1

where N is the total number of evaluated grid cells (pixels), X; is pixel intensity, x;, =
1 mm/day. This metric quantifies how often a model predicts dry conditions and is essential
for diagnosing dry bias.
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3.1.4 Higher-Order Statistical Moments

To characterize the statistical properties of precipitation distributions, we compute the first
four L-moments at each grid cell using precipitation values exceeding 1 mm/day.
Specifically, we analyze the mean (first L-moment), L-dispersion (second L-moment), L-
skewness, and L-kurtosis, which describe the central tendency, variability, asymmetry, and
tail behavior of the precipitation distribution, respectively (Papalexiou & Mamalakis, 2025).
These statistics are calculated independently for the Target (ERA5-Land) and model-
generated precipitation fields and compared using pixel-wise scatter plots, bias, and RMSE
metrics.

3.2 Mass Conservation
3.2.1 Cumulative Mean Rainfall Depth

We evaluate whether precipitation depth is preserved across spatial aggregation scales
during downscaling. For an aggregation scale s, the precipitation field is partitioned into
non-overlapping s X s blocks. The mean precipitation depth within block j is computed as

1
Xs,j =—2 Pi (17)

where P; denotes the precipitation value at grid cell i, and X,; represents the mean

precipitation depth within block j at aggregation scale s. This quantity is computed
independently for both the Target (ERA5-Land) and model-generated precipitation fields.

The resulting block-mean precipitation depths are compared across aggregation scales using
the Pearson correlation coefficient (), mean bias, and root-mean-square error (RMSE). High
correlation together with low bias and RMSE indicates that the downscaling model preserves
precipitation depth consistently across spatial scales, thereby maintaining the large-scale
rainfall characteristics of the target dataset.

3.3 Spatial Structure and Storm Morphology
3.3.1 Lagged Spatial Autocorrelation

Spatial dependence in precipitation fields is evaluated using lagged spatial autocorrelation,
which quantifies the similarity of precipitation values separated by a given spatial lag
(Papalexiou et al., 2021). For a specified lag distance d, the lagged autocorrelation is
computed as the Pearson correlation coefficient between paired precipitation values
sampled at locations separated by d. Specifically, the statistic is defined as
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where X denotes either XT2r8¢t or xModel ¥ jg the sample mean of the precipitation field, s;
denotes a spatial location, d is the lag, and N is the number of valid grid-level pairs. The
statistic is computed for a range of lag distances and averaged over all valid pairs at each lag.

3.3.2 Fraction SKkill Score (FSS)

Spatial coherence and storm organization are assessed using the Fraction Skill Score (FSS),
a window-based metric that compares the fractional rainfall coverage in predictions and
targets (Gilleland et al., 2009; Roberts & Lean, 2008). For a window of size w, the score is
defined as

]E[(PModel - PTarget)Z]
2

]E[PModel+P'IZ‘arget] +e

where Pyoqel and Prarger denote the fractional rainfall coverage within windows of size w

FSS(w) =1 — (19)

computed from the model prediction and the reference target precipitation, respectively. FSS
ranges from 0 (no skill) to 1 (perfect spatial agreement), making it particularly effective for
diagnosing displacement errors, spatial smoothing, and the realism of storm geometry.

3.3.3 Radial Power Spectrum

Scale-dependent spatial variability in downscaled predictions is evaluated using the radially
averaged Fourier power spectrum, which characterizes how energy is distributed across
spatial wavenumbers (Bednarz & Cherukuri, 2023; Harrison et al., 2025; Skamarock, 2004).
The 2-D discrete Fourier transform of the rainfall field,

F(ky, ky) = F{X(x,y)} (20)
where F{-} denotes the 2-D discrete Fourier transform, yields the spectral power,

P(ky ky) = | F(ky, ky) 12 (21)
which is then azimuthally averaged to obtain the one-dimensional spectrum P (k).
Agreement between predicted and targeted spectra indicates that the model accurately
captures multiscale storm structure from large synoptic gradients to mesoscale organization
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and fine-scale convective patterns. Whereas deviations reveal scale-specific biases such as
excessive smoothing, noise amplification, or loss of small-scale variability.

3.3.5 ROC Curve and AUC

Binary precipitation-occurrence skill is assessed using Receiver Operating Characteristic
(ROC) analysis based on a random threshold (here, wet/dry threshold of x = 1 mm/day)
(Harris et al.,, 2022). The Area Under the Curve (AUC) satisfies Eq. (22).

0.5 <AUC<1 (22)

where AUC = 1, denotes perfect discrimination between wet and dry events, and AUC =
0.5 indicates no discriminative ability (random chance). This metric evaluates ability of
models to correctly identify rainfall occurrence independently of intensity, making it
particularly useful for diagnosing dry-wet classification bias.

