Journal of Hydrology 679 (2026) 136201

Contents lists available at ScienceDirect

Journal of Hydrology

FI. SEVIER

journal homepage: www.elsevier.com/locate/jhydrol

Research papers

A dependency-guided symbolic regression framework for overcoming error
compensation in hybrid Al-physical models

Qingliang Li™ ®, Mujie Wu?, Cheng Zhang ", Zhongwang Wei “, Wei Shangguan “®,
Jinlong Zhu", Jing Wang ", Xiaoning Li®, Yuguang Yan?, Zijian Zhang ", Wenzong Dong °,
Xiaoming Shi“®, Yunfeng Lv°, Yongjiu Dai*

@ School of Artificial Intelligence, Changchun Normal University, Changchun 130032, China

Y College of Computer Science and Technology, Jilin University, Changchun 130032, China

€ School of Atmospheric Sciences, Sun Yat-Sen University, Zhuhai, Guangdong 519082, China

4 Division of Environment and Sustainability, The Hong Kong University of Science and Technology, Hong Kong 999077, China
€ College of Geographical Sciences, Changchun Normal University, Changchun 130032, China

ARTICLE INFO

This manuscript was handled by Dan Lu,
Editor-in-Chief, with the assistance of Peishi
Jiang, Associate Editor

Keywords:

Symbolic regression
Hybrid Al-physical model
Hydrological modeling
Error compensation
Evapotranspiration
Streamflow simulation

ABSTRACT

Integrating Al-discovered formulas into process-based Earth system models is difficult. Earth functions as a
connected system with directional dependencies from upstream to downstream. When components are trained in
isolation and later embedded, error compensation can occur: downstream modules absorb upstream errors, local
metrics appear strong, yet system performance and physical consistency decline. We use hydrologic modeling as
a tractable testbed. Deep symbolic regression (DSR) provides transparent evapotranspiration (ET) formulas. A
knowledge guided variant (KG-DSR) builds runoff relations that preserve links among surface runoff, interflow,
and baseflow. These expressions are first trained and evaluated with observed meteorology, then inserted into
the HBV model under several integration strategies, including a sequential scheme that stabilizes ET before
calibrating runoff. ET formulas from DSR outperform the original HBV scheme in offline tests. More than 70% of
basins show higher Kling-Gupta efficiency (KGE) and lower RMSE, with better representation of vegetation
controls on ET. In coupled runs, adding only the ET module yields limited benefit. The sequential strategy im-
proves system behavior: relative to embedding runoff alone, ET KGE rises by 16.1% and streamflow KGE by
4.9%; relative to the HBV baseline, gains reach 11.6% and 10.1%. Performance for extreme flows and baseflow
indicators is also highest under the sequential strategy. Stabilizing upstream ET reduces error compensation and
strengthens cross-process consistency in coupled hydrologic models. A stepwise inclusion of explicit, interpret-
able parameters offers a general path to transparent, Al-guided modeling of complex Earth system processes,
with implications for drought forecasting, flood risk assessment, and low flow management.

1. Introduction

errors, local metrics can look strong, and the overall system loses
identifiability and cross-process coherence. Without structural priors

A central challenge in modern Earth system modeling is to integrate
Al-discovered formulas into process-based models without degrading
performance or physical consistency. Earth functions as a tightly
coupled system in which energy, water, and carbon exchanges move
from upstream to downstream. Land-surface parameterizations supply
boundary fluxes to the atmosphere, and photosynthesis regulates ET
through stomatal conductance (Sellers et al., 1997). When components
are tuned in isolation and later inserted into the full model, error
compensation often occurs: downstream modules absorb upstream
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and dependency-aware optimization, such compensation is hard to di-
agnose or control.

We use hydrologic modeling as a tractable and decision-relevant
testbed for strategies that reduce error compensation and improve
cross-process consistency, with the broader goal of extending these ideas
to more complex coupled systems. Hydrologic models support flood
forecasting (Rogelis and Werner, 2018; Teja and Manikanta, 2023; Xu
et al., 2024), drought monitoring (Han et al., 2023; Mei et al., 2023;
Vieira and Stadnyk, 2023), and reservoir management (Abeshu et al.,
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2023; Beca et al., 2023; Vora et al., 2024), all of which require reliable
predictions and interpretable internal states (Clark et al., 2017; Coron
et al., 2014; Menard et al., 2021). Traditional frameworks simulate
storage components such as snowpack, soil moisture, groundwater, and
surface water, as well as fluxes such as ET, surface runoff, subsurface
flow, and baseflow (Pomeroy et al., 2022). Many machine learning ap-
proaches, in contrast, target streamflow or other outcomes directly and
provide limited process insight (Li et al., 2025; Li et al., 2022a; Li et al.,
2022b). They can perform well under historical conditions, yet their
value declines under change when decision makers need to understand
how individual processes respond (Shen et al., 2023).

Even in process-based models, predictive skill is often limited by
parameter and structural uncertainty. Key parameters such as hydraulic
conductivity and storage capacities are rarely observed and must be
inferred, which introduces ambiguity and equifinality in heterogeneous
catchments (Beven, 2001). Calibration can mask internal errors through
compensation (Seibert and Vis, 2012). Empirical assumptions and
simplified representations add structural bias; because structure and
parameters are interdependent, joint optimization is difficult (Clark
etal., 2017; Draper, 1995; Loucks and van Beek, 2017). Calibrating only
to streamflow can produce high outlet skill while misrepresenting ET,
infiltration, and runoff generation. For example, in Iran’s Karkheh Basin
the Hydrologiska Byréns Vattenbalansavdelning (HBV) model achieved
a high Nash-Sutcliffe efficiency for total runoff (NSE = 0.86) yet per-
formed poorly for ET (NSE = 0.48), with seasonal biases between wet
and dry periods. Such discrepancies argue for calibration and optimi-
zation that treat the hydrologic system as a whole rather than focusing
only on outlet performance (Rientjes et al., 2013; Tsai et al., 2021).

Recent deep learning results are strong for soil moisture(Li et al.,
2022a,b, 2024), runoff (Cai et al., 2024; Frame et al., 2022a; Kratzert
et al., 2024), and water temperature (Rahmani et al., 2021a; Rahmani
et al., 2021b). Hybrid designs embed physical constraints in learning
architectures and improve both skill and physical consistency (Feng
et al., 2023b; Read et al., 2019; Xie et al., 2021). Differentiable frame-
works allow direct implementation of simplified hydrologic processes
and joint optimization of physical parameters with neural components
(Feng et al., 2022a; Kochkov et al., 2024; Rahmani et al., 2023). These
ideas reduce structural uncertainty and exploit shared patterns across
basins, yet many learned modules remain black boxes. In Earth system
science, accurate predictions are not sufficient; scientific progress re-
quires clear links between model behavior and process mechanisms
(Hafnera et al., 2023).

Symbolic regression (SR) offers a path to interpretability by discov-
ering analytical expressions that relate inputs to outputs (Bartlett et al.,
2023; Lemos et al., 2022; Udrescu and Tegmark, 2020). Integrations
with modern learning include problem simplification (Keren et al.,
2023), end-to-end methodologies (Alnuqaydan et al., 2023; Kamienny
et al., 2022), and neural architectures with embedded symbolic struc-
ture (Kim et al., 2020; Zhang et al., 2022). Deep symbolic regression
(DSR) uses reinforcement learning to recover concise formulas even
under noise and holds promise for geoscience applications (Matsubara
et al., 2022; Petersen et al., 2021). This innovative approach provides
significant insights for applications in Earth science(Tenachi et al., 2023;
DiPietro and Zhu, 2022; Usama, 2022). For example, Hafnera et al.
(2023) distilled a neural wave model into a closed-form expression
that preserved skill and aligned with wave theory. Our prior work (Li
et al, 2024b) introduced knowledge-guided DSR for Pen-
man-Monteith, improving surface resistance estimates while honoring
key constraints.

Most SR efforts in hydrology and Earth system science, however,
target isolated datasets or single components (Hafnera et al., 2023; Li
et al., 2024b). The unresolved problem is functional integration: can Al-
derived expressions be inserted into coupled models in ways that
improve structure, predictive skill, and process consistency rather than
amplifying error compensation? When SR modules sit upstream, their
errors can propagate and be absorbed downstream, erasing gains seen in
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offline tests.

HBV provides a suitable platform to address this gap. The model has
a clear structure with modules for snow accumulation and melt, soil
moisture, runoff generation, and baseflow. It captures essential in-
teractions among hydrologic processes while remaining computation-
ally efficient. This makes it a practical setting to examine how Al-derived
formulas can be embedded and how dependency-aware optimization
can reduce error compensation

Our study is organized around three questions.

