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Abstract	18 

Three-dimensional	 groundwater	 dynamics	 play	 a	 critical	 role	 in	 regulating	 land–19 

atmosphere	interactions,	yet	resolving	three-dimensional	subsurface	Llow	processes	at	large	20 

scales	remains	computationally	prohibitive.	Here	we	present	a	hybrid	coupling	framework	21 

that	enables	the	integration	of	three-dimensional	groundwater	processes	into	land	surface	22 

modeling	at	substantially	reduced	computational	cost.	The	framework	replaces	the	physics-23 

based	 groundwater	 solver	 with	 a	 deep	 learning	 surrogate	 while	 preserving	 the	 original	24 

coupling	interface,	providing	a	practical	pathway	for	incorporating	groundwater	dynamics	25 

into	Earth	system	simulations.	A	key	feature	of	the	framework	is	an	error-control	strategy	26 

based	 on	 a	 free-drainage	 lower	 bound,	 which	 approximates	 the	 treatment	 of	 subsurface	27 

processes	 in	 conventional	 land	 surface	 models	 where	 groundwater	 feedback	 is	 largely	28 

neglected.	The	hybrid	solution	is	considered	acceptable	when	its	deviation	remains	below	29 

both	the	free-drainage	bound	and	a	user-deLined	threshold,	allowing	the	Lidelity	criterion	to	30 

be	tailored	to	speciLic	applications.	The	framework	is	demonstrated	over	three	headwater	31 

watersheds	covering	approximately	34,000	km²	 in	 the	Pearl	River	Basin,	China,	using	 the	32 

coupled	CoLM/ParFlow	model	as	the	physics-based	reference.	The	hybrid	system	achieves	33 

an	18.24×	speedup	while	maintaining	strong	agreement	with	the	physics-based	reference.	34 

Over	the	8040	h	evaluation	period	(hours	721–8760	of	water	year	2021),	the	median	water	35 

table	depth	error	is	within	0.5	m	and	the	domain-averaged	latent	heat	Llux	reaches	a	Kling–36 

Gupta	efLiciency	of	0.959.	This	study	demonstrates	the	feasibility	of	hybrid	surrogate–physics	37 

coupling	 for	 representing	 groundwater	 processes	 and	 provides	 a	 Llexible	 foundation	 for	38 

multi-timescale,	on-demand	simulations.	Although	 the	 trained	surrogate	 is	 speciLic	 to	 the	39 

present	 study	 domain,	 the	 framework	 may	 be	 extended	 to	 other	 hydroclimatic	 settings	40 

through	domain-speciLic	retraining	or	Line-tuning	and	integrated	into	Earth	system	modeling	41 

frameworks.		42 

	43 
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1. Introduction	44 

Machine	 learning	 (ML)	 is	 increasingly	 transforming	 the	 geosciences,	 driving	 Earth	45 

system	models	to	evolve	from	purely	physics-based	frameworks	toward	hybrid	physics–ML	46 

architectures.	Several	forms	of	hybridization	have	emerged,	each	serving	distinct	objectives	47 

(Chen	et	al.,	2023).	48 

In	cascade	mode,	physical	and	ML	models	are	executed	sequentially,	with	the	output	of	49 

one	serving	as	the	input	of	the	other.	For	example,	meteorological	drivers	can	be	downscaled	50 

using	ML	for	land	surface	simulations—acting	as	post-processing	relative	to	climate	models	51 

and	 as	 pre-processing	 relative	 to	 land	 models	 (Chen	 et	 al.,	 2024).	 In	 addition	 to	 such	52 

applications,	dedicated	datasets	have	also	been	developed	 to	 facilitate	 this	hybridization.	53 

The	ClimSim	dataset	(Yu	et	al.,	2023),	generated	from	high-resolution	E3SM	simulations,	has	54 

enabled	the	efficient	development	of	ML	emulators	for	computationally	expensive	subgrid	55 

processes,	allowing	ML	researchers	to	contribute	without	directly	handling	domain-specific	56 

physical	models.	57 

In	parallel	mode,	the	complementary	strengths	of	physics-based	and	ML	models—each	58 

excelling	at	different	spatiotemporal	scales—are	leveraged	simultaneously.	For	instance,	Niu	59 

et	al.	(2025)	incorporated	FuXi	ML	forecasts	into	the	Shanghai	Typhoon	Model	(SHTM)	using	60 

spectral	nudging.	By	combining	FuXi’s	large-scale	patterns	with	SHTM’s	mesoscale	details,	61 

this	approach	substantially	 improved	key	 typhoon	prediction	metrics.	Similarly,	Liu	et	al.	62 

(2023);	Liu	et	al.	(2024)	demonstrated	the	WRF–PanGu	hybrid	model,	which	emphasized	63 

complementarities	 on	 the	 temporal	 scale.	 Cremer	 et	 al.	 (2025)	 extended	 this	 idea	 to	64 

hydrologic	modeling.	65 

In	 embedded	mode,	ML	 is	 used	 to	 represent	 subgrid	 and	 other	 hard-to-parameterize	66 

processes,	thereby	avoiding	the	prohibitive	computational	costs	of	explicitly	resolving	them	67 

while	enhancing	accuracy.	This	approach	has	become	 the	most	 common	hybridization	 in	68 

climate	modeling,	with	CBRAIN,	e.g.,	(Lin	et	al.,	2023)	and	CliMA,	e.g.,	(Christopoulos	et	al.,	69 

2024)	as	notable	frameworks.	In	addition,	ClimSim-Online	(Yu	et	al.,	2025),	an	extension	of	70 
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the	ClimSim	dataset,	provides	a	pipeline	for	integrating	ML	models	trained	on	ClimSim	into	71 

host	climate	models,	further	advancing	this	mode	of	hybridization.	72 

Despite	this	progress,	most	hybrid	simulations	remain	confined	to	single-model	systems,	73 

such	 as	weather,	 climate,	 or	 ocean	models.	 By	 contrast,	 Earth	 system	modeling	 typically	74 

involves	multiple	 interacting	 components	 linked	 through	 couplers,	with	 each	 component	75 

maintained	 by	 independent	 scientific	 communities	 and	 following	 distinct	 development	76 

paths.	In	some	data-rich	domains,	deep	learning	surrogates	have	already	been	adopted—for	77 

example,	ACE	(Watt-Meyer	et	al.,	2023)	and	CAMulator	(Chapman	et	al.,	2025)	in	climate	78 

modeling.	In	other	domains,	such	as	land	surface	(Liu	et	al.,	2025)	and	hydrologic	models	(Y.	79 

Yang	 et	 al.,	 2025),	 surrogate	 development	 remains	 immature.	 Consequently,	 coupling	80 

frameworks	must	also	evolve—from	purely	physical	 coupling	 toward	hybrid	 coupling,	 in	81 

which	legacy	physics	and	emerging	ML	surrogates	are	integrated,	as	exemplified	by	ACE2-82 

SOM	 (Clark	 et	 al.,	 2024).	 Surrogate–surrogate	 coupling	 approaches	 also	 exist,	 such	 as	83 

DLESyM	 (Cresswell-Clay	 et	 al.,	 2025)	 and	 SamudrACE	 (Duncan	 et	 al.,	 2025),	 but	 fully	84 

surrogate-based	Earth	system	models	will	require	additional	time	to	become	viable.	For	the	85 

foreseeable	 future,	 hybrid	 coupling	 of	 domain-specific	 models	 will	 remain	 an	 essential	86 

paradigm,	though	it	has	yet	to	receive	sufficient	attention.	87 

The	 terrestrial	 water	 cycle	 is	 a	 critical	 component	 of	 the	 Earth	 system.	 ParFlow,	 an	88 

integrated	surface–subsurface	hydrologic	model,	has	been	widely	coupled	with	land	surface	89 

and	 atmospheric	 models	 over	 the	 past	 two	 decades,	 enabling	 large-scale	 simulations	 of	90 

coupled	 groundwater–land–atmosphere	 interactions	 (Yang	 et	 al.,	 2026).	 However,	 high-91 

resolution	PDE-based	 simulations	 are	 computationally	 demanding,	motivating	 the	 recent	92 

emergence	of	ParFlow-based	deep	learning	surrogates	(Bennett	et	al.,	2024;	Dai	et	al.,	2025;	93 

Maxwell	et	al.,	2021;	Tran	et	al.,	2021),	which	accelerate	simulations	by	several	hundred	to	94 

over	a	thousand	times.	This	study	attempts	to	hybrid-couple	a	ParFlow	surrogate	model	with	95 

the	 Common	 Land	 Model	 physical	 model,	 thereby	 significantly	 accelerating	 the	 coupled	96 

system	and	enabling	rapid	forecasts	for	emergencies	such	as	droughts	and	floods.	Compared	97 

to	purely	surrogate-based	models,	this	hybrid-coupled	system	retains	explicit	groundwater–98 

land	surface	interfaces,	ensuring	the	capacity	to	investigate	groundwater–land	interactions.	99 
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To	 our	 knowledge,	 this	 is	 among	 the	 first	 efforts	 to	 couple	 an	 independent	 hydrologic	100 

surrogate	 model	 with	 a	 land	 surface	 model,	 demonstrating	 a	 practical	 pathway	 for	101 

integrating	data-driven	subsurface	representations	into	coupled	Earth	system	simulations.	102 

Nevertheless,	the	use	of	deep-learning	surrogates	in	coupled	systems	raises	several	key	103 

questions:	 (1)	 How	 does	 error	 accumulate	 over	 time,	 and	what	 is	 the	 effective	 forecast	104 

horizon?	 (2)	 Can	 the	 hybrid	 system	 faithfully	 reproduce	 groundwater–land	 surface	105 

interactions? (3)	Does	the	hybrid	system	provide	meaningful	improvement	over	a	simplified	106 

lower-bound	 representation	 (free	 drainage),	 and	 how	 can	 this	 be	 used	 to	 constrain	107 

acceptable	model	error?	108 

2. Methodology	109 
2.1 Physics-based	CoLM/ParFlow	model	110 

Yang	et	al.	(2026)	recoupled	ParFlow	with	the	latest	version	of	the	Common	Land	Model	111 

(CoLM),	achieving	 improved	performance	 in	simulating	 land	surface	processes	compared	112 

with	the	earlier	ParFlow–CLM	framework	(Maxwell	&	Miller,	2005).	In	this	configuration,	113 

ParFlow	and	CoLM	are	coupled	through	the	root	zone:	ParFlow	computes	the	soil	moisture	114 

and	pressure	head	required	 for	 land	surface	updates,	while	CoLM	supplies	 the	net	 fluxes	115 

associated	with	infiltration	and	evapotranspiration,	which	are	passed	to	ParFlow	as	source	116 

terms,	with	flux	exchanges	performed	at	an	hourly	time	step.		117 

Using	this	new	coupling,	a	CoLM/ParFlow	model	was	established	over	a	domain	in	the	118 

Pearl	 River	 Basin,	 China,	 encompassing	 three	 humid,	 monsoon-dominated	 headwater	119 

watersheds,	the	Zhenjiang	River,	Wujiang	River,	and	Nanshui	River	(Figure	1).	The	mean	120 

annual	precipitation	over	the	study	domain	is	approximately	1527	mm	(Figure	2)	(Muñoz-121 

Sabater	et	al.,	2021).	The	modeling	domain	comprises	252	×	146	grid	cells	at	a	horizontal	122 

resolution	of	~1	km,	covering	an	area	of	approximately	34,000	km2.	Vertically,	the	model	123 

extends	to	a	depth	of	103.43	m,	discretized	into	11	layers.	The	upper	10	layers	reproduce	124 

CoLM’s	3.43	m	soil	profile	 to	maintain	consistency	at	 the	coupling	 interface	(Yuan	&	Dai,	125 

