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Abstract. Deep learning rainfall-runoff models have shown the ability to reproduce the observed hydrograph exceeding the

performance of physics-based models, but their reliability outside the training distribution is still an open question. Most ro-

bustness evaluation have focused on a single architecture (LSTM), and have used controlled forcing perturbations (temperature

offset or precipitation scaling) to probe the non-stationarity condition. In this study, we evaluate the robustness of five deep

learning architectures (LSTM, minLSTM, minGRU, MLP-Mixer, Transformer) against a re-calibrated physics-based bench-5

mark (SAC-SMA + Snow-17) across 554 CAMELS catchments, driven by a six-Global Change Model (GCM), four-Shared

Socioeconomic Pathway (SSP) NEX-GDDP-CMIP6 and three-future periods ensemble. The results show that the deep learn-

ing models outperform the physics-based benchmark in terms of accuracy, but their robustness is limited under non-stationary

conditions. The LSTM and minGRU architectures show the best performance among the deep learning models, while the

MLP-Mixer and minLSTM architectures show the worst performance. We found that the predictive skill does not imply ro-10

bustness: the LSTM, the most accurate architecture, is the least robust. Transformer, the most robust on annual volumes, fails to

reproduce the intra-annual redistribution of streamflow, diverging from the physics-based benchmark in both directions, com-

pensating that difference at annual basis. Architecture, not GCMs, SSPs nor period, is the dominant factor of divergence (45

% of the evaluated catchments). The results highlight the need for a more comprehensive evaluation of deep learning models

under non-stationary conditions, and the importance of considering both accuracy and robustness in model selection.15

1 Introduction

The hydrological cycle is composed of three main processes: evaporation, precipitation and runoff. Rainfall-runoff modeling

is the transformation of the precipitation into runoff at a catchment outlet, which main objective is to reproduce the observed

hydrograph or its streamflow series. This is a complex problem that is still not fully understood or modeled, making it a chal-

lenging task for hydrologists and data scientists alike. The streamflow predictions that such models produce feed flood fore-20

casting and early-warning systems, reservoir operation and hydropower scheduling, irrigation and municipal-supply planning,

drought monitoring, and the allocation of water rights and environmental flows. Since that data is used for decision-making, the

reliability of the model is crucial, hence the value of a rainfall-runoff model is not only in how well it reproduces the observed
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hydrograph but on how well captures the variability of the streamflow series under different conditions, places, seasons, and

climates.25

Over the last decade, the rainfall-runoff modeling field has rapidly become more interested in the development of data-driven

models, in particular deep learning (DL) models, which are able to learn the meteorology-to-streamflow mapping directly from

large-sample datasets, with the Long-Short Term Memory Network (LSTM; a type of neural network) being the most popular

architecture in this field (Kratzert et al., 2018, 2019a). These models are able to capture the non-linearity and the complex

interactions between the meteorological forcing variables and the streamflow, and are able to generalize even in ungauged30

basins (Kratzert et al., 2019b). However, these models are not without limitations. They are often criticized for being black-box

models, which are difficult to interpret, and for being sensitive to the choice of the model architecture, the hyperparameters, the

training data, and overfitting. They are also often criticize for not being able to capture the physical processes (Beven, 2020).

The standard LSTM is not the only data-driven model in the field, this recurrent architecture has been modified to improve its

performance and its ability to capture the physical processes (Kratzert et al., 2019c; Frame et al., 2022; Feng et al., 2024; De la35

Fuente et al., 2024), and other architectures have been proposed to improve the performance of the modeling process (Vaswani

et al., 2017; Liu et al., 2024, 2025; Rasiya Koya and Roy, 2024; Sarkar et al., 2025). These models generally outperform the

physics-based models in terms of accuracy (Kratzert et al., 2018; Newman et al., 2017; Frame et al., 2022), but the question

is whether they are able to emulate or capture the physical processes from the in-training data distribution in a robust manner.

The ability of the model to generalize to out-of-training data is known as model robustness.40

Robustness has been central in the evaluation of rainfall-runoff models, formalized through the differential split-sample test

and its successors, which calibrate on one hydroclimatic period and validate on a contrasting one. These tests have repeatedly

exposed parameter and structural drift under non-stationary conditions (Klemeš, 1986; Coron et al., 2012; Thirel et al., 2015).

