
Comprehensive	Inter-comparison	of	Generative	AI	Models	for	Super-1	
Resolution	Precipitation	Downscaling	Across	Hydroclimatic	Regimes	2	

Shivam	 Singh*1,2,	 Simon	Michael	 Papalexiou3,4,	 Hebatallah	 M.	 Abdelmoaty5,6,	3	
Tom	Hartvigsen7,	Antonios	Mamalakis2,7	4	

1Environmental	Institute,	University	of	Virginia,	Charlottesville,	VA,	USA;		5	
2Department	of	Environmental	Sciences,	University	of	Virginia,	Charlottesville,	VA,	USA;	6	
3Institute	for	Global	Water	Security,	Hamburg	University	of	Technology,	Germany.	7	
4Faculty	of	Environmental	Sciences,	Czech	University	of	Life	Sciences	Prague;	8	
5Department	 of	 Civil	 Engineering,	 Schulich	 School	 of	 Engineering,	 University	 of	 Calgary,	9	
Canada;		10	
6Irrigation	and	Hydraulics	Department,	Faculty	of	Engineering,	Cairo	University,	Egypt	11	
7School	of	Data	Science,	University	of	Virginia,	Charlottesville,	VA,	USA;		12	
*	 Corresponding	 authors;	 Shivam	 Singh	 (wpa8me@virginia.edu),	 Antonios	 Mamalakis	13	
(npa4tg@virginia.edu)	14	

Abstract	15	

High-resolution	 precipitation	 information	 is	 essential	 for	 hydrologic	 modeling,	 flood	16	
forecasting,	and	climate-risk	assessment,	yet	global	weather	and	climate	models	operate	at	17	
spatial	resolutions	too	coarse	to	resolve	storm	structure,	intermittency,	and	extremes.	Deep-18	
learning-based	 statistical	 downscaling	 provides	 a	 computationally	 efficient	 alternative	 to	19	
dynamical	downscaling,	but	deterministic	convolutional	neural	networks	often	yield	overly	20	
smooth	predictions	and	underestimate	fine-scale	variability	and	extreme	events.	Generative	21	
deep-learning	models,	including	generative	adversarial	networks	and	diffusion	models,	offer	22	
a	promising	alternative	by	enabling	stochastic	downscaling	and	explicit	representation	of	23	
uncertainty.	This	study	presents	a	systematic	intercomparison	of	three	representative	deep-24	
learning	architectures	for	precipitation	super-resolution,	namely	a	Convolutional	U-Net	as	25	
baseline,	 a	 conditional	Wasserstein	 GAN	 (WGAN),	 and	 a	 conditional	 Denoising	 Diffusion	26	
Probabilistic	Model	 (DDPM).	Using	 a	 perfect-model	 experimental	 design	based	on	ERA5-27	
Land	precipitation	fields	over	climatologically	distinct	regions	of	the	United	States,	models	28	
are	 trained	 over	 the	 Central	 Plains	 and	 Northwest	 domains	 and	 evaluated	 over	 an	29	
independent	 Northeast	 test	 domain	 under	 8×	 and	 16×	 downscaling	 factors,	 providing	 a	30	
stringent	 test	 of	 cross-regional	 generalization.	 Evaluation	 diagnostics	 span	 precipitation	31	
distributions,	wet–dry	occurrence,	extremes,	spatial	autocorrelation,	spectral	structure,	and	32	
ensemble-based	 uncertainty	 quantification.	 All	 three	 models	 preserve	 large-scale	33	
precipitation	organization,	with	differences	emerging	primarily	at	fine	spatial	scales	and	in	34	
the	 representation	 of	 extremes	 and	 spatial	 dependence.	 U-Net	 provides	 stable	 and	35	
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computationally	 efficient	 predictions	 but	 consistently	 smooths	 fine-scale	 variability	 and	36	
suppresses	 extreme	 precipitation.	 WGAN	 improves	 distributional	 fidelity	 and	 heavy-tail	37	
behavior	 with	 comparatively	 modest	 computational	 overhead.	 DDPM	 yields	 the	 most	38	
physically	 coherent	 spatial	 structure	 and	 natural	 ensemble	 diversity	 for	 uncertainty	39	
quantification,	 at	 a	 substantially	 higher	 computational	 cost.	 Analysis	 of	 seed-based	40	
variability	 further	 reveals	 that	 training	uncertainty	dominates	over	 stochastic	generation	41	
variability,	 underscoring	 the	 need	 for	 multi-seed	 evaluation	 in	 generative	 downscaling	42	
systems.	43	

Keywords:	Precipitation	downscaling;	deep	learning;	generative	models;	super-resolution;	44	
hydrologic	extremes;	uncertainty	quantification.	45	

1.	Introduction	46	

Global	climate	models	are	 fundamental	 tools	 for	projecting	 future	hydroclimate,	yet	 their	47	
typical	horizontal	spatial	resolution	(often	on	the	order	of	~100–200	km)	remains	too	coarse	48	
to	 represent	 the	 mesoscale	 and	 storm-scale	 processes	 that	 govern	 precipitation	49	
intermittency	 and	 extremes	 (Feser	 et	 al.,	 2011;	 Palmer,	 2014;	 Schär,	 2019).	 In	 contrast,	50	
hydrologic	 impact	 modeling,	 flood-risk	 assessment,	 and	 climate	 adaptation	 planning	51	
commonly	require	precipitation	information	at	finer	resolution	(~10	km),	where	localized	52	
gradients,	 orographic	 forcing,	 land–sea	 contrasts,	 and	 convective	 organization	 must	 be	53	
adequately	represented	(Lucas-Picher	et	al.,	2021;	Nishant	et	al.,	2023;	Piani	et	al.,	2010;	54	
Stephens,	 2017).	 As	 a	 result,	 the	 direct	 application	 of	 coarse-resolution	model	 output	 is	55	
inadequate	 for	 hydrologic	 impact	 assessment,	 flood	 risk	 estimation,	 and	 climate-risk	56	
analysis,	especially	in	situations	characterized	by	strong	spatial	intermittency	and	extremes	57	
(Giorgi	 &	 Gutowski,	 2015;	 Tabari	 et	 al.,	 2021;	Wood	 et	 al.,	 2004).	 To	 address	 this	 scale	58	
mismatch	 and	 provide	 high-resolution	 information	 required	 for	 hydrologic	 and	 climate-59	
impact	 applications,	 downscaling	 techniques	 are	 employed	 to	 infer	 fine-scale	 fields	 from	60	
coarse-resolution	 model	 output.	 Dynamical	 downscaling,	 which	 relies	 on	 physics-based	61	
regional	 climate	models	 (RCMs),	 has	 been	widely	 used	 to	 improve	 the	 representation	 of	62	
mesoscale	processes	and	precipitation	extremes	(Coppola	et	al.,	2020;	Giorgi	&	Gutowski,	63	
2015;	Giorgi	&	Mearns,	1991;	Maraun	et	al.,	2010).	However,	the	substantial	computational	64	
cost	of	RCMs	severely	constrains	ensemble	size,	 limits	the	exploration	of	uncertainty,	and	65	
restricts	 their	 applicability	 for	 large	multi-model	 or	multi-scenario	 studies	 (Deser	 et	 al.,	66	
2012;	 Gao	 et	 al.,	 2012;	 Tomasi	 et	 al.,	 2025).	 These	 limitations	 have	 motivated	 growing	67	
interest	 in	empirical	downscaling	approaches,	 including	 statistical	 and	machine-learning-68	
based	methods,	which	offer	orders-of-magnitude	reductions	in	computational	cost	(Baño-69	
Medina	et	al.,	2020;	Hobeichi	et	al.,	2023;	Lange,	2019;	Mamalakis	et	al.,	2017;	Vrac	et	al.,	70	
2007).	71	



Recent	advances	in	deep	learning	have	substantially	reshaped	empirical	precipitation	72	
downscaling.	Convolutional	neural	networks	(CNNs),	particularly	end-to-end	architectures	73	
such	 as	 the	 U-NET,	 have	 demonstrated	 strong	 skill	 in	 reproducing	 mean	 precipitation	74	
patterns,	spatial	continuity,	and	wet–dry	occurrence	with	stable	training	and	fast	inference,	75	
making	 them	 attractive	 for	 large-scale	 and	 operational	 applications	 (Baño-Medina	 et	 al.,	76	
2020;	Höhlein	et	al.,	2020;	Vandal	et	al.,	2017).	However,	deterministic	CNNs	are	typically	77	
optimized	using	pixel-wise	loss	functions	that	favor	conditional	mean	solutions,	resulting	in	78	
overly	 smooth	 precipitation	 fields,	 reduced	 small-scale	 variability,	 and	 systematic	79	
underrepresentation	 of	 extremes,	 especially	 at	 high	 spatial	 resolutions	 and	 large	80	
downscaling	factors	(Abdelmoaty	et	al.,	2025,	2026;	Ravuri	et	al.,	2021;	Singh	et	al.,	2026).	81	
To	address	these	limitations,	stochastic	generative	models	have	been	increasingly	explored	82	
to	represent	the	inherent	non-uniqueness	of	fine-scale	precipitation	conditioned	on	coarse	83	
inputs	(Rampal	et	al.,	2024).	Generative	adversarial	networks	(GANs),	including	Wasserstein	84	
GANs,	have	shown	improved	representation	of	fine-scale	structure	and	extreme	intensities	85	
relative	to	deterministic	models,	but	their	training	is	sensitive	to	hyperparameter	choices	86	
and	can	suffer	from	instabilities	and	mode	collapse,	complicating	robustness	and	calibration	87	
(Arjovsky	et	al.,	2017;	Gulrajani	et	al.,	2017;	Harris	et	al.,	2022).	More	recently,	diffusion-88	
based	 generative	models	 have	 emerged	 as	 an	 alternative	 stochastic	 framework,	 offering	89	
improved	 training	 stability	 and	 flexible	 uncertainty	 representation	 through	 a	 forward–90	
reverse	diffusion	process,	with	latent	diffusion	variants	improving	computational	efficiency	91	
by	operating	in	a	compressed	feature	space	(Khader	et	al.,	2023;	Lyu	et	al.,	2024;	Tomasi	et	92	
al.,	 2025).	 Early	 applications	 suggest	 that	 diffusion	 models	 can	 outperform	 both	93	
deterministic	CNNs	and	GANs	 in	capturing	multiscale	variability	and	spatial	organization,	94	
though	at	substantially	higher	inference	cost	and	with	sensitivity	to	diffusion	configuration	95	
(Mardani	et	al.,	2025;	X.	Wang	et	al.,	2025).	Despite	these	advances,	existing	studies	typically	96	
develop	and	evaluate	deterministic,	adversarial,	and	diffusion-based	approaches	in	isolation,	97	
using	case-specific	designs	and	single	target	resolutions,	leaving	key	questions	unanswered	98	
regarding	 their	 relative	 performance,	 uncertainty	 representation,	 and	 computational	99	
scalability	for	hydrologically	relevant	diagnostics.	100	



In	this	study,	we	address	these	gaps	through	a	comprehensive,	hydrologically	oriented	101	
comparison	of	three	representative	deep-learning	frameworks	for	daily	precipitation	super-102	
resolution	downscaling:	a	U-Net	trained	with	pixel-wise	mean	squared	error	(MSE)	loss,	a	103	
Wasserstein	generative	adversarial	network	(WGAN),	and	a	denoising	diffusion	probabilistic	104	
model	(DDPM)	in	a	conditional	setting.	Using	a	common	training	and	evaluation	framework,	105	
we	 assess	 their	 ability	 to	 reproduce	 precipitation	 occurrence,	 spatial	 structure,	 temporal	106	
consistency,	 precipitation	 distributions,	 extreme-event	 behavior,	 and	 uncertainty	107	
characteristics.	 We	 further	 investigate	 multi-seed	 and	 stochastic	 realizations	 to	 quantify	108	
within-seed	and	across-seed	variability,	providing	insights	into	the	relative	contributions	of	109	
model	 initialization	 and	 stochastic	 sampling	 to	 prediction	 uncertainty.	 By	 comparing	110	
regression-based,	 adversarial,	 and	 diffusion-based	 approaches	 under	 a	 consistent	111	
experimental	design	and	emphasizing	physically	meaningful	diagnostics,	this	work	aims	to	112	
clarify	the	strengths	and	limitations	of	contemporary	deep-learning	downscaling	methods	113	
and	 provide	 guidance	 for	 hydrologic	 and	 climate-risk	 applications	 requiring	 reliable	114	
representation	 of	 precipitation	 extremes,	 spatial	 organization,	 temporal	 persistence,	 and	115	
predictive	uncertainty.	116	