2025),	while	the	bottom	100	m	layer	represents	the	deep	aquifer,	following	the	configuration	126 

used	in	PFCONUSv1	(O'Neill	et	al.,	2021).	127 
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	128 
Figure	 1.	 Model	 domain	 in	 the	 Pearl	 River	 Basin,	 China.	 The	 model	 domain	 encompasses	 three	129 
headwater	watersheds,	 including	 the	Zhenjiang	River,	Wujiang	River,	 and	Nanshui	River.	The	domain	130 
boundary	is	shown	in	purple,	and	river	networks	are	illustrated	in	blue.	Different	colors	denote	individual	131 
watersheds.	The	inset	map	indicates	the	geographic	location	of	the	study	area	within	China.	132 

	133 
Figure	2.	Daily	precipitation	time	series	aggregated	from	hourly	data	over	the	study	region	for	three	134 
water	 years	 (WY2019–WY2021),	 used	 to	 illustrate	 hydroclimatic	 variability.	 Total	 annual	135 
precipitation	is	1933	mm	(WY2019),	1509	mm	(WY2020),	and	1145	mm	(WY2021).	Hourly	precipitation	136 
is	used	in	the	model	simulations.	137 

Soil	 texture	 for	 the	 upper	 10	 layers	 was	 obtained	 from	 the	 GSDE	 global	 dataset	138 

(Shangguan	et	al.,	2014),	while	the	permeability	of	the	bottom	100	m	layer	was	derived	from	139 



 7 

the	GLHYMPS	global	dataset	 and	 further	 adjusted	using	 an	e-folding	decay	 function	with	140 

depth	and	slope	(Fan	et	al.,	2007;	Gleeson	et	al.,	2011).	Land	cover	information	was	taken	141 

from	the	MODIS	MCD12Q1.061	product	(Friedl	&	Sulla-Menashe,	2022).	Terrain	slope	was	142 

calculated	from	a	digital	elevation	model	(DEM)	after	applying	hydrological	processing	to	143 

ensure	 flow	connectivity	(Eilander	et	al.,	2021).	Both	slope	and	 land	cover	datasets	were	144 

adopted	from	the	national-scale	CONCN	model	(C.	Yang	et	al.,	2025).	All	original	datasets	145 

were	 reprojected	 and	 interpolated	 to	 match	 the	 model	 grid	 and	 resolution.	 Lateral	 and	146 

bottom	boundary	conditions	were	prescribed	as	no-flow	boundaries.	147 

For	each	watershed,	the	initial	condition	was	specified	with	a	uniform	water	table	depth	148 

(WTD)	 of	 2	 m.	 The	 model	 was	 first	 driven	 by	 multi-year	 mean	 precipitation	 minus	149 

evapotranspiration	(P–ET),	derived	from	the	national-scale	CONCN	model,	to	reach	a	quasi-150 

equilibrium	state,	defined	as	a	condition	where	the	change	in	total	water	storage	is	less	than	151 

1%	 of	 the	 cumulative	 P–ET	 over	 the	 corresponding	 period	 (C.	 Yang	 et	 al.,	 2025).	152 

Subsequently,	 the	 land	surface	model	(CoLM)	was	activated,	and	the	coupled	system	was	153 

forced	using	meteorological	data	from	water	year	(WY)	2019	(October–September)	derived	154 

from	 the	 ERA5-Land	 reanalysis	 (Muñoz-Sabater	 et	 al.,	 2021)	 for	 a	 four-year	 spin-up	 to	155 

achieve	dynamic	equilibrium.	The	model	was	then	driven	by	meteorological	forcings	from	156 

WY2020	and	WY2021	for	subsequent	simulations.		157 

In	 addition,	 we	 constructed	 an	 alternative	 configuration	 (PFFD)	 in	 which	 lateral	158 

groundwater	flow	was	disabled	and	the	bottom	boundary	condition	was	changed	from	a	no-159 

flow	 boundary	 to	 a	 free-drainage	 boundary.	 This	 setup	 approximates	 the	 treatment	 of	160 

subsurface	 processes	 commonly	 adopted	 in	 traditional	 land	 surface	 models,	 where	161 

groundwater	 feedback	 is	 largely	 neglected.	 This	 configuration	 serves	 as	 a	 lower-bound	162 

benchmark	 for	 evaluating	 the	 hybrid	 coupling	 system	 (Figure	 3).	 Specifically,	 if	 the	163 

discrepancies	 between	 the	 hybrid	 coupling	 and	 the	 fully	 coupled	physical	model	 are	 not	164 

greater	than	those	between	the	free-drainage	configuration	and	the	fully	coupled	model,	it	165 

suggests	 that	 the	 hybrid	 approach	 is	 able	 to	 capture,	 to	 some	 extent,	 the	 influence	 of	166 

groundwater	on	land	surface	processes.	167 
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	168 
Figure	3.	Conceptual	framework	of	the	hybrid	groundwater–land	surface	coupling	system.	(1)	Conceptual	overview:	comparison	between	the	169 
fully	 coupled	 physical	 model	 (reference),	 the	 proposed	 hybrid	 coupling	 using	 a	 surrogate/emulator,	 and	 the	 free-drainage	 configuration	170 
representing	a	lower-bound	case	without	groundwater	feedback.	(2)	Error	propagation	and	acceptance	criterion:	deviation	of	the	hybrid	system	171 
relative	to	the	fully	coupled	reference	is	evaluated	over	time.	The	hybrid	solution	is	considered	acceptable	as	long	as	its	error	remains	below	both	172 
a	 user-defined	 threshold	 and	 the	 free-drainage	 lower-bound	 deviation,	 ensuring	 that	 essential	 groundwater	 effects	 are	 retained.	 (3)	Multi-173 
timescale/on-demand	simulation	strategy:	the	framework	enables	flexible	simulation	across	different	temporal	horizons,	where	high	fidelity	is	174 
maintained	 for	 short-term	dynamics,	while	 larger	 errors	 are	 tolerated	 for	 long-term	simulations	within	defined	bounds,	 allowing	 a	 trade-off	175 
between	accuracy	and	computational	efficiency.	176 
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2.2 ParFlow	deep-learning	surrogate	model		177 

The	ParFlow	surrogate	model	developed	 in	 this	 study	 is	 a	deep	 learning	architecture	178 

adapted	from	FSTR	(Bennett	et	al.,	2024),	itself	a	variant	of	PredRNN	(Wang	et	al.,	2022).	179 

The	surrogate	is	designed	to	emulate	the	physics-based	ParFlow	model	by	predicting	the	3D	180 

pressure	head	field	at	each	timestep,	given	the	initial	pressure	head,	static	parameters	(e.g.,	181 

soil	properties),	and	dynamic	external	inputs	(root-zone	net	fluxes	provided	by	CoLM).	In	182 

this	study,	the	term	“external	inputs”	refers	specifically	to	root-zone	net	fluxes	provided	by	183 

the	land	surface	model,	rather	than	raw	meteorological	forcings.	This	choice	preserves	the	184 

original	 CoLM/ParFlow	 flux-exchange	 interface,	 allowing	 the	 surrogate	 to	 replace	 the	185 

physics-based	ParFlow	solver	within	 the	online	coupled	system;	 it	was	not	 introduced	 to	186 

improve	 the	 surrogate’s	 predictive	 accuracy	 or	 autoregressive	 stability.	 For	 surrogate	187 

training	 and	 validation,	 these	 net	 fluxes	were	 obtained	 from	 CoLM/ParFlow	 simulations	188 

forced	by	meteorological	data.	The	resulting	root-zone	net	fluxes	were	extracted	and	used	as	189 

dynamic	 inputs	to	the	surrogate	model.	The	predicted	pressure	head	can	then	be	used	to	190 

derive	WTD	and,	in	combination	with	soil	hydraulic	parameters,	to	estimate	soil	moisture	191 

through	the	van	Genuchten	(VG)	model	(van	Genuchten,	1980).	192 

	193 
Figure	4.	Architecture	of	the	PredRNN	model	and	the	spatiotemporal	LSTM	(ST-LSTM)	unit	(Wang	et	194 
al.,	2022).	(a)	Overall	architecture,	illustrating	the	stacked	ST-LSTM	layers	and	the	flow	of	temporal	and	195 
spatiotemporal	memories	(𝒞!" 	and	ℳ!

")	across	timesteps.	(b)	Structure	of	a	single	ST-LSTM	unit,	showing	196 
the	 interactions	between	 temporal	memory,	 spatiotemporal	memory,	and	 the	gating	mechanisms	 that	197 
control	information	propagation.	198 
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The	core	architecture	of	the	PredRNN-based	surrogate	is	illustrated	in	Figure	4.	The	left	199 

panel	 presents	 the	 stacked	 spatiotemporal	 LSTM	 (ST-LSTM)	 structure	 and	 the	200 

spatiotemporal	memory	(ℳ)	flow	across	layers	and	timesteps,	while	the	right	panel	shows	201 

the	 detailed	 structure	 of	 a	 single	 ST-LSTM	 unit.	 The	 corresponding	 mathematical	202 

formulations	of	the	ST-LSTM	and	the	action-conditioned	mechanism	are	given	below.	In	the	203 

equations,	t	denotes	the	current	timestep,	and	l	indicates	the	layer	index	in	the	stacked	ST-204 

LSTM	 architecture.	 The	 operator	 *	 represents	 convolution,	 and	⊙	denotes	 element-wise	205 

multiplication.	 The	 terms	𝑊∙∙ 	denote	 learnable	 convolutional	 kernels,	 and	𝜎(∙)	and	tanh(∙)	206 

represent	 the	 sigmoid	 and	 hyperbolic	 tangent	 activation	 functions,	 respectively.	 In	 the	207 

action-conditioned	 mechanism,	 𝒱"# 	can	 be	 interpreted	 as	 an	 action-modulated	208 

representation	 of	 the	 previous	 hidden	 state	ℋ"$%
# ,	 where	 the	 external	 forcing	𝒜"$% 	is	209 

incorporated	to	influence	the	state	transition.	210 

𝑔" = tanh�𝑊&' ∗ 𝒳" +𝑊(' ∗ ℋ"$%
# �	211 

𝑖" = 𝜎(𝑊&) ∗ 𝒳" +𝑊() ∗ ℋ"$%
# )	212 

𝑓" = 𝜎(𝑊&* ∗ 𝒳" +𝑊(* ∗ ℋ"$%
# )	213 

𝒞"# = 𝑓" ⊙𝒞"$%# + 𝑖" ⊙𝑔"	214 

𝑔"+ = tanh(𝑊&'+ ∗ 𝒳" +𝑊,' ∗ℳ"
#$%)	215 

𝑖"+ = σ(𝑊&)
+ ∗ 𝒳" +𝑊,) ∗ℳ"

#$%)	216 

𝑓"+ = σ(𝑊&*
+ ∗ 𝒳" +𝑊,* ∗ℳ"

#$%)	217 

ℳ"
# = 𝑓"+⊙ℳ"

#$% + 𝑖"+ ⊙𝑔"+ 	218 

𝑜" = 𝜎(𝑊&- ∗ 𝒳" +𝑊(- ∗ ℋ"$%
# +𝑊.- ∗ 𝒞"# +𝑊,- ∗ℳ"

#)	219 

ℋ"
# = 𝑜" ⊙ tanh(𝑊%×% ∗ [𝒞"# ,ℳ"

#])	220 

Action	fusion:	𝒱"# = (𝑊(0 ∗ ℋ"$%
# ) ⊙ (𝑊10 ∗ 𝒜"$%)	221 
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ℋ"
# , 𝒞"# ,ℳ"

# = ST-LSTM(𝒳" , 𝒱"# , 𝒞"$%# ,ℳ"
#$%)	222 

Building	upon	the	standard	PredRNN	formulation,	we	 introduce	several	modifications	223 

following	 FSTR	 to	 enable	 its	 application	 as	 a	 surrogate	 model.	 Specifically,	 separate	224 

convolutional	encoders	are	employed	to	process	static	parameters	and	the	initial	pressure	225 

head	field,	which	are	used	to	initialize	both	the	temporal	memory	𝒞	and	the	spatiotemporal	226 

memory	 ℳ ,	 respectively.	 The	 static	 inputs	 are	 constructed	 from	 hydrogeological	227 

parameters	 across	 all	 vertical	 layers.	 Specifically,	 four	 soil	 parameters—permeability,	228 

porosity,	 and	 the	 van	Genuchten	parameters	 (α	 and	n)—are	 included	 for	 each	 of	 the	 11	229 

layers,	 resulting	 in	 44	 channels.	 In	 addition,	 two	 surface-related	 parameters,	 slope	 and	230 