In the case of data-driven models, whose flexibility is precisely what allows them to fit the historical records effectively,

the ability to extrapolate outside the training distribution is of concern. Recent work supports this hypothesis: process-based45

models remain competitive or superior when the validation climate departs strongly from calibration (O et al., 2020); stand-

alone LSTMs can produce physically implausible responses to warming, including unrealistic changes in the runoff coefficient

(RC) (Wi and Steinschneider, 2022); LSTM’s exhibits a concave runoff response to increasing precipitation, which above a

certain threshold the RC starts to decrease when precipitation increases (Baste et al., 2025). In-training accuracy, in short, is

necessary but not sufficient for the out-of-training reliability that climate-impact assessment actually requires.50

Assessing this reliability is complicated by the absence of a ground truth: future streamflow cannot be observed, therefore

a data-driven model’s projection can only be judged against a physically based reference. Yet that reference is itself imperfect

under non-stationary forcing, for example conceptual models calibrated on a wet period systematically bias a dry period and

vice versa (Coron et al., 2012). A defensible robustness assessment must therefore hold everything but the model family fixed—

the same catchments, the same forcing, the same evaluation—and compare each model against its own historical baseline so55

that its static bias cancels and only its response to the climate signal is judged.

Existing robustness assessments of deep learning hydrological models fall short on these counts in three recurring ways,

which together define the gap this study addresses. First, they almost always evaluate a single architecture—typically the
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LSTM—in isolation, consequently it cannot separate robustness that is intrinsic to the data from robustness that is a property of

the architecture. Second, they probe the non-stationarity condition mainly through controlled forcing perturbations (a uniform60

temperature offset or a precipitation scaling) rather than a spatially coherent climate-change ensemble, thus the forcing they

test is internally consistent but not physically realistic. Third, they report aggregate or annual summary statistics and rarely

resolve the seasonal timing of streamflow. This study fills that gap with a continental-scale, multi-architecture evaluation:

five DL architectures (including different model families) are compared against Sacramento Soil Moisture Accounting Model

(SAC-SMA) + Snow Accumulation and Ablation Model (SNOW-17) benchmark across 554 CAMELS catchments, driven65

by a six-Global Change models (GCM) and four-Shared Socioeconomic Pathway (SSP) NEX-GDDP-CMIP6 ensemble, to

characterize the robustness of the models under future climate conditions. The objective of this study is to evaluate if the

robustness of the data-driven models is a property of the data or of the architecture, and if the robustness extends to the intra-

annual redistribution of streamflow. Taken together, these evaluations will answer the question of whether deep learning models

are robust in non-stationary conditions, and whether they can be trusted to project streamflow under a climate they were never70

trained on.

2 Material and methods

2.1 Modeling framework

The dataset used in this study is Catchment Attributes for Large-Sample Studies, CAMELS (Newman et al., 2017; Addor

et al., 2017), a benchmark dataset of 671 minimally disturbed headwater basins in the contiguous United States (CONUS).75

The minimal amount of human intervention is a proxy for near-natural hydrological response, thus that observed streamflow

can be interpreted as a response to meteorological forcing. The catchments span a wide range of hydroclimatic and physio-

graphic conditions, from snow-dominated catchments in the Pacific Northwest to arid basins in the Southwest. Therefore the

catchments included in this dataset spans from energy-limited to water-limited Budyko regimes, and from rain-dominated to

snow-dominated runoff-generation mechanisms. In addition, the dataset includes three different meteorological forcing prod-80

ucts (Maurer, Daymet, NLDAS-2) and a rich set of static catchment attributes (climate, topography, vegetation, geology).

CAMELS is also considered a community benchmark for evaluating rainfall-runoff models, including a physically–based

benchmark – Sacramento Soil Moisture Accounting model (SAC-SMA) (Burnash et al., 1973) coupled with the Snow-17

snow module (Anderson, 1973) – used commonly in hydrology, allowing a controlled comparison between data-driven and a

physics-based model. Although SAC-SMA + Snow17 model results and parameter values are included in the dataset, we re-85

calibrated the model to match the data-driven models’ training and evaluation conditions, to make a fair comparison between

the two model families.

From 671 catchments availables, we selected 554 catchments based on the following criteria: (i) catchments that are present

in all three meteorological forcing products (Maurer, Daymet, NLDAS-2) and in the USGS streamflow record; (ii) catchments

with gap-free observed streamflow series over the study period; and (iii) catchments with drainage area below 10,000 km2,90

excluding the largest basins for which the lumped, single-outlet modeling assumption is least appropriate. The filtering criteria
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ensure that every model family is trained, calibrated, and evaluated on an identical set of basins, enabling a controlled cross-

model comparison.