3.4 Temporal correlation

To evaluate temporal consistency of precipitation fields, we construct time series at each
grid cell by considering the sequence of spatial fields as a temporal evolution. Let P.(i, )
denote precipitation at grid cell (i, j) and time t. The temporal correlation at each grid cell is
defined as:

1, (®) = corr(Pe(i, /), Pee< (i, ))) (23)

where 7 is the temporal lag. This results in a distribution of correlation values across all
spatial locations for each lag.

4. Computational Requirements

All model trainings were conducted on a single NVIDIA A100 GPU (80 GB memory). Each
architecture was trained for 200 epochs using 19,200 training samples and tested on 12,348
test samples. Substantial differences in computational demand were observed across the
three model classes (Table 1). The U-NET baseline completed training in approximately
16 minutes, reflecting the efficiency of direct supervised optimization with a single forward-
backward pass per batch. In contrast, the WGAN required 1 hour and 12 minutes to train,
driven primarily by the need to update the critic multiple times per generator update and to
compute the gradient-penalty term that enforces the 1-Lipschitz constraint. The DDPM
exhibited the highest training cost, requiring 2 hours and 29 minutes, since each
optimization step involves predicting injected noise over a sequence of 500 diffusion
timesteps.
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Table 1: Comparison of training and inference times for U-NET, WGAN, and DDPM models on a single NVIDIA
A100 (80 GB) GPU

Inference
. Per-Sample
Resource Model Training (12,348 Time Remarks
samples)

Fastest, single

U-NET ~16 min ~1.33 sec ~0.0001sec
forward pass

WGAN ~1}.1 1.3 sec ~0.0001sec Multiple critic
(Generator)  12min steps
A100-
80GB DDPM ~2}.1 ~1h 38 min ~0.5 sec 500 denollslng
(T=500) 29min steps per image
GPU (1)
bDPM ~2}_1 ~20 min 59 sec ~0.1 sec 100 denqlslng
(T=100) 23min steps per image
bDPM ~2}_1 ~10 min 27 sec ~0.05 sec >0 den01lsmg
(T=50) 21min steps per image

Inference performance showed an even stronger divergence. Because the U-NET and
WGAN generators share identical architectures and an equal number of trainable
parameters (differing only in training objectives), their inference times were nearly
identical, requiring 1.33 seconds and 1.32 seconds, respectively, to process the full test set
(12,348 samples). In contrast, the DDPM required 1 hour and 38 minutes for inference, since
high-resolution precipitation fields are generated through an iterative reverse-diffusion
sampling procedure that sequentially refines noise over 500 denoising steps. These
differences underscore the computational trade-offs between deterministic convolutional
downscaling and likelihood-based generative modeling. While WGAN offers stochastic
outputs with moderate added computational burden, DDPM provides calibrated ensemble
diversity at substantially higher computational cost, a factor that may strongly influence
operational deployment, ensemble forecasting, and climate-model downscaling at scale.

5. Results and Discussion
5.1 Training behavior

The three downscaling architectures exhibit distinct optimization characteristics that
directly reflect their learning objectives and model structures. The deterministic U-NET
converges most rapidly under both the 8x and 16x super-resolution configurations, with
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training and validation losses decreasing sharply and stabilizing within the first few epochs
(supplementary Figure S2a). The near-perfect overlap between training and validation
curves indicates negligible overfitting and strong generalization, consistent with
optimization under a mean-squared-error objective that drives the network toward a
conditional mean solution. Final loss values are systematically higher for the 16x
configuration, reflecting the larger information gap between the coarse 88 inputs and the
high-resolution targets.

The WGAN displays the characteristic oscillatory dynamics associated with
adversarial training. For the 8x case, the critic loss stabilizes within a narrow negative range
while the generator loss fluctuates around a stationary mean, indicating a sustained
adversarial equilibrium and effective enforcement of the 1-Lipschitz constraint through
gradient penalty regularization (supplementary Figure S2b). Under the more challenging
16x configuration, critic and generator losses exhibit increased variability, reflecting the
greater difficulty of discriminating realistic structure when the conditioning input contains
extremely limited spatial information. Nevertheless, the loss trajectories remain bounded
across all seeds, with no evidence of training instability or mode collapse. It is important to
note that adversarial loss values are not directly comparable to conventional supervised
validation losses and are often only weakly correlated with sample quality. Therefore, WGAN
convergence was assessed not only through adversarial losses but also through independent
diagnostics, including SSIM, exceedance probability characteristics, spatial correlation
statistics, and qualitative sample realism. Collectively, these results indicate stable
adversarial training across both super-resolution configurations.