Q1. Can DSR, guided by the HBV process structure, improve ET and
runoff parameterizations within a hybrid LSTM-HBV model relative to
the original schemes?

Q2. Do the symbolic regression derived formulas improve perfor-
mance after they are integrated into the original HBV model?

Q3. If direct insertion is not sufficient, which integration and training
strategies can make DSR effective at the system level, and what do these
results suggest for more complex coupled models?

To address Q1, we simulate ET and total runoff using observed
meteorological forcings and catchment attributes within a hybrid
framework that couples a LSTM with HBV. This design builds on evi-
dence that domain-informed DSR can outperform traditional hydrologic
formulations. We use standard DSR to derive a new ET function and a
knowledge-guided variant to derive a total runoff function that pre-
serves the physically coherent relationships among surface runoff,
interflow, and baseflow (Li et al., 2024b). The resulting symbolic ex-
pressions are evaluated against observed discharge and the MOD16A2-
based ET reference.

For Q2, we embed the discovered ET and runoff formulas into the
original HBV model one at a time. We then simulate ET and streamflow
under the same observed forcings and compare results with those from
the unmodified HBV and the LSTM-driven HBV baseline.

For Q3, we test a sequential, dependency-aware training strategy
that stabilizes the ET component before calibrating runoff parameters.
We evaluate each configuration using overall predictive skill and its
representation of key hydrologic behaviors, with emphasis on surface
runoff and baseflow. We then identify the configuration that produces
an improved HBV model with SR-derived process representations while
preserving process dependencies from upstream to downstream. This
approach illustrates a path toward transparent and physically grounded
Al components for coupled hydrologic and Earth system models.

2. Methodology
2.1. Overall framework

Earth system models (ESMs) represent energy, water, and carbon
cycles through interconnected process modules. Vegetation interception
and throughfall partition rainfall, which controls infiltration and runoff
generation. Incoming shortwave and longwave radiation set net radia-
tion and determine how energy is divided into sensible, latent, and soil
heat fluxes. These coupled processes govern both ET and streamflow: ET
is co-limited by available energy and canopy water, and streamflow
arises from infiltration, infiltration- and saturation-excess runoff, and
routing. In this study, error compensation refers to the situation in which
biases in ET, water storage states, and runoff generation offset one
another, allowing a model to reproduce outlet streamflow without
necessarily improving the realism of its internal hydrologic processes.
This problem is closely related to the concept of equifinality (Beven and
Freer, 2001), where different model structures or parameter sets can
yield similar observable responses in complex environmental systems.
As a result, good streamflow performance alone does not ensure that the
simulated internal processes are unique, physically consistent, or more
realistic. When streamflow is used as the primary calibration target,
errors in ET or storage dynamics may be hidden by compensating errors
in runoff generation, leading to apparently satisfactory discharge sim-
ulations but potentially misleading process representations. Motivated
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by this, we concentrate on the hydrologic components and embed a
data-driven approach within the HBV rainfall-runoff model.

To maintain physical realism, we first evaluated baseline HBV state
variables against observations and remote-sensing products. Based on
this assessment, we identified ET and streamflow as the primary targets
for optimization. We then decomposed HBV into two coupled sub-
modules: an ET module driven by atmospheric forcings, and a runoff
module driven by surface soil moisture after ET. All other HBV pro-
cesses, including snow dynamics, soil storage, and groundwater,
remained in their original form. Only the ET and runoff parameteriza-
tions were replaced with data-driven formulations. In summary, our
framework integrates DSR into a differentiable HBV model
(Aghakouchak and Habib, 2010; Beck et al., 2020; Seibert and Vis,
2012) to learn new symbolic equations for ET and runoff while preser-
ving the underlying process structure.

2.2. Dsr-driven HBV model

We implemented the HBV model and the DSR modules in a differ-
entiable computing framework (PyTorch) to support end-to-end opti-
mization. The integrated system uses deep learning to propose explicit
symbolic expressions for selected processes while retaining the modular
physical structure of HBV. In this setup, the DSR network acts as a
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submodel that generates analytic formulas (expression trees) for ET and
runoff. A recurrent neural network (RNN) decoder produces sequences
of tokens in prefix notation (operators, variables, and constants) to
construct each candidate equation. The token set includes input forcings
such as precipitation and temperature, HBV state variables such as soil
moisture, and model parameters, combined through standard mathe-
matical operators (for example, addition, multiplication, and
logarithms).

We steer the symbolic search with knowledge-based priors to
maintain physical plausibility and limit complexity. Expression depth
and allowable operators are constrained, and known parameter ranges
are imposed. This knowledge-guided DSR (KG-DSR) balances predictive
accuracy and interpretability by penalizing overly complex formulas.
Network weights and the constants inside the generated expressions are
optimized jointly to minimize prediction error on the training data. In
this way, the DSR-driven HBV framework learns explicit equations for
ET and runoff that enhance model performance without discarding
established process relationships. Fig. 1 shows the overall model struc-
ture, with default HBV equations in gray and the DSR-derived ET and
runoff components highlighted. Table 1 summarizes the core model
parameters and their roles.
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Fig. 1. Overview of the HBV Hydrologic Model Process. Blue represents input variables for the HBV model, brown denotes model parameters, green indicates
intermediate variables simulated by the model, and red identifies variables validated in this study. Arrows illustrate the progression of variable transformations, with
each pathway representing a specific physical process in the HBV model. These processes are described within color-coded dashed rectangles. The numbered circles
along the arrows correspond to the expressions for each physical process. (For interpretation of the references to colour in this figure legend, the reader is referred to

the web version of this article.)
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Table 1

Key Equations for the Original and DSR-optimized Time-Discrete Models. In the
HBV model, 6 denotes physical parameters. A indicates changes in a daily time
step.

Structural priors Default HBV equations DSR-optimized schemes

Snow Solid snowpack AS, Unchanged
Rgz = (011 —T)OppbrizSsmelt =
(T —6rr)6ppLiquid in snow
ASiipIsnow = Siip —fcwn X Sp
Evapotranspiration Actual ET Ern = Er =
(ET) min(Ss/(OrcOip); 1) fosr (xforcing« xAttn'Jmtes)
Surface soil water Surface soil water ASsPe = Unchanged
W(Pr +Isnow) W =
min (8,/6rc)’, 1 )Ex =
(Ss —Orc)
Streamflow Upper subsurface zone ASy, Q=

Pere = min(gperc‘SuZ)QO =
Oko(Suz —Oua) Q1 =

6k1 Sy, Lower subsurface zone
AS,Q2 = O1S1,Q = Qo +
Q +Q

Fx-psr (Xforcing: Xatributes)

2.2.1. HBV hydrological model

The HBV model is a lumped conceptual rainfall-runoff model that
simulates the daily water balance at the basin scale (Fig. 1). It includes
storage components for snowpack, soil moisture, and groundwater,
along with modules for precipitation partitioning, evaporation, and
runoff generation. At each time step, precipitation and temperature
update the storage terms: snow accumulates or melts depending on
temperature, soil moisture is recharged by infiltration, and groundwater
receives recharge from excess soil water. Potential ET is computed with
a standard formulation (for example, Thornthwaite or Penman) and is
limited by soil moisture availability. Water that is not stored or evapo-
rated generates runoff, with surface (quick) runoff arising from excess
soil moisture and baseflow produced by linear groundwater reservoirs.
Total streamflow is the sum of surface runoff and baseflow.

In this study, we retain the original HBV formulations for snow, soil
moisture, and groundwater. We modify only the ET and runoff modules.
Each watershed is represented with a single-basin (lumped) HBV model.
This choice simplifies channel routing but emphasizes interactions
among internal processes and clarifies how structural priors and
parameter changes influence system behavior. The routing from soil
moisture to runoff remains unchanged; only the mathematical forms of
the ET flux and the runoff generation functions are replaced by DSR-
derived expressions.

2.2.2. Deep symbolic regression (DSR) model

We established a framework to systematically evaluate parameteri-
zations of ET and runoff. The approach began with offline testing of two
parameterizations: DSR-ET for ET and KG-DSR for runoff. Next, these
parameterizations were integrated into the HBV model, both individu-
ally and in combination, to assess their influence on overall model
performance. Evaluation was based on four standard metrics—R, RMSE,
bias, and KGE. To examine extremes and process representation, we
further assessed model performance using high- and low-flow quantiles
(Q5 and Q95, corresponding to 5% and 95% exceedance probabilities)
and the Baseflow Index (BFI) to evaluate the characterization of slow-
response components. Finally, we analyzed cross-process interactions:
changes in runoff performance after incorporating DSR-ET, and shifts in
ET behavior when the runoff parameterization was replaced. All ex-
periments were conducted with consistent datasets and identical train-
ing-validation splits to ensure that results are both robust and
reproducible.

