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Abstract. Differentiable hydrologic models that use machine learning to infer parameters for process-based models show
promise for both prediction and inference. However, these models are often developed with time-varying parameters, despite
evidence that such flexibility can undermine physical consistency and yield only marginal predictive improvements over
simpler static approaches. In this study, we revisit the comparison between static and dynamic differentiable models across
531 CAMELS-US basins, evaluating key architectural choices: (1) neural network type (multi-layer perceptron (MLP) vs.
long short-term memory network (LSTM)); (2) process model configuration (single- versus ensemble-parameter estimation);
and (3) comprehensive versus alternative input feature sets. Using the Hydrologiska Byréns Vattenbalansavdelning (HBV)
conceptual model, we find that ensemble parameterizations consistently outperform single-parameter configurations, and
that static, MLP-based ensembles achieve performance comparable to dynamic, LSTM-based ensembles despite their
simpler structure. Additionally, we find that LSTM-estimated parameters rarely exhibit meaningful temporal variability
despite their time-varying inputs, and when they do, this temporal variability may reflect hydrologic model equifinality
rather than process dynamics. We further show that models using only latitude and longitude as static inputs achieve spatial
generalization comparable to models using comprehensive feature sets describing climate, topography, geology, soils, and
land cover. Similarly, temporal generalization is retained even when comprehensive features are replaced with physically
meaningless values. This indicates static inputs are primarily used as spatial proxies to generalize in space and for site
memorization when generalizing in time, rather than representations of physical basin processes. Overall, our results support
reduced complexity in differentiable hydrologic modeling to provide greater transparency while retaining predictive

performance.

1 Introduction

Hydrological models that simulate water fluxes and stores across the landscape are central to water resources management,
infrastructure design, flood forecasting, and reservoir operations (Todini, 2007; Wagener et al., 2001). Process-based models
have traditionally underpinned these applications, but machine learning models have recently surpassed them in predictive
performance (Nearing et al., 2021). In particular, Long Short-Term Memory (LSTM) networks (Hochreiter & Schmidhuber,
1997) have proven highly effective due to their ability to represent long temporal dependencies and are often considered

state-of-the-art for catchment-scale streamflow simulation (Feng et al., 2020; Kratzert et al., 2018). Despite their predictive
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skill, the black-box nature of LSTMs and their lack of physical constraints raise concerns regarding their reliability for
extrapolation tasks, such as extreme event prediction and climate change projections (Natel de Moura et al., 2022; Poudel et
al., 2026; Razavi, 2021; Reichert et al., 2024; Wi & Steinschneider, 2022, 2024). These concerns are further compounded by
saturation limits inherent to such models (Acuiia Espinoza et al., 2025; Baste et al., 2025; Kratzert et al., 2024).
Consequently, hybrid approaches that integrate machine learning with process-based structure offer a promising pathway to
retain predictive gains while preserving physical consistency (Bennett & Nijssen, 2021; Kraft et al., 2022; Reichstein et al.,
2019; Shen et al., 2023).

Differentiable models represent a prominent hybrid approach in which neural networks learn parameters of process-based
models within a unified, end-to-end training framework. These models can learn regionally coherent process-based model
parameters (Shen et al., 2023; Tsai et al., 2021) and have achieved predictive performance comparable to LSTMs in both
gauged and ungauged basins (Feng et al., 2022, 2023). The most common differentiable architecture couples an LSTM with
a lumped conceptual model, using the network to estimate either a single parameter set or an ensemble of parameter sets
(Acufia Espinoza et al., 2025; Feng et al., 2022, 2023; Mangukiya & Sharma, 2025; Zhong et al., 2023). In the ensemble
configuration, a single neural network produces multiple parameter sets, each of which is processed in parallel through the
process-based model to generate ensemble predictions; the mean of these predictions is commonly used as the final output.
Depending on the network design and input features, these parameters may be inferred as static in time or allowed to vary

dynamically at each simulation step.

Dynamic parameterizations provide additional flexibility and can yield modest performance improvements in many basins,
but their advantages over simpler static formulations remain unclear. Empirical evidence suggests that gains are often
marginal (median NSE of 0.732 versus 0.714 in CAMELS-US; (Feng et al., 2022)) and that dynamic models can
underperform static alternatives in certain hydroclimatic regimes, such as arid regions (Feng et al., 2024). From an
interpretability perspective, static parameterizations are preferrable because they yield a single, basin-specific parameter set
that is directly comparable to conventional process-based models. Moreover, several studies caution that dynamically
parameterized differentiable models may effectively function as LSTM variants despite their apparent physical structure,
thereby inheriting many of the same limitations ( Acufia Espinoza et al., 2024; Feng et al., 2022; Acufia Espinoza et al.,

2025).

In earlier work, Feng et al. (2022) hypothesized that overuse of dynamic parameterization risks compromising physical
consistency for incremental performance gains. More recently, Acufia Espinoza et al. (2024) rigorously tested this by
comparing three conceptual model structures coupled with LSTM-based dynamic parameterization: (a) a standard multi-
reservoir structure with realistic processes, (b) a single-bucket structure conserving only mass, and (c) a nonsensical structure
with implausible processes. They found that all three hybrid configurations achieved performance comparable to a pure
LSTM, suggesting that LSTM-based dynamic parameterization can compensate for missing or even implausible physical

structural representation, providing the right answer for the wrong reasons (Kirchner, 2006). Nevertheless, dynamic
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differentiable models dominate the current literature (Bohl et al., 2025; Ji et al., 2025; Mangukiya & Sharma, 2025; Zhong et

al., 2023, 2024), while static approaches remain comparatively underexplored.

Interpretations of architectural trade-offs in differentiable modeling are further confounded by conceptual ambiguity in how
the literature characterizes LSTM-based estimation of static and dynamic process-model parameters. Previous work has
argued that LSTMs can provide both static and dynamic parameterization to process-based models. However, LSTMs are
fundamentally dynamic models that operate in two modes: (a) sequence-to-sequence, processing an input sequence to
produce an output at each time step, and (b) sequence-to-one, processing an input sequence to produce a single output from
the final time step. In the differentiable modeling literature, these modes have been applied in three distinct ways. First, fully
dynamic parameterization uses sequence-to-sequence LSTMs to vary all parameters at each simulation time step of the
process-based model. Second, ‘static’ parameterization uses sequence-to-one LSTMs to produce parameters that vary
between sequences during training, while during testing, the full input for a basin is supplied as a single sequence to get a
single parameter set. Third, hybrid parameterization uses sequence-to-sequence LSTMs to vary selected parameters at each

time step while treating others as ‘static’, similar to the second approach.