The DDPM shows the most monotonic and stable optimization behavior among the
three models. The noise-prediction loss decreases smoothly for both super-resolution
factors, and training and validation curves remain nearly indistinguishable throughout
training (supplementary Figure S2c), indicating strong generalization. Convergence is
slower than U-NET and WGAN, reflecting the iterative denoising process and timestep
conditioning intrinsic to diffusion models. As expected, loss values are slightly higher for the
more challenging 16x configuration, where substantially less information is available in the
coarse-resolution input. Nevertheless, training remains stable across all seeds, underscoring
the robustness of likelihood-based diffusion models for learning structured precipitation
fields under severe information constraints.

5.2 Model Performance Evaluation
5.2.1 Visual Reconstruction of Precipitation Fields

Visual inspection of reconstructed precipitation fields reveals clear performance differences
between the 8x and 16x downscaling tasks (supplementary Figure S3; Figure 3). Under the
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8x configuration, where coarse inputs retain recognizable storm-scale organization, all three
models successfully recover the dominant spatial structure of precipitation events. The U-
NET produces smooth, spatially coherent fields but systematically reduces sharp gradients
and localized convective maxima. In contrast, WGAN outputs exhibit sharper boundaries and
more textured rainfall patterns, consistent with adversarial training encouraging the
reconstruction of high-frequency spatial variability. DDPM reconstructions closely resemble
those of WGAN in terms of storm morphology and spatial extent.
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Figure 3. Reconstruction of high-resolution precipitation fields for the 16x downscaling task (8x8 — 128x128).
Columns show six randomly selected test samples, while rows show the low-resolution input, high-resolution
target (ERA5-land), and predictions from U-NET, WGAN, and DDPM respectively.

Performance degradation becomes evident for all models under the 16x
configuration, reflecting the extremely limited information content of the 8 X8 conditioning
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inputs. In this case, U-NET predictions increasingly collapse toward overly smoothed and
diffuse rainfall fields, frequently failing to recover localized storm features. Both generative
models retain substantially better spatial organization than the U-NET, although fine-scale
detail is reduced relative to the 8x case. Both WGAN and DDPM recover fine-scale
precipitation structures while maintaining spatially coherent storm morphology that closely
matches the target precipitation patterns. These visual results highlight the growing
limitations of deterministic regression under extreme downscaling and demonstrate the
advantage of generative models in reconstructing physically plausible precipitation patterns
when conditioning information becomes severely constrained. For completeness, a
qualitative comparison with a bilinear interpolation baseline is provided in the
supplementary Figure S4 of the Supplementary Material, illustrating the added value of
learned super-resolution models beyond conventional interpolation.

5.2.2 Scale-Dependent Rainfall Depth Consistency (Mass Conservation)

To assess whether the generated precipitation fields preserve precipitation depth across
spatial scales, we compared block-mean precipitation depth between the target (ERA5-
Land) and the generated fields at aggregation scales ranging from 1 X 1 to 128 X 128 pixels
for both the 8x and 16x downscaling experiments (Figure 4 and supplementary Figure S5,
respectively). For each aggregation scale, precipitation was averaged within non-
overlapping blocks, and the resulting block-mean values from the generated fields were
compared against the corresponding target values using bias, root-mean-square error
(RMSE), and Pearson correlation coefficient. At the native resolution (1 X 1), all models
exhibit noticeable scatter around the one-to-one line, reflecting differences in local
precipitation intensity and spatial placement. These discrepancies are more pronounced for
the 16x downscaling task, which involves reconstructing substantially finer-scale structure
from a coarser input field. However, as the aggregation scale increases, the scatter
progressively decreases, correlations approach unity, and RMSE is substantially reduced for
all models. This behavior indicates that a large fraction of the disagreement originates from
fine-scale spatial variability, whereas precipitation depth is reproduced much more
accurately at mesoscale and regional scales.
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Figure 4. Mass (rainfall depth) consistency across spatial aggregation scales for 16x downscaling. Scatter plots
compare block-averaged predicted and target (ERA5-land) precipitation depths at aggregation scales of 1x1,
2x2,4x4,8x8, 16x16, 32x32, 64x64, and 128x128. Each point represents a spatially aggregated precipitation
value computed over the corresponding block size. Results are shown for single seed initialized U-NET
(orange), WGAN (purple), and DDPM (pink). The dashed black line denotes perfect 1:1 agreement. Panel
annotations report model-specific mean bias, root-mean-square error (RMSE), and Pearson correlation
coefficient (r) at each scale. The analysis was performed using 2000 randomly selected samples from the test
set (Northeast region) and one representative model initialization for each generative framework due to the
computational expense associated with evaluating the full test dataset and multiple model initializations.