2.	Data	and	Methodology	117	

2.1	Data	118	

We	use	precipitation	 fields	 from	the	ERA5-Land	reanalysis	dataset	 (Muñoz-Sabater	et	al.,	119	
2021),		which	provides	hourly	accumulated	precipitation	at	0.1°	(~9	km)	spatial	resolution	120	
over	global	 land	surfaces.	Hourly	precipitation	 is	aggregated	to	daily	 totals	and	extracted	121	
over	the	contiguous	United	States	(CONUS)	for	the	period	1980–2014.	This	35-year	record	122	
is	 sufficiently	 long	 to	 sample	 a	wide	 range	 of	 storm	 types,	 hydroclimatic	 variability,	 and	123	
interannual	 fluctuations.	 ERA5-Land	 is	 selected	because	 it	 provides	physically	 consistent	124	
land-surface	 precipitation	 estimates	 that	 are	 widely	 used	 in	 hydrologic	 modeling	 and	125	
downscaling	evaluation.	126	

To	assess	model	behavior	across	distinct	precipitation	climatologies,	we	define	three	127	
non-overlapping	128	×	128	grid	domains	(~1150	×	1150	km	at	mid-latitudes)	representing	128	
major	U.S.	hydroclimatic	 regimes	 (Figure	1):	 (i)	Central	Plains	 (30.2°N–43.0°N,	105.4°W–129	
92.6°W),	 dominated	 by	 warm-season	 convective	 precipitation;	 (ii)	 Northwest	 (36.6°N–130	
49.4°N,	 121.8°W–109.0°W),	 characterized	 by	 wintertime	 orographic	 enhancement	 and	131	
strong	seasonal	contrast;	and	(iii)	Northeast	(36.6°N–49.4°N,	90.4°W–77.6°W),	 influenced	132	
by	synoptic-scale	cyclones	and	frontal	systems.	133	



134	
Figure	1.	Geographic	domains	used	in	this	study,	showing	the	three	128	×	128	grid	regions	over	the	contiguous	135	
United	States	representing	distinct	hydroclimatic	regimes:	the	Northwest,	Central	Plains,	and	Northeast.	136	

A	 cross-regional	 evaluation	 strategy	 is	 adopted	 to	 test	 generalization	 across	137	
hydroclimatic	regimes.	Models	are	 trained	using	samples	 from	the	Central	Plains	and	the	138	
Northwest.	 The	 validation	 samples	 are	 drawn	 partially	 from	 the	 Central	 Plains	 to	 guide	139	
model	 selection	 and	 early	 stopping,	 while	 the	 Northeast	 samples	 are	 reserved	 for	140	
independent	model	evaluation	and	testing	regional	generalization.	This	setup	ensures	that	141	
the	Northeast	region	is	not	used	for	parameter	learning	during	training	to	keep	it	as	a	strictly	142	
independent	test	set	(Rampal	et	al.,	2024;	Vandal	et	al.,	2017).	143	

Daily	 precipitation	 values	 below	 1	 mm/day	 are	 treated	 as	 dry	 and	 set	 to	 zero,	144	
following	commonly	used	wet-day	thresholds	in	hydro-climatological	analyses	(Teutschbein	145	
&	Seibert,	2012;	Trenberth	et	al.,	2015).	To	ensure	 that	 learning	 is	driven	by	meaningful	146	
spatial	rainfall	structure	rather	than	near-empty	scenes,	days	with	fewer	than	1%	wet	pixels	147	
(<164	wet	pixels	in	a	128	×	128	domain)	are	excluded.	This	filtering	removes	13.76%,	8.11%,	148	
and	3.41%	of	samples	in	the	Central	Plains,	Northwest,	and	Northeast	regions,	respectively,	149	
with	 the	highest	 removal	occurring	during	winter	 (DJF)	and	autumn	(SON),	 and	minimal	150	
removal	during	summer	(JJA).	This	 indicates	that	 the	 filtering	primarily	excludes	dry	and	151	
weak	 precipitation	 events.	While	 this	 step	 improves	 training	 stability,	 it	may	 lead	 to	 an	152	
underrepresentation	of	light	rainfall	and	a	slight	reduction	in	wet-day	occurrence	frequency.	153	
After	 preprocessing,	 11,025	 samples	 are	 retained	 for	 the	 Central	 Plains,	 11,747	 for	 the	154	
Northwest,	 and	 12,348	 for	 the	 Northeast.	 The	 dataset	 is	 then	 split	 into	 19,200	 training	155	
samples,	3,304	validation	samples,	and	12,348	test	samples.	156	

Low-resolution	inputs	are	generated	through	block	averaging,	producing	8×	and	16×	157	
aggregated	 precipitation	 fields	 while	 conserving	 storm-total	 rainfall	 volume.	 Block	158	
averaging	is	preferred	over	interpolation	because	it	preserves	physical	mass	consistency	and	159	



avoids	introducing	artificial	spatial	correlations	(Hsu	et	al.,	2024;	Kumar	et	al.,	2023;	Stengel	160	
et	al.,	2020).		For	the	8×	configuration,	128	×	128	fields	(~9	km)	are	aggregated	to	16	×	16	161	
(~72	km)	and	models	are	trained	to	reconstruct	the	corresponding	128	×	128	target.	For	the	162	
16×	 configuration,	 targets	 are	 reconstructed	 from	 8	 ×	 8	 (~144	 km)	 inputs.	 This	 design	163	
defines	a	perfect-model	super-resolution	framework	in	which	inputs	and	targets	originate	164	
from	the	same	dataset,	enabling	controlled	evaluation	of	spatial	refinement	independent	of	165	
predictor	mismatch	or	bias-correction	effects.	166	

2.2	Models	167	

In	this	study	we	used	a	deterministic	convolutional	U-NET	as	a	baseline	and	two	generative	168	
models	WGAN	and	DDPM	for	downscaling	precipitation.	A	schematic	of	these	deep-learning	169	
architectures	is	presented	in	Figure	2	and	detailed	architectures	including	total	numbers	of	170	
earnable	parameters	are	included	in	supplementary	Figure	S1	and	Table	S1.	171	

2.2.1	U-NET		172	

A	U-NET	architecture	is	widely	used	in	deep	learning-based	super-resolution	downscaling	173	
experiments	(Abdelmoaty	et	al.,	2025;	Papalexiou	&	Mamalakis,	2025;	Wang	et	al.,	2021).	174	
The	 model	 takes	 as	 input	 a	 coarse	 precipitation	 field	 𝑥!"	 of	 size	 16 × 16	 for	 the	 8×	175	
downscaling	 task	or	of	size	 	8 × 8	 for	 the	16×	downscaling	 task,	 together	with	a	spatially	176	
uncorrelated	noise	tensor	𝐳 ∼ 𝒩(𝟎, 𝐈)	of	identical	dimensions.	The	noise	input	is	included	177	
solely	 to	 maintain	 architectural	 compatibility	 with	 the	 stochastic	 generator	 used	 in	 the	178	
WGAN	framework,	but	since	 the	network	 is	 trained	 independently	using	a	mean-squared	179	
error	(MSE)	loss,	it	converges	to	the	conditional	mean	of	the	high-resolution	target	given	the	180	
coarse	 input	 and	 therefore	 exhibits	 deterministic	 behavior	 during	 inference	181	
(Lakshminarayanan	et	al.,	2017;	Yan	et	al.,	2019).	The	MSE	loss	is	expressed	as:	182	

															 																								ℒ!"# = 𝔼[∥ 𝐺$(𝑥%&, 𝐳) − 𝑥'& ∥((] 																																							(1)	183	

where	 𝐺# 	 denotes	 the	 U-NET	 mapping	 parameterized	 by	 𝜃,	 and	 𝑥$"	 represents	 the	184	
corresponding	high-resolution	target	field.		185	

Architecturally,	 the	encoder	consists	of	 two	down-sampling	stages	with	32	and	64	186	
filters,	each	containing	pairs	of	3 × 3	convolutional	layers	with	ReLU	activations,	followed	187	
by	2 × 2	max-pooling	 layers.	 The	 bottleneck	 includes	 two	 convolutional	 layers	with	128	188	
filters.	 The	 decoder	 employs	 transposed	 convolution	 up-sampling	 and	 incorporates	 skip	189	
connections	from	the	encoder	to	preserve	fine-scale	spatial	organization.	To	reach	the	target	190	
128 × 128	 resolution	 from	 the	 coarse	 input,	 three	 progressive	 up-sampling	 stages	 are	191	
applied	 (32	 → 	64	 → 	128),	 using	 2 × 2	 transposed	 convolutions	 with	 Leaky	 ReLU	192	
activations,	followed	by	refinement	convolutions	at	full	resolution.	The	output	layer	uses	a	193	
linear	activation	to	produce	precipitation	intensity	in	mm/day.	The	model	is	trained	end-to-194	



end	using	the	Adam	optimizer	(learning	rate	1×10⁻⁴,	beta₁	=	0.9,	beta₂	=	0.999,	batch	size	195	
32)	with	early	 stopping	when	validation	 loss	 fails	 to	 improve	 for	 ten	 consecutive	epochs	196	
(patience	=	10).	No	weight	decay	is	used,	and	the	best	checkpoint	based	on	validation	set	197	
MSE	is	retained	for	evaluation.		198	

2.2.2	Wasserstein	GAN	(WGAN)	199	

To	 enable	 stochastic	 and	 spatially	 realistic	 precipitation	 downscaling,	 we	 implement	 a	200	
conditional	Wasserstein	GAN	(WGAN),	following	(Arjovsky	et	al.,	2017;	Gulrajani	et	al.,	2017;	201	
Papalexiou	&	Mamalakis,	2025).	The	generator,	which	is	the	same	noise-conditional	U-NET	202	
described	above,	maps	a	coarse	precipitation	field	𝑥!"	together	with	a	spatial	noise	tensor	203	
𝐳 ∼ 𝒩(𝟎, 𝐈)	to	a	high-resolution	field	𝑥5$"	on	the	128 × 128	grid.	Unlike	the	MSE-trained	U-204	
NET,	which	converges	to	the	conditional	mean,	adversarial	optimization	enables	sampling	205	
from	the	conditional	distribution	of	plausible	high-resolution	rainfall	structures	conditioned	206	
on	the	same	coarse	input.	The	critic	𝐶%	serves	as	a	conditional	discriminator	and	evaluates	207	
the	 realism	 of	 the	 generated	 field	 given	 the	 coarse	 rainfall	 context.	 It	 consists	 of	 two	208	
pathways:	an	encoder	that	reduces	the	128 × 128	field	through	strided	convolutions,	and	an	209	
embedding	of	the	low-resolution	input	into	a	matching	spatial	feature	representation.	These	210	
feature	streams	are	fused	and	reduced	to	a	scalar	score,	enabling	the	critic	to	assess	global	211	
storm	morphology	while	remaining	aware	of	the	large-scale	meteorological	state.	212	

Let	 𝑥$" ∼ 𝑃& 	 denote	 real	 high-resolution	 samples	 and	 𝑥5$" = 𝐺#(𝑥!", 𝐳) ∼ 𝑃'	 denote	213	
generated	samples.	The	conditional	Wasserstein	critic	loss	is:	214	

ℒ) = 𝔼*+!"∼-#/𝐶.(𝑥1'&, 𝑥%&)2 − 𝔼*!"∼-$/𝐶.(𝑥'&, 𝑥%&)2 + λ 𝔼*/∼-%& 56∥ ∇0/𝐶.(𝑥8, 𝑥%&) ∥( −1:
(;											(2)	215	

where,	interpolated	sample	(𝑥9)	is	defined	as,	216	

																																																					𝑥8 	=	∈ 𝑥'& 	+ 	(1	−	∈)𝑥1'&, ∈ 	~	𝑈(0, 1)																																																									(3)	217	