Journal of Hydrology 679 (2026) 136201
2.3. DSR based-driven HBV hydrological model

The DSR based-driven HBV hydrological model enhances differen-
tiable HBV models by integrating the DSR method. This integration
utilizes DL techniques to optimize process-based models, similar to how
LSTM models enhance HBV parameter optimization. By combining DL
with process-based modeling on the PyTorch platform, this framework
allows for seamless integration and training as a unified model. A
notable feature of the DSR approach is its ability to drive explicit
physical equations through influencing factors while simultaneously
optimizing both the structural priors and parameters of the process
model. This strategy ensures that all components of the resulting model
exhibit improved process transparency. Fig. 1 and Table 1 denotes the
core assumptions of the DSR optimization framework, which we will
assess to understand the impact of these optimization. Fig. 1 illustrates
the overall HBV hydrological model process and highlights the default
HBV equations aligned with structural priors. Table 1 provides supple-
mentary details on parameters.

2.3.1. Deep symbolic regression model

The DSR model conceptualizes symbolic expressions as binary trees
whose nodes represent variables, constants, or operators (Petersen et al.,
2021). In a hydrologic setting, this structure provides a natural way to
represent process equations, since it combines flexibility with inter-
pretability while capturing water movement and storage dynamics. The
variable set includes meteorological forcings and catchment attributes,
and the constants include both standard HBV parameters and additional
free parameters. Operators cover basic arithmetic and common
nonlinear functions such as exponentials, logarithms, squares, and di-
visions, which together describe interactions among hydrologic
components.

To generate process equations, DSR uses an RNN that sequentially
emits tokens and updates its hidden state based on observations and
previously generated tokens (Fig. 2). Tokens correspond to the building
blocks of an expression: variables, operators, and constants. The RNN
produces these tokens in prefix notation until a complete, syntactically
valid formula is formed. At each step, a categorical distribution over the
token set is updated, and domain-informed priors reshape this distri-
bution to enforce constraints and to reduce the size of the search space.
These priors control maximum tree depth, restrict nested operations,
and discourage unnecessary complexity, which helps balance robustness
and generalizability. In combination, sequence generation, RNN dy-
namics, and prior-adjusted categorical sampling provide a coherent
mechanism for constructing compact, data-driven analytical expressions
for hydrologic processes.

Because the symbolic expressions and their associated loss are not
differentiable with respect to the discrete tokens, direct optimization
with standard automatic differentiation is not feasible. Instead, DSR uses
a neural policy that defines a categorical distribution over tokens. The
policy is updated so that token sequences producing high quality ex-
pressions become more likely over time. In our case, the model uses a
risk seeking policy gradient with entropy regularization, which en-
courages exploration while concentrating probability mass on well
performing formulas. Evaluation of each candidate expression requires
fitting its free constants, interpreted as hydrologic parameters. DSR
employs an L-BFGS routine (Zhu et al., 1997) for this inner optimization.
For complex hydrologic parameter spaces, this approach can be
restrictive, so in our later HBV experiments we introduce an LSTM-based
optimizer to adjust parameters within the DSR-driven HBV model
(Section 2.2). As a result, DSR in this study serves primarily to reveal
functional relationships among variables and to provide candidate
process equations.

Each candidate expression f receives a scalar reward that reflects its
fit to the data. The reward is defined as:

R =1/(1 + NRMSE)
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(a) RNN-based expression sampling process
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Fig. 2. (a). Illustration of the RNN-based expression sampling process. For each token, the RNN generates a categorical distribution, from which a token is sampled.
The parent and sibling of the next token serve as inputs to the RNN. Tokens continue to be sampled autoregressively until all tree branches reach terminal nodes,
completing the tree structure. This sequence of tokens represents a pre-order traversal, enabling reconstruction of the tree and instantiation of the corresponding

expression. (b). The library of tokens.

where NRMSE is the normalized root mean square error between
simulated ET and the MOD16A2 ET reference, or between simulated
streamflow and observed discharge. The policy is trained with Adam
using a risk seeking objective:

Jrisk (05 €)=Ex p(eio) [R(7) [R(7) = Re(6) ] M

where 6 denotes the policy parameters, 7 a sampled program, and
R.(0) the reward threshold at the (1 — ¢)-quantile. The corresponding
gradient is

V()Jn'sk(G; (:') = [ET p(7l0) [(R(‘L’) —R, (0) ) o V,;logp(‘c|0) |R(T) > Re(g)] (2)

In practice, this expectation is approximated with a Monte Carlo esti-
mate over a batch of N samples:

1 & o .
VgJ,i;k(G; 8) ~ gv Z |:<R(T<l) ) — R€(0)> L] lR(r(” )ZRé (H)Vglogp(f(o‘ﬁ)
i=1
3

where R, (6) is the empirical (1 — ¢)-quantile of the batch rewards and
14, is the indicator function.

2.3.2. Knowledge-guided deep symbolic regression model

A central challenge in streamflow modeling is that only total
discharge is observed, while its components—surface runoff, subsurface
stormflow, and baseflow—cannot be directly measured. A standard DSR
model trained on total streamflow can represent only the aggregate
response and does not recover the internal structure of these compo-
nents. To address this, we use a knowledge-guided DSR (KG-DSR) model

(Lietal., 2024b) that incorporates physical constraints into the symbolic
search. These constraints organize the streamflow equation into three
interacting branches that correspond to fast flow, subsurface stormflow,
and baseflow, and they ensure that the sum of the branches remains
consistent with observed total streamflow. The overall procedure is
summarized in Fig. 3.

An RNN-based sampler generates prefix expressions one token at a
time, and at each step it outputs a probability distribution over candi-
date tokens. This distribution is shaped by two types of priors. Hard
priors enforce syntactic validity and dimensional consistency. Soft hi-
erarchical priors encourage a three-branch structure aligned with the
decomposition of streamflow into fast, intermediate, and slow compo-
nents. Process structure is encoded through token sublibraries. For each
subprocess i, we define a sublibrary L; that contains binary operators
{+,—, %, A, \/ }, variables relevant to that subprocess, and a shared
parameter library (Fig. 3a). Expression generation always begins with
binary operators; during the first two steps, variables and unary oper-
ators are not allowed, and the root node is fixed as an additive operator
with probability one. This design yields a three-branch additive root that
mirrors the HBV partitioning (Fig. 4).

Activation of the sublibraries is controlled by tree depth. Let Occ(d)
denote the number of nodes already generated at depth d. When
Occ(1) =1, only the fast-flow library and the shared parameter library
are active. After both children of the root are present
(Occ(1) =1,cc(2) = 2), the subsurface stormflow library is activated.
When the first two branches are complete (Occ(1) = 2,cc(2) = 2), only
binary operators are permitted so that the third branch connects to the
existing structure. Once Occ(1) = 2 and Occ(2) = 3, the baseflow library
and the shared parameter library become available. These rules guar-
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aggregator and three subtrees corresponding to fast flow, subsurface storm runoff, and base flow, respectively, to achieve a structured and explicit decomposition of

the total runoff.

antee that the sampled expression maintains a three-branch additive
skeleton consistent with the hydrologic process ordering.

To balance structural growth and termination, token probabilities
are further modulated with Gaussian weights. For a given sublibrary L;,
the weight at sampling step i is

. - (l — Steploc)z
Gaussian(i) = exp <2><scale>
where step,,. = |L;| and scale controls the spread. Early in generation
(i < stepy,.), this schedule reduces the probability of terminal symbols
(variables and constants) and favors structural operators. Later
(i > step;,), operator probabilities are down-weighted, which encour-
ages closure of expression branches with terminal symbols. A maximum
tree depth prevents uncontrolled growth; once this depth is reached, all
nonterminal symbols receive zero probability and only terminals can be
chosen. Candidate expressions are trained with reinforcement learning.
Each sampled program is evaluated against observed streamflow and the
structural priors, and policy gradients update the RNN to maximize the
combined reward.

For reproducibility, the KG-DSR procedure can be summarized as
follows.

Define sub-libraries Ly, Lsinsirfaces Lbases and a shared parameter
library.

Initialize an RNN policy that emits token logits at each step.
Constrain the first two steps to additive operators and disallowing
variables/unary operators.

Use depth-based counts Occ(d) to activate the appropriate sub-
libraries and operator sets.

Apply Gaussian schedules within each sublibrary to balance operator
and terminal selection.

Impose a maximum tree depth and restrict sampling to terminals
beyond that limit.