The bias remains nearly constant across aggregation levels for each model. This is
expected because spatial aggregation preserves the domain-averaged precipitation amount
and therefore has limited influence on systematic precipitation-depth biases. Consequently,
the reduction in RMSE with increasing aggregation scale primarily reflects the smoothing of
local-scale errors rather than changes in the overall precipitation budget. By aggregation
scales of approximately 8 X 8 pixels and larger, all three models exhibit near-perfect
correspondence with the target precipitation depth, with correlations approaching 1.0 and
only minimal residual errors. These results demonstrate that the U-Net, WGAN, and DDPM
largely conserve precipitation depth across spatial scales, while most prediction errors are
associated with the representation of fine-scale precipitation structure rather than
systematic biases in the total precipitation amount. Consistent behavior across both the 8x
and 16x experiments further indicates that the models maintain physically coherent
precipitation totals despite the increased difficulty of higher downscaling.
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5.2.3 Statistical Distribution and Storm Morphology

Accurate precipitation downscaling requires preserving not only precipitation occurrence
and intensity but also the higher-order statistical characteristics of precipitation fields. To
evaluate the statistical fidelity of the generated fields, the probability of dry pixels (P), mean
precipitation, second L-moment, L-skewness, and L-kurtosis were computed for each
generated 128x128 precipitation field and compared against the corresponding ERA5-Land
target field. Statistics were evaluated across all generated realizations obtained from the 10
independently initialized model seeds.

All three models reproduced the probability of dry pixels with high fidelity, indicating
accurate representation of precipitation occurrence and dry-wet transitions. For the 8x
experiment (supplementary Figure S6), DDPM achieved the lowest bias and RMSE (0.35%
and 0.67%), followed by WGAN (1.17% and 1.47%) and U-Net (2.39% and 2.77%). A similar
ranking was observed for the more challenging 16x experiment (Figure 5), where DDPM
again produced the smallest errors (bias = 0.58%, RMSE = 1.82%). Mean precipitation and
second L-moment were also reproduced accurately across all models, with small biases and
low RMSE values, demonstrating strong preservation of precipitation intensity and
variability.
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Figure 5. Comparison of precipitation statistics from high-resolution ERA5-Land reanalysis and model
predictions for the 16x downscaling experiment across U-NET, WGAN, and DDPM. Each panel compares
reference statistics computed from native high-resolution ERA5-Land fields (x-axis) with corresponding model
predictions (y-axis), including dry-pixel probability (P,), mean, and second to fourth central moments. Multiple
seed-based predictions are evaluated against the same reference samples, leading to repeated x-axis values.
Bias and RMSE are shown in each panel.
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Greater differences among the models emerged for the higher-order L-moments.
Although L-skewness and L-kurtosis exhibited larger scatter than the lower-order statistics
due to their sensitivity to localized extremes and tail behavior, biases remained close to zero
and RMSE values remained relatively small in both experiments. WGAN and DDPM generally
produced lower errors than U-Net, particularly for the 16x downscaling task, indicating a
modest improvement in reproducing precipitation distribution asymmetry and tail
characteristics. Consistent with expectations, agreement was generally stronger for the 8x
experiment than for the more challenging 16x experiment, as reflected by the tighter
clustering around the one-to-one line and lower RMSE values across all statistics. These
results demonstrate that all three models successfully preserve the key statistical properties
of precipitation fields at the native high-resolution scale. While higher-order distributional
characteristics remain more challenging to reproduce than lower-order moments,
particularly for 16x downscaling, WGAN and DDPM provide slightly improved
representation of precipitation occurrence, asymmetry, and tail behavior compared to U-
Net.

Spatial autocorrelation was evaluated in both the horizontal and vertical directions
for lags ranging from 1 to 8 pixels in order to assess the ability of the models to reproduce
the spatial organization of precipitation fields. Autocorrelation distributions were computed
across all test samples and compared against the corresponding ERA5-Land target fields for
both the 8x and 16x downscaling experiments. All models reproduced the overall decline in
autocorrelation with increasing spatial lag observed in the target precipitation data,
indicating preservation of the dominant spatial dependence structure. However, systematic
differences emerged in the rate at which autocorrelation decayed with distance. U-Net
consistently exhibited higher autocorrelation values than ERA5-Land across intermediate
and larger lags, indicating a slower decay of spatial dependence. This behavior is consistent
with the smoother precipitation structures commonly produced by MSE-based optimization,
which tend to increase spatial coherence and suppress fine-scale variability.
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Figure 6. Distributions of horizontal and vertical spatial autocorrelation for lags 1-8 pixels for the ERA5-Land
target fields and precipitation fields generated by U-Net, WGAN, and DDPM. Results are aggregated across all
test samples and across the 10 independently trained model seeds for each method. Panels (a, b) correspond
to the 8x downscaling experiment, while panels (c, d) correspond to the 16x downscaling experiment.