Manning’s	coefficient,	are	 incorporated,	yielding	a	total	of	46	static	 input	channels.	These	231 

parameters	are	encoded	once	and	used	to	initialize	the	memory	states	(𝒞)	of	the	network.		232 

Following	FSTR,	we	adopt	 an	autoregressive	 scheme	 in	which	 the	predicted	pressure	233 

head	field	from	the	previous	timestep	is	directly	used	as	the	input	𝒳"	for	the	next	timestep.	234 

This	 design	 avoids	 the	 use	 of	 scheduled	 sampling	 in	 PredRNN,	 where	 ground-truth	 and	235 

predicted	 states	 are	 mixed	 during	 training	 (Wang	 et	 al.,	 2022).	 External	 inputs	 are	236 

incorporated	through	the	action-conditioned	design	in	PredRNN.	In	this	study,	the	actions	237 

correspond	 to	 root-zone	 net	 fluxes	 provided	 by	 the	 physics-based	CoLM/ParFlow	model	238 

(Section	2.1),	representing	the	combined	effects	of	infiltration	and	evapotranspiration.	By	239 

adopting	this	flux-based	interface,	the	surrogate	model	remains	consistent	with	the	input–240 

output	structure	of	 the	ParFlow	model,	enabling	seamless	coupling	with	 the	 land	surface	241 

model.	During	coupled	simulations,	fluxes	computed	by	CoLM	can	be	directly	supplied	to	the	242 

surrogate	model,	allowing	it	to	advance	subsurface	states	in	a	manner	consistent	with	the	243 

original	physics-based	system.	This	differs	from	the	original	FSTR	formulation,	where	the	244 

surrogate	is	trained	in	an	end-to-end	manner	using	meteorological	forcings	as	inputs.	245 

Additional	 adaptations	 were	made	 to	 account	 for	 structural	 differences	 between	 the	246 

earlier	ParFlow-CLM	configuration	used	 in	FSTR	and	 the	updated	version	applied	 in	 this	247 

study.	Specifically,	 the	new	CoLM/ParFlow	model	 includes	10	coupled	 layers,	resulting	 in	248 

input	channel	dimensions	of	11,	10,	and	46	for	the	initial	condition,	external	inputs,	and	static	249 

parameters,	respectively,	compared	with	5,	5,	and	15	in	FSTR.	Despite	the	increased	input	250 
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dimensionality,	we	retain	the	original	hidden-state	size	of	16	channels	used	in	FSTR,	rather	251 

than	increasing	the	hidden-state	dimensionality	of	the	ST-LSTM	layers.	This	design	implicitly	252 

requires	 the	 network	 to	 encode	 high-dimensional	 inputs	 into	 a	 compact	 latent	253 

representation.	In	addition,	while	FSTR	used	a	convolutional	kernel	size	of	5,	we	found	that	254 

a	kernel	size	of	3	yields	better	performance	in	our	experiments.	This	improvement	may	be	255 

related	 to	 the	 characteristic	 spatial	 correlation	 scales	 of	 groundwater	 dynamics.	 These	256 

design	choices	improve	predictive	performance	while	substantially	reducing	the	number	of	257 

trainable	 parameters.	 As	 a	 result,	 the	 final	 model	 contains	 approximately	 86K	 trainable	258 

parameters,	less	than	half	that	of	the	original	FSTR	model	(194K	parameters).	259 

The	model	was	 trained	using	data	 from	WYs	2019–2020,	while	 the	 first	720	hours	of	260 

WY2021	were	used	for	validation,	and	the	remaining	8040	hours	(hours	721–8760)	were	261 

used	for	subsequent	evaluation.	The	model	domain	was	partitioned	 into	non-overlapping	262 

patches	of	size	16	×	16.	For	domains	where	the	spatial	dimensions	are	not	exact	multiples	263 

of	the	patch	size,	additional	patches	were	extracted	from	the	domain	boundaries	to	ensure	264 

full	 spatial	 coverage.	 A	 rollout	 horizon	 of	 120	 hours	 was	 employed	 without	 overlap	 for	265 

training	and	validation,	yielding	23,360	training	samples	and	960	validation	samples.	This	266 

horizon	was	chosen	to	balance	temporal	dependency	learning	and	computational	cost.	The	267 

model	 predicts	 pressure	 head	 fields	 at	 the	 patch	 level,	 which	 are	 then	 reassembled	 to	268 

reconstruct	the	full	domain.		269 

Model	training	was	conducted	using	the	AdamW	optimizer	with	a	OneCycle	learning	rate	270 

schedule.	The	learning	rate	increased	from	4×10-4	to	2×10-3	during	the	first	30%	of	training,	271 

and	then	decreased	to	8×10-5	for	the	remaining	iterations.	A	batch	size	of	16	was	used.	The	272 

loss	 function	 consists	 of	 a	 mean	 squared	 error	 (MSE)	 term	 between	 the	 predicted	 and	273 

reference	pressure	head	fields	and	an	additional	penalty	on	the	horizontal	gradients	of	the	274 

predicted	pressure	head	field,	with	a	weighting	factor	of	0.1,	to	enforce	spatial	smoothness.	275 

Static	parameters	were	standardized	using	 their	spatial	mean	and	standard	deviation	 for	276 

each	 vertical	 layer.	 Pressure	 heads	 were	 standardized	 using	 the	 mean	 and	 standard	277 

deviation	 computed	 from	 the	 two-year	 training	 period	 for	 each	 vertical	 layer.	Net	 fluxes	278 

were	standardized	using	the	mean	and	standard	deviation	computed	from	the	same	training	279 
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period.	 The	 implications	 of	 layer-wise	 standardization	 for	 vertical	 hydraulic	 gradients,	280 

including	 their	 representation	 under	 dry	 and	 saturated	 conditions,	 are	 discussed	 in	 the	281 

Supplementary	 Information	 (Text	 S1	 and	 Figures	 S1–S3).	 Training	 was	 performed	 for	282 

8×104	 iterations	 (about	 55	 epochs).	 To	 assess	 the	 influence	 of	 stochastic	 variability,	 the	283 

training	process	was	repeated	five	times.	In	two	of	these	runs,	training	was	further	continued	284 

for	an	additional	8×104	iterations	at	a	fixed	learning	rate	of	8×10-5;	however,	no	significant	285 

improvement	 in	 loss	was	observed.	The	model	with	 the	best	validation	performance	was	286 

selected	 for	 subsequent	 evaluation.	 All	 experiments	were	 conducted	 on	 a	 single	 NVIDIA	287 

A100	GPU	(80	GB).	288 

2.3 Additional	architectural	experiments	289 

We	also	examined	a	temporal	self-attention	module	to	assess	whether	it	could	improve	290 

the	surrogate’s	representation	of	long-term	dependencies;	architectural	details	are	provided	291 

in	the	Supplementary	Information	(Text	S2).	Preliminary	experiments	with	the	attention-292 

enhanced	architecture	(Figure	S4)	showed	performance	comparable	to	that	of	the	baseline	293 

model	in	terms	of	both	training	loss	and	validation	RMSE.	This	indicates	that	the	PredRNN-294 

based	 architecture	 already	 captures	 the	 dominant	 spatiotemporal	 dependencies	 in	 this	295 

application,	 leaving	 limited	 room	 for	 further	 improvement	 through	 additional	 attention	296 

modules.	Given	that	the	primary	objective	of	this	study	is	to	demonstrate	the	feasibility	of	297 

coupling	 the	 ParFlow	 surrogate	with	 the	 physics-based	 CoLM	model,	we	 did	 not	 pursue	298 

further	 architectural	 refinements.	 Nevertheless,	 future	 work	 may	 explore	 alternative	299 

architectures,	such	as	transformer-based	models,	for	broader	applications.	300 

2.4 ParFlow	surrogate–CoLM	physics	hybrid	coupling	301 

The	trained	ParFlow	surrogate	was	coupled	with	the	physics-based	CoLM	in	an	online	302 

hybrid	framework	to	reproduce	the	behavior	of	the	fully	physics-based	coupled	system.	In	303 

this	 framework,	 CoLM	 and	 the	 surrogate	 exchange	 information	 dynamically	 at	 every	304 

timestep:	CoLM	provides	root-zone	net	fluxes,	and	the	surrogate	predicts	the	updated	three-305 

dimensional	 pressure	 head	 field.	 Saturation	 is	 subsequently	 derived	 from	 the	 predicted	306 

pressure	 head	 through	 the	 van	 Genuchten	 (VG)	 relationship.	 Both	 the	 updated	 pressure	307 
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head	and	 the	derived	saturation	are	 then	passed	back	 to	CoLM	 for	 the	next	 timestep.	To	308 

enable	this	two-way	coupling,	the	standalone	surrogate	was	reformulated	from	a	multi-step	309 

predictor	 driven	 by	 prescribed	 net	 fluxes	 to	 a	 single-step	 autoregressive	model.	 At	 each	310 

timestep,	the	surrogate	takes	the	current	subsurface	state	together	with	the	corresponding	311 

CoLM-generated	 net	 fluxes	 and	 advances	 the	 pressure	 head	 field	 by	 one	 step.	 This	312 

modification	allows	the	surrogate	to	be	embedded	directly	within	the	online	coupling	loop,	313 

ensuring	synchronous	state	updates	between	the	two	components.		314 

From	 an	 implementation	 perspective,	 CoLM	 was	 compiled	 as	 a	 shared	 library	 and	315 

exposed	through	a	Fortran–C	interface	using	BIND(C),	which	provides	a	C-compatible	entry	316 

point	for	its	land	surface	routines.	This	interface	allows	the	compiled	library	to	be	directly	317 

invoked	from	external	Python	code	during	online	coupling.	It	 forms	the	foundation	of	the	318 

hybrid	implementation,	enabling	seamless	integration	of	CoLM	physics	within	the	surrogate	319 

prediction	loop.	To	preserve	consistency	with	the	original	physics-based	coupled	model	and	320 

to	enable	a	fair	assessment	of	computational	efficiency,	the	CoLM	component	retained	the	321 

same	domain	decomposition	strategy	as	the	fully	physics-based	system.	In	the	physics-based	322 

model,	 the	 domain	 is	 partitioned	 according	 to	 its	 parallel	 spatial	 decomposition,	 which	323 

depends	on	both	the	domain	size	and	the	number	of	subdivisions	specified	in	each	horizontal	324 

direction.	For	example,	the	model	domain	is	divided	into	4	partitions	along	the	x-direction	325 

and	3	along	the	y-direction,	resulting	in	12	spatial	blocks	and	thus	12	parallel	processes.		326 