	218	



Figure	2:	Schematic	of	the	deep-learning	architectures	used	for	precipitation	super-resolution	downscaling	219	
(16×).	(a)	Deterministic	U-NET	with	an	encoder–decoder	structure	and	skip	connections	producing	a	single	220	
high-resolution	output.	(b)	Conditional	Wasserstein	GAN	(WGAN),	where	a	stochastic	generator	produces	high-221	
resolution	fields	conditioned	on	low-resolution	input	and	noise	and	is	trained	adversarially	against	a	critic.	(c)	222	
Conditional	denoising	diffusion	probabilistic	model	(DDPM),	which	reconstructs	high-resolution	precipitation	223	
through	an	iterative,	noise-to-signal	denoising	process	conditioned	on	the	coarse	input.	224	

The	 generator	 is	 trained	 to	 maximize	 the	 critic	 score	 for	 the	 generated	 samples,	225	
corresponding	to:	226	

																																													ℒ1 = −𝔼*+!"∼-#/𝐶.(𝑥1'&, 𝑥%&)2 																																																							(4)	232	
The	model	is	trained	using	a	gradient	penalty	weight	λ	=	10,	updating	the	critic	three	times	227	
for	each	generator	update.	Both	networks	use	the	Adam	optimizer	with	learning	rate	1×10⁻⁴,	228	
β₁	=	0.0,	and	β₂	=	0.9,	with	no	weight	decay.	To	characterize	epistemic	variability,	ten	WGAN	229	
models	independently	initialized	with	different	random	seeds	are	trained	for	200	epochs,	230	
producing	ensembles	of	generated	samples	for	each	coarse	precipitation	input.	231	

2.2.3	Denoising	Diffusion	Probabilistic	Model	(DDPM)	233	

To	 exploit	 recent	 advances	 in	 likelihood-based	 generative	 modeling	 for	 high-resolution	234	
precipitation	reconstruction,	we	 implement	a	conditional	DDPM	following	the	 framework	235	
proposed	by	Ho	et	al.	(2020).	In	their	framework,	the	model	learns	to	reverse	a	fixed	forward	236	
diffusion	process	that	progressively	perturbs	high-resolution	(HR)	precipitation	fields	with	237	
Gaussian	noise	over	T = 500	steps.	During	training,	the	network	predicts	the	added	noise	at	238	
a	 randomly	 sampled	 timestep	 𝑡,	 conditioned	 on	 the	 corresponding	 low-resolution	 (LR)	239	
precipitation	field	(either	16 × 16	or	8 × 8).	At	inference,	samples	are	obtained	by	iteratively	240	
denoising	pure	Gaussian	noise	while	conditioning	on	the	LR	field.	The	forward	process	 is	241	
defined	as:	242	

																																				q(𝑥2:4 ∣ 𝑥5) =Bq(
4

672

𝑥6 ∣ 𝑥682)																																																																											(5)		243	

																																	q( 𝑥6 ∣∣ 𝑥682 ) = 𝒩6𝑥6; F1 − 𝛽6𝑥682, 𝛽6I:																																																											(6)	244	

where	{β(}()*+ 	is	the	noise	schedule.	We	adopt	the	cosine	noise	schedule	(Song	&	Dhariwal,	245	
2023)	to	improve	sample	smoothness	and	reduce	denoising	artifacts.	The	cumulative	signal	246	
retention	is	given	by	247	

																																																								𝛼̄6 =B(1 −
6
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𝛽9)																																																																																	(7)	248	
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																																																																							(8)	249	

with	 a	 small	 offset	 𝑠 = 0.008	 to	 avoid	 extreme	 noise	 ratios.	 At	 training	 time,	 the	model	250	
predicts	the	noise	𝜖	added	to	𝑥,	at	timestep	𝑡,	conditioned	on	the	LR	field	𝑥!":	251	

																																									ℒ = 𝔼*',;,6[‖𝜖 − 𝜖$(𝑥6 , 𝑡, 𝑥%&)‖(
(]																																																																		(9)	252	

where	𝑥- = D𝛼̄-𝑥, +D1 − 𝛼̄-𝜖.	The	network	backbone	 is	a	 conditional	U-NET	augmented	253	
with	sinusoidal	time	embeddings	and	Feature-wise	Linear	Modulation	(FiLM;	(Perez	et	al.,	254	
2018)	 layers	 to	 inject	 timestep	 context	 and	 LR	 conditioning	 into	 intermediate	 feature	255	
representations.	Time	is	encoded	using	256-dimensional	sinusoidal	embeddings,	256	

																																	γ(t) = asin P
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																																							(10)	258	

	257	

and	 refined	 using	 a	 multilayer	 perceptron	 to	 produce	 a	 contextualized	 embedding	 temb.	259	
Within	 each	 convolutional	 block,	 FiLM	 modulates	 internal	 activations	 according	 to	 the	260	
timestep	and	LR	conditioning:	261	

																																FiLM(ℎ, 𝑡emb) = 𝛾(𝑡emb) ⊙ ℎ + 𝛽(𝑡emb)																																																														(11)	262	

This	 allows	 the	 model	 to	 adapt	 its	 representations	 to	 different	 stages	 of	 the	 denoising	263	
trajectory.	 To	 condition	 DDPM,	 the	 LR	 field	 is	 up-sampled	 to	 128	 × 	128	via	 bilinear	264	
interpolation	 and	 concatenated	 with	 the	 noisy	 HR	 input,	 ensuring	 that	 the	 coarse-scale	265	
spatial	context	informs	the	fine-scale	reconstruction.	Unlike	the	U-Net	and	WGAN	models,	266	
which	 were	 trained	 without	 an	 additional	 target	 normalization	 step,	 DDPM	 training	267	
employed	 a	 log(1+x)	 transformation	 followed	 by	 min-max	 normalization.	 This	268	
normalization	was	introduced	to	improve	numerical	stability	during	the	iterative	diffusion	269	
and	 denoising	 process.	 During	 training,	we	minimize	 the	 noise-prediction	 loss	 using	 the	270	
AdamW	optimizer	(learning	rate	1×10⁻⁴,	β₁	=	0.9,	β₂	=	0.999,	weight	decay	1×10⁻⁴).	During	271	
inference,	 HR	 precipitation	 samples	 are	 generated	 by	 iteratively	 applying	 the	 reverse	272	
diffusion	update,	273	

																						𝑥682 =
1
F𝛼6

k𝑥6 −
𝛽6

F1 − 𝛼̄6
𝜖$(𝑥6 , 𝑡, 𝑐)m + 𝜎6𝐳, 𝒛 ∼ 𝒩(0, I)																											(12)	274	



for	all	𝑡	from	T	to	1,	injecting	noise	at	each	step	except	the	final	one.	This	additional	noise	275	
makes	 the	 denoising	 process	 more	 stochastic	 and	 for	 same	 LR	 input,	 keeping	 all	 other	276	
parameters	same,	we	get	different	downscaled	output.		277	

All	three	models	(U-NET,	WGAN,	and	DDPM)	were	trained	using	10	different	random	278	
seeds,	yielding	10	independently	initialized	and	trained	realizations	of	each	architecture.	For	279	
a	 given	 low-resolution	 input,	 one	 prediction	 was	 generated	 from	 each	 trained	 instance,	280	
forming	 a	 10-member	 ensemble.	 This	 ensemble	 primarily	 reflects	 epistemic	 uncertainty	281	
arising	from	random	weight	initialization	during	training.	To	ensure	a	fair	comparison	across	282	
downscaling	factors,	the	core	network	architectures	were	kept	fixed	across	experiments.	For	283	
the	deterministic	U-NET	and	the	WGAN,	the	same	generator	and	critic	architectures	were	284	
used	 for	 both	 8×	 and	 16×	 configurations.	 The	 increased	 difficulty	 of	 the	 16×	 case	 was	285	
introduced	solely	by	providing	coarser	inputs	and	by	bilinearly	interpolating	8 × 8	fields	to	286	
16 × 16	 before	 being	 passed	 to	 the	 networks,	 while	 keeping	 the	 target	 resolution	 at	287	
128 × 128.	288	

For	 the	 DDPM,	 the	 same	 denoising	 U-NET	 architecture	was	 used	 for	 both	 scaling	289	
configurations.	In	the	8×	setup,	conditioning	fields	were	bilinearly	interpolated	from	16 × 16	290	
to	 128 × 128	 through	 three	 successive	 2×	 interpolations,	 consistent	 with	 the	 diffusion	291	
model’s	multi-scale	 refinement	 process.	 In	 the	more	 challenging	 16×	 setup,	 conditioning	292	
fields	originated	 from	8 × 8	 inputs	and	were	similarly	 interpolated	 to	128 × 128	 through	293	
repeated	 (four-times)	2×	bilinear	 interpolation	 steps	before	being	 concatenated	with	 the	294	
noisy	 target	 field	 at	 each	 diffusion	 timestep.	 This	 design	 ensured	 that	 differences	 in	295	
performance	across	scaling	factors	reflect	the	increased	information	gap	in	the	input,	rather	296	
than	changes	in	model	capacity	or	architecture.	By	holding	network	architectures	fixed	and	297	
varying	 only	 the	 effective	 resolution	 of	 the	 conditioning	 input,	 this	 experimental	 setup	298	
enables	 a	 controlled	 and	 equitable	 comparison	 of	 deterministic	 and	 generative	 models	299	
across	downscaling	factors.	This	implementation	allows	direct	comparison	with	U-NET	and	300	
WGAN	models	under	 identical	 input	 configurations	and	downscaling	 ratios	 (8×	and	16×)	301	
isolating	 differences	 attributable	 to	 generative	 formulation	 rather	 than	 architectural	302	
capacity	or	preprocessing	design.	303	

3.	Performance	Evaluation	304	

To	evaluate	the	statistical	fidelity,	spatial	realism,	and	hydrologically	relevant	characteristics	305	
of	the	downscaled	precipitation	fields	produced	by	the	U-NET,	WGAN,	and	DDPM	models,	we	306	
employ	 a	 set	 of	 complementary	 evaluation	 measures.	 These	 measures	 examine	307	
distributional	 consistency,	 representation	 of	 extremes	 and	 dry	 occurrence,	 rainfall	 mass	308	
conservation	across	spatial	scales,	spatial	organization	and	storm	morphology,	and	binary	309	
precipitation	 detection	 skill.	 All	 analyses	 are	 conducted	 on	 a	 test	 set	 of	 12,348	 daily	310	
precipitation	 fields	 from	 the	 unseen	 Northeast	 hydroclimatic	 region.	 For	 each	 modeling	311	



framework,	results	are	computed	across	a	10-member	ensemble	consisting	of	independently	312	
trained	models	initialized	with	different	random	seeds.	313	

3.1	Distributional	Consistency	314	

3.1.1	Quantile–Quantile	(Q–Q)	Analysis	315	

Quantile	behavior	 is	assessed	by	comparing	 the	p-quantile	of	model	predictions	(𝑄./0123)	316	
with	the	corresponding	target	(ERA5-land)	quantile	(𝑄.