Critically, although the literature labels parameters as static in the second and third approaches, the LSTMs are actually
learning parameters that vary across input sequences. A more appropriate architecture for truly static parameterization would
be a Multi-Layer Perceptron (MLP), which takes static basin attributes as input and produces a single basin-specific
parameter set, analogous to conventional process-based hydrological models. Despite this distinction, differentiable model
comparisons have focused exclusively on LSTM formulations, excluding models that produce truly static parameterizations.
Similarly, while sequence-to-sequence LSTMs have been criticized for violating physical constraints of process-based

models (Acufia Espinoza et al., 2024, 2025), similar scrutiny has not been applied to sequence-to-one formulations.

Another argument for LSTM-based differentiable models is that they process time-varying inputs including precipitation and
temperature to produce time-varying parameters, with parameter variability presumably indicative of seasonally varying
hydrological processes. However, varying parameter sets are not necessarily representative of process dynamics but can
merely arise due to equifinality (Beven, 2006), where multiple parameter sets produce comparable model performance.
Thus, an alternative interpretation is that LSTMs are capturing equifinality manifesting as cyclical parameter changes
through time, rather than meaningful seasonal dynamics. There is some evidence that supports the seasonal dynamics
interpretation for sequence-to-sequence LSTMs. Feng et al. (2022) found that a time-varying runoff factor parameter
followed a seasonal cycle mimicking basin water storage, which they hypothesized improved streamflow predictions by
linking deep groundwater storage to runoff generation. However, whether temporal parameter variability in sequence-to-one

LSTMs similarly represents seasonal process dynamics remains unclear.

Input feature selection represents another, closely related challenge in differentiable model development. The neural

networks used for parameter estimation are flexible and can ingest many features. As a result, differentiable hydrological
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models commonly adopt extensive sets of basin attributes - spanning meteorology, topography, geology, land cover, and
soils - largely inherited from pure LSTM modeling frameworks (Feng et al., 2022; Kratzert et al., 2018). Recent work,
however, questions whether neural networks meaningfully exploit such physical attributes for generalization (Heudorfer et
al., 2024, 2025). Heudorfer et al. (2025) compared LSTMs provided with dynamic forcings and static attributes to ablated
variants without attributes, finding that while static features improve temporal generalization, they contribute little to spatial
generalization, which is primarily driven by meteorological forcings. Should similar limitations apply to parameter learning
in differentiable models, extensive static inputs may only promote overfitting to training data without improving

generalization.

Motivated by these knowledge gaps, this study contributes a systematic comparison of static and dynamic differentiable
models, with focus on sequence-to-one LSTM formulations that have received less scrutiny than their sequence-to-sequence
counterparts. We develop differentiable models for CAMELS-US (Addor et al., 2017) basins and evaluate their performance
in gauged and ungauged settings based on choices in neural network architecture (MLP versus LSTM), process-based model
configuration (single versus ensemble parameter sets), and input requirements (comprehensive versus alternative). We
further investigate the temporal variability of LSTM-produced parameters, evaluate their value for prediction, and assess the
contribution of dynamic inputs towards parameter learning. Collectively, these analyses are designed to address the

following research questions:

1. How do neural network architecture (MLP versus LSTM) and process model configuration (single versus ensemble
parameter sets) affect differentiable model performance in out-of-sample evaluations for both gauged and ungauged
basins?

2.  What static basin attributes are necessary for robust and transferable parameter learning in differentiable models,
and how does performance change when using alternative versus comprehensive static inputs?

3. To what extent do dynamic inputs meaningfully contribute to parameter learning or predictive skill in differentiable
hydrologic models?

2 Data and Methods

This work compares multiple differentiable model architectures, investigating single and ensemble configurations combined
with either MLP or LSTM networks for parameter learning. We also evaluate performance when the networks use
comprehensive and alternative static feature sets to determine the necessary inputs for effective parameter learning. Finally,
for the LSTM-based differentiable models, we examine the nature of learned process-model parameters and assess how

dynamic input features contribute to their estimation. These experiments are described in more detail below.
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125 2.1 Study Area and Data

EGUsphere\

This study examines 531 basins from the CAMELS-US dataset (Fig. Al), filtered by Newman et al. (2017) based on basin

size and catchment area reliability. The dataset contains a large set of static input features, spanning meteorology,

topography, geology, land cover, and soils data (see Table 1). Daily dynamic inputs are taken from the Daymet

meteorological product between 1980-2014, and daily USGS streamflow for each basin are available for the same period.

130  For all experiments, we randomly hold out 20% of basins for spatial (ungauged basin) evaluation (see Fig. Al). For the

remaining 80% of basins, we use 16 years (1990-2005) for model training, 8 years (2006-2014) for validation, and 10 years
(1980-1989) for testing.

Table 1: Full set of input features used by MLP and LSTM models in differentiable architecture. Dynamic features are only used by the

135 LSTM.

Category | Name Description
Precipitation Daily total precipitation

Dynamic | Temperature Daily average temperature
Daylength Length of day
P_mean Mean daily precipitation
PET mean Mean daily PET
Aridity Ratio of PET to precipitation
P_seasonality Seasonality and timing of precipitation
Frac_snow Fraction of precipitation falling as snow
High prec freq Frequency of high precipitation days
High prec dur Average duration of high precipitation events
Low_prec_freq Frequency of dry days

Static Low_prec_dur Average duration of dry days

Elev_mean

Mean elevation of basin

Slope mean

Mean slope of basin

Area_gages2

Basin area from GAGESII

Frac_forest

Fraction of forest

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 maximum and minimum monthly mean of the green vegetation
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fraction

Dom_land cover frac | Fraction of the basin area with dominant land cover

Soil_depth_pelletier Depth to bedrock

Soil_depth_statsgo Soil depth

Soil porosity Volumetric porosity of soil
Soil_conductivity Saturated hydraulic conductivity
Max_water content Maximum water content
Sand_frac Fraction of sand