Train the policy with reinforcement learning, combining accuracy on
total streamflow with penalties and rewards that encode structural
consistency.

Validate sampled expressions by checking dimensional consistency
and verifying that the sum of the three components matches
observed streamflow.

This framework produces compact, physically guided symbolic ex-
pressions for surface runoff, subsurface stormflow, and baseflow that
remain consistent with observed discharge. Fig. 3 and Fig. 4 illustrate
the sublibrary design and the depth-driven sampling procedure. By
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Setup 1: Ensure that the expression tree grows in an orderly manner
according to physical segments

@

if Occ(1)==1 & Occ(2)==1 —»‘

if Oce(1)==2 & Occ(2)== 4>‘
if Occ(1)==2 & Occ(2)== 4'

X
Layer-specific process\

prior J

® )
if Occ(1)==1 & Occ(2)== 4" @ @
®

Setup 2: To address the challenge of modeling complex relationships in
symbol-rich expressions, we use a soft-constraint scheme based on Gaussian
functions and the sub-library length Len(L;)

Compute the gaussian value for each 7 as follows:

2. Set the standard deviation of the Gaussian function to scale
3. Gaussian(i) = exp(-(i-Step_loc)z/(szcale))

probability (terminal node)x=Gaussian(i)
probability (input variables)x=Gaussian(7)

X 1. Step _loc = len(F;)-1
if i< Step loc
Sampled token ifi > Step_loc

probability (+,-,%,/) x=Gaussian(i)

Fig. 4. Schematic diagram of the KG-DSR model and layer-specific process priors.

explicitly structuring the relationships among the three flow compo-
nents, the KG-DSR model improves the physical consistency of stream-
flow simulations and yields a more explicit, structured representation of
the underlying processes.

2.4. Experimental design

We designed three experiment sets to test whether DSR and KG-DSR
can improve HBV parameterizations without changing the overall model
structure, as illustrated in Fig. 5.

2.4.1. Experiment 1 (Q1): parameter derivation

We first used DSR and KG-DSR to derive new equations for ET and
runoff from the training data. The DSR-ET module was trained to
discover an explicit symbolic expression aligned with the MOD16A2-
based ET reference. Since MOD16A2 is a model-based remote-sensing
product, this step should not be interpreted as learning an unbiased or
absolute representation of true ET. Rather, the goal is to derive a
physically interpretable ET parameterization that links HBV state vari-
ables and meteorological forcings to the dominant ET variability
captured by an independent remote-sensing reference. The learned ET
expression is then embedded into HBV and evaluated as part of the full
hydrological modeling chain. Therefore, its usefulness is not determined
only by offline agreement with MOD16A2. More importantly, it is
evaluated by whether it constrains the subsequent learning of runoff
parameterization and improves the consistency of the overall hydro-
logical simulation. Both models used the same meteorological forcings,
basin attributes, and train-validation split as the baseline HBV. The
resulting DSR-based ET and runoff formulations were then compared
with the original HBV equations by evaluating simulated ET against
MOD16A2 and simulated runoff against observed discharge.

2.4.2. Experiment 2 (Q2): ET embedding

Next, we selected the best performing DSR-derived ET formula from
Experiment 1 and embedded it in HBV in place of the original ET
module. All other model components, including runoff generation and
routing, were kept identical to the baseline configuration. We retrained
this hybrid model and evaluated whether the revised ET representation
improved both ET and streamflow relative to the original HBV.

2.4.3. Experiment 3 (Q3): runoff improvement strategies
Finally, we tested two strategies for improving runoff:

Runoff first. KG-DSR was used to derive a new runoff equation while
retaining the original HBV ET scheme.

ET first (staged). We first embedded and trained the DSR-based ET
module from Experiment 2 to convergence. Using these updated ET
outputs, we then applied KG-DSR to derive a new runoff formula.
This staged setup tests whether correcting ET upstream enhances the
subsequent runoff representation.

All experiments used the same datasets and identical train-
ing-validation splits to allow fair comparison. Model performance was
assessed with root mean square error (RMSE), Pearson correlation (R),
bias, and Kling—-Gupta efficiency (KGE). We also evaluated extreme flow
behavior by comparing the 5th and 95th percentile flow quantiles (Q5
and Q95) and the baseflow index (BFI) across models. Performance was
examined for basins spanning a range of climates and hydrographic
types to test generality. This experimental design quantifies the benefits
and limitations of DSR and KG-DSR relative to the original HBV, iden-
tifies effective integration strategies, and reveals any compensatory
fluxes or distortions introduced by the new parameterizations.

Detailed settings for Q1-Q3, including the DSR and KG-DSR con-
figurations, ET embedding, and runoff optimization strategies, are
described in Supplementary Texts S1-S3. Supplementary Tables S4-S7
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Fig. 5. Comparison of DSR/KG-DSR-based hydrologic modeling workflows and integration strategies (Q1-Q3). (a). The figure illustrates the overall workflow for
optimizing the ET process with a DSR model and the streamflow process with a KG-DSR model. During training, the normalized root mean square error (NRMSE)
between simulations and observations is used as the loss to update model parameters. Solid black arrows denote the forward pass toward the simulation targets, while
blue dashed arrows indicate the backpropagation path used to adjust model weights. (b). This framework shows how the DSR-optimized ET process from panel (a) is
embedded into the HBV model. (c). The figure illustrates two strategy workflows: (i) directly optimize the streamflow process using KG-DSR and embed it into the
HBV model; (ii) first embed the DSR-optimized ET process (panel a) into HBV, use the updated intermediate outputs as inputs to KG-DSR, then optimize the
streamflow process and embed it into HBV. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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provide additional details on the intermediate variables, formula
structures, configuration settings, and coefficient combinations.

2.5. Reproducibility and symbolic-expression selection

Because both DSR and KG-DSR use sampling methods based on
reinforcement learning, the symbolic search process can be sensitive to
stochastic variation. To improve reproducibility, we fixed the random
seeds in both methods and performed multiple independent runs for
each symbolic regression task. This design reduced the influence of any
single stochastic search path. In each run, the symbolic search continued
until the reward showed no sustained improvement. After convergence,
we retained the ten expressions with the highest rewards and evaluated
them under the same training and validation setting. The final expres-
sion was selected based on validation performance, physical interpret-
ability, and formula parsimony. This procedure ensured that the
reported formulas were chosen from a set of consistently strong candi-
dates rather than from a single randomly sampled expression.

2.6. Data sets

This study targets two key hydrologic variables: ET and streamflow.
For streamflow, we used the CAMELS dataset (Addor et al., 2017;
Newman et al., 2014), which provides meteorological forcings, daily
discharge, and catchment attributes for 671 basins across the conter-
minous United States (CONUS). For ET, we used MOD16A2 (Running
et al.,, 2017), which estimates ET over eight-day intervals using a
modified Penman-Monteith formulation (Mu et al., 2011). MOD16A2
supplies spatially consistent ET estimates but should be viewed as a
model product rather than a strict ground truth. MOD16A2 was used as
the ET reference for discovering the DSR-based ET parameterization. We
acknowledge that MOD16A2 is a model-based remote-sensing product
and should not be interpreted as unbiased ground-truth ET. Therefore,
the DSR-derived ET equation is not claimed to recover the true ET
process in an absolute sense. Instead, MOD16A2 serves as a spatially
continuous, temporally consistent, and discharge-independent reference
for constraining the ET component of HBV. This choice was primarily
motivated by scale compatibility and data availability. Eddy-covariance
measurements provide valuable flux observations, but their footprints
are local, dynamic, and sensitive to wind direction, atmospheric sta-
bility, measurement height, surface heterogeneity, and terrain. These
observations are therefore difficult to compare directly with basin-
averaged ET from lumped or semi-distributed hydrological models.
This issue is particularly important for CAMELS catchments, which often
contain substantial heterogeneity in land cover, soils, topography, and
vegetation. A tower located within or near a catchment may still fail to
represent basin-scale mean ET. MOD16A2 offers spatially continuous ET
estimates at 500 m resolution and 8-day intervals, allowing aggregation
to the basin scale. Although it includes algorithmic assumptions and
product-specific uncertainties, it is built on the Penman-Monteith
framework and integrates MODIS vegetation, land-cover, albedo, and
meteorological information. Thus, MOD16A2 provides an ET-related
process reference with hydrothermal and vegetation constraints,
rather than a purely empirical label. Here, it is used as a scale-
compatible external constraint that is independent of outlet-discharge
calibration, not as a perfect representation of true ET (Chu et al.,
2021; Schmid, 2002). After reconciling temporal coverage and basin
boundaries between CAMELS and MOD16A2, we obtained 660 catch-
ments with overlapping records for joint analysis. Eleven catchments
were excluded because they lacked complete MOD16A2 ET records
across the full training and testing periods. The excluded catchments are
listed in Table S8.