+4562().		317	

																																																										𝑄A!BCDE = 𝐹!BCDE82 (𝑝)																																																																						(13)	318	

																																																											𝑄A
FGHIDJ = 𝐹FGHIDJ82 (𝑝)																																																																						(14)	323	

where	 𝑝 ∈ [0,1]	 and	 𝐹7*	 denotes	 the	 empirical	 inverse	 of	 the	 cumulative	 distribution	319	
function	(CDF).	When	plotted	together,	alignment	with	the	1:1	line	indicates	agreement	in	320	
distributional	 shape,	 while	 deviations	 at	 high	𝑝	 quantify	 errors	 in	 extreme	 precipitation	321	
intensity	representation.	322	

3.1.2	Exceedance	Probability	324	

Extreme	rainfall	representation	is	examined	using	the	complementary	CDF	and	evaluated	325	
across	intensity	thresholds	𝑥.	This	emphasizes	tail	performance	(e.g.,	> 10	mm/day),	which	326	
is	critical	 for	hydrologic	risk	estimation.	The	probability	 that	exceeds	 the	 threshold	(x)	 is	327	
expressed	as:	328	

																																																			ℙ(𝑋!BCDE > 𝑥) = 1 − 𝐹!BCDE(𝑥)																																																												(15)	330	
where	F(𝑥)	is	CDF	of	rainfall	intensity.	329	

3.1.3	Probability	of	Zero	Precipitation	(𝑷𝟎)	331	

Dry–wet	 occurrence	 skill	 is	 evaluated	 using	 the	 probability	 of	 zero	 (or	 near-zero)	332	
precipitation,	defined	as:	333	

																																															𝑃5!BCDE 	=
1
𝑁
{1(
K

<72

𝑋<!BCDE ≤ 𝑥JL)																																																						(16)			334	

where	𝑁	 is	 the	 total	 number	 of	 evaluated	 grid	 cells	 (pixels),	𝑋9 	 is	 pixel	 intensity,	 𝑥(: =335	
1	mm/day.	This	metric	quantifies	how	often	a	model	predicts	dry	conditions	and	is	essential	336	
for	diagnosing	dry	bias.	337	



3.1.4	Higher-Order	Statistical	Moments	338	

To	characterize	the	statistical	properties	of	precipitation	distributions,	we	compute	the	first	339	
four	 L-moments	 at	 each	 grid	 cell	 using	 precipitation	 values	 exceeding	 1	 mm/day.	340	
Specifically,	 we	 analyze	 the	mean	 (first	 L-moment),	 L-dispersion	 (second	 L-moment),	 L-341	
skewness,	and	L-kurtosis,	which	describe	the	central	tendency,	variability,	asymmetry,	and	342	
tail	behavior	of	the	precipitation	distribution,	respectively	(Papalexiou	&	Mamalakis,	2025).	343	
These	 statistics	 are	 calculated	 independently	 for	 the	 Target	 (ERA5-Land)	 and	 model-344	
generated	precipitation	fields	and	compared	using	pixel-wise	scatter	plots,	bias,	and	RMSE	345	
metrics.	346	

3.2	Mass	Conservation		347	

3.2.1	Cumulative	Mean	Rainfall	Depth	348	

We	 evaluate	 whether	 precipitation	 depth	 is	 preserved	 across	 spatial	 aggregation	 scales	349	
during	downscaling.	 For	 an	aggregation	 scale	𝑠,	 the	precipitation	 field	 is	partitioned	 into	350	
non-overlapping	𝑠 × 𝑠	blocks.	The	mean	precipitation	depth	within	block	𝑗	is	computed	as	351	

																																																														𝑋9,M 	=
1
𝑠(
{𝑃<
<∈M

																																																																								(17)		355	

where	 𝑃9 	 denotes	 the	 precipitation	 value	 at	 grid	 cell	 𝑖,	 and	 𝑋;,= 	 represents	 the	 mean	352	
precipitation	 depth	 within	 block	 𝑗	 at	 aggregation	 scale	 𝑠.	 This	 quantity	 is	 computed	353	
independently	for	both	the	Target	(ERA5-Land)	and	model-generated	precipitation	fields.	354	

The	resulting	block-mean	precipitation	depths	are	compared	across	aggregation	scales	using	356	
the	Pearson	correlation	coefficient	(𝑟),	mean	bias,	and	root-mean-square	error	(RMSE).	High	357	
correlation	together	with	low	bias	and	RMSE	indicates	that	the	downscaling	model	preserves	358	
precipitation	depth	consistently	across	spatial	 scales,	 thereby	maintaining	 the	 large-scale	359	
rainfall	characteristics	of	the	target	dataset.	360	

3.3	Spatial	Structure	and	Storm	Morphology	361	

3.3.1	Lagged	Spatial	Autocorrelation	362	

Spatial	dependence	in	precipitation	fields	is	evaluated	using	lagged	spatial	autocorrelation,	363	
which	 quantifies	 the	 similarity	 of	 precipitation	 values	 separated	 by	 a	 given	 spatial	 lag	364	
(Papalexiou	 et	 al.,	 2021).	 For	 a	 specified	 lag	 distance	 𝑑,	 the	 lagged	 autocorrelation	 is	365	
computed	 as	 the	 Pearson	 correlation	 coefficient	 between	 paired	 precipitation	 values	366	
sampled	at	locations	separated	by	𝑑.	Specifically,	the	statistic	is	defined	as	367	



																																		 𝑟(𝑑) =
� (𝑋(𝑠<) − 𝑋̄)

K
<72

(𝑋(𝑠< + 𝑑) − 𝑋̄)
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, 																	(18)	369	

	368	

where	𝑋	denotes	either	𝑋+4562(	or		𝑋/0123,	𝑋̄	is	the	sample	mean	of	the	precipitation	field,	𝑠9 	370	
denotes	a	spatial	 location,	𝑑	 is	 the	 lag,	and	𝑁	 is	 the	number	of	valid	grid-level	pairs.	The	371	
statistic	is	computed	for	a	range	of	lag	distances	and	averaged	over	all	valid	pairs	at	each	lag.	372	

3.3.2	Fraction	Skill	Score	(FSS)	373	

Spatial	coherence	and	storm	organization	are	assessed	using	the	Fraction	Skill	Score	(FSS),	374	
a	window-based	metric	 that	 compares	 the	 fractional	 rainfall	 coverage	 in	predictions	 and	375	
targets	(Gilleland	et	al.,	2009;	Roberts	&	Lean,	2008).	For	a	window	of	size	w,	the	score	is	376	
defined	as	377	

																																											FSS(𝑤) = 1 −
𝔼/(𝑃!BCDE − 𝑃FGHIDJ)(2
𝔼/𝑃!BCDE( +𝑃FGHIDJ( 2 + 𝜀

																																																				(19)	382	

where	𝑃/0123	and	𝑃+4562(	denote	the	fractional	rainfall	coverage	within	windows	of	size	𝑤	378	
computed	from	the	model	prediction	and	the	reference	target	precipitation,	respectively.	FSS	379	
ranges	from	0	(no	skill)	to	1	(perfect	spatial	agreement),	making	it	particularly	effective	for	380	
diagnosing	displacement	errors,	spatial	smoothing,	and	the	realism	of	storm	geometry.	381	

3.3.3	Radial	Power	Spectrum	383	

Scale-dependent	spatial	variability	in	downscaled	predictions	is	evaluated	using	the	radially	384	
averaged	Fourier	 power	 spectrum,	which	 characterizes	how	energy	 is	 distributed	 across	385	
spatial	wavenumbers	(Bednarz	&	Cherukuri,	2023;	Harrison	et	al.,	2025;	Skamarock,	2004).	386	
The	2-D	discrete	Fourier	transform	of	the	rainfall	field,	387	

																																																								𝐹(𝑘* , 𝑘O) = ℱ{𝑋(𝑥, 𝑦)}																																																																			(20)	389	
where	ℱ{⋅}	denotes	the	2-D	discrete	Fourier	transform,	yields	the	spectral	power,	388	

																																																								𝑃(𝑘* , 𝑘O) =	∣ 𝐹(𝑘* , 𝑘O) ∣( 																																																														 (21)	393	
which	 is	 then	 azimuthally	 averaged	 to	 obtain	 the	 one-dimensional	 spectrum	 𝑃(𝑘).	390	
Agreement	 between	 predicted	 and	 targeted	 spectra	 indicates	 that	 the	 model	 accurately	391	
captures	multiscale	storm	structure	from	large	synoptic	gradients	to	mesoscale	organization	392	



and	fine-scale	convective	patterns.	Whereas	deviations	reveal	scale-specific	biases	such	as	394	
excessive	smoothing,	noise	amplification,	or	loss	of	small-scale	variability.	395	

3.3.5	ROC	Curve	and	AUC	396	

Binary	 precipitation-occurrence	 skill	 is	 assessed	 using	 Receiver	 Operating	 Characteristic	397	
(ROC)	analysis	based	on	a	 random	threshold	 (here,	wet/dry	 threshold	of	𝑥 = 1 mm/day)	398	
(Harris	et	al.,	2022).	The	Area	Under	the	Curve	(AUC)	satisfies	Eq.	(22).	399	

																																																																			0.5 ≤ AUC ≤ 1																																																																(22)	400	

where	AUC	 = 	1,	denotes	perfect	discrimination	between	wet	and	dry	events,	and	AUC	 =401	
	0.5	 indicates	 no	 discriminative	 ability	 (random	 chance).	 This	metric	 evaluates	 ability	 of	402	
models	 to	 correctly	 identify	 rainfall	 occurrence	 independently	 of	 intensity,	 making	 it	403	
particularly	useful	for	diagnosing	dry–wet	classification	bias.		404	

3.4	Temporal	correlation	405	

To	evaluate	 temporal	consistency	of	precipitation	 fields,	we	construct	 time	series	at	each	406	
grid	cell	by	considering	 the	sequence	of	spatial	 fields	as	a	 temporal	evolution.	Let	𝑃-(𝑖, 𝑗)	407	
denote	precipitation	at	grid	cell	(𝑖, 𝑗)	and	time	𝑡.	The	temporal	correlation	at	each	grid	cell	is	408	
defined	as:	409	

																																																								𝑟<,M(𝜏) = corr(𝑃6(𝑖, 𝑗), 𝑃6PQ(𝑖, 𝑗))																																																		(23)	410	

where	𝜏	 is	 the	 temporal	 lag.	This	 results	 in	a	distribution	of	 correlation	values	across	all	411	
spatial	locations	for	each	lag.	412	

4.	Computational	Requirements	413	

All	model	trainings	were	conducted	on	a	single	NVIDIA	A100	GPU	(80	GB	memory).	Each	414	
architecture	was	trained	for	200	epochs	using	19,200	training	samples	and	tested	on	12,348	415	
test	 samples.	 Substantial	differences	 in	 computational	demand	were	observed	across	 the	416	
three	model	 classes	 (Table	 1).	 The	 U-NET	 baseline	 completed	 training	 in	 approximately	417	
16	minutes,	reflecting	the	efficiency	of	direct	supervised	optimization	with	a	single	forward–418	
backward	pass	per	batch.	 In	contrast,	 the	WGAN	required	1	hour	and	12	minutes	 to	train,	419	
driven	primarily	by	the	need	to	update	the	critic	multiple	times	per	generator	update	and	to	420	
compute	 the	 gradient-penalty	 term	 that	 enforces	 the	 1-Lipschitz	 constraint.	 The	 DDPM	421	
exhibited	 the	 highest	 training	 cost,	 requiring	 2	 hours	 and	 29	minutes,	 since	 each	422	
optimization	 step	 involves	 predicting	 injected	 noise	 over	 a	 sequence	 of	 500	diffusion	423	
timesteps.	424	



Table	1:	Comparison	of	training	and	inference	times	for	U-NET,	WGAN,	and	DDPM	models	on	a	single	NVIDIA	425	
A100	(80	GB)	GPU	426	

Resource	 Model	 Training	

Inference	

(12,348	
samples)		

Per-Sample	
Time	

Remarks	

A100-
80GB	

GPU	(1)	

U-NET	 ~16	min	 ~1.33	sec	 ~0.0001sec	 Fastest,	single	
forward	pass	

WGAN	
(Generator)	

~1h	
12min	

~1.32	sec	 ~0.0001sec	 Multiple	critic	
steps	

DDPM	
(T=500)	

~2h	
29min	

~1h	38	min	 ~0.5	sec	 500	denoising	
steps	per	image	

DDPM	
(T=100)	

~2h	
23min	

~20	min	59	sec	 ~0.1	sec	
100	denoising	
steps	per	image	

DDPM	
(T=50)	