Silt_frac Fraction of silt

Clay_frac Fraction of clay

Glim_1st class_frac Fraction of basin area with first most common geologic class

Glim 2nd class frac | Fraction of basin area with second most common geologic class

Carbonate rocks frac | Fraction of basin area as carbonate sedimentary rocks

Geol pearmeability Permeability of subsurface

2.2 Process-based hydrological model

We use the Hydrologiska Byrans Vattenbalansavdelning (HBV) model (Bergstrom, 1995; Seibert, 2005) as the process-
based hydrological model throughout this work. HBV represents watershed processes through 20 parameters distributed
across three interconnected modules: snow accumulation and melt, soil moisture and evapotranspiration, and streamflow
generation and routing. The model first partitions precipitation into rainfall and snowfall based on temperature thresholds,
with snowmelt calculated using a degree-day method. In the soil and evapotranspiration module, actual evapotranspiration is
calculated from potential evapotranspiration and available soil moisture. Excess water beyond the soil's storage capacity
enters linear reservoirs representing quick flow, delayed subsurface flow, and groundwater discharge. These flow
components are aggregated and routed to the catchment outlet through a gamma unit hydrograph function. HBV takes daily
series of total precipitation and average temperature as inputs and uses daylength to calculate potential evapotranspiration
based on the Hamon method (Hamon, 1961). Additional details on model parameters and process representations are

provided in Appendix B (Table B1).

2.3 Differentiable model architectures

Differentiable hydrologic models are developed in a unified, end-to-end framework. A neural network processes static

and/or dynamic features to infer parameters of the HBV model, which then uses these parameters together with
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meteorological forcings to simulate streamflow. Neural network inputs are standardized to zero mean and unit variance,

whereas HBV inputs are provided in their original units (mm/day for precipitation, °C for temperature).

We consider four differentiable architectures: MLP with a single HBV unit (MLP+HBV), MLP with a 16-unit HBV
155 ensemble (MLP+16HBV), LSTM with a single HBV unit (LSTM+HBV), and LSTM with a 16-unit HBV ensemble
(LSTM+16HBV). The ensemble size of 16 follows recommendation from prior work (Feng et al., 2022). These configures

are described below.

a) MLP-based differentiable model on training & inference

® &) @ Input (precip temp)
Static

Inpit @ @ & @ © parameter
(static features) . .
—_— @ e e e

static : ~ . )
Basin ® 6 6 6 @ Qim
Multi-Layer Perceptron (MLP) Process-based HBV model
b) LSTM-based differentiable model on training Input ( preClp» temp)
Sequence
Input sequence (T) i i -varying
(static & dynamic) t=1 sate | 1= 2 [ state =T parameter
LSTM hidden LST™M :fd:e: LSTM 9 G ooe 9
seq1 Seq2 eee Seqn state state QSlm
Basin LSTM network e

Process-based HBV model

c) LSTM-based differentiable model on inference Input (precip, temp)

|1

. ; Static
cell cell
Fu!l seres (T? t=1[sae | t=2 [sae | t=T"| parameter ;‘
(static & dynamic) >

LN )
————p |LSTM{ | ier [LSTM| e [LSTM 8
state state .
i seqay Qsim

LSTM network
Process-based HBV model

160  Figure 1: Schematic of differentiable model architecture. (a) MLP+HBYV: Static basin attributes are passed through an MLP network to
generate a static HBV parameter (0), which are then used by the HBV model to simulate streamflow. This process is identical for training
and inference/testing. (b) LSTM+HBYV during training: Sequences of concatenated static and dynamic features are processed through the
LSTM, with the final hidden state producing HBV parameters for streamflow simulation. Multiple input sequences (seq1, seqz,..seqn) per
basin result in sequence-varying parameters (01, 02,... 0n) during training. (c) LSTM+HBYV during inference: The entire available time

165  series for a basin (seqfun) is processed as one continuous sequence, with the final hidden state producing a single set of static HBV
parameters (0) for streamflow simulation. In all cases, the HBV model receives precipitation and temperature as forcing inputs. The
schematic illustrates for a single basin, though models are trained regionally across all basins.
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2.3.1 MLP+HBYV and MLP+16HBV

The first network architecture considered is a Multi-Layer Perceptron (MLP), a feedforward neural network composed of
multiple fully connected layers that transform inputs through successive nonlinear activation functions. In the MLP+HBV
architecture (Fig. 1a), the MLP takes 30 static basin attributes as input - including measures of climate, topography, geology,
land cover, and soil type (see Table 1) - and outputs a single vector of HBV parameters per basin. The MLP uses ReLU
activations in all hidden layers and a linear activation in the output layer. The resulting outputs are than normalized between
[0,1] using sigmoid activation and scaled to parameter-specific minimum and maximum ranges for the HBV model (Table

BI).

Each training instance consists of a 3-year sequence of daily precipitation and temperature forcings (R*°%5*2) for the HBV
model, along with a standardized vector of static basin attributes (R3°) for the MLP. The static attributes are first passed
through the MLP to produce a single set of 20 HBV parameters (R2°). These parameters, together with the 3-year forcing
sequence, are then passed to the HBV model to simulate streamflow over the full 3-year period (R°%%). The first 2 years of
streamflow simulation are discarded for spin-up, and the loss is computed using only the final year. Gradients of the loss are

then backpropagated through the HBV model to update MLP weights.

During inference, each basin’s static attribute set (R3°) and the complete precipitation and temperature forcing record are
provided to the hybrid model in a single forward pass. For example, given 15 years (5475 days) of forcing data for a basin,
the static attributes are first passed through the MLP to obtain a fixed set of HBV parameters (R?°), which are then used

together with the entire forcing sequence (R%*75*2) in the HBV model to simulate streamflow for the entire period.

We also consider an ensemble architecture called MLP+16HBYV, which is identical to MLP+HBV except that the MLP
outputs an ensemble of 16 parameter sets (R32°). Each parameter set is run through independent HBV units that receive the
same meteorological forcings, producing 16 parallel streamflow predictions at each timestep. These ensemble members are

averaged to produce the final streamflow prediction (Fig. 2).