To ensure consistency with previous large-sample hydrology work,
we followed the established CAMELS training-testing basin partition
(Frame et al., 2022b; Kratzert et al., 2018), but adopted a different time
window. Data from 1 January 2007 to 31 December 2013 were used for
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training, covering all experiments (Q1 DSR and KG-DSR, Q2 HBV with
embedded DSR, Q3 Strategies 1 and 2, and the baseline configurations).
The period from 1 January 2014 to 31 December 2014 served as the
common test interval.

Input sets were tailored to each model. The traditional HBV config-
uration used three core meteorological drivers: precipitation, tempera-
ture, and potential ET. The LSTM-HBV variant followed earlier studies
(Feng et al., 2023a; Feng et al., 2022b), and incorporated an extended
input suite that included 35 static catchment attributes (Table 2). The
DSR model combined the three core meteorological inputs with a tar-
geted subset of static attributes (Table S2): lai_max, lai_diff, gvf max,
and gvf _diff, which describe peak canopy density and seasonal green-
ness, both known to influence ET dynamics (Yang et al., 2023). For KG-
DSR, Q1 used the three meteorological drivers plus a subset of static
attributes (Table S3). In Q3, the same meteorological and static inputs
were augmented with HBV process variables (Table S4) that summarize
dynamic states of the watershed water cycle. Many previous studies
have shown strong correlations between these process variables and
runoff (Cadol et al., 2012; Dunne et al., 1991; Schaefli et al., 2013;
Zhang et al., 2019). When supplied to KG-DSR, they provided physically
consistent, information-rich inputs that narrowed the symbolic search
space, reinforced process constraints, and enabled derivation of a new
runoff formulation within the HBV two-layer groundwater framework.

Table 2
Description of the 35 static attributes.
Variables Descriptions Units
p_mean Mean daily precipitation mm/
day
pet_mean Mean daily PET mm/
day

p_seasonality Seasonality and timing of precipitation -

frac_snow Fraction of precipitation falling as snow -
Aridity PET/P -
high_prec_freq Frequency of high precipitation days days/
year
high_prec_dur Average duration of high precipitation events days
low_prec_freq Frequency of dry days days/
year
low_prec_dur Average duration of dry periods days
elev_mean Catchment mean elevation m
slope_mean Catchment mean slope m/km
area_gages2 Catchment area (GAGESII estimate) km 2

frac_forest Forest fraction -

lai_max Maximum monthly mean of the leaf area index -

lai_diff Difference between the maximum and minimum —
monthly mean of the leaf area index

gvf_ max Maximum monthly mean of the green vegetation — —

gvf_diff Difference between the maximum and minimum

monthly mean of the green vegetation fraction
Fraction of the catchment area associated with

the dominant land cover

Dominant land cover type -

dom_land_cover_frac

dom_land_cover

root_depth_50 Root depth at the 50th percentiles m

soil_depth_pelletier Depth to bedrock m

soil_depth_statgso Soil depth m

soil_porosity Volumetric soil porosity -

soil_conductivity Saturated hydraulic conductivity cm/hr

max_water_content Maximum water content m

sand_frac Sand fraction %

silt_frac Silt fraction %

clay_frac Clay fraction %

geol_class_1st Most common geologic class in the catchment -

geol_class_1st_frac Fraction of the catchment area associated with its —
most common geologic class

geol_class_2nd Second most common geologic class in the -
catchment

geol_class_2nd_frac Fraction of the catchment area associated with its —
2nd most common geologic class

carbonate_rocks_frac ~ Fraction of the catchment area as carbonate -
sedimentary rocks

geol_porosity Subsurface porosity -

geol_permeability Subsurface permeability m 2
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2.7. Outputs

In this study, DSR supplied structural priors to HBV in two forms.
First, a DSR-derived ET equation identified through symbolic search in
Q1 was embedded as the ET module in HBV (Q2). Second, within the
constraints of the HBV two-layer groundwater structure, the knowledge-
guided KG-DSR learned a new runoff formulation in Q3, which replaced
the native HBV runoff module.

The resulting DSR/KG-DSR-HBV systems ran end-to-end at a daily
time step to simulate both runoff and actual ET while tracking key hy-
drologic states and fluxes, including snow storage, soil moisture, infil-
tration, recharge, and upper and lower groundwater storage. This
configuration enabled process-level diagnosis of model behavior and
provided a clear basis for assessing how data-driven structural priors
modify hydrological dynamics.

2.8. Experimental metrics

To evaluate the DSR- and KG-DSR-driven HBV models, we used an
LSTM-optimized HBV configuration as the reference. This baseline
represents a state-of-the-art approach that couples deep learning with a
process-based hydrologic model, with parameter settings following Feng
et al. (20222’ for consistency with prior work. All experiments used the
same temporal split, with 2007-2013 for training and 2014 for valida-
tion, which allows a fair, direct comparison across models.

Model performance was assessed using four metrics: RMSE, Bias,
KGE, and correlation coefficient R. These indicators jointly summarize
error magnitude, systematic deviation, overall agreement, and temporal
correlation. RMSE and KGE are used as the primary metrics. Let y; be the
observed value on day i, J; the corresponding simulation, ¥ and y the
mean observed and simulated values, and N the number of test days in a
basin. Denote the standard deviations of observations and simulations
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by ¥ and Ygq. The metrics are defined as:
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N = _

Re_ 2a0i=Y)0i-Y) ©)

N — N

;(.Yi -7 ;()'i -y
Bias — 2= =) (’1'\; Y) @)
3. Results

We reformulate the study using a dependency-guided symbolic
regression framework that explicitly targets error compensation in
coupled models. The framework orders model modules from upstream
to downstream, learns explicit formulas for selected modules, and
combines them with a training strategy that first stabilizes upstream
components and then calibrates downstream ones. It then evaluates
system behavior using diagnostics for extremes, baseflow, and residual
patterns. Fig. 6 shows a schematic that is agnostic to any specific model
structure. The same logic extends to other coupled systems; in this work,
hydrology serves as the test case.

Calibrating only to outlet flow can mask substantial internal errors.
In HBV, for instance, high streamflow skill can occur alongside strongly
biased ET. A runoff expression learned solely from basic meteorological

Fig. 6. Dependency-guided symbolic regression framework for a generic coupled system. The abstract system consists of five components (C1 through C5) arranged
from upstream to downstream. Red arrows show the presence and direction of dependencies, and the f(x) icons indicate components whose internal relationships are
learned using symbolic regression. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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inputs also performs poorly, because it lacks key hydrologic state in-
formation. Together, these behaviors point to error compensation and
highlight the limits of global fits that ignore dependencies among model
modules.

3.1. Instantiation in hydrological modeling

We first asked whether Al-discovered formulas can identify physi-
cally interpretable relationships that are consistent with the selected
hydrologic reference data when trained in isolation, before being
coupled into the full model. Using observed meteorological forcings
(precipitation, temperature, potential ET) and catchment attributes, we
trained two symbolic models. The first used standard DSR to predict ET,
targeting known vegetation and climate controls on ET. The second used
a KG-DSR formulation to predict total runoff while explicitly linking its
components (surface runoff, interflow, baseflow) in a way that preserves
directional dependencies and mass balance. The resulting expressions
for ET and runoff are listed in Table 3, with all variables defined in
Supplementary Table S1. When evaluated offline against their corre-
sponding reference data, the formulas showed high skill: ET relative to
MOD16A2 and runoff relative to observed discharge: Fig. 7 demon-
strates strong KGE and low bias across basins, consistent with
Supplementary Fig. S1. The DSR-derived ET formulation improved the
agreement between simulated ET and the MOD16A2-based reference.
This result should be interpreted carefully. Since MOD16A2 is a model-
based remote-sensing product, agreement with MOD16A2 does not
prove that the learned equation represents unbiased real-world ET. It
shows that the expression captures the main ET variability represented
by an independent remote-sensing reference. This offline stage isolates
the intrinsic performance of each Al-derived process representation
without any influence from compensating errors in the coupled system.

Replacing only the ET component with the DSR-derived formulation
already improved ET performance in more than 70% of the basins. Gains
were concentrated in the central and western United States, whereas a
small number of basins, mainly along portions of the western and
southwestern coasts, showed modest declines (Fig. 7). These spatial
patterns indicate that the Al-derived ET expression substantially reduces
process-level errors in most regions and provides a more stable upstream
component for subsequent runoff simulations.