In contrast, WGAN and DDPM more closely reproduced the autocorrelation
distributions of ERA5-Land in both the horizontal and vertical directions. The agreement
was particularly evident at intermediate and larger lags, where the observed decay of spatial
dependence was better captured than by U-Net. This suggests that adversarial and diffusion-
based training more effectively preserve realistic precipitation variability and storm
morphology by generating sharper and less spatially smoothed precipitation structures. This
behavior was consistent between the horizontal and vertical directions, although
autocorrelation decreased slightly more rapidly in the vertical direction. Similar patterns
were observed for both downscaling factors, with somewhat larger departures from the
ERA5-Land distributions in the more challenging 16x experiment (especially in the case of
the U-Net). Nevertheless, all models reproduced the dominant spatial organization of
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precipitation fields, while WGAN and DDPM provided a closer representation of the
observed autocorrelation decay and associated storm-scale structure.

5.2.4 Extreme Precipitation and Tail Behavior

Extreme precipitation behavior was evaluated using exceedance probability distributions
computed from all test samples across all 10 independently initialized model realizations.
The exceedance curves reveal that all models reproduce the bulk precipitation distribution
reasonably well, with deviations becoming increasingly apparent toward the upper tail. For
the 8x downscaling experiment, U-Net, WGAN, and DDPM closely follow the ERA5-Land
exceedance distribution over most precipitation intensities. Differences emerge primarily
for rare events exceeding approximately 150 mm/day, where U-Net exhibits a slightly lighter
tail than ERA5-Land, indicating a tendency to suppress the most intense precipitation
extremes. WGAN more closely reproduces the target tail behavior, while DDPM displays
greater variability among realizations and occasionally generates events exceeding the
maximum intensities observed in the target dataset.
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Figure 7. Exceedance probability curves for precipitation generated by U-Net, WGAN, and DDPM across 10
independent seed initializations for the 8x (a-c) (top row) and 16x (d-f) (bottom row) downscaling
experiments. The Target (ERA5-Land) distribution is shown in blue, while other colored lines represent
individual seed realizations. Exceedance probability is displayed on a logarithmic scale to highlight differences
in the upper tail of the precipitation distribution.

The differences become more pronounced in the 16x experiment. The U-Net
consistently underestimates the most intense events and exhibits the most rapid decline in
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the precipitation intensities at the lowest exceedance probability. WGAN better preserves
the upper-tail structure and generally remains closer to the ERA5-Land exceedance
distribution. DDPM produces the broadest range of tail behaviors and the largest inter-seed
variability, with several realizations generating substantially higher precipitation intensities
than those present in the target data. This indicates an enhanced ability to generate rare
extremes, although it may also lead to occasional overestimation of upper-tail probabilities.
These results demonstrate a trade-off between smoothness and extreme-event
representation. U-Net provides the most conservative tail estimates, whereas WGAN and
particularly DDPM better reproduce the variability and intensity of rare precipitation events,
with the differences becoming increasingly evident in the more challenging 16x downscaling
experiment.

5.2.5 Composite Diagnostics

The composite diagnostics provide a complementary evaluation of scale-dependent
structure, spatial agreement, event detection, and perceptual similarity using ensemble
statistics derived from ten independently trained realizations for each model (Figure 8).
These results, too, indicate that all three models successfully reproduce the key spatial and
statistical characteristics of precipitation over the independent Northeast test region,
although notable differences emerge in their representation of fine-scale variability and
precipitation extremes. The close agreement between model and target power spectra
(Figure 8a), high FSS values across spatial scales (Figure 8b), and strong ROC performance
(Figure 8c) demonstrate that all models capture the dominant spatial organization and
occurrence patterns of precipitation. Furthermore, the limited spread among the individual
seed realizations across these diagnostics suggests that the results are robust to model
initialization.
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Figure 8. Comparison of U-Net, WGAN, and DDPM performance over the independent Northeast test region at
16x super-resolution. (a) Radial power spectra showing the distribution of spatial variance across wavelengths
relative to the target (ERA5-Land) fields. (b) Fractions Skill Score (FSS) as a function of spatial window size. (c)
Receiver Operating Characteristic (ROC) curves for wet-pixel classification, with inset values showing the mean
+ standard deviation of the Area Under the Curve (AUC) across ten independent model initializations. (d)
Quantile-Quantile (Q-Q) comparison between model and target precipitation quantiles for precipitation
amounts exceeding 20 mm/day. Colored lines represent individual model initializations, and the dashed line in
(d) denotes perfect agreement (1:1 relationship).