Based	on	this	block	structure,	parallel	execution	was	implemented	in	Python	by	assigning	327 

each	block	to	a	dedicated	worker	process.	Each	worker	loaded	an	independent	CoLM	shared-328 

library	 instance	and	advanced	 the	 land	surface	calculations	 for	 its	assigned	block.	Within	329 

each	worker,	meteorological	forcings	were	loaded	one	day	at	a	time	and	cached	locally	to	330 

reduce	repeated	I/O	overhead,	while	still	being	applied	at	the	native	hourly	timestep	during	331 

simulation.	 The	 surrogate,	 by	 contrast,	 operates	 on	 fixed-size	 spatial	 patches	 (16	 ×	 16)	332 

consistent	with	its	training	configuration.	After	each	timestep,	the	block-wise	CoLM	outputs	333 

were	first	assembled	back	to	the	full	domain	and	then	reshaped	into	surrogate	input	patches	334 

for	 the	 next	 prediction	 step.	 The	 hybrid	 system	was	 evaluated	 over	 the	 remaining	 8040	335 

hours	 of	WY2021	 (hours	 721–8760),	 following	 surrogate	 training	 on	water	 years	 2019–336 
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2020	and	validation	over	the	first	720	hours	of	WY2021.	This	setup	allows	evaluation	of	both	337 

predictive	performance	and	long-term	stability	of	the	coupled	system	under	realistic	forcing	338 

conditions.	339 

3. Results	and	discussion	340 
3.1 Training	robustness	and	computational	efficiency	341 

To	assess	training	robustness,	the	surrogate	model	was	trained	five	times	using	the	same	342 

random	seed	and	otherwise	identical	training	settings	(Figure	S5).	All	runs	showed	a	similar	343 

optimization	pattern,	with	a	rapid	decrease	in	both	training	loss	and	validation	RMSE	during	344 

the	early	stage,	followed	by	gradual	convergence	to	similar	plateau	levels.	At	the	same	time,	345 

the	 trajectories	 were	 not	 identical:	 some	 runs	 exhibited	more	 pronounced	 intermediate	346 

fluctuations,	 particularly	 in	 validation	RMSE.	 Controlled	 tests	 identified	nondeterministic	347 

GPU	backpropagation	associated	with	the	reflection-padding	operation	used	in	the	network	348 

as	a	source	of	this	variability.	For	two	of	these	runs,	training	was	further	extended	beyond	349 

8×104	 iterations	 at	 a	 fixed	 learning	 rate	 of	 8×10-5,	 but	 this	 resulted	 in	 little	 additional	350 

improvement	in	validation	performance,	indicating	that	the	model	had	effectively	converged.	351 

The	first	run	(Job	2680	in	Figure	S5)	was	selected	because	it	was	among	the	three	runs	with	352 

similarly	 low	 validation	 RMSE	 and	 was	 not	 outperformed	 by	 the	 subsequent	 runs.	 Its	353 

checkpoint	 at	 8	 ×	 10⁴	 iterations	 was	 used	 for	 the	 subsequent	 evaluation.	 A	 sensitivity	354 

analysis	 using	 the	 checkpoints	 at	 7	 ×	 10⁴	 and	 7.5	 ×	 10⁴	 iterations	 from	 the	 same	 run	355 

produced	very	similar	results,	indicating	limited	sensitivity	to	checkpoint	selection	over	this	356 

late-training	interval	(Text	S3	and	Figures	S6–S8).	357 

In	terms	of	computational	efficiency,	five	repeated	timing	tests	were	conducted	for	both	358 

the	fully	physics-based	coupled	model	and	the	hybrid	coupled	model	over	the	720-h	period	359 

designated	as	Segment	9	in	the	segment-based	hydrological	analysis	presented	in	Section	360 

3.2.	All	 tests	were	performed	on	a	dual-socket	compute	node	equipped	with	 two	96-core	361 

AMD	EPYC	9654	processors	and	one	NVIDIA	A100-SXM4-80GB	GPU,	providing	192	physical	362 

CPU	cores	and	384	hardware	threads	in	total.	The	fully	physics-based	coupled	model	used	363 

12	MPI	processes,	consistent	with	the	4	×	3	spatial	decomposition	described	in	Section	2.4,	364 
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whereas	 the	 hybrid	 coupled	model	 used	 the	GPU	 for	 surrogate	 inference	 and	 12	Python	365 

worker	processes	for	the	CoLM	component	corresponding	to	the	same	spatial	decomposition.	366 

	The	wall-clock	times	of	the	fully	physics-based	model	were	5087,	5569,	5626,	7276,	and	367 

4914	s,	whereas	those	of	the	hybrid	model	were	339,	261,	257,	393,	and	311	s,	respectively.	368 

The	corresponding	mean	runtimes	were	5694.4	and	312.2	s,	indicating	an	average	speedup	369 

of	18.24×	 for	 the	hybrid	coupled	model.	Further	optimization	(e.g.,	 implementation-level	370 

improvements)	could	potentially	lead	to	additional	gains,	but	this	is	beyond	the	scope	of	the	371 

present	 study.	 Because	 computational	 performance	 can	 vary	 with	 the	 computing	372 

environment	 and	 the	hydrological	 conditions	 represented	by	 the	 simulated	period,	 these	373 

timing	 results	 should	 be	 regarded	 as	 representative	 benchmarks	 rather	 than	 a	 universal	374 

speedup	factor.	The	reported	timings	do	not	include	the	preceding	standalone	ParFlow	spin-375 

up.	For	a	newly	established	basin	model,	 spin-up	represents	a	one-time	upfront	cost	and	376 

does	not	need	to	be	repeated	in	subsequent	simulations	using	the	same	model	configuration.	377 

When	an	equilibrated	large-scale	modeling	framework	is	already	available,	such	as	CONCN,	378 

its	model	state	can	be	used	to	initialize	the	regional	application,	thereby	avoiding	a	separate	379 

steady-state	spin-up	and	leaving	only	the	transient	coupled	spin-up.	380 

3.2 Performance	of	the	hybrid	coupled	system	381 

	382 
Figure	5.	Temporal	 evolution	of	water	 table	depth	 (WTD)	bias	 and	 its	 variability	 over	 the	8040-h	383 
evaluation	period	(hours	721–8760	of	WY2021).	The	black	line	represents	the	median	absolute	WTD	384 
bias	across	all	grid	cells	at	each	time	step,	while	the	shaded	regions	denote	the	interquartile	range	(25–385 
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75%)	 and	 the	 broader	 distribution	 (10–90%),	 respectively.	 The	 blue	 curve	 (right	 axis)	 shows	386 
precipitation,	providing	the	primary	external	forcing	to	the	system.		387 

The	 8040-h	 continuous	 simulation	 (hours	 721–8760	 of	WY2021)	 provides	 an	 initial	388 

assessment	 of	 the	 temporal	 evolution	 and	 spatial	 variability	 of	 WTD	 errors	 under	389 

autoregressive	prediction	(Figure	5).	Overall,	the	median	WTD	bias	remains	relatively	small	390 

throughout	the	simulation,	generally	staying	within	~0.5	m,	indicating	that	the	hybrid	model	391 

maintains	 a	 reasonable	 level	 of	 accuracy	 over	 time.	 However,	 the	median	 bias	 increases	392 

gradually,	 suggesting	 a	 progressive	 accumulation	 of	 errors	 during	 the	 autoregressive	393 

prediction.	At	the	same	time,	the	spread	of	the	bias	distribution	widens	substantially:	 the	394 

interquartile	 range	(25–75%)	expands	 from	near-zero	at	 the	beginning	 to	approximately	395 

0.2–1.0	 m,	 while	 the	 10–90%	 range	 grows	 to	 over	 ~2	 m	 in	 the	 later	 stages,	 reflecting	396 

increasingly	dispersed	errors	in	the	hybrid	system.	Notably,	pronounced	expansions	of	the	397 

bias	 range	 often	 coincide	 with	 changes	 in	 precipitation	 forcing,	 during	 which	 both	 the	398 

median	 and	 upper	 quantiles	 exhibit	 sharper	 excursions.	 This	 qualitative	 correspondence	399 

suggests	 a	 possible	 relationship	 between	 precipitation	 forcing	 and	 the	 spatial	 spread	 of	400 

model	errors,	motivating	a	more	quantitative	analysis.	401 

Therefore,	following	the	approach	of	Huang	et	al.	(2026),	we	quantified	this	relationship	402 

using	12	separately	initialized	720-h	segment	simulations	(Figure	S9).	For	each	segment,	403 

the	spatial	mean,	median,	75th	percentile,	and	90th	percentile	of	absolute	WTD	bias	were	404 

summarized	using	both	their	time-averaged	and	final-hour	values	and	correlated	with	the	405 

segment-mean	precipitation	and	within-segment	precipitation	variability,	represented	by	its	406 

standard	deviation	(Table	S1).	The	spatial	mean	and	median	errors	showed	relatively	weak	407 

relationships	with	either	precipitation	metric,	whereas	substantially	stronger	correlations	408 

were	found	for	the	upper	quantiles,	particularly	the	time-averaged	75th-percentile	error.	Its	409 

correlations	 with	 precipitation	 variability	 (Pearson	 r=0.944;	 Spearman	𝜌=0.902)	 were	410 

slightly	stronger	than	those	with	mean	precipitation	(r=0.865;	𝜌=0.881).	More	generally,	411 

the	 time-averaged	 upper-quantile	 errors	 were	 more	 strongly	 related	 to	 precipitation	412 

characteristics	than	their	 final-hour	counterparts.	These	results	do	not	 imply	that	greater	413 

precipitation	 necessarily	 produces	 larger	 prediction	 errors.	 Rather,	 the	 stronger	414 

relationships	with	precipitation	variability	are	consistent	with	greater	model	sensitivity	to	415 
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fluctuating	 hydrological	 forcing	 and	 associated	wet–dry	 transitions,	 which	 preferentially	416 

broaden	the	upper	part	of	the	spatial	error	distribution.		417 

	418 
Figure	6.	Spatial	distributions	of	mean	states	over	the	8040-h	evaluation	period	(hours	721–8760	of	419 
WY2021)	and	corresponding	model	agreement	between	the	physics-based	and	hybrid	models.	The	420 
first,	 second,	 and	 third	 rows	correspond	 to	water	 table	depth	 (WTD),	near-surface	 soil	moisture	 (top	421 
layer),	and	latent	heat	flux,	respectively.	For	each	variable,	the	columns	show:	(a,	e,	i)	the	physics-based	422 
model,	(b,	f,	j)	the	hybrid	model,	(c,	g,	k)	the	bias,	and	(d,	h,	l)	the	Spearman	rank	correlation	coefficient	423 
(ρ)	computed	from	the	temporal	series	at	each	grid	cell.	The	bias	is	defined	as	hybrid	minus	physics,	such	424 
that	positive	values	indicate	overestimation	by	the	hybrid	model	relative	to	the	physics-based	model,	and	425 
negative	 values	 indicate	 underestimation.	 Spearman	 correlation	 quantifies	 the	 temporal	 agreement	426 
between	the	two	models	at	each	grid	cell,	with	values	close	to	1	indicating	strong	monotonic	consistency.	427 
The	magenta	and	white	contours	in	panel	(f)	delineate	Patch	1	and	Patch	2,	respectively,	defined	as	the	428 
two	largest	contiguous	dry-bias	regions	used	in	the	localized	analysis.	429 

The	spatial	distributions	of	WTD,	 soil	moisture,	 and	 latent	heat	exhibit	 clear	patterns	430 

controlled	by	underlying	physical	factors	(Figure	6).	WTD	shows	strong	topographic	control,	431 

with	shallow	water	tables	concentrated	along	river	networks	and	valley	bottoms,	and	deeper	432 

groundwater	 levels	 distributed	 over	 upland	 regions.	 Soil	 moisture	 broadly	 follows	 this	433 
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pattern,	reflecting	the	influence	of	groundwater	proximity	on	near-surface	water	availability.	434 

At	the	same	time,	soil	moisture	and	latent	heat	are	additionally	modulated	by	soil	texture	435 

and	 land	 surface	 properties,	 leading	 to	 finer-scale	 spatial	 heterogeneity	 beyond	 the	436 

topographic	 signal.	 In	 particular,	 variations	 in	 soil	 hydraulic	 properties	 and	 vegetation-437 

related	processes	introduce	spatial	variability	that	is	not	solely	explained	by	groundwater	438 

dynamics	(Figure	S10).	439 

The	 hybrid	model	 reproduces	 the	 overall	 spatial	 patterns	 of	 all	 three	 variables	well,	440 

indicating	 that	 it	 successfully	 captures	 the	 dominant	 large-scale	 controls.	 However,	441 

noticeable	discrepancies	appear	in	certain	regions,	particularly	in	the	southeastern	part	of	442 

the	domain,	where	both	WTD	and	soil	moisture	exhibit	localized	distortions	compared	to	the	443 

physics-based	model.	These	inconsistencies	propagate	into	the	latent	heat	flux,	resulting	in	444 

larger	 biases	 in	 the	 same	 region.	 Consistent	 with	 these	 spatial	 deviations,	 the	 temporal	445 

agreement	between	 the	hybrid	and	physics-based	models,	as	measured	by	 the	Spearman	446 

correlation,	is	slightly	reduced	in	these	areas.	This	suggests	that	errors	in	subsurface	states	447 

can	propagate	upward,	affecting	both	the	magnitude	and	timing	of	surface	fluxes.		448 