To identify where the ET replacement had the strongest impact, we
compared annual ET totals from the DSR-based formulation with those
from the original HBV scheme across basins (Fig. 8). The largest im-
provements occurred in basins with dense vegetation, reflected by high
NDVI, while sparsely vegetated catchments showed little change. In
basins where overall ET performance did not improve, the model
continued to overestimate ET, suggesting that the original scheme had
been overly tuned to vegetation signals in settings where other controls,
such as soil moisture (Berg and Sheffield, 2018) or atmospheric demand
(Castaneda-Gonzalez et al., 2023; Jiang et al., 2021; Li et al., 2022c),
dominate. This result indicates that the new ET formula adds substantial
skill in many environments but that additional process factors may be
needed to correct persistent biases in very arid or low-vegetation
regions.

Table 3
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3.2. Mechanistic attribution and insights

We examined the learned runoff formula to verify that it captured
realistic process controls. Using the final integrated model, we built a
random forest surrogate and computed SHAP (SHapley Additive ex-
Planations) values to identify which inputs most strongly influence daily
runoff (Fig. 9). In this analysis, positive SHAP values indicate that a
variable increases the predicted runoff relative to the baseline predic-
tion, whereas negative SHAP values indicate that it decreases the pre-
dicted runoff. The sign of a SHAP value therefore shows the direction of
the contribution, and its magnitude indicates the strength of that
contribution. The leading predictors were all hydrologic state variables
rather than raw meteorological forcings. In particular, upper subsurface
storage, percolation rate, upper zone storage capacity, and the soil
wetness factor emerged as the most influential inputs, while precipita-
tion and temperature played secondary roles. These dominant predictors
encode catchment memory and nonlinear responses, indicating that the
Al-derived runoff formulation is drawing on storage and threshold dy-
namics in a physically meaningful way.

The SHAP dependence plots clarify how each variable affects
streamflow. When upper subsurface storage is low, SHAP values cluster
near zero or slightly negative, indicating little contribution to runoff. At
high storage levels, SHAP values become strongly positive, reflecting a
marked increase in streamflow once the subsurface is sufficiently filled.
Percolation shows a similar pattern: higher percolation rates correspond
to larger positive SHAP values, consistent with enhanced runoff when
more water moves through the soil column. Precipitation behaves as
expected as well. Small events often yield negative SHAP contributions,
for example when light rain is largely absorbed by dry soil, whereas
large storms produce strongly positive values that sometimes exceed
those of any other predictor. For the upper zone storage capacity, SHAP
values increase gradually with the magnitude of this threshold, implying
that catchments with a deeper upper soil layer tend to generate more
runoff, all else being equal.

The soil wetness factor exerts a distinctly nonlinear influence. At low
to moderate soil moisture, SHAP values are negative and act to dampen
runoff, but as the soil approaches saturation they turn positive, indi-
cating much more efficient runoff generation under wet conditions.
Overall, these patterns align with hydrologic understanding and confirm
that the learned runoff module is driven primarily by internal state in-
formation, including storages, thresholds, and wetness, rather than by
spurious correlations with forcings. Asking a single global model to infer
all of these behaviors directly from meteorological inputs would greatly
increase the search space and likely reduce robustness. By contrast, the
modular design focuses symbolic regression on state informed re-
lationships and successfully captures the relevant process dependencies.

3.3. End-to-end evaluation and robustness

We then embedded the learned expressions in the process-based HBV
model to examine how different integration strategies affect full-system
performance and error compensation. Four configurations were
considered. The Baseline configuration used the original HBV model
calibrated to streamflow with an LSTM-aided procedure. The ET-only
DSR-HBV configuration replaced only the ET module with the DSR-
derived ET formula, thereby testing the effect of improving the

Explicit ET parameterizations obtained from the DSR model. Coefficients are al = 0.0849, a2 = 0.0034, a3 =194.0153,a4 =1,a5 =

0.1243.

Models

Parameterization solution

DSR

(for ET)
KG-DSR

(for streamflow)

Ep x (a1 — az(E, — gvf-max(1 + gvf_max x 113)))05 X a4

as x (soil,depth,statsgo + p % ((p-mean — 1) x (low_prec_dur x (p-mean — soil,depth,stamgo)))”‘s)
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Fig. 7. Evaluation of DSR-based parameterizations. (a) Spatial maps and basin-scale histograms of KGE and RMSE for ET and streamflow, where DSR-based ET
parameterizations are evaluated against MOD16A2, while runoff parameterizations are evaluated against observed discharge. (b) Spatial maps and histograms of
changes in KGE and RMSE between the DSR-based and original HBV parameterizations for ET and streamflow, highlighting basins with improved or degraded
performance.

upstream process alone. Strategy 1 retained the original ET scheme and but led to relatively modest gains at the full-system scale. In the
replaced only the runoff module with the KG-DSR runoff expression, configuration where only the DSR-based ET module was inserted (the
providing a downstream-only improvement that does not first correct ET-only DSR-HBV case), about 48% of basins showed reduced stream-
ET. Strategy 2 applied the proposed stepwise integration: ET was first flow RMSE and 51% showed increased KGE relative to the baseline
replaced by the DSR formulation, followed by replacement of the runoff (Fig. 10a). Complementary performance metrics, including bias and R,
module with the KG-DSR expression. are provided (Fig. S2). Large-scale baseflow patterns remained similar to

Replacing only the ET component improved process-level behavior those of the original model, and the distribution of residual errors
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changed very little (Fig. 10b). Simply upgrading the ET scheme there-
fore did not substantially improve overall performance, which indicates
that downstream components, particularly runoff generation, continued
to compensate for upstream improvements. This outcome motivated a
fully dependency-aware integration of both learned components.
Applying the dependency-guided integration confirmed its benefits.
Both Strategy 1 and Strategy 2 outperformed the baseline in simulating
ET and streamflow, and Strategy 2 delivered the largest overall gains
(Fig. 11a). For ET, Strategy 2 achieved a median KGE that was 16.1%
higher than Strategy 1 and about 11.6% higher than the baseline, along
with higher correlations and lower RMSE. For streamflow, KGE under
Strategy 2 exceeded Strategy 1 by about 4.9% and the baseline by about
10.1%. These improvements translated into many more basins reaching
high-performance thresholds. With a streamflow criterion of KGE > 0.7,
Strategy 2 achieved high skill in 236 basins, compared with 177 for
Strategy 1 and 168 for the baseline (Fig. 11c), which is roughly a 40%
increase over the original model. The number of basins with very low ET
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error (daily ET RMSE < 4) also more than tripled, from 25 under the
baseline to 77 under Strategy 2. Across the dataset, Strategy 2 consis-
tently produced higher ET agreement and smaller errors than either the
baseline or Strategy 1, indicating a more robust overall system response.
Complementary performance metrics, including bias and R, are pro-
vided (Fig. S3).

These improvements should be interpreted carefully because
MOD16A2 is a model-based remote-sensing ET product. Agreement with
MOD16A2 therefore does not prove that the learned equation represents
unbiased real-world ET. Rather, it indicates that the DSR-derived ET
expression captures the dominant ET variability represented by an in-
dependent remote-sensing reference. More importantly, the usefulness
of the learned ET structure was evaluated within the full HBV modeling
chain, not only through offline agreement with MOD16A2. An equation
that merely reproduced MOD16A2-specific assumptions or biases could
fit the ET reference offline without improving the coupled representa-
tion of soil-water storage, ET, and runoff generation. The fact that
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Strategy 2 improved both ET agreement and streamflow simulation
suggests that the MOD16A2-constrained ET structure provided useful
process constraints for subsequent runoff-generation parameterization
learning, rather than functioning only as an offline approximation of
MOD16A2.

We further conducted a regime-conditioned diagnostic analysis for
extremely wet and extremely dry basins during the independent test
period. The purpose was to evaluate whether Strategy 2 behaves
consistently under contrasting water-availability conditions. Hydrolog-
ical model evaluation should move beyond aggregate metrics and
examine whether simulated behavior agrees with process understanding
(Gupta et al., 2008; Yilmaz et al., 2008). Because basins differ in how
they partition precipitation into ET, storage, and runoff generation,
stratifying the test basins by wet and dry conditions provides a focused
assessment of the regime-dependent physical consistency of the learned
ET and runoff formulations (Euser et al., 2013; Sawicz et al., 2011).