J— —

[fc, ddf, kperc,..], —Q,

e O o

® 00 /0 © [fc, ddf, kperc,.], | —>_HBV |—Q,
i . - ® ° ° mean
Attributes : o e ® 2 . : e

° . ° L] L ] ®
o ® & o ® [fc, ddf, kperc,..],q —Q,
Multi-Layer Perceptron (MLP) E—— R,

static parameters HBV models

Figure 2: Schematic of differentiable MLP with ensemble HBV architecture with 16 independent modules.
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2.3.2 LSTM+HBYV and LSTM+16HBV

The second network architecture uses an LSTM to estimate HBV parameters. In the LSTM+HBV architecture (Fig. 1b-c),
the LSTM takes as input the same 30 static features used in the MLP, along with 3 dynamic features - precipitation,
temperature, and daylength (see Table 1). Static features are repeated at every timestep within the LSTM lookback period,
which is fixed at 365 days in this study. The LSTM is developed in a sequence-to-one configuration and uses linear
activations in the output layer. Again, the resulting outputs are normalized between [0,1] using sigmoid activation and scaled

to parameter-specific minimum and maximum ranges for the HBV model (Table B1).

During training (Fig. 1b), each instance consists of: (1) a 3-year sequence of precipitation and temperature forcings for the
HBV model (R1°%5%2); and (2) a 1-year concatenated sequence of static and dynamic input features from the most recent
year of the 3-year period (R3%5*33). This 1-year input sequence is passed through the LSTM, which transforms the inputs
over the lookback period into a sequence of hidden states of equal length. In the sequence-to-one configuration adopted here,
only the hidden state at the final timestep is extracted to produce static parameters for the HBV model (R?%). As in the
MLP+HBV model, these parameters, together with the 3-year forcing sequence, are then passed to the HBV model to
simulate streamflow, and output from only the last of the three years is used to calculate the loss and update the LSTM

weights.

During training of the LSTM+HBYV model, HBV parameters are static for each input sequence, but they vary across different
input sequences in the training period (denoted seqi, ..., seqs in Fig. 1b). To obtain a static HBV parameter set during
inference (i.e., the test set; Fig. 1c), the entire input sequence for a basin (denoted seqsn in Fig. 1c¢) is passed through the
LSTM in a single forward pass, and only the final hidden state is used to estimate the HBV parameters. For example, with 15
years of data, the full 15-year concatenated input sequence (R5*75%33) is processed by the LSTM, and the final hidden state
(at the end of year 15) is mapped to a single parameter vector (R2%), ensuring one static parameter set per basin. These
parameters are then used with the full forcing series (R>*75%2) in the HBV model to generate streamflow simulations for the

entire period. This approach is taken to enforce a single, basin-specific static parameter set for the entire test period.

The training and testing approach described above is similar to what the literature calls ‘static’ parameterization (Feng et al.,
2022, 2023, 2024), even though sequence-to-one LSTMs produce parameters that vary across sequences during training.
Another common approach — though not one taken here - is hybrid parameterization, where most parameters are treated as
‘static’ (i.e., estimated based on the last time step of each sequence), while a subset is allowed to vary dynamically (i.e.,
estimated for all time steps in the LSTM’s lookback period based on a sequence-to-sequence formulation) (Acufia Espinoza
et al., 2025; Feng et al., 2022, 2023, 2024). However, even under this hybrid parameterization scheme, parameters labeled as

‘static’ still vary across training sequences.
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Analogous to the ensemble MLP configuration (Fig. 2), the LSTM+16HBYV architecture extends the LSTM+HBYV model by
producing an ensemble of 16 HBV parameter sets (R32°). Each parameter set is passed to an independent HBV model, and

the resulting ensemble of streamflow simulations is averaged to produce the final prediction.

2.3.3 Model training and hyperparameter tuning

For all model configurations, loss is calculated between predicted and observed streamflow (in mm/day) using mean square
error (MSE), and neural network weights are updated via backpropagation using the ADAM optimizer (Kingma & Ba,
2017). We initialize training with a learning rate of 0.001, reduced by 90% if validation loss does not improve for 5
consecutive epochs. Training is continued until validation loss shows no improvement for 10 consecutive epochs. A dropout
rate of 40% is applied to MLP hidden layers and to the final linear layer of the LSTM. Models are trained with a batch size
of 128 sequences, and input sequences are created with a stride length of 60 days. For example, if one sequence consists of a
3-year time series input, the subsequent sequence is generated by shifting the start of the previous sequence forward by 60

days. This approach results in overlapping data sequences and showed a modest improvement in validation set performance.

Our choices for hyperparameters are similar to previous studies (Feng et. al, 2022; Acufia Espinoza et al., 2024), with
additional control over the total number of epochs and learning rate through early stopping based on validation performance.
We performed grid search to optimize neural network sizes for each configuration, selecting the architecture that achieves

the lowest validation set error. Details of the hyperparameter grid search are provided in Table C1, Appendix C.

2.4 Impacts of comprehensive versus alternative static input features

In differentiable models, the static inputs to the neural networks often consistent of the same diverse set of catchment
attributes - encompassing climate, topography, geology, land cover, and soil type - commonly used by pure LSTM models.
The implicit assumption is that these basin attributes provide informative context for neural network-based parameter
learning. To test this assumption, we evaluate the role of static features through two experiments that use alternative static

feature sets relative to the reference case where models use the full set.

In the first experiment, the neural network receives only basin latitude and longitude as static input. This represents a

scenario where models are deprived of all physical basin attributes and provided only with direct positional information.

In the second experiment, we use the same full static feature set as in the reference case, but we randomly shuffle the
attribute vectors across all basins without replacement. This experiment represents a scenario where the neural network still

receives comprehensive attribute features, but the values carry no physical information.

We then compare differentiable model simulations for out-of-sample evaluations in both time and space using these

alternative static feature sets against the reference case trained with the full feature set. Note that while the MLP architecture

10
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uses only static features, the LSTM architecture also incorporates three dynamic features (precipitation, temperature, and

daylength), which are held constant across all experiments.

2.5 Assessing temporal variability in LSTM-estimated parameters and the role of dynamic features

As discussed previously, the MLP architecture relies exclusively on static inputs and therefore produces a single, time-
invariant set of parameters for each basin, analogous to conventional process-based models. In contrast, the sequence-to-one
LSTM architecture generates sequence-dependent parameter sets during training and produces a single static parameter only
during inference. This distinction motivates a closer examination of the extent to which the LSTM-based architecture
introduces meaningful temporal variability into process-model parameters, and whether such variability is beneficial for

streamflow prediction.