Despite these overall similarities, systematic differences become evident when
examining the representation of spatial variability and precipitation intensity distributions.
As shown in Figure 8a, U-Net exhibits a reduction in spectral power at smaller wavelengths,
indicating smoother precipitation structures and a loss of fine-scale variability relative to the
target fields. In contrast, WGAN and DDPM retain more high-frequency variance and better
reproduce small-scale precipitation features. The superior wet-pixel classification skill of U-
Net, reflected by its higher AUC values in Figure 8c, is consistent with its optimization toward
pixel-wise accuracy. However, this advantage does not necessarily translate into a more
realistic representation of precipitation intensities. The Q-Q analysis (Figure 8d) highlights
the largest differences among the models. For precipitation amounts exceeding 20 mm/day,
U-Net systematically underestimates the upper quantiles, suggesting a tendency to smooth



679
680
681
682
683
684
685
686
687
688

689

690
691
692
693
694
695
696
697
698
699
700
701
702
703
704

intense precipitation events. In comparison, WGAN and DDPM remain closer to the 1:1
reference line across much of the distribution and produce heavier tails, indicating an
improved representation of moderate-to-extreme precipitation intensities. At the highest
quantiles, both models exhibit increased spread among seed realizations, reflecting greater
uncertainty in the simulation of rare extreme events. All models exhibit high sample-wise
structural similarity index (SSIM) values, particularly for the 8x downscaling experiment.
SSIM decreases for the more challenging 16x downscaling task, although median values
remain above 0.95 for all model classes (supplementary Figure S7). Overall, these results
further emphasize that WGAN and DDPM achieve a more realistic representation of fine-
scale spatial variability and high-intensity precipitation.

5.2.6 Stochastic Variability and Uncertainty

The comparison between within-seed and across-seed ensembles shows that both sources
of variability affect the simulated precipitation distribution, but across-seed variability is
consistently larger. This distinction is most evident in the exceedance probability curves
(Figure 9b1-b2). Within-seed realizations remain relatively clustered at moderate
thresholds but begin to diverge in the upper tail, particularly beyond approximately 150
mm/day. In contrast, across-seed ensembles show a broader spread even at lower
precipitation thresholds, and this spread increases further toward the most extreme events.
This indicates that stochastic sampling within a fixed trained model contributes to tail
uncertainty, but differences among independently trained model initializations produce a
stronger and more persistent variability. The lagged spatial autocorrelation characteristics
were highly consistent across independent model initializations (Supplementary Figure S8),
indicating that the learned spatial dependence structure is robust to training variability.
Although the spread among realizations increased slightly at larger lags, particularly for
DDPM, the median correlations remained stable across seeds and closely followed the target
spatial autocorrelation decay.
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Figure 9: Within-seed and across-seed variability of U-Net, WGAN, and DDPM predictions over the
independent Northeast test region at 16x super-resolution. Panels (al-a2) show boxplots of horizontal spatial
autocorrelation at lags 1-8 pixels, where within-seed variability is estimated from multiple stochastic
realizations generated by a single trained model and across-seed variability is estimated from independently
trained model initializations. Panels (b1-b2) present exceedance probability curves as a function of
precipitation threshold (mm/day), illustrating variability in the representation of moderate-to-extreme
precipitation intensities. Panels (c1-c2) show radial power spectra describing the distribution of spatial
variance across wavelengths. Left-column panels correspond to within-seed variability and right-column
panels correspond to across-seed variability.

For spatial autocorrelation (Figure 9al-a2) and radial power spectra (Figure 9c1-
c2), the contrast between within-seed and across-seed behavior is less pronounced. Both
ensemble configurations show broadly similar spatial dependence and spectral
characteristics, suggesting that the learned spatial organization is relatively stable.
Nevertheless, the across-seed boxplots show slightly larger dispersion at longer spatial lags,
indicating that model initialization also affects spatial dependence, although less strongly
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than it affects precipitation extremes. These results suggest that uncertainty in generated
precipitation fields is metric dependent. Spatial structure is comparatively robust to both
stochastic sampling and independent model initialization, whereas distributional tail
behavior is more sensitive, with across-seed variability representing the dominant source of
uncertainty.

5.2.7 Temporal Correlation

Although the downscaling models were trained independently on daily precipitation fields
without explicit temporal constraints, they reproduce the observed temporal dependence
structure reasonably well. As shown in Figure 10a, all three models capture the overall
distribution of pixel-wise temporal correlation across lags 1-5 days, with median values
closely matching those of the target (ERA5-Land). The strongest persistence is observed at
lag 1, followed by a rapid reduction in autocorrelation at longer lags, consistent with the
temporal behavior of the target precipitation fields.
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Figure 10: Temporal correlation characteristics of U-Net, WGAN, and DDPM evaluated using 1000 consecutive
precipitation samples from the Northeast test region without wet-day filtering. (a) Distribution of pixel-wise
temporal correlation coefficients at lags 1-5 days for the target (ERA5-Land) and model-generated
precipitation fields. (b) Bias of temporal autocorrelation relative to the target as a function of temporal lag. (c)
RMSE of temporal correlation relative to the target as a function of temporal lag. Temporal correlation was
computed independently at each grid cell using lagged correlations between daily precipitation time series.