To	further	examine	the	localized	deterioration	in	the	southeastern	part	of	the	domain,	449 

we	 analyzed	 the	 two	 largest	 contiguous	 dry-bias	 patches	 outlined	 in	 Figure	 6.	 As	 a	450 

descriptive	 onset	 criterion,	 we	 defined	 patch	 emergence	 as	 the	 first	 occurrence	 of	 72	451 

consecutive	 hours	 with	 a	 patch-mean	 surface	 pressure-head	 bias	 below	 −0.5	 m.	 On	 a	452 

common	 WY2021	 time	 axis,	 the	 two	 patches	 emerged	 at	 hours	 3246	 and	 3248	 in	 the	453 

simulation	 initialized	 at	 hour	 1,	 compared	with	 hours	 3207	 and	 3347	 in	 the	 simulation	454 

initialized	at	hour	721.	Their	broadly	similar	calendar	timing,	despite	the	720	h	difference	in	455 

initialization,	indicates	that	elapsed	simulation	time	alone	cannot	explain	their	development.	456 

Smaller	 negative	 biases	 had	 already	 emerged	 during	 the	 relatively	 dry	 January	 period,	457 

whereas	 the	more	 pronounced	 departures	 followed	 a	 substantial	 rainfall	 event	 on	 9–10	458 

February	 (hours	 3145–3192),	 which	 delivered	 approximately	 48–51	 mm	 over	 the	 two	459 

patches.	This	sequence	is	consistent	with	accumulated	errors	being	amplified	during	a	dry-460 

to-wet	transition,	although	temporal	proximity	does	not	establish	causality.	Compared	with	461 

nearby	areas	exhibiting	smaller	errors,	the	two	patches	were	characterized	by	steeper	slopes	462 
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and	 lower	 aquifer	 permeability	 and	 porosity,	 while	 experiencing	 broadly	 similar	463 

meteorological	 forcing.	 These	 local	 properties	may	 have	 increased	 their	 susceptibility	 to	464 

persistent	 deviations	 under	 changing	 moisture	 conditions.	 Taken	 together,	 the	 results	465 

suggest	 that	progressive	error	accumulation,	modulated	by	wet–dry	 transitions	and	 local	466 

terrain	 and	 subsurface	 properties,	 provides	 a	 plausible	 explanation	 for	 the	 spatially	467 

concentrated	deterioration,	rather	than	identifying	any	single	factor	as	its	cause.	468 

As	a	complementary	evaluation	of	surface-water	behavior,	we	also	examined	domain-469 

wide	 surface-water	 storage	 and	 streamflow	 at	 two	 representative	 locations.	 The	 hybrid	470 

model	 captured	 the	 main	 surface-water	 responses,	 particularly	 over	 shorter	 prediction	471 

windows,	whereas	agreement	deteriorated	as	autoregressive	errors	accumulated	during	the	472 

continuous	 simulation.	 Detailed	 results	 are	 provided	 in	 the	 Supplementary	 Information	473 

(Text	S4	and	Figures	S11–S12).	474 

The	central	objective	of	this	study	is	to	provide	a	computationally	efLicient	approach	for	475 

representing	 three-dimensional	 groundwater	 dynamics	 and	 their	 interactions	 with	 land-476 

surface	 processes	 within	 Earth	 system	 modeling,	 rather	 than	 to	 develop	 a	 standalone	477 

surrogate	 that	 must	 reproduce	 CoLM/ParFlow	 exactly	 over	 an	 unrestricted	 prediction	478 

horizon.	 Because	 errors	 are	 expected	 to	 accumulate	 during	 continuous	 autoregressive	479 

prediction,	 the	 framework	 introduced	 in	 Figure	 3	 deLines	 an	 application-dependent	480 

acceptance	 criterion.	CoLM/ParFlow	serves	as	 the	 fully	physics-based	 reference,	whereas	481 

PFFD	represents	a	lower-bound	benchmark	in	model	Lidelity,	in	which	lateral	groundwater	482 

Llow	and	the	associated	groundwater	 feedback	are	 largely	absent.	Accordingly,	 the	hybrid	483 

solution	is	considered	to	retain	meaningful	groundwater–land-surface	interactions	as	long	484 

as	 its	 deviation	 from	 CoLM/ParFlow	 remains	 smaller	 than	 the	 PFFD–CoLM/ParFlow	485 

deviation	and	below	the	user-deLined	error	threshold.	The	domain-averaged	latent	heat	Llux	486 

provides	 an	 integrated	measure	 for	 evaluating	 the	 hybrid	 system	within	 this	 framework	487 

(Figure	7a,	b).	488 

Over	 the	 8040-h	 evaluation	 period,	 the	 hybrid	 model	 closely	 follows	 the	 latent	 heat	489 

dynamics	of	the	fully	physics-based	simulation,	achieving	a	KGE	of	0.959	and	a	mean	bias	of	490 

1.88	W	m⁻²	 relative	 to	 CoLM/ParFlow.	 By	 contrast,	 PFFD	 systematically	 underestimates	491 
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latent	heat	Llux,	particularly	during	high-Llux	periods,	resulting	in	a	substantially	lower	KGE	492 

of	0.564	and	a	mean	bias	of	−24.59	W	m⁻².	 Its	negative	bias	 is	also	evident	 in	the	spatial	493 

comparison,	which	shows	broadly	reduced	latent	heat	Llux	across	the	domain	(Figure	S13).	494 

Although	 PFFD	 retains	 some	 of	 the	 general	 temporal	 variability,	 its	 substantially	 larger	495 

magnitude	 errors	 demonstrate	 the	 effect	 of	 omitting	 groundwater	 feedback.	 The	 much	496 

smaller	 Hybrid–CoLM/ParFlow	 discrepancy	 therefore	 satisLies	 the	 acceptance	 criterion	497 

deLined	 above	 and	 indicates	 that	 the	 hybrid	 system	 retains	 the	 key	 groundwater–land-498 

surface	interactions	represented	by	the	fully	physics-based	model.	499 

Because	CoLM/ParFlow	is	 itself	a	model-based	reference,	ERA5-Land	was	additionally	500 

included	 as	 an	 external,	 observation-informed	 reference.	 ERA5-Land	 is	 driven	 by	501 

atmospheric	forcing	from	ERA5,	which	is	constrained	by	observations	through	a	global	data	502 

assimilation	system,	and	 therefore	provides	a	useful	 consistency	check	on	 the	 large-scale	503 

latent	 heat	 dynamics.	 Using	 ERA5-Land	 as	 the	 common	 reference	 (Figure	 7c),	504 

CoLM/ParFlow	shows	strong	agreement,	with	a	KGE	of	0.950	and	a	mean	bias	of	3.66	W	m⁻².	505 

The	hybrid	model	retains	a	comparable	level	of	consistency,	with	a	KGE	of	0.920	and	a	mean	506 

bias	of	5.54	W	m⁻²,	whereas	PFFD	exhibits	substantially	poorer	agreement,	with	a	KGE	of	507 

0.584	and	a	mean	bias	of	−20.93	W	m⁻².	The	closer	agreement	of	both	CoLM/ParFlow	and	508 

the	hybrid	model	with	ERA5-Land,	relative	to	PFFD,	provides	complementary	support	for	the	509 

importance	of	retaining	groundwater	feedback	in	representing	large-scale	latent	heat	Llux.	510 

The	ERA5-Land–CoLM/ParFlow	difference	is	also	shown	in	Figure	7b	using	CoLM/ParFlow	511 

as	the	common	reference,	allowing	its	magnitude	to	be	compared	directly	with	the	Hybrid–512 

CoLM/ParFlow	and	PFFD–CoLM/ParFlow	deviations	on	a	consistent	basis.	513 

	514 
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	515 
Figure	7.	Comparison	of	domain-averaged	latent	heat	dlux	across	different	modeling	condigurations	516 
and	references.	(a)	Latent	heat	dlux	time	series	over	the	8040-h	evaluation	period	(hours	721–8760	of	517 
WY2021)	from	the	physics-based	model,	the	hybrid	model,	the	free-drainage	(PFFD)	condiguration,	and	518 
the	ERA5-Land	reanalysis.	(b)	Error	time	series	relative	to	the	physics-based	model	(Hybrid	−	Physics,	519 
PFFD	−	Physics,	and	ERA5-Land	−	Physics).	(c)	Error	time	series	relative	to	ERA5-Land	(Hybrid	−	ERA5-520 
Land,	 PFFD	 −	 ERA5-Land,	 and	 Physics	 −	 ERA5-Land).	 To	 improve	 readability,	 the	 time	 series	 is	521 
subsampled	and	plotted	at	20-hour	intervals.	522 

3.3 Propagation	of	groundwater	errors	to	land-surface	fluxes	523 

The	 temporal	 analysis	 (Figures	 5	 and	 7)	 suggests	 a	 clear	 co-variation	 between	524 

subsurface	and	surface	errors.	In	particular,	periods	with	larger	WTD	biases—such	as	around	525 

hour	~4380	and	after	hour	~6570—are	consistently	associated	with	ampliLied	deviations	in	526 

latent	 heat	 Llux,	 indicating	 a	 potential	 propagation	 of	 errors	 from	 groundwater	 states	 to	527 

surface	 Lluxes.	 However,	 domain-averaged	 time	 series	 cannot	 fully	 capture	 the	 spatial	528 

variability	 of	 this	 relationship.	 To	 further	 examine	 how	 groundwater-related	 errors	 are	529 



 23 

associated	with	Llux	biases,	we	extend	the	analysis	to	the	grid-cell	level	by	analyzing	the	joint	530 

distribution	of	WTD	and	latent	heat	errors.	531 

	532 
Figure	8.	Relationship	between	groundwater-related	errors	and	their	propagation	to	surface	dluxes.	533 
(a)	Absolute	water	 table	depth	 (WTD)	bias	as	a	 function	of	physics-based	WTD.	Colors	 indicate	point	534 
density	(log₁₀	scale).	The	solid	orange	line	shows	the	median,	and	the	dashed	red	line	shows	the	90th	535 
percentile	within	each	WTD	bin.	The	vertical	dashed	line	at	1	m	indicates	the	transition	between	shallow	536 
and	deep	groundwater	regimes.	(b)	Absolute	latent	heat	bias	as	a	function	of	absolute	WTD	bias,	shown	537 
on	logarithmic	axes.	Colors	indicate	point	density	(log₁₀	scale),	with	median	and	90th	percentile	trends	538 
overlaid.	539 

To	 characterize	 the	 relationship	 between	 groundwater-related	 errors	 and	 their	540 

propagation	 to	 surface	 Lluxes,	 we	 constructed	 a	 paired	 dataset	 by	 comparing	 the	 hybrid	541 

model	outputs	against	the	fully	physics-based	CoLM/ParFlow	simulations	over	the	8040-h	542 

evaluation	period	(hours	721–8760	of	WY2021).	At	each	grid	cell	and	timestep,	WTD	and	543 

latent	heat	Llux	differences	were	computed,	yielding	ΔWTD	and	ΔLatent	heat.	These	paired	544 

samples	were	collected	across	randomly	sampled	timesteps	and	grid	cells	and	combined	into	545 

a	dataset	spanning	the	entire	domain	and	evaluation	period.	The	relationships	were	analyzed	546 

using	density-based	binning	to	highlight	the	distribution	of	sample	points	(Figure	8).	Results	547 

show	that	WTD	bias	increases	systematically	with	increasing	WTD,	indicating	reduced	model	548 

accuracy	under	deeper	water	table	conditions.	In	addition,	latent	heat	bias	exhibits	a	clear	549 

positive	 relationship	 with	 WTD	 bias,	 demonstrating	 that	 errors	 in	 subsurface	 states	550 

propagate	upward	and	can	be	ampliLied	in	surface	Lluxes.		551 

Most	samples	are	concentrated	around	WTD	≈	1	m,	corresponding	to	a	transition	toward	552 

an	 energy-limited	 regime.	 In	 this	 range,	 WTD	 biases	 are	 generally	 below	 1	 m	 and	 are	553 
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associated	with	relatively	small	 latent	heat	errors,	as	reLlected	by	the	median	relationship	554 