To quantify this behavior, we compute the coefficient of variation (standard deviation divided by mean) for each HBV
parameter across training input sequences for each study basin. Two temperature-related parameters are excluded from this
analysis because their mean values are close to zero, which would artificially inflate their coefficients of variation. For each
basin, we then calculate the mean coefficient of variation across the remaining HBV parameters, yielding a single summary
metric that characterizes the overall degree of temporal variability in LSTM-estimated parameters. We select representative
basins exhibiting high, medium, and low variability and examine the temporal variation of individual HBV parameters in

detail.

To understanding how dynamic inputs contribute to HBV parameter learning for these basins, we use an explainable Al
technique known as Integrated Gradients (IG) (Sundararajan et al., 2017). We apply IG to the LSTM-based differentiable
model, compute the mean of the absolute IG values for each input feature, and normalize the results such that the
contributions across features sum to 100%, providing an interpretable measure of the relative importance of static and

dynamic inputs in HBV parameter learning. More details are provided in Appendix D.

3. Result
3.1 Differentiable model performance in out-of-sample in time and space evaluation

Hyperparameter tuning detailed in Appendix C (Table C1), resulted in the following optimal neural network sizes:

1. MLP+HBV: 3 layers, each with 2048 nodes
2. MLP+16HBYV: 3 layers, each with 2048 nodes
3. LSTM+HBV: 1 layer with 512 nodes

4. LSTM+16HBV: 1 layer with 1024 nodes

We used these optimized architectures for all four differentiable models and evaluated their temporal and spatial out-of-

sample performance.

11
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Figure 3: Cumulative distributions of Nash-Sutcliffe Efficiency (NSE) for out-of-sample in time and out-of-sample in space evaluations of
285 MLP and LSTM-based differentiable model architecture using: (a) single-member HBV and (b) ensemble (16-member) HBV.

Figure 3 shows the distribution of Nash-Sutcliffe Efficiency (NSE) across in-sample gauges (solid lines) and out-of-sample
gauges (dashed lines) for both single-unit (Fig. 3a) and ensemble-unit (Fig. 3b) model versions coupled with MLP (blue) and

LSTM (orange) architectures. Several key findings emerge from this figure.

For single-unit HBV configurations (Fig. 3a), the LSTM-based architecture outperforms the MLP-based architecture in both
290 out-of-sample in time and out-of-sample in space evaluations. Median NSE values increase from 0.63 to 0.67 for out-of-

sample in time testing and from 0.54 to 0.59 for out-of-sample in space testing when using the LSTM instead of the MLP.

Introducing ensemble configurations (Fig. 3b) leads to substantial performance gains relative to single-unit models (Fig. 3a)

for both neural network architectures and both evaluation settings. However, under the ensemble configuration, the
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performance advantage of the LSTM over the MLP disappears. The cumulative NSE distributions for the two architectures
are nearly indistinguishable, with identical median NSE values of 0.71 for out-of-sample in time evaluation and median

values of 0.62 and 0.63 for LSTM- and MLP-based models, respectively, in out-of-sample in space evaluation.

Finally, we note that both ensemble-based architectures achieve the same benchmark performance of the ensemble,
differentiable model applied to CAMELS-US in Feng et al. (2022), which was reported as having a median NSE of 0.714 in

out-of-sample in time testing.

We also evaluated the ensemble-based differentiable models across additional performance metrics, including the Kling-
Gupta Efficiency (KGE), root mean square error (RMSE), percent bias, and flow-regime specific biases for high flows (top
10% of observed flows), medium flows (30th to 90th percentiles), and low flows (bottom 30% of observed flows) (Fig. 4).
Across all metrics and flow regimes, the LSTM- and MLP-based architectures performed similarly in an out-of-sample in
space evaluation. Taken together, these results suggest that ensemble-based parameter estimation provides clear benefits for
differentiable hydrological modelling, while the added complexity of LSTM-based networks offers limited advantage over
the simpler MLP-based approach.
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Figure 4: Performance of differentiable, ensemble-unit models with MLP- and LSTM-based architecture across multiple performance
metrics for out-of-sample in space evaluation.
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3.2 Impacts of alternative static input features

Results in Figs. 3 and 4 are based on models trained with the full set of reference static input features. Figure 5 shows
performance for ensemble-based models trained with two alternative static feature sets, the first of which only includes basin
latitude and longitude and the second including the same comprehensive reference features but randomly mixed across
basins. This experiment was performed only with ensemble-based models because of their demonstrated outperformance

compared to single-unit models.

For the first experiment where only latitude and longitude were used as static input (Fig. 5a-b), we find similar NSE
distributions compared to the reference input set for out-of-sample in space evaluations, both for MLP- (median NSE of 0.62
versus 0.63) and LSTM- (median NSE of 0.62 for both) based differentiable models. However, for out-of-sample in time
evaluations, both differentiable models using only latitude and longitude showed substantial performance reductions, with a

median NSE of 0.64 for the MLP-based model and 0.60 for LSTM-based model, as compared to a reference of 0.71 for both.

For the second experiment using full but nonsensical static inputs (Fig. 5c-d), we find little difference in the NSE
distributions compared to the reference for out-of-sample in time evaluation, both for the MLP- (median NSE of 0.68 versus
0.71) and LSTM- (median NSE of 0.69 versus 0.71) based models. However, for out-of-sample in space evaluations, both
differentiable models showed large degradation in performance, with a median NSE value of 0.47 against a reference of 0.63

for the MLP-based model, and a median value of 0.42 against a reference of 0.62 for the LSTM-based model.

Overall, we find that the spatial generalization of differentiable models is preserved even when only latitude and longitude
are used as static inputs, suggesting that neural networks use comprehensive basin attributes primarily as spatial proxies
rather than learning meaningful physical relationships. However, temporal generalization degrades in this case because the
2-dimensional input vector of latitude and longitude lacks sufficient complexity for the model to ‘memorize’ unique
behavior to individual training basins. This interpretation is further supported by the shuffled feature experiment, where
providing comprehensive but nonsensical feature sets enable near-reference performance at the training basins but precludes

the ability to generalize spatially.
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Figure 5: Cumulative distributions of NSE for out-of-sample in time and space evaluations of ensemble HBV differentiable models with
(a) MLP using only latitude and longitude as static inputs, (b) LSTM using only latitude and longitude as static inputs, (¢) MLP using
comprehensive but randomly perturbed static features, and (d) LSTM using comprehensive but randomly perturbed static features. Dotted
lines indicate reference performance using the comprehensive static feature set.