For the 129 extremely wet basins, Strategy 2 improved streamflow
performance in most cases(Fig.S5). Streamflow KGE increased in 100
basins, or 77.5%, and streamflow RMSE decreased in 102 basins, or
79.1%. Among the improved basins, streamflow KGE increased by 0.264
on average, with a median increase of 0.182, while streamflow RMSE
decreased by 32.3% on average, with a median reduction of 27.6%. ET
simulations showed similar improvements. ET KGE increased in 86 ba-
sins, or 66.7%, and ET RMSE decreased in 102 basins, or 79.1%. Among
the improved basins, ET KGE increased by 0.276 on average, with a
median increase of 0.218, while ET RMSE decreased by 20.7% on
average, with a median reduction of 18.8%.

These results indicate that, under humid conditions where water
supply substantially exceeds atmospheric evaporative demand, Strategy
2 improves both streamflow and ET simulations in most basins. The
simultaneous improvement in both variables suggests that the perfor-
mance gain is not simply due to runoff compensating for ET errors, but
instead reflects improved consistency in the coupled ET and runoff
processes. In the 5 extremely dry basins, Strategy 2 also improved
streamflow performance, with both streamflow KGE and RMSE
improving in 4 basins. ET improvements, however, were less stable. ET
KGE increased in 2 basins, and ET RMSE decreased in only 1 basin. This
result suggests that Strategy 2 can improve runoff simulation under se-
vere water limitation, whereas its ET benefits are more uncertain in
extremely dry regimes, partly because of the limited number of dry
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basins available for evaluation

Our regime-conditioned analysis revealed a clear contrast between
extremely wet and extremely dry basins. In extremely wet basins,
Strategy 2 improved both streamflow and ET in most cases. This joint
improvement indicates that the learned formulations did not enhance
streamflow simulation by degrading ET representation. Instead, it sug-
gests a more coherent adjustment of the coupled ET and runoff pro-
cesses. When water supply is sufficient, a better representation of ET
may help regulate how precipitation is partitioned into atmospheric
water loss, soil storage, and runoff generation.

This result is consistent with established understanding in catchment
hydrology and ecohydrology. In humid basins, vegetation activity is
generally stronger, and ET is more closely associated with canopy
structure, available energy, and transpiration. Within the Budyko
framework, vegetation cover, leaf area, and root water uptake capacity
can influence the partitioning of precipitation between ET and runoff
(Donohue et al., 2007; Li et al., 2013; Zhang et al., 2001). Global evi-
dence also shows that transpiration represents a major component of
terrestrial ET, indicating that vegetation-mediated water loss plays an
important role in humid regions with active vegetation growth
(Jasechko et al., 2013). Therefore, the simultaneous improvement in ET
and streamflow under extremely wet conditions is physically plausible
and supports the view that Strategy 2 improved water-partitioning
consistency rather than relying on compensating runoff errors.

Extremely dry basins showed a different response. Strategy 2 still
improved streamflow in most of these basins, but ET improvements were
less stable. This contrast suggests that, under severe water limitation,
improved runoff simulation does not necessarily require a comparable
improvement in annual ET metrics. In these basins, ET is likely
controlled less by sustained vegetation transpiration and more by
intermittent water availability, short-term soil moisture pulses, root-
zone moisture constraints, and atmospheric evaporative demand.

This interpretation is supported by previous studies showing that soil
moisture directly constrains ET under water-limited conditions and can
shift ET from energy limitation to water limitation as soils dry down
(Seneviratne et al., 2010; Teuling et al., 2006). Arid and semi-arid
ecosystems also often exhibit precipitation-pulse behavior, in which
rainfall briefly replenishes soil moisture and triggers short-lived soil
evaporation, plant water uptake, and limited transpiration before these
responses decline rapidly as water is depleted (Kurc and Small, 2004;
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Nagler et al., 2007; Reynolds et al., 2004). Thus, the weaker ET
improvement in extremely dry basins does not necessarily imply that the
learned equations are physically implausible. Rather, it reflects the fact
that ET in these basins is an intermittent, water-limited process that may
not be fully captured by annual-scale ET diagnostics. This explanation is
also consistent with our NDVI-based analysis (Fig. 8). DSR-based ET
improvements were concentrated mainly in high-NDVI, densely vege-
tated basins, whereas responses were weaker in low-NDVI, sparsely
vegetated basins.

Together, these findings suggest that Strategy 2 is most effective in
improving ET representation where vegetation-mediated transpiration
is an important and persistent component of the water balance. In
extremely dry basins, its main benefit appears to lie in improving the
representation of storage states, wetness thresholds, and runoff-
generation behavior, which explains why streamflow improvements
were more stable than ET improvements.

KG-DSR is not intended to arbitrarily decompose total streamflow
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into three mathematical fitting terms. Instead, based on existing hy-
drological knowledge, it introduces structural constraints corresponding
to fast, intermediate, and slow runoff responses, and searches for
optimal explicit parameterization expressions within this physically
informed framework. Therefore, the three branches should be inter-
preted as runoff response branches with hydrological functional mean-
ing, rather than as independently observable physical fluxes that can be
directly validated. Although the original HBV runoff branches are not
regarded as observational truth for real runoff components, they provide
a structural reference for examining whether KG-DSR preserves the basic
dynamic distinctions among fast, intermediate, and slow runoff re-
sponses. The comparative results show that the three branches learned
by KG-DSR do not degenerate into arbitrary additive terms. Instead, they
maintain clear hydrological response differences(Fig.S4). The fast
branch mainly exhibits event-driven peak responses and contributes
primarily during high-flow events; the intermediate branch is smoother
and has lower peaks than the fast branch, indicating a certain degree of
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lag; and the slow branch shows stronger persistence and low-frequency
variability, maintaining contributions during non-event periods and
recession periods. These results are consistent with the typical func-
tional understanding of surface runoff, interflow, and baseflow in
hydrology.

Diagnostics for extreme flows and baseflow supported these con-
clusions (Fig. 12). For low flows (Q5), Strategy 2 markedly improved
performance: the KGE increased from 0.61 in the baseline to 0.74, and
the Q5 estimates clustered tightly around the 1:1 line, indicating mini-
mal bias and reduced spread. Strategy 1 also improved low flows (KGE
around 0.68) but did not match the performance of Strategy 2. For high
flows (Q95), the baseline already performed very well (KGE around
0.87), leaving limited room for further gains. Strategy 1 reached a KGE
of 0.96 and Strategy 2 reached 0.94. Although Strategy 1 was slightly
better at the very highest peaks, Strategy 2 still captured flood magni-
tudes with high accuracy while providing a more balanced overall
simulation. Spatial error maps show that, in most basins, the best
configuration yields near-zero bias for both Q5 and Q95, with only
isolated regions of underestimation or overestimation.

Although the 2014 test year provides a standard forward-in-time
evaluation, Q5 and Q95 diagnostics may be sensitive to the hydrologi-
cal conditions of that particular year. Low-flow results depend on
whether dry-period behavior is sufficiently represented, while high-flow
results depend on the occurrence and representativeness of high-flow
events. We therefore added an independent five-year retrospective
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validation period from 2002 to 2006 to evaluate the temporal robustness
of the Q5 and Q95 results. This period was excluded from model training
and was used only as an additional multi-year evaluation window.

The five-year retrospective validation confirmed the flow-diagnostic
patterns observed in the 2014 test period (Fig. 12 and Fig. S6). Strategy 2
outperformed LSTM-HBV for both low-flow and high-flow characteris-
tics. For Q5, KGE increased from 0.37 to 0.56, indicating improved low-
flow representation during 2002-2006. For Q95, KGE increased from
0.92 to 0.95, with predictions generally aligned with the 1:1 line, indi-
cating strong performance for high-flow magnitudes. Spatial error maps
showed that the best configuration produced near-zero Q5 and Q95
errors across many basins. Together, these results suggest that the gains
achieved by Strategy 2 are not confined to the 2014 test year, but remain
evident across a longer independent validation period.

Baseflow behavior improved in a similarly consistent way. Both
integration strategies moved simulated baseflow closer to the observed
baseflow index benchmark BFI*'3, and Strategy 2 provided the closest
match while better reproducing the spatial variability of baseflow con-
tributions. At the same time, the residual error distribution, which had
been strongly right-skewed under the ET-only configuration, became
much more symmetric under Strategy 2. This shift indicates that Strat-
egy 2 removed a large portion of the systematic bias and produced a
more reliable and largely unbiased simulation of the coupled hydrologic
system.
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4. Discussion

Most Al applications in hydrology focus on fitting a single process
variable, such as ET, soil moisture, or runoff, to observations or rean-
alysis products. These standalone models often perform very well when
evaluated in isolation. However, when they are embedded in a full
process-based model, compensation effects and internal inconsistencies
frequently emerge. Improving one component can cause other compo-
nents to drift, and the overall system balance can deteriorate.Our ex-
periments with a DSR ET model illustrate this behavior. The DSR ET
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formula performs strongly in offline tests, yet simply replacing the
native ET module in the HBV model with this formula degrades
streamflow accuracy. Strong skill in one process therefore does not
guarantee system-level improvement.