For the physics-based benchmark, we re-calibrated the SAC-SMA + Snow-17 coupled model on the same catchments sample

and training period as the deep learning models. For the data-driven models, we selected a set of different deep learning95

architectures (LSTM, minLSTM, minGRU, MLP-Mixer, Transformer) which are described in detail in the following sections.

The training and evaluation protocol is identical for all deep learning architectures, as well as the sequence length, input/output

interface, and loss function. The hyperparameters of each architecture are tuned independently via ASHA (Asynchronous

Successive Halving) on the validation set. The sequence length is set to 360 days, which is long enough to capture seasonal

and interannual variability in streamflow response. This length differs from other studies, where a 365-day sequence is used100

(Kratzert et al., 2019a), however this choice makes the sequence length divisible by the patch sizes evaluated in the MLP-Mixer

architecture.

The input features include 15 dynamic forcing variables: maximum and minimum daily temperature (◦C), daily precipitation

(mm), daily downwelling shortwave radiation (Wm−2), and daily mean vapor pressure (Pa), each replicated across three

lumped forcing data sources (Maurer, Daymet, NLDAS-2). For SAC-SMA + Snow-17 only the Daymet product is used.105

We used the 19 static features encode climate (mean precipitation p_mean, mean potential evapotranspiration pet_mean,

aridity index, fraction of precipitation as snow frac_snow, high- and low-precipitation frequency and duration), topography

and geometry (mean elevation, mean slope, catchment area), vegetation (forest fraction, maximum and seasonal-range leaf-area

index lai_max/lai_diff, maximum and seasonal-range green-vegetation fraction gvf_max/gvf_diff), and geology

and hydrology (geological permeability, baseflow index, carbonate-rock fraction). The typewritten text represents the name of110

each variable in CAMELS dataset.

The target variable is one-day-ahead area-normalized streamflow (mmd−1). The dynamic inputs and static attributes are

standardized globally across the catchment ensemble (global z-scoring using training-period statistics). The same statistics are

reused at validation, test, and inference time in order to avoid data leakage.

The chronological split for the deep learning models is 1 Oct 1999 – 30 Sep 2008 for training, 1 Oct 1980 – 30 Sep 1989 for115

validation, and 1 Oct 1989 – 30 Sep 1999 for testing. The training period is chosen to be long enough to capture interannual

variability in streamflow response, while the validation and test periods are chosen to be of comparable length to the training

period. For the case of SAC-SMA + Snow 17 model, the training period considers the training and validation periods of the

deep learning models, and the test period is the same as the deep learning models.

The performance metric used to evaluate the predictive skill of the models is the Kling–Gupta efficiency (KGE) (Gupta et al.,120

2009), which is a widely used metric in hydrology that balances correlation, bias, and variability. The KGE is computed per

catchment over the test period and used to rank the model families. This metric is defined as follows:

KGE= 1−
√

(r− 1)2 +(α− 1)2 +(β− 1)2, (1)
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where r is the Pearson correlation between simulated and observed streamflow, α the ratio of their standard deviations (σsim

σobs
,

variability bias), and β the ratio of their means (µsim

µobs
, volume bias). KGE= 1 is a perfect simulation; the commonly cited125

reference value KGE≈−0.41 marks the skill of the mean-flow benchmark (Knoben et al., 2019).

2.2 Physics-based benchmark

As previously stated, the benchmark is the lumped Sacramento Soil Moisture Accounting model coupled with the Snow-17

temperature-index snow module (Burnash et al., 1973; Anderson, 1973). The coupled model operates at a daily time step

and comprises three sequential components: (i) Snow-17 precipitation partitioning and snowmelt, (ii) SAC-SMA soil-moisture130

accounting, and (iii) unit hydrograph routing. Throughout, we use rainfall-runoff model in its conventional sense to denote

the complete precipitation-to-streamflow mapping at the catchment outlet: SAC-SMA proper performs only soil-moisture

accounting, but the term SAC-SMA + Snow-17 refers to this full chain: snow, soil-moisture accounting, evapotranspiration,

and channel routing. The same processes are what the deep-learning rainfall-runoff models are trained to reproduce, therefore

the two model families are compared on an identical input-to-streamflow task.135

Since the forcings do not include the necessary dynamic variables to compute evapotranspiration using the aerodynamic

forces, potential evapotranspiration (PET) is computed from temperature and net radiation via the Priestley–Taylor formulation