(yellow	 curve)	 remaining	 below	 ~1	 W	 m⁻².	 However,	 a	 subset	 of	 samples	 exhibits	555 

substantially	larger	latent	heat	errors,	reaching	values	close	to	100	W	m⁻².	The	median	and	556 

upper	 quantile	 relationships	 (yellow	 and	 red	 curves)	 exhibit	 an	 approximate	 power-law	557 

scaling	between	latent	heat	bias	and	WTD	bias	over	the	range	of	10⁻²	to	1	m,	indicating	a	558 

nonlinear	ampliLication	of	subsurface	errors	in	the	dominant	regime.	Importantly,	these	large	559 

Llux	errors	(up	to	~100	W	m⁻²)	are	conLined	to	a	relatively	small	subset	of	samples	and	are	560 

associated	 with	 conditions	 where	 surface	 Lluxes	 are	 highly	 sensitive	 to	 groundwater	561 

dynamics,	 rather	 than	 representing	 the	 dominant	 system	 behavior.	 This	 behavior	 can	 be	562 

interpreted	 in	 the	 context	 of	 the	 critical	 depth	 theory	 of	 groundwater–land	 surface	563 

interactions	(Kollet	&	Maxwell,	2008;	Yang	et	al.,	2020).	When	WTD	exceeds	approximately	564 

10	m,	groundwater	inLluence	on	surface	Lluxes	becomes	negligible;	consequently,	even	large	565 

WTD	errors	in	these	regions	have	limited	impact	on	latent	heat	Llux.	In	contrast,	within	the	566 

shallow	groundwater	regime,	where	capillary	connections	are	active,	relatively	small	WTD	567 

errors	can	lead	to	disproportionately	large	surface	Llux	deviations.	This	explains	why	most	568 

samples	exhibit	small	errors,	while	a	limited	subset	produces	large	Llux	biases.	569 

3.4 Continuous	versus	segmented	prediction	570 

Following	the	application	strategy	outlined	in	Figure	3,	we	examined	how	the	fidelity	of	571 

the	hybrid	model	changes	as	errors	accumulate	during	the	8040	h	continuous	simulation.	572 

This	stage-wise	analysis	helps	determine	how	long	the	surrogate	can	be	run	before	its	error	573 

exceeds	the	level	acceptable	for	a	particular	application.	We	divided	the	evaluation	period	574 

into	 three	 stages:	 early	 (hours	 721–2500),	 middle	 (hours	 2501–6000),	 and	 late	 (hours	575 

6001–8760),	and	evaluated	the	spatial	evolution	of	near-surface	soil	moisture	(Figure	9),	576 

WTD	 (Figure	 S14),	 and	 latent	 heat	 flux	 (Figure	 S15).	During	 the	 early	 stage,	 the	hybrid	577 

model	closely	matches	the	physics-based	simulation,	successfully	capturing	both	large-scale	578 

spatial	 patterns	 and	 fine-scale	 heterogeneity,	 indicating	 an	 accurate	 representation	 of	579 

groundwater–land	 surface	 coupling.	 In	 the	 middle	 stage,	 deviations	 begin	 to	 emerge,	580 

particularly	 in	 localized	 regions	 such	 as	 the	 southeastern	 part	 of	 the	 domain.	While	 the	581 

overall	 spatial	 pattern	 remains	 consistent	 with	 the	 physics-based	 model,	 fine-scale	582 
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structures	are	partially	degraded,	 suggesting	 that	 accumulated	 subsurface	errors	 start	 to	583 

influence	surface	variables.	By	the	late	stage,	this	degradation	becomes	more	pronounced:	584 

the	hybrid	model	 largely	preserves	dominant	 large-scale	patterns,	while	fine-scale	spatial	585 

variability	is	substantially	reduced.	Correspondingly,	the	Spearman	correlation	decreases	in	586 

affected	regions,	indicating	reduced	temporal	consistency.	587 

	588 
Figure	9.	Temporal	evolution	of	spatial	patterns	of	near-surface	soil	moisture	and	model	agreement	589 
across	different	prediction	stages.	Three	periods	are	 shown:	early	 (hours	721–2500),	middle	 (hours	590 
2501–6000),	and	late	(hours	6001–8760)	stages	of	the	simulation.	For	each	period,	columns	represent	591 
the	physics-based	model,	the	hybrid	model,	the	bias	(Hybrid	−	Physics),	and	the	Spearman	correlation	592 
coefdicient	(ρ),	respectively.	593 

This	 progressive	 deterioration	 coincides	 with	 changing	 precipitation	 conditions.	594 

Consistent	with	the	preceding	quantitative	analysis	(Table	S1),	upper-tail	errors	are	related	595 

to	both	segment-mean	precipitation	and	precipitation	variability,	with	a	stronger	association	596 

observed	for	precipitation	standard	deviation.	This	pattern	suggests	that	wet–dry	variability	597 

may	 contribute	 to	 error	 amplification,	 but	 it	 does	 not	 imply	 that	 precipitation	 alone	598 

determines	 error	 growth.	 Although	 the	 overall	 magnitude	 of	 errors	 may	 temporarily	599 

decrease	during	certain	periods,	as	also	indicated	by	the	temporal	analysis	in	Figure	5,	the	600 
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spatial	error	structure	does	not	fully	recover.	Thus,	while	the	system	may	exhibit	transient	601 

stabilization	in	an	aggregated	sense,	the	underlying	spatial	organization	of	errors	remains	602 

altered.	In	the	context	of	the	application	strategy	presented	in	Figure	3,	these	results	suggest	603 

that	 the	 effective	 prediction	 horizon	 depends	 on	 the	 level	 of	 detail	 required:	 shorter	604 

prediction	 windows	 are	 better	 suited	 for	 resolving	 fine-scale	 groundwater	 dynamics,	605 

whereas	 longer	 simulations	 can	 still	 capture	 the	 dominant	 large-scale	 feedback	 patterns	606 

despite	the	loss	of	spatial	detail.	607 

To	distinguish	whether	the	late-stage	deterioration	in	the	continuous	simulation	reflects	608 

accumulated	autoregressive	errors	or	an	intrinsic	inability	of	the	hybrid	model	to	represent	609 

hydrological	 responses	 under	 challenging	 forcing,	 we	 conducted	 a	 targeted	 segmented	610 

prediction	for	Segment	9.	This	experiment	also	evaluates	a	practical	application	strategy	in	611 

which	the	hybrid	model	 is	 initialized	close	to	the	target	period	to	reduce	the	 influence	of	612 

errors	accumulated	beforehand.	Segment	9	was	selected	because	it	exhibits	the	strongest	613 

precipitation	 variability	 among	 the	 evaluated	 segments	 (Figure	 S9).	 Despite	 this	 highly	614 

variable	 forcing,	 the	 segmented	 hybrid	 prediction	 remains	 closely	 consistent	 with	 the	615 

physics-based	simulation	(Figure	10).	 In	particular,	 the	domain-averaged	 latent	heat	 flux	616 

achieves	a	KGE	of	1.000	relative	to	the	physics-based	model,	substantially	higher	than	that	617 

of	 the	 free-drainage	configuration	(0.683).	Compared	with	 the	continuous	autoregressive	618 

simulation,	WTD	error	growth	is	greatly	constrained	in	this	segment.	In	the	continuous	run,	619 

the	median	WTD	bias	 increases	to	about	0.3–0.4	m	by	this	stage,	with	the	25–75%	range	620 

approaching	roughly	0.8–1.0	m	and	the	10–90%	range	extending	to	around	2	m	or	more.	By	621 

contrast,	under	segmented	prediction	in	Segment	9,	the	median	WTD	bias	remains	below	622 

about	0.1	m	throughout	the	720-hour	window,	the	interquartile	range	is	largely	confined	to	623 

about	0.1–0.2	m,	and	even	the	10–90%	range	remains	below	about	0.4	m.	Thus,	shortening	624 

the	 prediction	 horizon	 substantially	 suppresses	 the	 error	 amplification	 observed	 in	 the	625 

continuous	simulation.	626 

	627 
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	628 
Figure	10.	Error	evolution	and	 flux	consistency	during	a	 representative	period	 (Segment	9;	hours	629 
5761–6480).	(a)	Temporal	evolution	of	water	table	depth	(WTD)	bias	in	the	hybrid	model,	shown	as	the	630 
median	and	percentile	ranges	(25–75%	and	10–90%)	across	the	domain,	together	with	spatially	averaged	631 
precipitation	(inverted	axis).	 (b)	Domain-averaged	 latent	heat	 flux	 from	the	physics-based	model,	 the	632 
hybrid	 model,	 the	 free-drainage	 configuration	 (PFFD),	 and	 the	 ERA5-Land	 reanalysis.	 Kling–Gupta	633 
efficiency	(KGE)	values	are	computed	with	respect	to	the	physics-based	model.	634 
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	635 
Figure	 11.	 Spatial	 performance	 of	 the	 hybrid	 model	 under	 segmented	 prediction	 during	 a	 high-636 
variability	period	(Segment	9;	hours	5761–6480).	The	segment	corresponds	to	a	period	with	the	largest	637 
precipitation	variability.	Rows	show	water	table	depth	(WTD),	soil	moisture,	and	latent	heat,	respectively,	638 
while	columns	represent	the	physics-based	model,	the	hybrid	model,	the	bias	(Hybrid	−	Physics),	and	the	639 
Spearman	correlation	coefficient	(ρ).	640 

The	spatial	fields	provide	consistent	evidence	(Figure	11).	Under	segmented	prediction,	641 

the	hybrid	model	reproduces	not	only	the	dominant	large-scale	organization	but	also	much	642 

of	 the	 fine-scale	 structure	 in	WTD,	 soil	moisture,	 and	 latent	heat.	Biases	 remain	spatially	643 

scattered	rather	than	coherently	organized	into	large,	distorted	regions,	and	the	Spearman	644 

correlation	remains	uniformly	high	across	most	of	the	domain.	This	is	especially	notable	in	645 

comparison	with	the	corresponding	period	of	the	continuous	simulation,	in	which	fine-scale	646 

heterogeneity	is	substantially	degraded	and	localized	regions	of	reduced	agreement	become	647 

clearly	 visible.	 Together,	 these	 results	 support	 the	 interpretation	 that	 the	 late-stage	648 

degradation	 in	 the	 continuous	 simulation	 arises	 primarily	 from	 cumulative	 error	 growth	649 

rather	than	an	intrinsic	inability	of	the	hybrid	model	to	represent	the	hydrological	conditions	650 

occurring	during	Segment	9.	From	an	application	perspective,	initializing	the	hybrid	model	651 
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close	to	a	target	period	and	limiting	the	prediction	horizon	provide	a	practical	strategy	for	652 

retaining	 fine-scale	accuracy.	A	720-hour	(~1	month)	prediction	window	may	already	be	653 

sufficient	 for	 many	 event-oriented	 flood	 and	 drought	 applications.	 The	 recovery	 of	654 

predictive	 skill	 after	 reinitialization	 also	 suggests	 that	 future	 integration	 with	 data	655 

assimilation	 could	 periodically	 correct	 accumulated	 state	 errors	 and	 extend	 the	 effective	656 

prediction	horizon.	657 

4.	Conclusions	658 

Three-dimensional	 groundwater	 dynamics	 play	 a	 critical	 role	 in	 regulating	 land–659 

atmosphere	 interactions	 through	 subsurface–surface	 feedbacks,	 yet	 resolving	 variably	660 

saturated	 Llow	 using	 the	 Richards’	 equation	 at	 large	 scales	 remains	 computationally	661 

prohibitive.	 In	 this	 study,	 we	 developed	 a	 hybrid	 coupling	 framework	 in	 which	 a	 deep	662 

learning	 surrogate	 replaces	 the	 physics-based	 groundwater	 solver	 while	 preserving	 the	663 

original	 coupling	 interface.	 This	 design	 substantially	 reduces	 computational	 cost	 and	664 

provides	a	practical	pathway	for	representing	three-dimensional	groundwater	dynamics	in	665 

land	surface	and	Earth	system	models.	666 

The	proposed	framework	was	demonstrated	in	a	representative	watershed	system	in	the	667 