~2h	
21min	

~10	min	27	sec	 ~0.05	sec	
50	denoising	
steps	per	image	

Inference	performance	showed	an	even	stronger	divergence.	Because	the	U-NET	and	427	
WGAN	 generators	 share	 identical	 architectures	 and	 an	 equal	 number	 of	 trainable	428	
parameters	 (differing	 only	 in	 training	 objectives),	 their	 inference	 times	 were	 nearly	429	
identical,	requiring	1.33	seconds	and	1.32	seconds,	respectively,	to	process	the	full	test	set	430	
(12,348	samples).	In	contrast,	the	DDPM	required	1	hour	and	38	minutes	for	inference,	since	431	
high-resolution	 precipitation	 fields	 are	 generated	 through	 an	 iterative	 reverse-diffusion	432	
sampling	 procedure	 that	 sequentially	 refines	 noise	 over	 500	denoising	 steps.	 These	433	
differences	underscore	 the	 computational	 trade-offs	between	deterministic	 convolutional	434	
downscaling	 and	 likelihood-based	 generative	 modeling.	 While	 WGAN	 offers	 stochastic	435	
outputs	with	moderate	added	computational	burden,	DDPM	provides	calibrated	ensemble	436	
diversity	 at	 substantially	 higher	 computational	 cost,	 a	 factor	 that	may	 strongly	 influence	437	
operational	deployment,	ensemble	forecasting,	and	climate-model	downscaling	at	scale.	438	

5.	Results	and	Discussion	439	

5.1	Training	behavior	440	

The	 three	 downscaling	 architectures	 exhibit	 distinct	 optimization	 characteristics	 that	441	
directly	 reflect	 their	 learning	 objectives	 and	model	 structures.	 The	 deterministic	 U-NET	442	
converges	most	 rapidly	under	both	 the	8×	and	16×	super-resolution	configurations,	with	443	



training	and	validation	losses	decreasing	sharply	and	stabilizing	within	the	first	few	epochs	444	
(supplementary	 Figure	 S2a).	 The	 near-perfect	 overlap	 between	 training	 and	 validation	445	
curves	 indicates	 negligible	 overfitting	 and	 strong	 generalization,	 consistent	 with	446	
optimization	 under	 a	 mean-squared-error	 objective	 that	 drives	 the	 network	 toward	 a	447	
conditional	 mean	 solution.	 Final	 loss	 values	 are	 systematically	 higher	 for	 the	 16×	448	
configuration,	reflecting	the	larger	information	gap	between	the	coarse	8×8	inputs	and	the	449	
high-resolution	targets.	450	

The	 WGAN	 displays	 the	 characteristic	 oscillatory	 dynamics	 associated	 with	451	
adversarial	training.	For	the	8×	case,	the	critic	loss	stabilizes	within	a	narrow	negative	range	452	
while	 the	 generator	 loss	 fluctuates	 around	 a	 stationary	 mean,	 indicating	 a	 sustained	453	
adversarial	 equilibrium	 and	 effective	 enforcement	 of	 the	 1-Lipschitz	 constraint	 through	454	
gradient	penalty	 regularization	 (supplementary	Figure	 S2b).	Under	 the	more	 challenging	455	
16×	 configuration,	 critic	 and	 generator	 losses	 exhibit	 increased	 variability,	 reflecting	 the	456	
greater	difficulty	of	discriminating	realistic	structure	when	the	conditioning	input	contains	457	
extremely	 limited	spatial	 information.	Nevertheless,	 the	 loss	 trajectories	remain	bounded	458	
across	all	seeds,	with	no	evidence	of	training	instability	or	mode	collapse.	It	is	important	to	459	
note	 that	 adversarial	 loss	 values	 are	not	 directly	 comparable	 to	 conventional	 supervised	460	
validation	losses	and	are	often	only	weakly	correlated	with	sample	quality.	Therefore,	WGAN	461	
convergence	was	assessed	not	only	through	adversarial	losses	but	also	through	independent	462	
diagnostics,	 including	 SSIM,	 exceedance	 probability	 characteristics,	 spatial	 correlation	463	
statistics,	 and	 qualitative	 sample	 realism.	 Collectively,	 these	 results	 indicate	 stable	464	
adversarial	training	across	both	super-resolution	configurations.	465	

The	DDPM	shows	the	most	monotonic	and	stable	optimization	behavior	among	the	466	
three	 models.	 The	 noise-prediction	 loss	 decreases	 smoothly	 for	 both	 super-resolution	467	
factors,	 and	 training	 and	 validation	 curves	 remain	 nearly	 indistinguishable	 throughout	468	
training	 (supplementary	 Figure	 S2c),	 indicating	 strong	 generalization.	 Convergence	 is	469	
slower	 than	 U-NET	 and	 WGAN,	 reflecting	 the	 iterative	 denoising	 process	 and	 timestep	470	
conditioning	intrinsic	to	diffusion	models.	As	expected,	loss	values	are	slightly	higher	for	the	471	
more	challenging	16×	configuration,	where	substantially	less	information	is	available	in	the	472	
coarse-resolution	input.	Nevertheless,	training	remains	stable	across	all	seeds,	underscoring	473	
the	 robustness	 of	 likelihood-based	diffusion	models	 for	 learning	 structured	precipitation	474	
fields	under	severe	information	constraints.	475	

5.2	Model	Performance	Evaluation	476	

5.2.1	Visual	Reconstruction	of	Precipitation	Fields	477	

Visual	inspection	of	reconstructed	precipitation	fields	reveals	clear	performance	differences	478	
between	the	8×	and	16×	downscaling	tasks	(supplementary	Figure	S3;	Figure	3).	Under	the	479	



8×	configuration,	where	coarse	inputs	retain	recognizable	storm-scale	organization,	all	three	480	
models	successfully	recover	the	dominant	spatial	structure	of	precipitation	events.	The	U-481	
NET	produces	smooth,	spatially	coherent	fields	but	systematically	reduces	sharp	gradients	482	
and	localized	convective	maxima.	In	contrast,	WGAN	outputs	exhibit	sharper	boundaries	and	483	
more	 textured	 rainfall	 patterns,	 consistent	 with	 adversarial	 training	 encouraging	 the	484	
reconstruction	of	high-frequency	spatial	variability.	DDPM	reconstructions	closely	resemble	485	
those	of	WGAN	in	terms	of	storm	morphology	and	spatial	extent.		486	

	487	

Figure	3.	Reconstruction	of	high-resolution	precipitation	fields	for	the	16×	downscaling	task	(8×8	→	128×128).	488	
Columns	show	six	randomly	selected	test	samples,	while	rows	show	the	low-resolution	input,	high-resolution	489	
target	(ERA5-land),	and	predictions	from	U-NET,	WGAN,	and	DDPM	respectively.	490	

Performance	 degradation	 becomes	 evident	 for	 all	 models	 under	 the	 16×	491	
configuration,	reflecting	the	extremely	limited	information	content	of	the	8×8	conditioning	492	



inputs.	 In	this	case,	U-NET	predictions	 increasingly	collapse	toward	overly	smoothed	and	493	
diffuse	rainfall	fields,	frequently	failing	to	recover	localized	storm	features.	Both	generative	494	
models	retain	substantially	better	spatial	organization	than	the	U-NET,	although	fine-scale	495	
detail	 is	 reduced	 relative	 to	 the	 8×	 case.	 Both	 WGAN	 and	 DDPM	 recover	 fine-scale	496	
precipitation	structures	while	maintaining	spatially	coherent	storm	morphology	that	closely	497	
matches	 the	 target	 precipitation	 patterns.	 These	 visual	 results	 highlight	 the	 growing	498	
limitations	 of	 deterministic	 regression	 under	 extreme	 downscaling	 and	 demonstrate	 the	499	
advantage	of	generative	models	in	reconstructing	physically	plausible	precipitation	patterns	500	
when	 conditioning	 information	 becomes	 severely	 constrained.	 For	 completeness,	 a	501	
qualitative	 comparison	 with	 a	 bilinear	 interpolation	 baseline	 is	 provided	 in	 the	502	
supplementary	 Figure	 S4	 of	 the	 Supplementary	Material,	 illustrating	 the	 added	 value	 of	503	
learned	super-resolution	models	beyond	conventional	interpolation.	504	

5.2.2	Scale-Dependent	Rainfall	Depth	Consistency	(Mass	Conservation)	505	

To	assess	whether	 the	 generated	precipitation	 fields	preserve	precipitation	depth	 across	506	
spatial	 scales,	 we	 compared	 block-mean	 precipitation	 depth	 between	 the	 target	 (ERA5-507	
Land)	and	the	generated	fields	at	aggregation	scales	ranging	from	1 × 1	to	128 × 128	pixels	508	
for	both	the	8×	and	16×	downscaling	experiments	(Figure	4	and	supplementary	Figure	S5,	509	
respectively).	 For	 each	 aggregation	 scale,	 precipitation	 was	 averaged	 within	 non-510	
overlapping	 blocks,	 and	 the	 resulting	 block-mean	 values	 from	 the	 generated	 fields	were	511	
compared	 against	 the	 corresponding	 target	 values	 using	 bias,	 root-mean-square	 error	512	
(RMSE),	 and	 Pearson	 correlation	 coefficient.	 At	 the	 native	 resolution	 (1 × 1),	 all	 models	513	
exhibit	 noticeable	 scatter	 around	 the	 one-to-one	 line,	 reflecting	 differences	 in	 local	514	
precipitation	intensity	and	spatial	placement.	These	discrepancies	are	more	pronounced	for	515	
the	16×	downscaling	task,	which	involves	reconstructing	substantially	finer-scale	structure	516	
from	 a	 coarser	 input	 field.	 However,	 as	 the	 aggregation	 scale	 increases,	 the	 scatter	517	
progressively	decreases,	correlations	approach	unity,	and	RMSE	is	substantially	reduced	for	518	
all	models.	This	behavior	indicates	that	a	large	fraction	of	the	disagreement	originates	from	519	
fine-scale	 spatial	 variability,	 whereas	 precipitation	 depth	 is	 reproduced	 much	 more	520	
accurately	at	mesoscale	and	regional	scales.	521	



522	
Figure	4.	Mass	(rainfall	depth)	consistency	across	spatial	aggregation	scales	for	16×	downscaling.	Scatter	plots	523	
compare	block-averaged	predicted	and	target	(ERA5-land)	precipitation	depths	at	aggregation	scales	of	1×1,	524	
2×2,	4×4,	8×8,	16×16,	32×32,	64×64,	and	128×128.	Each	point	represents	a	spatially	aggregated	precipitation	525	
value	 computed	 over	 the	 corresponding	 block	 size.	 Results	 are	 shown	 for	 single	 seed	 initialized	 U-NET	526	
(orange),	WGAN	 (purple),	 and	 DDPM	 (pink).	 The	 dashed	 black	 line	 denotes	 perfect	 1:1	 agreement.	 Panel	527	
annotations	 report	 model-specific	 mean	 bias,	 root-mean-square	 error	 (RMSE),	 and	 Pearson	 correlation	528	
coefficient	(r)	at	each	scale.	The	analysis	was	performed	using	2000	randomly	selected	samples	from	the	test	529	
set	(Northeast	region)	and	one	representative	model	initialization	for	each	generative	framework	due	to	the	530	
computational	expense	associated	with	evaluating	the	full	test	dataset	and	multiple	model	initializations.	531	

The	bias	remains	nearly	constant	across	aggregation	 levels	 for	each	model.	This	 is	532	
expected	because	spatial	aggregation	preserves	the	domain-averaged	precipitation	amount	533	
and	therefore	has	limited	influence	on	systematic	precipitation-depth	biases.	Consequently,	534	
the	reduction	in	RMSE	with	increasing	aggregation	scale	primarily	reflects	the	smoothing	of	535	
local-scale	errors	 rather	 than	changes	 in	 the	overall	precipitation	budget.	By	aggregation	536	
scales	 of	 approximately	 8 × 8	 pixels	 and	 larger,	 all	 three	 models	 exhibit	 near-perfect	537	
correspondence	with	the	target	precipitation	depth,	with	correlations	approaching	1.0	and	538	
only	minimal	residual	errors.	These	results	demonstrate	that	the	U-Net,	WGAN,	and	DDPM	539	
largely	conserve	precipitation	depth	across	spatial	scales,	while	most	prediction	errors	are	540	
associated	 with	 the	 representation	 of	 fine-scale	 precipitation	 structure	 rather	 than	541	
systematic	biases	in	the	total	precipitation	amount.	Consistent	behavior	across	both	the	8×	542	
and	 16×	 experiments	 further	 indicates	 that	 the	 models	 maintain	 physically	 coherent	543	
precipitation	totals	despite	the	increased	difficulty	of	higher	downscaling.	544	