Differences among the models become more apparent in the bias and RMSE statistics
(Figure10b-c). WGAN and DDPM exhibit near-zero bias across most temporal lags,
indicating that they reproduce the mean temporal correlation structure of the target data
with high fidelity. In contrast, U-Net slightly overestimates persistence at lag 1 and
marginally underestimates correlations at longer lags. Despite this bias pattern, U-Net
achieves the lowest RMSE across all lags, indicating the closest overall agreement with the
target temporal correlations. This may reflect the more deterministic and spatially smoother
nature of U-Net predictions, whereas the additional variability introduced by WGAN and
DDPM to better represent spatial structure and extremes results in slightly larger temporal-
correlation errors while remaining nearly unbiased. Nevertheless, these differences are
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modest, and all three models successfully reproduce the observed decay of temporal
correlation with increasing lag. The RMSE values decrease substantially from lag 1 to lag 3
before stabilizing at longer lags (Figure 10c), indicating that model differences are most
pronounced in the representation of short-term persistence. These findings suggest that the
spatial downscaling models preserve much of the temporal correlation structure present in
the target data, despite not being explicitly trained to model temporal evolution. This
provides additional evidence that the generated precipitation fields remain physically
consistent not only in their spatial characteristics but also in their short-term temporal
dependence.

5.3 Sensitivity of DDPM to Diffusion Length

To evaluate the computational efficiency of the DDPM framework, we examined the
sensitivity of model performance to the number of reverse-diffusion inference steps. In
addition to the baseline configuration using T=500 diffusion steps, inference was performed
using reduced diffusion lengths of T=100 and T=50 without retraining the model
(supplementary Figure S9-S10). The resulting precipitation fields were evaluated using
spatial autocorrelation, exceedance probability distributions, quantile-quantile (Q-Q)
relationships, and radial averaged power spectra (Figure 11 and supplementary Figure S11).

Reducing the diffusion length from T=500 to T=100 produces only minor changes in
the generated precipitation fields. Spatial autocorrelation distributions remain nearly
identical, indicating that large-scale spatial organization is preserved despite the shorter
reverse-diffusion process. Exceedance probability distributions and Q-Q relationships also
show substantial overlap, with only modest increases in variability among seeds at the
highest precipitation intensities. Similarly, the power spectra closely match those obtained
using T=500, demonstrating that the representation of spatial variability across scales is
largely unaffected by this reduction in inference steps.
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Figure 11. Comparison of DDPM predictions generated using 500 and 100 denoising steps for 16x
precipitation downscaling across ten independently trained seeds. Panels show (a) horizontal spatial
autocorrelation, (b) vertical spatial autocorrelation, (c) exceedance probability for precipitation intensities
exceeding 10 mm/day, and (d) quantile-quantile (Q-Q) relationships relative to Target (ERA5-Land). Boxplots
in (a-b) summarize the distribution of spatial correlations across all test samples, while panels (c-d) display
individual seed realizations as separate lines. The Target (ERA5-Land) distribution is shown in cyan, DDPM
T=500 in pink, and DDPM T=100 in purple. The comparison assesses the sensitivity of spatial dependence and
precipitation statistics to the number of diffusion inference steps.

In contrast, a further reduction from T=100 to T=50 results in noticeably larger
deviations from the Target (ERA5-Land) statistics. While the spatial autocorrelation and
spectral characteristics remain broadly similar, the exceedance probability distributions
exhibit substantially greater spread among seed realizations and increasingly divergent
behavior in the upper tail. The Q-Q relationships likewise show larger departures from the
one-to-one line at high quantiles, indicating reduced stability in the representation of
extreme precipitation events. Several T=50 realizations generate substantially higher
precipitation intensities than those observed in the target dataset, suggesting an increased
tendency to overestimate rare extremes. These results indicate that DDPM performance is
relatively insensitive to moderate reductions in diffusion length, with T=100 retaining most
of the statistical and spatial characteristics obtained using T=500 while reducing
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computational cost by approximately a factor of five. However, further reduction to T=50
leads to measurable degradation in the representation of precipitation extremes.

6. Conclusions

This study presented a comprehensive intercomparison of three deep learning architectures,
namely a convolutional U-Net,a WGAN, and a DDPM, for statistical precipitation downscaling
at 8x and 16x super-resolution factors. Models were trained over the Central Plains and
Northwest regions and evaluated over an independent Northeast test domain, providing a
rigorous assessment of cross-regional generalization under realistic out-of-sample
conditions. All three models successfully captured the large-scale spatial organization and
bulk precipitation statistics of the ERA5-Land target fields, demonstrating that deep learning
approaches can effectively transfer learned downscaling relationships to unseen geographic
domains. However, systematic differences emerged in their ability to represent fine-scale
variability, precipitation extremes, spatial dependence structure, and predictive uncertainty,
all of which are critical dimensions for downstream climate impact applications.