Pearl	River	Basin,	China,	where	it	achieved	an	18.24×	computational	speedup	while	retaining	668 

the	essential	interactions	between	groundwater	and	land	surface	processes.	Over	the	8040-669 

h	 evaluation	 period	 (hours	 721–8760	 of	 WY2021),	 the	 hybrid	 system	 shows	 strong	670 

agreement	with	the	physics-based	reference,	with	a	median	water	table	depth	(WTD)	error	671 

within	 0.5	 m	 and	 a	 domain-averaged	 latent	 heat	 Llux	 KGE	 of	 0.959.	 Although	 localized	672 

degradation	 is	 observed	 in	 regions	where	WTD	 errors	 propagate	 into	 surface	 Lluxes,	 the	673 

overall	 spatial	 and	 temporal	 consistency	 remains	 robust.	 Compared	 to	 the	 free-drainage	674 

conLiguration,	 which	 represents	 a	 conventional	 land	 surface	modeling	 approach	 without	675 

explicit	 groundwater	 representation,	 the	 hybrid	 framework	more	 effectively	 captures	 the	676 

inLluence	of	groundwater	on	land	surface	processes.	In	addition,	segmented	simulations	at	677 

the	monthly	scale	effectively	reduce	autoregressive	error	accumulation	and	maintain	stable	678 

performance	 under	 strong	 precipitation	 variability,	 highlighting	 the	 feasibility	 of	 multi-679 

timescale,	on-demand	simulation	strategies	within	this	framework.	680 
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Although	the	proposed	coupling	framework	is	designed	to	be	generally	applicable,	the	681 

surrogate	evaluated	here	was	trained	using	WY2019–2020	and	tested	over	the	remaining	682 

8040	h	of	WY2021	within	a	single	model	domain	in	the	Pearl	River	Basin.	Its	demonstrated	683 

performance	therefore	reLlects	the	spatial	and	hydroclimatic	conditions	represented	by	these	684 

data,	and	direct	transfer	to	other	basins	or	substantially	longer	prediction	horizons	has	not	685 

yet	been	established.	Future	work	using	longer	and	more	hydroclimatically	diverse	records	686 

from	multiple	basins,	through	domain-speciLic	retraining	or	Line-tuning,	may	improve	model	687 

robustness,	 transferability,	 and	 the	 effective	 prediction	 horizon,	 while	 periodic	688 

reinitialization	 or	 data	 assimilation	 may	 further	 constrain	 accumulated	 autoregressive	689 

errors.	690 

	691 
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Code	and	data	availability	692 

The	 CoLM/ParFlow	model	 used	 in	 this	 study	 to	 generate	 the	 datasets	 is	 available	 at	693 

https://doi.org/10.5281/zenodo.16879407,	 with	 a	 copy	 also	 provided	 on	 GitHub	 at	694 

https://github.com/aureliayang/parflow-colm.	The	hybrid	model	developed	in	this	study	is	695 

archived	 at	 https://doi.org/10.5281/zenodo.20791904	 and	 is	 actively	 maintained	 on	696 

GitHub	at	https://github.com/aureliayang/ParFlow-nn.	The	data	used	 for	model	 training,	697 

together	 with	 the	 data	 and	 scripts	 used	 to	 reproduce	 the	 figures,	 are	 available	 through	698 

Science	Data	Bank	at	https://doi.org/10.57760/sciencedb.41621.	699 
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Supplementary	Information	850 

Table	S1.	Correlations	between	segment-scale	precipitation	characteristics	and	absolute	851 
water	table	depth	(WTD)	error	metrics	across	the	12	720-h	test	segments.	At	each	hour,	852 
precipitation	was	first	spatially	averaged	over	the	model	domain;	the	precipitation	mean	and	853 
standard	deviation	for	each	segment	were	then	calculated	from	the	resulting	720-h	domain-854 
mean	precipitation	time	series.	At	each	hour,	absolute	WTD	errors	across	the	model	domain	855 
were	 summarized	 using	 their	 spatial	 mean,	 median,	 75th	 percentile	 (q75),	 and	 90th	856 
percentile	(q90).	“Time	mean”	denotes	the	temporal	average	of	the	corresponding	spatial	857 
error	statistic	over	the	720-h	segment,	whereas	“final”	denotes	its	value	at	the	final	hour	of	858 
the	segment.	Pearson	correlation	coefficients	(r)	and	Spearman	rank	correlation	coefficients	859 
(ρ),	 calculated	across	 the	12	segments,	are	 reported	 together	with	 their	 corresponding	p	860 
values.	861 

Precipitation	
metric	 Error	metric	 Pearson	

r	
Spearman		

ρ	
Pearson	

p	
Spearman	

p	

precipitation	
mean	(mm/h)		

time	mean	mean	 0.3873	 0.3916	 0.2136	 0.2081	
time	mean	median	 0.3017	 0.4266	 0.3406	 0.1667	
time	mean	q75	 0.8648	 0.8811	 0.0003	 0.0002	
time	mean	q90	 0.6319	 0.7203	 0.0275	 0.0082	
final	mean	 0.2846	 0.3287	 0.3700	 0.2969	
final	median	 -0.1069	 0.1329	 0.7410	 0.6806	
final	q75	 0.7285	 0.7273	 0.0072	 0.0074	
final	q90	 0.5558	 0.5804	 0.0606	 0.0479	

precipitation	
std	(mm/h)		

time	mean	mean	 0.5404	 0.5035	 0.0697	 0.0952	
time	mean	median	 0.5515	 0.5734	 0.0630	 0.0513	
time	mean	q75	 0.9440	 0.9021	 <0.0001	 0.0001	
time	mean	q90	 0.7945	 0.8112	 0.0020	 0.0014	
final	mean	 0.4084	 0.4755	 0.1875	 0.1182	
final	median	 -0.0277	 0.0559	 0.9319	 0.8629	
final	q75	 0.7035	 0.6643	 0.0107	 0.0185	
final	q90	 0.7083	 0.6294	 0.0099	 0.0283	

862 
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Text	S1.	Pressure	heads	were	standardized	separately	for	each	vertical	layer	as	𝑝�2 =863 
(𝑝2 − 𝜇2)/𝜎2 ,	where	𝜇2 	and	𝜎2 	were	calculated	from	the	training	period.	The	inverse	864 
transformation,	𝑝2 = 𝜎2𝑝�2 + 𝜇2 ,	restores	pressure	heads	to	physical	units.	We	evaluated	the	865 
vertical	total-head	gradient	between	adjacent	cell	centers	as	866 

𝐺 = 3!""#$$3%&'#$
∆5

+ 1,	867 

where	elevation	 increases	upward	and	∆𝑧	is	 the	actual	distance	between	 the	 cell	 centers.	868 
Figures	S1	and	S2	show	that	vertical	hydraulic-gradient	errors	are	relatively	small	in	the	early	869 
stage	and	generally	increase	as	errors	accumulate	during	the	continuous	hybrid	simulation.	870 
Figure	 S3	 shows	 some	differences	 between	dry	 and	 saturated	 conditions,	 but	 no	distinct	871 
pattern	of	gradient	deterioration	that	can	be	attributed	to	layer-wise	standardization.	872 
	873 

	874 
Figure	S1.	Temporal	evolution	of	vertical	hydraulic-gradient	RMSE	between	the	hybrid	and	875 
physics-based	 simulations	 over	 hours	 721–8760.	 The	 curves	 represent	 the	 nine	 soil–soil	876 
interfaces	pooled	together	and	the	single	aquifer–soil	interface.	Soil–soil	RMSE	assigns	equal	877 
weight	 to	 all	 horizontal	 grid	 cells	 and	 all	 nine	 interfaces,	 whereas	 aquifer–soil	 RMSE	 is	878 
calculated	 across	 all	 horizontal	 grid	 cells	 at	 that	 interface.	 Daily	 values	 are	 obtained	 by	879 
averaging	the	hourly	squared	RMSE	values	and	taking	the	square	root.	Vertical	dashed	lines	880 
at	hours	2500	and	6000	separate	the	early,	middle,	and	late	periods;	daily	bins	crossing	these	881 
boundaries	are	split	accordingly.	Gradients	are	calculated	from	pressure	heads	in	physical	882 
units	using	the	actual	distances	between	adjacent	cell	centers.	The	vertical	axis	is	logarithmic.	883 
	884 
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	885 
Figure	S2.	Spatial	distributions	of	vertical	hydraulic-gradient	RMSE	between	the	hybrid	and	886 
physics-based	simulations	during	the	(a)	early	(hours	721–2500),	(b)	middle	(hours	2501–887 
6000),	 and	 (c)	 late	 (hours	 6001–8760)	 periods.	 At	 each	 horizontal	 grid	 cell,	 RMSE	 is	888 
calculated	over	all	hourly	samples	and	the	nine	soil–soil	interfaces	within	each	period,	with	889 
equal	weighting.	Gradients	are	evaluated	 from	pressure	heads	 in	physical	units	using	 the	890 
actual	distances	between	adjacent	cell	centers.	All	panels	share	the	same	color	scale,	with	its	891 
upper	 limit	 set	 to	 the	 pooled	 99th	 percentile	 of	 the	 three	 RMSE	maps;	 larger	 values	 are	892 
displayed	using	the	maximum	color.	The	aquifer–soil	 interface	 is	not	 included	because	 its	893 
vertical	 hydraulic-gradient	 RMSE	 remains	 substantially	 smaller	 than	 that	 of	 the	 soil–soil	894 
interfaces	 throughout	 the	simulation	(Figure	S1);	Figure	S2	therefore	 focuses	on	the	nine	895 
soil–soil	interfaces	that	dominate	the	spatial	error	pattern.	896 
	897 
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	898 
Figure	 S3.	 Vertical	 hydraulic-gradient	 RMSE	 between	 the	 hybrid	 and	 physics-based	899 
simulations	during	the	(a)	early	(hours	721–2500),	(b)	middle	(hours	2501–6000),	and	(c)	900 
late	(hours	6001–8760)	periods.	Curves	represent	all	samples,	dry	samples,	and	saturated	901 
samples.	 Moisture	 classes	 are	 deLined	 using	 the	 physics-based	 simulation:	 dry	 samples	902 
require	effective	saturation	≤0.2	in	both	adjacent	cells,	whereas	saturated	samples	require	903 
nonnegative	pressure	heads	in	both	cells.	RMSE	is	calculated	separately	at	each	interface	over	904 
all	corresponding	grid-cell	and	hourly	samples	within	each	period.	Gradients	are	calculated	905 
from	 pressure	 heads	 in	 physical	 units	 using	 the	 actual	 distances	 between	 adjacent	 cell	906 
centers.	Interface	depths	are	displayed	at	equal	spacing	for	readability,	and	the	horizontal	907 
axis	is	logarithmic.	Missing	points	indicate	the	absence	of	qualifying	samples.	908 
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Text	 S2.	 To	 further	 explore	 the	 potential	 for	 improving	 surrogate	 performance,	 we	909 
conducted	 additional	 experiments	 by	 introducing	 attention	 mechanisms	 into	 the	 model	910 
architecture.	Inspired	by	recent	spatiotemporal	attention	studies	(Lim	et	al.,	2021;	Xiong	et	911 
al.,	2024;	Zheng	et	al.,	2021),	we	implemented	a	temporal	self-attention	module	between	the	912 
final	hidden	layer	and	the	output	layer.	Prior	to	applying	attention,	the	spatial	dimensions	of	913 
the	 hidden	 states	 were	 compressed	 while	 preserving	 channel-wise	 information.	 Two	914 
alternative	modes	were	considered.	 In	the	pooling	mode,	global	adaptive	average	pooling	915 
was	 applied	 to	 each	 hidden	 feature	 map,	 reducing	 the	 spatial	 grids	 to	 a	 channel-wise	916 
representation.	 In	 the	 xyconv	 mode,	 two	 depthwise	 convolutions	 with	 kernel	 sizes	 and	917 
strides	 equal	 to	 the	patch	 size	were	used	 to	 compress	 the	 spatial	 dimensions	 to	 a	 single	918 
location—first	 along	 the	 y-direction	 and	 then	 along	 the	 x-direction—yielding	 a	 learnable	919 
spatial	 aggregation	 of	 each	 feature	 channel.	 Both	 modes	 were	 retained	 in	 the	920 
implementation	to	facilitate	flexible	adaptation	to	different	applications.	921 