5.2.3	Statistical	Distribution	and	Storm	Morphology	545	

Accurate	precipitation	downscaling	requires	preserving	not	only	precipitation	occurrence	546	
and	intensity	but	also	the	higher-order	statistical	characteristics	of	precipitation	fields.	To	547	
evaluate	the	statistical	fidelity	of	the	generated	fields,	the	probability	of	dry	pixels	(𝑃₀),	mean	548	
precipitation,	 second	 L-moment,	 L-skewness,	 and	 L-kurtosis	 were	 computed	 for	 each	549	
generated	128×128	precipitation	field	and	compared	against	the	corresponding	ERA5-Land	550	
target	field.	Statistics	were	evaluated	across	all	generated	realizations	obtained	from	the	10	551	
independently	initialized	model	seeds.	552	

All	three	models	reproduced	the	probability	of	dry	pixels	with	high	fidelity,	indicating	553	
accurate	 representation	 of	 precipitation	 occurrence	 and	 dry-wet	 transitions.	 For	 the	 8×	554	
experiment	(supplementary	Figure	S6),	DDPM	achieved	the	lowest	bias	and	RMSE	(0.35%	555	
and	0.67%),	followed	by	WGAN	(1.17%	and	1.47%)	and	U-Net	(2.39%	and	2.77%).	A	similar	556	
ranking	was	observed	 for	 the	more	challenging	16×	experiment	 (Figure	5),	where	DDPM	557	
again	produced	the	smallest	errors	(bias	=	0.58%,	RMSE	=	1.82%).	Mean	precipitation	and	558	
second	L-moment	were	also	reproduced	accurately	across	all	models,	with	small	biases	and	559	
low	 RMSE	 values,	 demonstrating	 strong	 preservation	 of	 precipitation	 intensity	 and	560	
variability.	561	



		562	

Figure	 5.	 Comparison	 of	 precipitation	 statistics	 from	 high-resolution	 ERA5-Land	 reanalysis	 and	 model	563	
predictions	 for	 the	 16×	 downscaling	 experiment	 across	 U-NET,	 WGAN,	 and	 DDPM.	 Each	 panel	 compares	564	
reference	statistics	computed	from	native	high-resolution	ERA5-Land	fields	(x-axis)	with	corresponding	model	565	
predictions	(y-axis),	including	dry-pixel	probability	(𝑃₀),	mean,	and	second	to	fourth	central	moments.	Multiple	566	
seed-based	predictions	are	evaluated	against	the	same	reference	samples,	leading	to	repeated	x-axis	values.	567	
Bias	and	RMSE	are	shown	in	each	panel.	 	568	



Greater	 differences	 among	 the	 models	 emerged	 for	 the	 higher-order	 L-moments.	569	
Although	L-skewness	and	L-kurtosis	exhibited	larger	scatter	than	the	lower-order	statistics	570	
due	to	their	sensitivity	to	localized	extremes	and	tail	behavior,	biases	remained	close	to	zero	571	
and	RMSE	values	remained	relatively	small	in	both	experiments.	WGAN	and	DDPM	generally	572	
produced	lower	errors	than	U-Net,	particularly	for	the	16×	downscaling	task,	 indicating	a	573	
modest	 improvement	 in	 reproducing	 precipitation	 distribution	 asymmetry	 and	 tail	574	
characteristics.	Consistent	with	expectations,	agreement	was	generally	stronger	for	the	8×	575	
experiment	 than	 for	 the	 more	 challenging	 16×	 experiment,	 as	 reflected	 by	 the	 tighter	576	
clustering	 around	 the	 one-to-one	 line	 and	 lower	RMSE	 values	 across	 all	 statistics.	 These	577	
results	demonstrate	that	all	three	models	successfully	preserve	the	key	statistical	properties	578	
of	precipitation	fields	at	the	native	high-resolution	scale.	While	higher-order	distributional	579	
characteristics	 remain	 more	 challenging	 to	 reproduce	 than	 lower-order	 moments,	580	
particularly	 for	 16×	 downscaling,	 WGAN	 and	 DDPM	 provide	 slightly	 improved	581	
representation	of	precipitation	occurrence,	asymmetry,	and	 tail	behavior	compared	 to	U-582	
Net.	583	

Spatial	autocorrelation	was	evaluated	in	both	the	horizontal	and	vertical	directions	584	
for	lags	ranging	from	1	to	8	pixels	in	order	to	assess	the	ability	of	the	models	to	reproduce	585	
the	spatial	organization	of	precipitation	fields.	Autocorrelation	distributions	were	computed	586	
across	all	test	samples	and	compared	against	the	corresponding	ERA5-Land	target	fields	for	587	
both	the	8×	and	16×	downscaling	experiments.	All	models	reproduced	the	overall	decline	in	588	
autocorrelation	 with	 increasing	 spatial	 lag	 observed	 in	 the	 target	 precipitation	 data,	589	
indicating	preservation	of	the	dominant	spatial	dependence	structure.	However,	systematic	590	
differences	 emerged	 in	 the	 rate	 at	 which	 autocorrelation	 decayed	 with	 distance.	 U-Net	591	
consistently	exhibited	higher	autocorrelation	values	 than	ERA5-Land	across	 intermediate	592	
and	larger	lags,	indicating	a	slower	decay	of	spatial	dependence.	This	behavior	is	consistent	593	
with	the	smoother	precipitation	structures	commonly	produced	by	MSE-based	optimization,	594	
which	tend	to	increase	spatial	coherence	and	suppress	fine-scale	variability.	595	



596	
Figure	6.	Distributions	of	horizontal	and	vertical	spatial	autocorrelation	for	lags	1–8	pixels	for	the	ERA5-Land	597	
target	fields	and	precipitation	fields	generated	by	U-Net,	WGAN,	and	DDPM.	Results	are	aggregated	across	all	598	
test	samples	and	across	the	10	independently	trained	model	seeds	for	each	method.	Panels	(a,	b)	correspond	599	
to	the	8×	downscaling	experiment,	while	panels	(c,	d)	correspond	to	the	16×	downscaling	experiment.	600	

In	 contrast,	 WGAN	 and	 DDPM	 more	 closely	 reproduced	 the	 autocorrelation	601	
distributions	of	ERA5-Land	 in	both	 the	horizontal	and	vertical	directions.	The	agreement	602	
was	particularly	evident	at	intermediate	and	larger	lags,	where	the	observed	decay	of	spatial	603	
dependence	was	better	captured	than	by	U-Net.	This	suggests	that	adversarial	and	diffusion-604	
based	 training	 more	 effectively	 preserve	 realistic	 precipitation	 variability	 and	 storm	605	
morphology	by	generating	sharper	and	less	spatially	smoothed	precipitation	structures.	This	606	
behavior	 was	 consistent	 between	 the	 horizontal	 and	 vertical	 directions,	 although	607	
autocorrelation	decreased	slightly	more	rapidly	 in	 the	vertical	direction.	Similar	patterns	608	
were	 observed	 for	 both	 downscaling	 factors,	with	 somewhat	 larger	 departures	 from	 the	609	
ERA5-Land	distributions	in	the	more	challenging	16×	experiment	(especially	in	the	case	of	610	
the	 U-Net).	 Nevertheless,	 all	 models	 reproduced	 the	 dominant	 spatial	 organization	 of	611	



precipitation	 fields,	 while	 WGAN	 and	 DDPM	 provided	 a	 closer	 representation	 of	 the	612	
observed	autocorrelation	decay	and	associated	storm-scale	structure.	613	

		5.2.4	Extreme	Precipitation	and	Tail	Behavior	614	

Extreme	precipitation	behavior	was	evaluated	using	exceedance	probability	distributions	615	
computed	from	all	test	samples	across	all	10	independently	initialized	model	realizations.	616	
The	exceedance	curves	reveal	that	all	models	reproduce	the	bulk	precipitation	distribution	617	
reasonably	well,	with	deviations	becoming	increasingly	apparent	toward	the	upper	tail.	For	618	
the	 8×	 downscaling	 experiment,	 U-Net,	WGAN,	 and	 DDPM	 closely	 follow	 the	 ERA5-Land	619	
exceedance	distribution	over	most	precipitation	 intensities.	Differences	emerge	primarily	620	
for	rare	events	exceeding	approximately	150	mm/day,	where	U-Net	exhibits	a	slightly	lighter	621	
tail	 than	 ERA5-Land,	 indicating	 a	 tendency	 to	 suppress	 the	 most	 intense	 precipitation	622	
extremes.	WGAN	more	 closely	 reproduces	 the	 target	 tail	 behavior,	while	DDPM	displays	623	
greater	 variability	 among	 realizations	 and	 occasionally	 generates	 events	 exceeding	 the	624	
maximum	intensities	observed	in	the	target	dataset.		625	

626	
Figure	7.	Exceedance	probability	curves	for	precipitation	generated	by	U-Net,	WGAN,	and	DDPM	across	10	627	
independent	 seed	 initializations	 for	 the	 8×	 (a–c)	 (top	 row)	 and	 16×	 (d–f)	 (bottom	 row)	 downscaling	628	
experiments.	 The	 Target	 (ERA5-Land)	 distribution	 is	 shown	 in	 blue,	 while	 other	 colored	 lines	 represent	629	
individual	seed	realizations.	Exceedance	probability	is	displayed	on	a	logarithmic	scale	to	highlight	differences	630	
in	the	upper	tail	of	the	precipitation	distribution.	631	

The	 differences	 become	 more	 pronounced	 in	 the	 16×	 experiment.	 The	 U-Net	632	
consistently	underestimates	the	most	intense	events	and	exhibits	the	most	rapid	decline	in	633	



the	precipitation	intensities	at	the	lowest	exceedance	probability.	WGAN	better	preserves	634	
the	 upper-tail	 structure	 and	 generally	 remains	 closer	 to	 the	 ERA5-Land	 exceedance	635	
distribution.	DDPM	produces	the	broadest	range	of	tail	behaviors	and	the	largest	inter-seed	636	
variability,	with	several	realizations	generating	substantially	higher	precipitation	intensities	637	
than	 those	present	 in	 the	 target	data.	This	 indicates	an	enhanced	ability	 to	generate	rare	638	
extremes,	although	it	may	also	lead	to	occasional	overestimation	of	upper-tail	probabilities.	639	
These	 results	 demonstrate	 a	 trade-off	 between	 smoothness	 and	 extreme-event	640	
representation.	U-Net	provides	 the	most	 conservative	 tail	 estimates,	whereas	WGAN	and	641	
particularly	DDPM	better	reproduce	the	variability	and	intensity	of	rare	precipitation	events,	642	
with	the	differences	becoming	increasingly	evident	in	the	more	challenging	16×	downscaling	643	
experiment.	644	

	645	

		5.2.5	Composite	Diagnostics	646	

The	 composite	 diagnostics	 provide	 a	 complementary	 evaluation	 of	 scale-dependent	647	
structure,	 spatial	 agreement,	 event	 detection,	 and	 perceptual	 similarity	 using	 ensemble	648	
statistics	 derived	 from	 ten	 independently	 trained	 realizations	 for	 each	model	 (Figure	 8).	649	
These	results,	too,	indicate	that	all	three	models	successfully	reproduce	the	key	spatial	and	650	
statistical	 characteristics	 of	 precipitation	 over	 the	 independent	 Northeast	 test	 region,	651	
although	 notable	 differences	 emerge	 in	 their	 representation	 of	 fine-scale	 variability	 and	652	
precipitation	 extremes.	 The	 close	 agreement	 between	 model	 and	 target	 power	 spectra	653	
(Figure	8a),	high	FSS	values	across	spatial	scales	(Figure	8b),	and	strong	ROC	performance	654	
(Figure	 8c)	 demonstrate	 that	 all	 models	 capture	 the	 dominant	 spatial	 organization	 and	655	
occurrence	patterns	of	precipitation.	Furthermore,	the	limited	spread	among	the	individual	656	
seed	 realizations	 across	 these	 diagnostics	 suggests	 that	 the	 results	 are	 robust	 to	 model	657	
initialization.	658	