3.3 Assessing temporal variability in LSTM-estimated parameters and the role of dynamic features

Here we examine the nature of parameter estimates by the LSTM+HBYV differentiable model, with particular emphasis on
their temporal stability and the influence of dynamic inputs. To simplify interpretation, we focus on the single-unit

LSTM+HBYV configuration rather than the ensemble-based LSTM+HBV 16 model.

Figure 6 summarizes the average coefficient of variation of HBV parameters across input sequences for each study basin.
Most basins exhibit low variability, suggesting that the LSTM-based architecture does not utilize dynamic features to vary
parameter estimates across sequences. There are some basins with a higher degree of parameter variability across training
sequences, particularly in the central US. However, the average coefficient of variation across parameters never exceeds 0.2

for any site.
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Figure 6: Spatial distribution of the average coefficient of variation of HBV parameters between input sequences estimated by the
LSTM+HBYV differentiable model. Each dot represents a study basin, with color intensity indicating the magnitude of the average temporal
variability of the parameter set.

To further examine this behavior, we focus on three representative basins with high, medium, and low parameter variability
(USGS IDs 01532000, 10336660, 02465493). Although the HBV model has 20 parameters, we present results for four
illustrative parameters: field capacity (FC), coefficient of potential evapotranspiration (Coeff PET), coefficient of percolation
(Kperc), and degree-day factor (DDF). Figure 7 shows the temporal variability of these parameters across input sequences

for basins with (a) high, (b) medium, and (c) low variability.

In the low-variability basin, parameter estimates show negligible temporal variability across sequences, indicating that the
LSTM effectively produces static parameters. In contrast, the medium- and high-variability basins exhibit progressively
more parameter variability, although to varying degrees for different parameters. For example, in the high-variability basin,
DDF exhibits comparatively limited temporal variation relative to the other three parameters. Additionally, several
parameters tend to co-vary: FC, Coeff PET, and Kperc follow correlated seasonal cycles, reaching maxima and minima
simultaneously, whereas DDF tends to vary out of phase, peaking when the other parameters are at their minima. Similar,
though less pronounced, patterns are observed in the medium-variability basin. Feature importance based on Integrated
Gradients shows that the differentiable model consistently relies more on static features than dynamic features (precipitation,
temperature, and daylength) for HBV parameter estimation, even in the basin with high parameter variability (Fig. D1 in

Appendix D), consistent with the limited variability in parameter values across sequences.
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Figure 7: Temporal variability of four selected HBV parameters inferred by the LSTM+HBYV differentiable model for basins exhibiting
(a) high, (b) medium, and (c) low average coefficients of variation. The red dashed line shows the lower and upper bound for each
parameter.

It is worthwhile to ask how the temporal variability in LSTM-based parameter estimates, where present, influences
streamflow simulation. To investigate this, we compared two approaches to HBV simulation. In the first approach, model
simulations were based on a single, static parameter set extracted from the final hidden state of the LSTM after processing
the full input sequence for the test period. This is the reference case and is the same as shown in Fig. lc. In the second
approach, simulations are based on sequence-varying parameters, i.e., running the LSTM on rolling sequences during the test
period. With a stride of 60 days, the input sequence shifts forward by 60 days at each step, generating new parameters every
60 days throughout the test period. This approach mirrors the training procedure as shown in Fig. 1b and represents a more
natural inference method for sequence-to-one LSTMs. Thus, the first approach runs HBV with one parameter set for the
entire test period (dashed lines in Fig. 8), while the second uses time-varying parameters that update every 60 days (solid

lines in Fig. 8).

Figure 8a presents the distribution of NSE values across all basins for these two cases, while Fig. 8b focuses exclusively on
the 20 basins exhibiting the highest degree of temporal parameter variability. In both cases, results show little difference in

performance across basins. There are some small differences in the out-of-sample in space evaluation for basins with high
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temporal parameter variability (Fig. 8b), but it is the reference case (a single static parameter set) that outperforms the time-

varying parameter models in this situation.

Together, these findings suggest that although the LSTM produces sequence-varying parameter estimates, exploiting this
variability during inference does not yield meaningful performance improvements relative to using a single static parameter
set derived at the end of the full forcing test sequence. Consequently, the observed temporal variability in LSTM -predicted

parameters may be better interpreted as a manifestation of equifinality rather than evidence of dynamically evolving process

parameters.
a) NSE distribution across all basins
1.0
— Qut-of-sample in time, Median=0.67
Reference in time, Median=0.67
08 || — Out-of-sample in space, Median=0.59
Reference in space, Median=0.59
0.6
[
[a)
(@]
04
0.2
D
0.0
b) NSE distribution across 20 most variable basins
1.0
— Qut-of-sample in time, Median=0.62
Reference in time, Median=0.61
0.8

- Qut-of-sample in space, Median=0.56
Reference in space, Median=0.57

CDF

0.0
-1.00 -0.75 ~-0.50 -0.25 0.00 0.25 0.50 0.75 1.00
Nash-Sutcliffe Efficiency (NSE)

Figure 8: Cumulative distributions of NSE for out-of-sample in time and out-of-sample in space evaluations for the differentiable
LSTM+HBV model using sequence-varying parameters for (a) all study basins, and (b) the 20 basins with highest parameter variability.
Dotted lines indicate reference performance using a single static parameter from the final LSTM time step.
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4. Discussion and Conclusion

Differentiable hybrid models that use machine learning to estimate parameters for process-based models show strong
potential for achieving state-of-the-art performance while maintaining transparency of internal hydrological processes (Feng
et al., 2022, 2023). Their rapid adoption reflects this promise. However, several aspects of differentiable model development
haven’t received sufficient scrutiny, risking a shift toward prediction-driven modeling that undermines transparency and
contradicts the philosophy of physics-based machine learning (Karpatne et al., 2017). This study addresses several such
concerns by revisiting static and dynamic differentiable models and investigating key architectural decisions including neural
network choices, process-based model configuration, and input requirements. We evaluate these models based on out-of-

sample performance as well as interpretability. Our main conclusions are as follows:

1. Ensemble models outperform single-parameter configurations, and a simpler MLP-based static parameterization
matches the performance of a dynamic LSTM-based parametrization.