(Priestley and Taylor, 1972), which is defined as follows:

PETt =
αPT∆t

∆t + γ
· R

n
t

λ
, (2)

where ∆t is the slope of the saturation vapor pressure curve, γ the psychrometric constant, Rn
t net radiation (Allen et al., 1998),140

and λ is the latent heat of vaporization (2.45MJkg−1). Ground heat flux is assumed negligible at the daily time step.

The calibration strategy follows the same parameters and bounds described in Addor et al. (2017), with two exceptions:

(i) the objective function is Mean Square Error (MSE) to match deep learning loss functions, (ii) and we included 5 super-

parameters to calibrate the Snow Areal Depletion Curve (ADC) using two Beta CDF distributions. More details about can be

found in Appendix A.145

These parameters are calibrated independently per catchment by using Shuffled Complex Evolution (SCE-UA) algorithm

(Duan et al., 1992), implemented in SPOTpy (Houska et al., 2015). Following Addor et al. (2017), the optimization was

conducted using 10 different random seeds per catchment to reduce dependence on local optima, and up to 150 catchments

were calibrated in parallel using an translated and optimized version of SAC-SMA + Snow-17 in Python, where the I/O

bottleneck between the wrapper and the model is removed. The initial states are obtained by iterative spin-up: the first year of150

forcings is recycled until the six SAC-SMA state variables (UZTWC, UZFWC, LZTWC, LZFSC, LZFPC, ADIMC) converge

to within 10−3 of their final values or after 1000 iterations, and then the calibration continues until the maximum number of

function evaluations is reached (200,000). Due to the translated and optimized implementation, the calibration procedure is

significantly faster than the original implementation, allowing for a more efficient exploration of the parameter space, a more

robust calibration of the model, and the addition of the new 5 super-parameters for the ADC calibration.155
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2.2.1 Asymmetry with the deep learning models

There is one difference between the SAC-SMA + Snow-17 and the deep learning models that is relevant to mention. In SAC-

SMA + Snow-17, temperature enters to the model only through PET and Snow-17 partitioning and melt, not as a direct input.

Deep learning models, by contrast, receive raw Tmax,Tmin directly.

2.3 Deep learning architectures160

Five deep learning architectures were evaluated. There is one architecture that is based only on dense layers, three that use

recurrent layers, and one that uses attention layers. All architectures share the same input/output interface (360-day sequence of

34 features into 1-day-ahead, area-normalized streamflow), the same loss (MSE), the same optimizer (Adam with OneCycleLR

scheduler, peak = 1.2× lr), and are tuned with ASHA via Ray Tune (max epochs of 200, grace period of 10, reduction factor

of 3), following the previously mentioned temporal splits.165

Recurrent networks are the most common architecture used in rainfall-runoff modeling, since they handle sequential data in

a way that is consistent with the temporal nature of the problem. The current state-of-the-art architecture for hydrology is the

Long-Short Term Memory (LSTM) (Hochreiter and Schmidhuber, 1997), which is a recurrent architecture that has been widely

used (Kratzert et al., 2018, 2019a). The LSTM has proven to be effective in capturing long-term dependencies in time series

data, making it suitable for rainfall-runoff modeling (Kratzert et al., 2018). The key core of an LSTM is the cell state, which170

allows information to flow across time steps without being overwritten, enabling the network to retain relevant information

over long sequences. The LSTM architecture also includes gating mechanisms (input, forget, and output gates) that control the

flow of information into and out of the cell state, allowing the network to selectively update and retrieve information as needed

(Hochreiter and Schmidhuber, 1997).

However, LSTM has some limitations that have motivated the development of alternative architectures. One limitation of175

the LSTM is the requirement of sequential processing of the data, which can be computationally expensive for long sequences

and makes the training-time a bottleneck. This limitation has motivated the development of alternative architectures that can

handle sequential data directly in parallel, such as minLSTM (minimal LSTM) and minGRU (minimal Gated Recurrent Unit)

(Feng et al., 2024).