659	
Figure	8.	Comparison	of	U-Net,	WGAN,	and	DDPM	performance	over	the	independent	Northeast	test	region	at	660	
16×	super-resolution.	(a)	Radial	power	spectra	showing	the	distribution	of	spatial	variance	across	wavelengths	661	
relative	to	the	target	(ERA5-Land)	fields.	(b)	Fractions	Skill	Score	(FSS)	as	a	function	of	spatial	window	size.	(c)	662	
Receiver	Operating	Characteristic	(ROC)	curves	for	wet-pixel	classification,	with	inset	values	showing	the	mean	663	
±	 standard	 deviation	 of	 the	Area	Under	 the	 Curve	 (AUC)	 across	 ten	 independent	model	 initializations.	 (d)	664	
Quantile–Quantile	 (Q–Q)	 comparison	 between	 model	 and	 target	 precipitation	 quantiles	 for	 precipitation	665	
amounts	exceeding	20	mm/day.	Colored	lines	represent	individual	model	initializations,	and	the	dashed	line	in	666	
(d)	denotes	perfect	agreement	(1:1	relationship).	667	

Despite	 these	 overall	 similarities,	 systematic	 differences	 become	 evident	 when	668	
examining	the	representation	of	spatial	variability	and	precipitation	intensity	distributions.	669	
As	shown	in	Figure	8a,	U-Net	exhibits	a	reduction	in	spectral	power	at	smaller	wavelengths,	670	
indicating	smoother	precipitation	structures	and	a	loss	of	fine-scale	variability	relative	to	the	671	
target	fields.	In	contrast,	WGAN	and	DDPM	retain	more	high-frequency	variance	and	better	672	
reproduce	small-scale	precipitation	features.	The	superior	wet-pixel	classification	skill	of	U-673	
Net,	reflected	by	its	higher	AUC	values	in	Figure	8c,	is	consistent	with	its	optimization	toward	674	
pixel-wise	 accuracy.	 However,	 this	 advantage	 does	 not	 necessarily	 translate	 into	 a	more	675	
realistic	representation	of	precipitation	intensities.	The	Q–Q	analysis	(Figure	8d)	highlights	676	
the	largest	differences	among	the	models.	For	precipitation	amounts	exceeding	20	mm/day,	677	
U-Net	systematically	underestimates	the	upper	quantiles,	suggesting	a	tendency	to	smooth	678	



intense	 precipitation	 events.	 In	 comparison,	WGAN	 and	 DDPM	 remain	 closer	 to	 the	 1:1	679	
reference	 line	 across	 much	 of	 the	 distribution	 and	 produce	 heavier	 tails,	 indicating	 an	680	
improved	 representation	of	moderate-to-extreme	precipitation	 intensities.	At	 the	highest	681	
quantiles,	both	models	exhibit	increased	spread	among	seed	realizations,	reflecting	greater	682	
uncertainty	in	the	simulation	of	rare	extreme	events.	All	models	exhibit	high	sample-wise	683	
structural	similarity	 index	(SSIM)	values,	particularly	 for	 the	8×	downscaling	experiment.	684	
SSIM	 decreases	 for	 the	more	 challenging	 16×	 downscaling	 task,	 although	median	 values	685	
remain	above	0.95	for	all	model	classes	(supplementary	Figure	S7).	Overall,	 these	results	686	
further	emphasize	 that	WGAN	and	DDPM	achieve	a	more	realistic	 representation	of	 fine-687	
scale	spatial	variability	and	high-intensity	precipitation.	688	

5.2.6	Stochastic	Variability	and	Uncertainty	689	

The	comparison	between	within-seed	and	across-seed	ensembles	shows	that	both	sources	690	
of	variability	affect	 the	 simulated	precipitation	distribution,	but	across-seed	variability	 is	691	
consistently	 larger.	 This	 distinction	 is	most	 evident	 in	 the	 exceedance	probability	 curves	692	
(Figure	 9b1–b2).	 Within-seed	 realizations	 remain	 relatively	 clustered	 at	 moderate	693	
thresholds	but	begin	 to	diverge	 in	 the	upper	 tail,	 particularly	beyond	approximately	150	694	
mm/day.	 In	 contrast,	 across-seed	 ensembles	 show	 a	 broader	 spread	 even	 at	 lower	695	
precipitation	thresholds,	and	this	spread	increases	further	toward	the	most	extreme	events.	696	
This	 indicates	 that	 stochastic	 sampling	 within	 a	 fixed	 trained	 model	 contributes	 to	 tail	697	
uncertainty,	but	differences	among	 independently	 trained	model	 initializations	produce	a	698	
stronger	and	more	persistent	variability.	The	lagged	spatial	autocorrelation	characteristics	699	
were	highly	consistent	across	independent	model	initializations	(Supplementary	Figure	S8),	700	
indicating	 that	 the	 learned	 spatial	 dependence	 structure	 is	 robust	 to	 training	 variability.	701	
Although	 the	 spread	 among	 realizations	 increased	 slightly	 at	 larger	 lags,	 particularly	 for	702	
DDPM,	the	median	correlations	remained	stable	across	seeds	and	closely	followed	the	target	703	
spatial	autocorrelation	decay.	704	



	705	
Figure	 9:	 Within-seed	 and	 across-seed	 variability	 of	 U-Net,	 WGAN,	 and	 DDPM	 predictions	 over	 the	706	
independent	Northeast	test	region	at	16×	super-resolution.	Panels	(a1–a2)	show	boxplots	of	horizontal	spatial	707	
autocorrelation	 at	 lags	 1–8	 pixels,	 where	 within-seed	 variability	 is	 estimated	 from	 multiple	 stochastic	708	
realizations	generated	by	a	single	trained	model	and	across-seed	variability	is	estimated	from	independently	709	
trained	 model	 initializations.	 Panels	 (b1–b2)	 present	 exceedance	 probability	 curves	 as	 a	 function	 of	710	
precipitation	 threshold	 (mm/day),	 illustrating	 variability	 in	 the	 representation	 of	 moderate-to-extreme	711	
precipitation	 intensities.	 Panels	 (c1–c2)	 show	 radial	 power	 spectra	 describing	 the	 distribution	 of	 spatial	712	
variance	 across	 wavelengths.	 Left-column	 panels	 correspond	 to	 within-seed	 variability	 and	 right-column	713	
panels	correspond	to	across-seed	variability.	 	714	

For	spatial	autocorrelation	(Figure	9a1–a2)	and	radial	power	spectra	(Figure	9c1–715	
c2),	 the	contrast	between	within-seed	and	across-seed	behavior	 is	 less	pronounced.	Both	716	
ensemble	 configurations	 show	 broadly	 similar	 spatial	 dependence	 and	 spectral	717	
characteristics,	 suggesting	 that	 the	 learned	 spatial	 organization	 is	 relatively	 stable.	718	
Nevertheless,	the	across-seed	boxplots	show	slightly	larger	dispersion	at	longer	spatial	lags,	719	
indicating	 that	model	 initialization	also	affects	spatial	dependence,	although	 less	strongly	720	



than	it	affects	precipitation	extremes.	These	results	suggest	that	uncertainty	in	generated	721	
precipitation	fields	 is	metric	dependent.	Spatial	structure	 is	comparatively	robust	to	both	722	
stochastic	 sampling	 and	 independent	 model	 initialization,	 whereas	 distributional	 tail	723	
behavior	is	more	sensitive,	with	across-seed	variability	representing	the	dominant	source	of	724	
uncertainty.	725	

5.2.7	Temporal	Correlation		726	

Although	the	downscaling	models	were	trained	independently	on	daily	precipitation	fields	727	
without	explicit	 temporal	constraints,	 they	reproduce	the	observed	temporal	dependence	728	
structure	 reasonably	well.	 As	 shown	 in	 Figure	 10a,	 all	 three	models	 capture	 the	 overall	729	
distribution	 of	 pixel-wise	 temporal	 correlation	 across	 lags	 1–5	 days,	with	median	 values	730	
closely	matching	those	of	the	target	(ERA5-Land).	The	strongest	persistence	is	observed	at	731	
lag	1,	 followed	by	a	rapid	reduction	 in	autocorrelation	at	 longer	 lags,	 consistent	with	 the	732	
temporal	behavior	of	the	target	precipitation	fields.	733	

734	
Figure	10:	Temporal	correlation	characteristics	of	U-Net,	WGAN,	and	DDPM	evaluated	using	1000	consecutive	735	
precipitation	samples	from	the	Northeast	test	region	without	wet-day	filtering.	(a)	Distribution	of	pixel-wise	736	
temporal	 correlation	 coefficients	 at	 lags	 1–5	 days	 for	 the	 target	 (ERA5-Land)	 and	 model-generated	737	
precipitation	fields.	(b)	Bias	of	temporal	autocorrelation	relative	to	the	target	as	a	function	of	temporal	lag.	(c)	738	
RMSE	of	temporal	correlation	relative	to	the	target	as	a	function	of	temporal	lag.	Temporal	correlation	was	739	
computed	independently	at	each	grid	cell	using	lagged	correlations	between	daily	precipitation	time	series.	740	

Differences	among	the	models	become	more	apparent	in	the	bias	and	RMSE	statistics	741	
(Figure10b–c).	 WGAN	 and	 DDPM	 exhibit	 near-zero	 bias	 across	 most	 temporal	 lags,	742	
indicating	that	they	reproduce	the	mean	temporal	correlation	structure	of	the	target	data	743	
with	 high	 fidelity.	 In	 contrast,	 U-Net	 slightly	 overestimates	 persistence	 at	 lag	 1	 and	744	
marginally	 underestimates	 correlations	 at	 longer	 lags.	 Despite	 this	 bias	 pattern,	 U-Net	745	
achieves	the	lowest	RMSE	across	all	lags,	indicating	the	closest	overall	agreement	with	the	746	
target	temporal	correlations.	This	may	reflect	the	more	deterministic	and	spatially	smoother	747	
nature	of	U-Net	predictions,	whereas	 the	 additional	 variability	 introduced	by	WGAN	and	748	
DDPM	to	better	represent	spatial	structure	and	extremes	results	in	slightly	larger	temporal-749	
correlation	 errors	 while	 remaining	 nearly	 unbiased.	 Nevertheless,	 these	 differences	 are	750	



modest,	 and	 all	 three	 models	 successfully	 reproduce	 the	 observed	 decay	 of	 temporal	751	
correlation	with	increasing	lag.	The	RMSE	values	decrease	substantially	from	lag	1	to	lag	3	752	
before	 stabilizing	 at	 longer	 lags	 (Figure	 10c),	 indicating	 that	model	 differences	 are	most	753	
pronounced	in	the	representation	of	short-term	persistence.	These	findings	suggest	that	the	754	
spatial	downscaling	models	preserve	much	of	the	temporal	correlation	structure	present	in	755	
the	 target	 data,	 despite	 not	 being	 explicitly	 trained	 to	 model	 temporal	 evolution.	 This	756	
provides	 additional	 evidence	 that	 the	 generated	 precipitation	 fields	 remain	 physically	757	
consistent	 not	 only	 in	 their	 spatial	 characteristics	 but	 also	 in	 their	 short-term	 temporal	758	
dependence.	759	

5.3	Sensitivity	of	DDPM	to	Diffusion	Length		760	

To	 evaluate	 the	 computational	 efficiency	 of	 the	 DDPM	 framework,	 we	 examined	 the	761	
sensitivity	 of	 model	 performance	 to	 the	 number	 of	 reverse-diffusion	 inference	 steps.	 In	762	
addition	to	the	baseline	configuration	using	T=500	diffusion	steps,	inference	was	performed	763	
using	 reduced	 diffusion	 lengths	 of	 T=100	 and	 T=50	 without	 retraining	 the	 model	764	
(supplementary	 Figure	 S9-S10).	 The	 resulting	 precipitation	 fields	 were	 evaluated	 using	765	
spatial	 autocorrelation,	 exceedance	 probability	 distributions,	 quantile–quantile	 (Q–Q)	766	
relationships,	and	radial	averaged	power	spectra	(Figure	11	and	supplementary	Figure	S11).	767	