Differentiable models with ensemble configurations consistently outperformed single-unit models across both temporal
and spatial test cases, consistent with previous findings (Feng et al., 2022, 2023). This result is not unexpected and
aligns with the multi-parameter ensemble literature that shows improved prediction accuracy by representing parametric
uncertainty through ensemble aggregation (Beven & Binley, 1992; Blasone et al., 2008; Chiang et al., 2017; Shin et al.,
2023).

More importantly, simpler MLP-based differentiable models matched sequence-to-one LSTM-based model
performance. MLP-based models achieved a median NSE of 0.71 in temporal testing for CAMELS-US basins,
comparable to sequence-to-one LSTMs (0.714) and sequence-to-sequence LSTMs (0.732) reported by Feng et al.
(2022). Similar results are found for spatial generalization. In addition, MLPs offer greater transparency by producing
single, basin-specific process model parameters, which is not available with LSTM-based formulations. This provides a
strong argument for the use of more parsimonious, MLP-based architectures in future differentiable hydrological

modeling.

2. Differentiable models use static basin attributes primarily as spatial proxies and for memorizing unique behavior at
training sites, rather than learning physically meaningful processes.

Recent work by Heudorfer et al. (2025) suggested that pure LSTM models may not be as entity aware as previously
assumed, indicating that basin attributes provide limited information beyond meteorological forcings. We extend this
insight to differentiable hydrological models through two experiments that directly examine how neural networks use

static basin attributes.

In the first experiment, we compared models using comprehensive basin attributes (climate, topography, geology, land

cover, and soils) with models using only basin latitude and longitude as input. Spatial generalization did not degrade
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when only positional inputs were used, indicating that comprehensive attributes are primarily used to encode basin
location and serve as spatial proxies. This is somewhat expected in regional settings where similar basins are
geographically clustered. When models learn this spatial structure, they can generalize in space by placing new basins
within an internally learned spatial representation. Consequently, for regions with dense and representative basin
coverage such as CAMELS-US, latitude and longitude alone are sufficient for spatial generalization. Importantly,
positional information (like latitude and longitude) cannot support transferability beyond the spatial domain represented
in the training data, thus limiting transfer learning for new regions (e.g., other continents). Given the results presented
here and in past work (Heudorfer et al., 2025), it remains unclear the degree to which comprehensive static basin
attributes truly support generalized mappings between basin attributes and their internal representations, which is

required for robust transfer learning across regions. Additional research is needed in this area.

In contrast, temporal generalization degraded when only latitude and longitude were used. We hypothesize that in this
case, using minimal (low-dimensional) inputs reduces the neural network’s ability to differentiate individual basins.
Because regional models are trained across basins simultaneously, distinguishing basins is necessary to learn basin-
specific input-output relationships. To test this, we conducted a second experiment using the same comprehensive
attribute vectors but with physically meaningless values, preserving input dimensionality without providing any physical
information. Temporal generalization in this case matched performance obtained using physically meaningful attributes,

supporting our hypothesis.

These results indicate that differentiable models may not be learning meaningful relationships with basin static
attributes, or at least, they are only using them as spatial proxies to generalize in space and for site memorization to
generalize in time. This finding underscores the need for methods that better leverage physiographic data to improve
higher-order model generalization, particularly for extrapolating to conditions involving structural changes such as

climate change and land-use modification (Heudorfer et al., 2025; Gupta, 2026).

3. LSTMs do not support true static parameterization. In sequence-to-one formulations, dynamic inputs contribute
minimally, and time-varying parameters reflect equifinality rather than seasonal dynamics.

LSTMs operate in either sequence-to-sequence or sequence-to-one modes, generating parameters that vary at each
timestep or across input sequences, respectively. In sequence-to-one implementations, the full input record for a basin
can be used as a single sequence during testing, producing a single basin-specific parameter set. This is commonly
labeled as a static parameterization in the literature (Feng et al., 2022, 2023), despite being trained with parameters that
vary between input sequences. We evaluated how sequence-varying parameters influence streamflow simulations by
comparing them with simulations generated using a single parameter set derived from the final timestep of the full input
sequence. We didn’t find any meaningful differences between the two cases, suggesting that temporal variability in

parameters with sequence-to-one implementation likely reflects cyclic manifestations of equifinality (Beven, 2006),

20



465

470

475

480

485

490

https://doi.org/10.5194/egusphere-2026-756
Preprint. Discussion started: 12 February 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

rather than physically meaningful seasonal dynamics. This is further supported by the integrated gradients analysis,
where dynamic inputs showed limited contribution in the parameter learning process. These findings contrast with a
common assumption that time-varying parameters necessarily reflect changing physical systems dynamics. While such
relationships have been reported in sequence-to-sequence LSTM implementations (Feng et al., 2022), they do not appear

to be the case for the sequence-to-one implementation presented in this work.

There are several limitations of this work that warrant further discussion. First, this study focuses exclusively on sequence-
to-one LSTM formulations, which have received less scrutiny than sequence-to-sequence approaches. Therefore, our
conclusions may not generalize to sequence-to-sequence models, although others have already highlighted interpretability
challenges with those formulations (Acufia Espinoza et al., 2024, 2025). Second, while integrated gradients provide useful
insight into feature contributions, they do not capture interaction effects; future work should therefore consider alternative
explainable Al approaches (e.g., Janizek et al., 2020) and ensure insights are robust across methods. Additionally, our
generalization analysis is limited to out-of-sample temporal and spatial cases within a single region (CONUS). Evaluating
transferability across regions and under climate non-stationarity remains an important next step. Finally, while MLP-based
models yield interpretable, basin-specific parameters and match LSTM-based hybrid model performance, they remain black-
box function approximators. Replacing MLPs with more interpretable architectures, such as Kolmogorov-Arnold Networks
(KAN; Liu et al., 2025) that use learnable and visualizable activation functions, may enable deeper insight into internal
model processes (Jing et al., 2025). Such advances could support hybrid modeling frameworks that offer transparency not
only in parameter estimation, but also in the representation of hydrological processes, which is critical for inference and

decision-making under non-stationary conditions.