The	resulting	channel	embeddings	across	time	steps	were	then	fed	into	a	temporal	self-922 
attention	 module,	 where	 the	 current	 timestep	 was	 used	 as	 the	 query	 and	 all	 preceding	923 
timesteps	(including	the	current	one)	as	keys	and	values.	The	attention	weights	were	used	924 
to	 reweight	 the	 stacked	hidden	 states	 across	 time,	 assigning	 a	 scalar	 importance	 to	 each	925 
timestep’s	spatial	feature	map.	The	weighted	hidden	states	were	then	aggregated	to	produce	926 
an	 attention-enhanced	 spatiotemporal	 representation,	 which	 was	 subsequently	 passed	927 
through	the	output	convolution	layer	for	prediction.	A	learnable	scaling	factor	was	applied	928 
to	modulate	the	contribution	of	the	attention-enhanced	features	before	being	added	to	the	929 
original	prediction.	930 

	931 
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	932 
Figure	S4.	Training	loss	and	validation	RMSE	of	the	ParFlow	surrogate	model	for	different	933 
architectural	 conLigurations.	 (a)	 Evolution	 of	 the	 training	 loss.	 (b)	 Validation	 RMSE	 of	934 
pressure	 head.	 The	 baseline	 model	 and	 variants	 with	 alternative	 spatial	 aggregation	935 
strategies	 (pooling	 and	 xyconv)	 exhibit	 similar	 convergence	 behavior	 and	 comparable	936 
validation	performance.	937 
	938 
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	939 
Figure	S5.	Training	loss	and	validation	performance	across	Live	repeated	training	runs	of	the	940 
ParFlow	surrogate	model	conducted	using	the	same	random	seed	and	otherwise	identical	941 
training	settings.	(a)	Evolution	of	the	training	loss.	(b)	Validation	RMSE	of	pressure	head.	Job	942 
numbers	identify	the	individual	training	runs.	Jobs	3099	and	3195	were	continued	beyond	943 
80,000	iterations	as	Jobs	3199	and	3197,	respectively,	and	the	vertical	dotted	line	marks	the	944 
original	80,000-iteration	endpoint.	The	checkpoint	from	Job	2680	at	80,000	iterations	was	945 
selected	for	the	subsequent	evaluation.	946 
	947 



 42 

Text	S3.	For	both	earlier	checkpoints	(70,000	and	75,000),	predictions	remained	close	 to	948 
those	obtained	with	 the	 selected	 checkpoint	 (80,000),	with	mean	 absolute	differences	 of	949 
0.024–0.031	m	for	WTD,	0.0020–0.0024	for	soil	moisture,	and	0.475–0.491	W	m⁻²	for	latent	950 
heat	 Llux	across	all	evaluated	grid	cells	and	hours	 in	Segment	9,	 indicating	 limited	overall	951 
sensitivity	to	checkpoint	selection	within	this	late-training	interval.	952 
	953 
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	954 
Figure	S6.	Spatial	comparison	of	Segment	9	predictions	using	CKPT	70000	and	the	reference	955 
CKPT	80000.	Rows	show	water	table	depth,	soil	moisture,	and	latent	heat	Llux;	columns	show	956 
the	reference	and	comparison	temporal	means,	bias	(CKPT	70000	minus	CKPT	80000),	and	957 
temporal	Spearman	correlation	over	hours	5761–6480.	CKPT	denotes	checkpoint.	958 
	959 
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	960 
Figure	S7.	Same	as	Figure	S6,	but	comparing	CKPT	75000	with	the	reference	CKPT	80000.	961 
Bias	is	calculated	as	CKPT	75000	minus	CKPT	80000.	962 
	963 
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	964 
Figure	S8.	Temporal	evolution	of	absolute	differences	in	water	table	depth,	soil	moisture,	and	965 
latent	heat	 Llux	between	each	earlier	checkpoint	(CKPT	75000	and	CKPT	70000)	and	the	966 
reference	CKPT	80000	during	Segment	9.	Lines	 show	spatial	medians,	 and	shaded	bands	967 
indicate	 the	 spatial	 25th–75th	 and	 10th–90th	 percentile	 ranges.	 Hours	 indicate	 their	968 
positions	within	the	simulation	year.	969 
	970 
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	971 
Figure	S9.	Segmented	time	series	of	precipitation	over	the	simulation	period	(WY2021).	972 
The	hourly	precipitation	series	 is	divided	 into	12	consecutive	720-h	segments	(a–l),	each	973 
spanning	an	equal	duration.	For	each	segment,	the	temporal	variability	is	illustrated,	and	the	974 
mean	(µ)	and	standard	deviation	(σ)	are	annotated	to	quantify	differences	in	precipitation	975 
intensity	and	variability	across	periods.	The	segmentation	highlights	 the	 intermittent	and	976 
highly	 heterogeneous	 nature	 of	 precipitation,	 with	 distinct	 periods	 of	 low	 activity	 and	977 
intense	events.	978 
	979 
	980 
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	981 
Figure	S10.	Spatial	distributions	of	land	cover	and	soil	texture	in	the	study	domain.	(a)	982 
Land	cover	classiLication.	(b)	Soil	texture	classes.	983 
	984 
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Text	S4.	We	evaluated	two	complementary	surface-water	quantities:	total	surface	water	985 
storage	 over	 the	 model	 domain	 and	 streamflow	 at	 selected	 locations.	 Streamflow	 was	986 
evaluated	at	the	model	outlet	(Point	A)	and	a	nearby	grid	cell	approximately	3.47	km	away	987 
(Point	B;	Figure	S11).	Surface-water	storage	and	streamflow	were	derived	consistently	from	988 
the	 pressure	 fields	 of	 the	 physics-based	 and	 hybrid	 simulations.	 NSE	 and	 KGE	 were	989 
calculated	using	the	physics-based	simulation	as	the	reference	for	each	corresponding	time	990 
series.	991 

Agreement	depended	on	both	the	quantity	evaluated	and	the	simulation	period	(Figure	992 
S12).	In	Segment	1,	the	hybrid	model	closely	reproduced	surface	storage	and	streamflow	at	993 
both	 points,	 with	 NSE	 values	 exceeding	 0.98.	 In	 Segment	 9,	 surface	 storage	 remained	994 
comparatively	 well	 reproduced	 (NSE	 =	 0.910;	 KGE	 =	 0.770),	 whereas	 streamflow	995 
agreement	was	weaker,	particularly	in	reproducing	the	magnitude	of	the	peak	flows.	During	996 
the	early	stage	of	the	continuous	simulation,	some	broad	temporal	features	were	retained,	997 
although	 quantitative	 agreement	 was	 limited.	 Both	 storage	 and	 streamflow	 showed	998 
substantial	deterioration	during	the	middle	and	late	stages,	consistent	with	the	progressive	999 
divergence	of	the	predicted	pressure	fields.	The	contrast	between	storage	and	streamflow	1000 
reflects	their	different	sensitivities	to	pressure-field	errors.	Total	surface	storage	integrates	1001 
positive	surface	pressure	over	the	model	domain,	which	can	reduce	the	influence	of	localized	1002 
discrepancies	when	their	contributions	offset	one	another.	Streamflow	at	a	selected	grid	cell	1003 
depends	more	 directly	 on	 local	 surface-water	 depth	 and	 its	 nonlinear	 relationship	 with	1004 
discharge.	Consequently,	reproducing	broad	spatial	pressure	patterns	does	not	necessarily	1005 
ensure	accurate	flow	at	a	particular	location.	Spatial	aggregation	also	offers	no	protection	1006 
against	widespread	systematic	errors,	as	illustrated	by	the	deterioration	of	storage	estimates	1007 
during	 the	 later	 continuous	 simulation.	 The	 weaker	 point-scale	 streamflow	 agreement	1008 
underscores	 the	 importance	 of	 local	 surface-pressure	 errors	 for	 discharge	 prediction.	1009 
Nevertheless,	 the	 agreement	 in	 surface	 storage	 across	 both	 segments	 and	 in	 streamflow	1010 
during	Segment	1	 indicates	 that	 the	hybrid	model	 captures	key	 surface-water	 responses.	1011 
This	is	consistent	with	the	framework’s	primary	focus	on	spatial	groundwater	patterns	and	1012 
their	interactions	with	land-surface	processes.	1013 
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	1014 
Figure	S11.	Location	map.	Locations	of	the	two	streamLlow	evaluation	points:	(a)	the	model	1015 
domain	and	(b)	an	enlarged	view	near	the	outlet.	Point	A	denotes	the	outlet,	and	Point	B	is	a	1016 
nearby	 grid	 cell	 approximately	 3.47	 km	away.	 Colors	 indicate	mean	 streamLlow	 from	 the	1017 
physics-based	simulation.	1018 
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1019 
Figure	S12.	Time-series	comparison.	Comparison	of	surface	water	storage	and	streamLlow	1020 
at	Points	A	and	B	between	the	physics-based	and	hybrid	simulations	for	Segments	1	and	9	1021 
and	three	periods	of	the	continuous	721–8760	h	simulation.	NSE	and	KGE	are	reported	for	1022 
each	comparison.	1023 
	1024 
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	1025 
Figure	S13.	Spatial	comparison	of	mean	latent	heat	Llux	and	model	agreement	between	1026 
the	physics-based	and	free-drainage	(PFFD)	conLigurations	over	the	8040-h	evaluation	1027 
period	(hours	721–8760).	(a)	Mean	latent	heat	Llux	from	the	physics-based	model.	(b)	Mean	1028 
latent	heat	Llux	from	the	PFFD	conLiguration.	(c)	Bias	(PFFD	−	Physics).	(d)	Spearman	rank	1029 
correlation	coefLicient	(ρ)	computed	from	the	temporal	series	at	each	grid	cell.	1030 

	1031 
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	1032 
Figure	S14.	Temporal	evolution	of	spatial	patterns	of	water	table	depth	(WTD)	and	model	1033 
agreement	across	different	prediction	stages.	Three	periods	are	shown:	early	(hours	721–1034 
2500),	middle	(hours	2501–6000),	and	late	(hours	6001–8760)	stages	of	the	simulation.	For	1035 
each	period,	columns	represent	the	physics-based	model,	the	hybrid	model,	the	bias	(Hybrid	1036 
−	Physics),	and	the	Spearman	correlation	coefLicient	(ρ),	respectively.	1037 

	1038 
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	1039 
Figure	 S15.	 Temporal	 evolution	 of	 spatial	 patterns	 of	 latent	 heat	 Llux	 and	 model	1040 
agreement	across	different	prediction	stages.	Three	periods	are	shown:	early	(hours	721–1041 
2500),	middle	(hours	2501–6000),	and	late	(hours	6001–8760)	stages	of	the	simulation.	For	1042 
each	period,	columns	represent	the	physics-based	model,	the	hybrid	model,	the	bias	(Hybrid	1043 
−	Physics),	and	the	Spearman	correlation	coefLicient	(ρ),	respectively. 1044 
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