Reducing	the	diffusion	length	from	T=500	to	T=100	produces	only	minor	changes	in	768	
the	 generated	 precipitation	 fields.	 Spatial	 autocorrelation	 distributions	 remain	 nearly	769	
identical,	 indicating	 that	 large-scale	 spatial	 organization	 is	 preserved	despite	 the	 shorter	770	
reverse-diffusion	process.	Exceedance	probability	distributions	and	Q–Q	relationships	also	771	
show	 substantial	 overlap,	 with	 only	 modest	 increases	 in	 variability	 among	 seeds	 at	 the	772	
highest	precipitation	intensities.	Similarly,	the	power	spectra	closely	match	those	obtained	773	
using	T=500,	 demonstrating	 that	 the	 representation	of	 spatial	 variability	 across	 scales	 is	774	
largely	unaffected	by	this	reduction	in	inference	steps.	775	



776	
Figure	 11.	 Comparison	 of	 DDPM	 predictions	 generated	 using	 500	 and	 100	 denoising	 steps	 for	 16×	777	
precipitation	 downscaling	 across	 ten	 independently	 trained	 seeds.	 Panels	 show	 (a)	 horizontal	 spatial	778	
autocorrelation,	 (b)	 vertical	 spatial	 autocorrelation,	 (c)	 exceedance	probability	 for	 precipitation	 intensities	779	
exceeding	10	mm/day,	and	(d)	quantile–quantile	(Q–Q)	relationships	relative	to	Target	(ERA5-Land).	Boxplots	780	
in	(a–b)	summarize	the	distribution	of	spatial	correlations	across	all	test	samples,	while	panels	(c–d)	display	781	
individual	seed	realizations	as	separate	lines.	The	Target	(ERA5-Land)	distribution	is	shown	in	cyan,	DDPM	782	
T=500	in	pink,	and	DDPM	T=100	in	purple.	The	comparison	assesses	the	sensitivity	of	spatial	dependence	and	783	
precipitation	statistics	to	the	number	of	diffusion	inference	steps.	784	

In	 contrast,	 a	 further	 reduction	 from	 T=100	 to	 T=50	 results	 in	 noticeably	 larger	785	
deviations	 from	 the	 Target	 (ERA5-Land)	 statistics.	While	 the	 spatial	 autocorrelation	 and	786	
spectral	 characteristics	 remain	 broadly	 similar,	 the	 exceedance	 probability	 distributions	787	
exhibit	 substantially	 greater	 spread	 among	 seed	 realizations	 and	 increasingly	 divergent	788	
behavior	in	the	upper	tail.	The	Q–Q	relationships	likewise	show	larger	departures	from	the	789	
one-to-one	 line	 at	 high	 quantiles,	 indicating	 reduced	 stability	 in	 the	 representation	 of	790	
extreme	 precipitation	 events.	 Several	 T=50	 realizations	 generate	 substantially	 higher	791	
precipitation	intensities	than	those	observed	in	the	target	dataset,	suggesting	an	increased	792	
tendency	to	overestimate	rare	extremes.	These	results	indicate	that	DDPM	performance	is	793	
relatively	insensitive	to	moderate	reductions	in	diffusion	length,	with	T=100	retaining	most	794	
of	 the	 statistical	 and	 spatial	 characteristics	 obtained	 using	 T=500	 while	 reducing	795	



computational	cost	by	approximately	a	factor	of	 five.	However,	 further	reduction	to	T=50	796	
leads	to	measurable	degradation	in	the	representation	of	precipitation	extremes.		797	

6.	Conclusions	798	

This	study	presented	a	comprehensive	intercomparison	of	three	deep	learning	architectures,	799	
namely	a	convolutional	U-Net,	a	WGAN,	and	a	DDPM,	for	statistical	precipitation	downscaling	800	
at	8×	and	16×	 super-resolution	 factors.	Models	were	 trained	over	 the	Central	Plains	 and	801	
Northwest	regions	and	evaluated	over	an	independent	Northeast	test	domain,	providing	a	802	
rigorous	 assessment	 of	 cross-regional	 generalization	 under	 realistic	 out-of-sample	803	
conditions.	All	three	models	successfully	captured	the	large-scale	spatial	organization	and	804	
bulk	precipitation	statistics	of	the	ERA5-Land	target	fields,	demonstrating	that	deep	learning	805	
approaches	can	effectively	transfer	learned	downscaling	relationships	to	unseen	geographic	806	
domains.	However,	systematic	differences	emerged	 in	 their	ability	 to	represent	 fine-scale	807	
variability,	precipitation	extremes,	spatial	dependence	structure,	and	predictive	uncertainty,	808	
all	of	which	are	critical	dimensions	for	downstream	climate	impact	applications.	809	

The	U-Net,	 the	 baseline	model	 in	 this	 study,	 consistently	 produced	 the	 smoothest	810	
precipitation	 fields	 and	 achieved	 strong	 performance	 in	 wet–dry	 discrimination	 and	811	
precipitation	 occurrence.	 These	 characteristics,	 however,	 came	 at	 the	 cost	 of	 drastically	812	
underestimated	 spatial	 variability,	 suppressed	precipitation	extremes,	 and	overestimated	813	
spatial	autocorrelation.	These	limitations	are	well-documented	in	deterministic	regression-814	
based	 downscaling	 frameworks	 and	 reflect	 the	 inherent	 smoothing	 tendency	 of	 mean	815	
squared	 error	 optimization.	 The	 two	 generative	 frameworks,	 WGAN	 and	 DDPM,	816	
substantially	outperformed	U-Net	in	reproducing	precipitation	distributions,	higher-order	817	
statistical	 moments,	 and	 spatial	 structure.	 The	 WGAN	 demonstrated	 particularly	 strong	818	
fidelity	in	capturing	exceedance	probabilities	and	the	full	precipitation	intensity	spectrum,	819	
while	 maintaining	 a	 favorable	 computational	 cost	 relative	 to	 the	 DDPM.	 The	 DDPM,	 by	820	
contrast,	most	 faithfully	 reproduced	 the	 target	 spatial	autocorrelation	decay	and	spectral	821	
energy	 distribution	 across	 spatial	 scales	 and	 uniquely	 provided	 stochastic	 ensemble	822	
realizations	that	quantify	uncertainty	in	the	downscaling	process,	a	capability	absent	in	both	823	
U-Net	and	WGAN.	824	

A	 key	 finding	 of	 this	 study	 concerns	 the	 sources	 of	 uncertainty	 in	 generative	825	
downscaling	 systems.	 Analysis	 of	 within-seed	 and	 across-seed	 variability	 revealed	 that	826	
differences	arising	from	independent	model	initializations	consistently	exceeded	variability	827	
associated	with	repeated	stochastic	generations	from	a	single	trained	model.	This	result	has	828	
important	practical	implications.	Single-seed	model	assessments	risk	underestimating	true	829	
model	 uncertainty,	 and	 robust	 evaluation	 of	 generative	 downscaling	 systems	 should	830	
incorporate	multi-seed	training	ensembles	alongside	stochastic	sampling.	This	finding	also	831	



suggests	 that	 the	stochastic	diversity	of	DDPM	realizations,	while	valuable,	does	not	 fully	832	
capture	the	epistemic	uncertainty	inherent	in	the	training	process	itself.	833	

Sensitivity	experiments	demonstrated	that	DDPM	performance	is	relatively	robust	to	834	
moderate	reductions	in	the	number	of	reverse-diffusion	steps.	Reducing	the	step	count	from	835	
T=500	 to	 T=100	 produced	 only	minor	 degradation	 in	 precipitation	 statistics	 and	 spatial	836	
structure,	 whereas	 further	 reduction	 to	 T=50	 led	 to	 more	 noticeable	 deterioration	 in	837	
extreme	 precipitation	 representation	 and	 increased	 inter-seed	 variability.	 These	 results	838	
identify	 T=100	 as	 an	 effective	 operational	 compromise	 between	 physical	 fidelity	 and	839	
computational	efficiency,	a	finding	with	practical	relevance	for	ensemble-based	downscaling	840	
applications	requiring	large	numbers	of	realizations.	841	

Overall,	 the	 results	 of	 this	 study	 demonstrate	 that	 the	 choice	 of	 downscaling	842	
architecture	 involves	 non-trivial	 trade-offs	 among	 statistical	 accuracy,	 spatial	 realism,	843	
uncertainty	 quantification,	 and	 computational	 cost.	 Both	WGAN	 and	 DDPM	 substantially	844	
outperform	the	deterministic	U-Net	across	many	of	 the	evaluated	diagnostics	and	exhibit	845	
broadly	 comparable	 performance	 in	 reproducing	 precipitation	 statistics,	 spatial	846	
dependence,	 and	 higher-order	 distributional	 characteristics.	 While	 DDPM	 occasionally	847	
provides	 modest	 improvements	 in	 spatial	 structure	 and	 offers	 a	 native	 framework	 for	848	
probabilistic	 ensemble	 generation,	 these	 gains	 are	 generally	 small	 relative	 to	 its	849	
substantially	 greater	 computational	 cost.	 Consequently,	 WGAN	 represents	 an	 attractive	850	
balance	 between	 performance	 and	 efficiency,	 whereas	 DDPM	 may	 be	 preferable	 when	851	
explicit	 uncertainty	 quantification	 and	 ensemble-based	 probabilistic	 predictions	 are	852	
primary	 objectives.	 These	 results	 suggest	 that	 the	 optimal	model	 choice	 depends	 on	 the	853	
specific	application	requirements	and	the	relative	 importance	of	computational	efficiency	854	
versus	probabilistic	information.	855	

Some	limitations	should	be	acknowledged.	The	models	were	trained	and	evaluated	856	
using	ERA5-Land	as	the	high-resolution	reference,	which,	although	widely	used,	remains	a	857	
reanalysis	 product	 rather	 than	 a	 direct	 observational	 dataset.	 The	 analysis	 was	 also	858	
restricted	to	precipitation,	and	the	relative	advantages	of	generative	approaches	remain	to	859	
be	 shown	 in	 multivariate	 downscaling	 problems	 involving	 additional	 variables.	860	
Furthermore,	the	models	did	not	explicitly	incorporate	physiographic	information	such	as	861	
topography	and	land-surface	characteristics,	which	may	influence	performance	in	regions	862	
where	 terrain	 strongly	 affects	 precipitation	 patterns.	 The	 architectures	 evaluated	 here	863	
should	be	viewed	as	representative	implementations	rather	than	fully	optimized	models.	In	864	
particular,	 the	 baseline	 model	 U-Net	 employed	 a	 conventional	 MSE	 objective,	 whereas	865	
precipitation	fields	exhibit	intermittency,	skewness,	and	heavy-tailed	behavior	that	may	be	866	
better	 represented	by	distribution-aware	 loss	 functions	 (e.g.,	Tweedie,	quantile-based,	or	867	
probabilistic	 objectives;	 (Hunt,	 2025;	Rastogi	 et	 al.,	 2025)).	 Finally,	 all	 experiments	were	868	



conducted	 under	 historical	 climate	 conditions,	 and	 the	 robustness	 of	 these	 approaches	869	
under	future	climate	states	and	associated	distributional	shifts	remains	an	important	area	870	
for	future	investigation.	871	

Future	 work	 should	 address	 these	 limitations	 progressively.	 Evaluating	 model	872	
performance	against	observation-based	targets,	 incorporating	physiographic	conditioning	873	
variables,	 and	 extending	 the	 framework	 to	 multivariate	 downscaling	 problems	 are	 all	874	
important	 near-term	 directions.	 Further	 research	 should	 also	 explore	 the	 sensitivity	 of	875	
conclusions	 to	 architectural	 design	 choices,	 loss	 functions,	 data	 transformations,	 and	876	
conditioning	 strategies.	 Assessing	 robustness	 under	 future	 climate	 conditions	 will	 likely	877	
require	 complementary	 approaches	 such	 as	 domain	 adaptation,	 physically	 informed	878	
constraints,	and	hybrid	frameworks	that	combine	the	flexibility	of	generative	deep	learning	879	
with	 the	 dynamical	 consistency	 of	 process-based	 climate	 models.	 Overall,	 the	 results	880	
demonstrate	that	generative	approaches,	particularly	WGANs	and	DDPMs,	offer	substantial	881	
advantages	 over	 conventional	 deterministic	 downscaling	 for	 reproducing	 precipitation	882	
variability,	extremes,	and	uncertainty,	while	also	highlighting	the	importance	of	evaluating	883	
model	 performance	 across	multiple	 complementary	 diagnostics	 rather	 than	 relying	 on	 a	884	
single	metric.	885	
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