In conclusion, this study highlights the value of parsimony in differentiable hydrological modeling. MLP-based
differentiable models match the predictive performance of LSTM-based models while offering greater interpretability
through static, basin-specific parameters. Comprehensive basin attributes appear largely redundant, serving primarily as
spatial proxies or mechanisms for memorization, rather than enabling the learning of physically meaningful relationships.
Together, these findings suggest that increasing model complexity does not necessarily yield improved insights or
generalization, and that caution is required when advancing differentiable hydrological models to promote improvements in

both predictive skill and transparency.

Appendix A: Study area

The study area includes 531 basins (Fig. A1) from the CAMELS-US dataset. We used 80% (n = 425) basins for training and
out-of-sample temporal testing, and 20% (n = 106) for out-of-sample spatial testing. The dataset includes basin

physiographic attributes, meteorological forcings from multiple products (we used Daymet), and observed USGS streamflow
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data. Physiographic attributes are static, while meteorological and streamflow records are available at daily resolution from

1980 to 2014. Table 1 shows the attributes and meteorological forcings used in this study.
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Figure Al: Study area showing the 531 CAMELS-US basins used in this study. Blue stars indicate basins used for training and out-of-
sample in time testing (via temporal split). Orange dots indicate basins withheld entirely from training and used exclusively for out-of-
sample in space testing.

Appendix B: Process-based HBV model

Our implementation of the process-based HBV model has 20 parameters across three interconnected modules; see Seibert
(2005) for a detailed description of process representation. We follow the approach in Seibert (2005) with one key
modification, where instead of single-parameter triangular routing, we use separate two-parameter gamma routing for direct

flow and base flow. Table B1 shows the process representation, parameters, parameter descriptions, and bounds.

Table B1: HBV model parameters and feasible ranges.

s Lower Upper
Process Parameter | Description bound bound
ts Threshold temperature for snowfall -4 4
tm Threshold temperature for snowmelt -4 4
Rain and Snow Module
tti Temperature interval for a mixture of snow and rain 0.1 4
scf Snowfall correction factor 0.5 2

22



510

https://doi.org/10.5194/egusphere-2026-756
Preprint. Discussion started: 12 February 2026

(© Author(s) 2026. CC BY 4.0 License.

EGUsphere\

ddf Degree-day factor for snowmelt 0.05 10
whe Water holding capacity of the snowpack 0.05 0.2
crf Refreezing coefficient 0.1 1
coeff pet |Coefficient of potential evapotranspiration 0.5 2
. . fc Maximum soil moisture storage; field capacity 1 1000
Soil Moisture and Evapo-
transpiration Module pwp Soil permanent wilting point 0.01 0.99
beta Shape coefficient governing the fate of water input to soil 05 5
moisture storage
| Threshold parameter for upper storage; if water level is 1 999
higher than the threshold, shallow flow occurs
ks Recession constant for near surface storage 0.01 0.99
ki Recession constant for upper storage 0.01 0.99
' kperc Percolation constant, max flow rate from upper to lower 0.0001 0.99
Runoff  Separation  and storage
Routing Module kb Recession constant for lower storage 0.001 0.99
d shape |Gamma function shape parameter for direct flow 1 4
d scale Gamma function scale parameter for direct flow 0.5 4
b shape |Gamma function shape parameter for base flow 1 6
b scale Gamma function scale parameter for base flow 1 7

Appendix C: Hyper-parameter tuning of differentiable models

For all four differentiable architectures, we tuned hyperparameters to determine the neural network size. The optimal

architecture was selected using an early stopping criterion, defined as no decrease in validation loss for 10 consecutive

training epochs. The hyperparameter tuning results are presented in Table C1, with the top-performing configuration

italicized. Overall, the selected hyperparameter sets are justified not only based on validation performance but also in terms

of reduced training time.

Table C1: Hyperparameter tuning results for four differentiable architectures. All models use a stride length of 60.

MLP (3 layers)

HBYV Units | Hidden Size | Val. Loss | Time (min) | Epochs
1 256 4.13 232.48 19

1 512 4.04 224.49 18

1 1024 3.97 260.33 21
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1 2048 3.95 168.01 12
1 4096 3.97 151.51 10
16 256 3.24 576.68 52
16 512 3.25 335.93 28
16 1024 3.2 292.84 25
16 2048 3.18 246.99 20
16 4096 3.28 217.73 17

LSTM (1 layer)

HBYV Units | Hidden Size | Val. Loss | Time (min) | Epochs
1 128 4.14 317.34 27
1 256 4.01 252.76 20
1 384 4.02 172.9 12
1 512 3.52 310.15 24
1 1024 3.98 260.53 20
16 128 34 535.23 50
16 256 3.33 638.21 56
16 384 3.31 379.23 33
16 512 3.25 323.67 26
16 1024 3.19 377.83 30
16 2048 3.26 542.23 42

Appendix D: Integrated Gradients analysis of LSTM-based differentiable model

This study employs an explainable Al technique known as Integrated Gradients (IG) (Sundararajan et al., 2017), which
quantifies the contribution of each input feature to model predictions by integrating gradients along the path from a baseline
input to the observed input. We applied IG to the LSTM-based, single-HBV unit differentiable model to assess how both
static and dynamic inputs influence parameter estimation. For each daily HBV parameter prediction, the LSTM uses a one-
year lookback period comprising concatenated static (30) and dynamic (3) input features (R365%33). We compute I1G
attributions for each of the 20 HBV parameters, yielding a three-dimensional attribution tensor over lookback period, input
features, and HBV parameters (R365%33%20) for each prediction. This analysis is repeated for all timesteps in the testing
period for each basin, and finally, we compute the average of the absolute IG values for each input feature. The results for

basins with high, medium, and low parameter variability are shown in Fig. D1.
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Feature importance for the LSTM+HBYV differentiable hybrid model for basin with (a) high parameter variability, (b) medium

parameter variability and (c) low parameter variability. Bars show the mean contribution of each input feature to parameter estimation,
computed as the mean absolute integrated gradients and normalized to sum to 100%.
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