Both minimal versions of LSTM and GRU are designed to reduce the computational complexity of the original architectures180

by removing the dependence of the gates on the previous hidden state, allowing for parallel processing of the sequence. This

characteristic enables faster training times and can be particularly beneficial for long sequences, such as those encountered

in rainfall-runoff modeling. In addition, the cell architecture is simplified, which can lead to a reduction in the number of

parameters and potentially improve generalization. In the case of minLSTM, the output gate is removed, and the hidden state is

collapsed into the cell state, while in minGRU, the reset gate is removed, and the update gate is simplified. These changes can185

lead to a more efficient architecture that retains the ability to capture long-term dependencies in sequential data. The difference

between the LSTM, minLSTM, and minGRU architectures is illustrated in Fig. 1.
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minLSTM

LSTM

minGRU

Figure 1. Cell architectures of LSTM, minLSTM, and minGRU. The LSTM architecture includes input (it), forget (ft), and output gates

(ot) that control the flow of information into and out of the cell state. The minLSTM architecture removes the output gate and collapses the

hidden state into the cell state, while the minGRU architecture removes the reset gate and simplifies the update gate.

These architectures have not been tested in hydrology, and it is unclear how they would perform in this context. The paper by

Feng et al. (2024) provides a theoretical analysis of the minLSTM and minGRU architectures, but it does not provide empirical

results on real-world datasets. Therefore, it is important to evaluate these architectures in the context of rainfall-runoff modeling190

to determine their effectiveness and potential advantages over traditional LSTM and GRU architectures.

We also include a Transformer architecture (Fig. 2), that consists only in the encoder structure of of the original Transformer

architecture (Vaswani et al., 2017), following the same setup Liu et al. (2024) tested in rainfall-runoff modeling (with a time

embedding layer). The Transformer architecture has been widely used in natural language processing and computer vision,

and it has shown to be effective in capturing long-term dependencies in sequential data. The characteristics of the Transformer195

architecture, such as the self-attention mechanism and the ability to process sequences in parallel, has motivated its application

in rainfall-runoff modeling (Yin et al., 2022). Since it is an emerging architecture that has not been as widely used in hydrology

as the LSTM, the inclusion of this architecture in this study allows us to evaluate its robustness and performance in the context

of non-stationary conditions, and to compare it with the more established recurrent architectures.

Finally, we have included the MLP-Mixer architecture (Tolstikhin et al., 2021), which consists of a series of blocks or patches200

that are processed independently and then combined to produce the final output (Fig. 3). The model consists in blocks of two

Multi-Layer perceptrons (MLPs) that are applied sequentially to the input data, transposing the first MLP to mix information

across time steps (token-mixing MLP) to the second MLP to mix information across features (channel-mixing MLP). This is a
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Figure 2. Transformer architecture, including layer projection, multi-head attention, and feed-forward layers.
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Figure 3. MLP-Mixer architecture, including token-mixing and channel-mixing MLPs.

“no attention” model, without gatting mechanisms, no sequential processing, and no recurrence. It is a simple architecture that

can be trained efficiently and can capture complex interactions between the input features. The MLP-Mixer architecture has205

been applied to time series forecasting tasks outside the hydrology field (Ekambaram et al., 2023; Zhong et al., 2024; Hong

et al., 2025)

2.4 Non-stationarity conditions

Since the models were trained using CAMELS dataset, we follow the same approach as the previous studies, by using only

a limited time period to evaluate the robustness of the models. In order to evaluate the robustness of the models under non-210
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stationary conditions, we have designed an experiment to evaluate the robustness of the models under non-statiopnary condi-

tions using CMIP6 Global Change models.

The NEX-GDDP-CMIP6 dataset is a downscaled climate projection dataset that provides daily climate variables at a high

spatial resolution (0.25° × 0.25°) for an historical period (1950-2014) and future projections (2015-2100) under four Shared

Socioeconomic Pathway scenarios. The dataset includes outputs from 35 CMIP6 GCM models, which have been statistically215

downscaled using the Bias-Correction Spatial Disaggregation (BCSD) method. The future projections are based on four SSP

scenarios: SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, which represent different levels of greenhouse gas emissions and

socio-economic development. Each SPP scenario represents a different trajectory of future climate conditions, which is a

non-stationary condition by itself.

For this work, we used a subset of the availables models, which includes ACCESS-CM2, CanESM5, GFDL-ESM4, GISS-220

E2-1-G, MPI-ESM1-2-HR, and MRI-ESM2-0. Although the use of one model would be enough to evaluate the robustness of

the models under non-stationary conditions, we have used a subset of six models to extend the evaluation of the sensitivity of

the models to the different climate projections.