The U-Net, the baseline model in this study, consistently produced the smoothest
precipitation fields and achieved strong performance in wet-dry discrimination and
precipitation occurrence. These characteristics, however, came at the cost of drastically
underestimated spatial variability, suppressed precipitation extremes, and overestimated
spatial autocorrelation. These limitations are well-documented in deterministic regression-
based downscaling frameworks and reflect the inherent smoothing tendency of mean
squared error optimization. The two generative frameworks, WGAN and DDPM,
substantially outperformed U-Net in reproducing precipitation distributions, higher-order
statistical moments, and spatial structure. The WGAN demonstrated particularly strong
fidelity in capturing exceedance probabilities and the full precipitation intensity spectrum,
while maintaining a favorable computational cost relative to the DDPM. The DDPM, by
contrast, most faithfully reproduced the target spatial autocorrelation decay and spectral
energy distribution across spatial scales and uniquely provided stochastic ensemble
realizations that quantify uncertainty in the downscaling process, a capability absent in both
U-Net and WGAN.

A key finding of this study concerns the sources of uncertainty in generative
downscaling systems. Analysis of within-seed and across-seed variability revealed that
differences arising from independent model initializations consistently exceeded variability
associated with repeated stochastic generations from a single trained model. This result has
important practical implications. Single-seed model assessments risk underestimating true
model uncertainty, and robust evaluation of generative downscaling systems should
incorporate multi-seed training ensembles alongside stochastic sampling. This finding also
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suggests that the stochastic diversity of DDPM realizations, while valuable, does not fully
capture the epistemic uncertainty inherent in the training process itself.

Sensitivity experiments demonstrated that DDPM performance is relatively robust to
moderate reductions in the number of reverse-diffusion steps. Reducing the step count from
T=500 to T=100 produced only minor degradation in precipitation statistics and spatial
structure, whereas further reduction to T=50 led to more noticeable deterioration in
extreme precipitation representation and increased inter-seed variability. These results
identify T=100 as an effective operational compromise between physical fidelity and
computational efficiency, a finding with practical relevance for ensemble-based downscaling
applications requiring large numbers of realizations.

Overall, the results of this study demonstrate that the choice of downscaling
architecture involves non-trivial trade-offs among statistical accuracy, spatial realism,
uncertainty quantification, and computational cost. Both WGAN and DDPM substantially
outperform the deterministic U-Net across many of the evaluated diagnostics and exhibit
broadly comparable performance in reproducing precipitation statistics, spatial
dependence, and higher-order distributional characteristics. While DDPM occasionally
provides modest improvements in spatial structure and offers a native framework for
probabilistic ensemble generation, these gains are generally small relative to its
substantially greater computational cost. Consequently, WGAN represents an attractive
balance between performance and efficiency, whereas DDPM may be preferable when
explicit uncertainty quantification and ensemble-based probabilistic predictions are
primary objectives. These results suggest that the optimal model choice depends on the
specific application requirements and the relative importance of computational efficiency
versus probabilistic information.

Some limitations should be acknowledged. The models were trained and evaluated
using ERA5-Land as the high-resolution reference, which, although widely used, remains a
reanalysis product rather than a direct observational dataset. The analysis was also
restricted to precipitation, and the relative advantages of generative approaches remain to
be shown in multivariate downscaling problems involving additional variables.
Furthermore, the models did not explicitly incorporate physiographic information such as
topography and land-surface characteristics, which may influence performance in regions
where terrain strongly affects precipitation patterns. The architectures evaluated here
should be viewed as representative implementations rather than fully optimized models. In
particular, the baseline model U-Net employed a conventional MSE objective, whereas
precipitation fields exhibit intermittency, skewness, and heavy-tailed behavior that may be
better represented by distribution-aware loss functions (e.g.,, Tweedie, quantile-based, or
probabilistic objectives; (Hunt, 2025; Rastogi et al., 2025)). Finally, all experiments were
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conducted under historical climate conditions, and the robustness of these approaches
under future climate states and associated distributional shifts remains an important area
for future investigation.

Future work should address these limitations progressively. Evaluating model
performance against observation-based targets, incorporating physiographic conditioning
variables, and extending the framework to multivariate downscaling problems are all
important near-term directions. Further research should also explore the sensitivity of
conclusions to architectural design choices, loss functions, data transformations, and
conditioning strategies. Assessing robustness under future climate conditions will likely
require complementary approaches such as domain adaptation, physically informed
constraints, and hybrid frameworks that combine the flexibility of generative deep learning
with the dynamical consistency of process-based climate models. Overall, the results
demonstrate that generative approaches, particularly WGANs and DDPMs, offer substantial
advantages over conventional deterministic downscaling for reproducing precipitation
variability, extremes, and uncertainty, while also highlighting the importance of evaluating
model performance across multiple complementary diagnostics rather than relying on a
single metric.
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