The use of MOD16A2 should be interpreted with caution. MOD16A2
is a model-based ET product and may include algorithmic assumptions,
retrieval uncertainties, and product-specific biases. Thus, the DSR-
derived ET equation may partially inherit uncertainties from
MOD16A2. We therefore do not claim that the learned equation repre-
sents unbiased true ET. At the same time, acknowledging this
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uncertainty does not mean that the learned equation is only a hydro-
logically meaningless replica of MOD16A2. The issue involves two
distinct questions. First, the DSR-ET equation may inherit assumptions
or biases from MOD16A2, which we explicitly acknowledge. Second,
even with this uncertainty, the equation may still provide useful process
constraints within HBV. The second question is the focus of this study.
For this reason, we evaluated the DSR-ET equation within the full
modeling chain, rather than only through offline agreement with
MOD16A2. The learned ET expression was embedded into HBV, fol-
lowed by runoff-generation parameterization learning under the ET-
constrained structure. The resulting model was then evaluated using
streamflow performance, runoff behavior, and consistency between ET
representation and runoff-generation processes. If the equation only
reproduced MOD16A2-specific assumptions or biases, it might fit the ET
reference offline but would not necessarily improve runoff learning or
streamflow simulation within HBV. The observed improvements suggest
that the learned ET structure provides process-relevant information for
HBV, even though it should not be viewed as an unbiased representation
of true ET.

To address this challenge, we developed a dependency-aware sym-
bolic integration framework that optimizes components in sequence
while respecting the hydrological dependency structure. The framework
is implemented as a two-stage optimization on an HBV backbone. In the
first stage, we focus on ET, which depends directly on meteorological
forcings and has limited feedback from upstream states. Calibrating this
upstream process first reduces structural uncertainty early in the model
chain. In the second stage, we optimize more tightly coupled compo-
nents, specifically runoff and streamflow, which depend on both forc-
ings and upstream states such as soil moisture and ET. Fig. 10 shows that
this sequential strategy yields clear system-level gains. Configurations
that combine well-structured formulations for both ET and streamflow
consistently outperform any configuration that retains a poorly param-
eterized module. The improvement from Strategy 2 was not limited to
streamflow simulation. Under the same number of runoff-generation-
related optimizable parameters, Strategy 2 improved both discharge
and ET. If the runoff improvement mainly resulted from compensation
for ET-related errors, improved discharge would likely come at the cost
of degraded or unstable ET performance. The concurrent improvement
in both variables therefore suggests that Strategy 2 enhances ET and
runoff consistency, rather than simply shifting ET biases into the runoff
component. These results highlight the need to maintain structural
consistency across submodules in order to improve the coupled system.

The main contribution of this work is a unified training framework
that moves beyond searching for a single best parameter set or an iso-
lated model for one process. Instead, it uses Al-generated, explicit pro-
cess expressions to update multiple interdependent parameterizations in
a coordinated manner. Embedding symbolic regression-based formu-
lations within a dependency-aware training strategy provides a stable
foundation for improving HBV and other complex hydrological models.
Although we demonstrate the approach on the relatively simple HBV
structure, the same ideas extend naturally to more advanced land sur-
face schemes. For example, the Community Land Model (Dai et al.,
2004) is a natural candidate, as are emerging symbolic regression ar-
chitectures. Methods such as the Symmetric Q-network (Tian et al.,
2025), which uses reinforcement learning and human-in-the-loop
design to refine equation trees, universal neural symbolic regressions
(Hu et al., 2025), which couples deep learning with pre-trained equation
inference, and LASR (Grayeli et al., 2024), which employs large lan-
guage model-guided concept discovery to accelerate evolutionary
symbolic regression, all provide mechanisms for discovering governing
equations. Integrating these tools into our dependency-aware frame-
work would offer a practical pathway toward transparent, physically
grounded Al in Earth system modeling.

For more complex models like CoLM, our results suggest following
the internal process chain and optimizing from upstream to down-
stream. In CoLM, radiation and turbulence driven by meteorological
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forcings determine net radiation, aerodynamic resistance, and surface
conductance. These energy and turbulence fields then control canopy
interception, soil evaporation, and transpiration, which update snow
and soil moisture storage. The updated water and energy states feed
infiltration, percolation, and runoff schemes that partition water into
fast and slow flow paths, ultimately shaping baseflow and streamflow.
Errors or compensating biases in any upstream component can propa-
gate through this chain and degrade both runoff predictions and land-
—atmosphere exchange estimates.

Guided by our HBV experiments, we suggest a dependency-guided,
upstream-first strategy for optimizing CoLM in practice: Firstly, opti-
mize net radiation closure and stabilize aerodynamic resistance and
surface conductance under observed meteorological conditions. This
step tightens the energy budget at the top of the process chain; Secondly,
refine canopy interception and surface evaporation by tuning parame-
ters such as canopy storage, soil evaporation rates, and transpiration
conductance, subject to explicit surface water balance constraint;
Finally, Adjust subsurface processes—including infiltration, percolation,
interflow, and baseflow—under soil water conservation requirements,
using recession characteristics and storage-discharge relationships to
constrain both fast and slow flow components.

At each stage, Al-derived symbolic formulas can be introduced one
module at a time, with explicit checks that any new expression respects
energy and water budgets and remains consistent with upstream states.
This dependency-guided optimization preserves the physical structure
of the model throughout training. By following the internal causal chain
of processes, the strategy demonstrated with HBV can be carried over to
CoLM and related models. In doing so, our framework provides both a
conceptual template and a practical route for integrating machine
learning process formulations without violating mass and energy bal-
ance, thereby improving overall model performance in a transparent,
physically grounded manne.

5. Conclusions

This study shows that strong standalone accuracy of an Al-derived
process module does not guarantee better end-to-end performance
after it is embedded in a coupled hydrologic model. When modules
interact, error compensation and internal inconsistencies can mask
weaknesses during offline evaluation and can even degrade system
behavior once a single component is replaced.

To address this, we introduced a dependency-aware symbolic inte-
gration framework that improves modules sequentially along the hy-
drologic dependency chain. Using HBV as a testbed, we found that
training from upstream to downstream produces reliable system-level
gains. In practice, stabilizing ET first and then optimizing runoff and
streamflow improved overall consistency and avoided the performance
drops that occur when swapping in one module on its own. The
framework also offers a transparent pathway for integrating AI-
generated, explicit process equations into process-based models
through staged, module-by-module deployment and conservation-based
consistency checks.

This study has two main limitations. First, MOD16A2 is a model-
based remote-sensing ET product, so the DSR-derived ET equation
may partially inherit its assumptions, uncertainties, or biases. Therefore,
the learned symbolic equation should not be interpreted as an unbiased
representation of true ET. It should instead be viewed as an explicit ET
parameterization constrained by a scale-compatible and discharge-
independent remote-sensing reference. Second, the DSR-ET equation
was not directly trained or validated using site-level flux-tower obser-
vations. Although flux towers provide valuable information on land-
—atmosphere water vapor exchange, their footprints are local, dynamic,
and often inconsistent with basin-averaged ET simulations in CAMELS
catchments. Future work should test the learned ET parameterization
against multiple complementary references, including scale-matched
FLUXNET observations, water-balance-based basin ET estimates,
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alternative satellite ET products, reanalysis datasets, and land data
assimilation products.

Because many land surface and Earth system models are organized
around directional process dependencies, the dependency guided strat-
egy offers a general pathway for embedding equations discovered by Al
into more complex modeling frameworks such as CoLM. Compared with
HBV, CoLM represents a wider range of coupled land processes,
including surface energy balance, vegetation physiology, stomatal
conductance, soil heat and water transport, snow dynamics, and land
atmosphere feedbacks. Extending the proposed framework to CoLM
would therefore require an implementation tailored to the model
structure, with careful treatment of high dimensional state variables,
stronger parameter interactions, and feedbacks among water, energy,
vegetation, and soil processes.

For such applications, the principle of staged integration remains
essential. Equations discovered by AI should be introduced along
physically meaningful dependency pathways and evaluated not only by
their accuracy for individual processes, but also by their consistency
with coupled water and energy budgets. In CoLM, for example, the
framework could first target relatively localized processes such as sto-
matal conductance or canopy transpiration, and then assess how these
changes propagate to latent heat, sensible heat, soil moisture, and
runoff. This staged strategy would allow AI discovered equations to be
incorporated into complex Earth system models in a transparent and
physically constrained manner, while preserving consistency among
interacting land surface processes.
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