Each model provides daily values for the following variables: maximum and minimum daily temperature, daily precipitation,

daily downwelling shortwave radiation, daily mean vapor pressure, relative humidity, specific humidity, downwelling longwave225

radiation, and surface wind speed. Since the vapor pressure is not included in the dataset, we have computed it from the

saturated vapor pressure (es) and the relative humidity (RH).

We applied a bias correction to the NEX-GDDP-CMIP6 projections to ensure consistency with CAMELS dataset used

to train the models. For precipitation, we used Local Intensity Scaling (LOCI) for precipitation to avoid distortion of the

climate-change signal (Cannon et al., 2015) with a threshold of 1mmday−1 for value scaling. For the remaining variables, we230

followed the approach of Ballarin et al. (2023), applying Quantile Delta Mapping (QDM), which corrects systematic biases

while explicitly preserving the model-projected changes in the quantiles of the distribution. The bias correction was applied

to the historical period where both, the NEX-GDDP-CMIP6 dataset and the CAMELS dataset, overlap (1980–2014), and then

the same correction parameters were applied to the future projections.

Model behavior was evaluated over a historical reference period (1950–2014), common to all GCMs. Each future projection235

was divided in 3 different periods: Period 1 (2015–2045), Period 2 (2045–2070), and Period 3 (2071–2100). The divergence of

some forcings from the historical period is accounted in each period.

2.5 Robustness evaluation

2.5.1 Perturbation experiments

Before evaluating the models under the physically coherent NEX-GDDP-CMIP6 projections (Sect. 2.4), we first probe their240

behavior with a controlled grid of idealized precipitation and temperature perturbations. Since climate elasticity follows a

non-linear behavior and is regime-dependent (Sankarasubramanian et al., 2001; Vano et al., 2012), we expect to evidence this

for the physically-based model; while for the DL architectures, we could obtain an implausible streamflow increase under
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warming conditions (Wi and Steinschneider, 2022), a streamflow reduction while precipitation increases (Baste et al., 2025),

or any unrealistic result that comes from these architectures. Although the robustness evaluation is based on non-stationary245

conditions under global change scenarios, we opted to include this analysis to follow the same research approach that other

authors have used to evaluate DL architectures in hydrology. Since the focus of this work is the evaluation of robustness under

non-stationary conditions, we are limiting the analysis to a representative catchment for each macro-level geographic region in

the United States watershed classification system (2-digit Hydrologic Unit Code or HUC-2). The selection of these catchments

is based on the highest mean KGE across models, prioritizing a well-represented catchment to ensure fairness under this250

approach.

The perturbation experiment keeps every model fixed and alters only its inputs, so the response reflects the learned (for the

deep learning models) or encoded (for SAC-SMA) input-output, anticipating what we could obtain from the non-stationary

conditions.

Formally, let X= (p,tmin,tmax, . . .) be the matrix of input forcings over the evaluation window, where p is precipitation,255

tmin and tmax are the minimum and maximum temperature, and the ellipsis represents the remaining forcings, which are left

unchanged. A perturbation vector δ applied to the inputs produces a change in any scalar streamflow signature ϕ:

∆ϕ(δ) = ϕ(fθθθ(X(δ)))−ϕ(fθθθ(X)) , (3)

where fθθθ is a fixed (already trained or calibrated) model, ϕ maps the simulated streamflow to a scalar (mean, median, or

a parameter of interest), and X(δ) is the perturbed input forcing matrix. We perturb precipitation, temperature, and both260

variables jointly, keeping all other forcings at their observed values so that the response is attributable to P and T alone.

Precipitation is perturbed multiplicatively,

p′ = δP p, (4)

where δP takes 11 values from 0.0 to 2.0 in increments of 0.2, and temperature is perturbed additively on both the minimum

and the maximum,265

t′min = tmin + δT , t′max = tmax + δT , (5)

with δT ranging in 2◦C steps from -10 to 10 ◦C. The combined perturbation applies both simultaneously, yielding X′ =

(p′, t′min, t
′
max, . . .) over the full 11× 11 grid of (δP , δT ) pairs. As noted in Sect. 2.2.1, the deep learning models receive

the perturbed t′min and t′max directly, whereas in SAC-SMA + Snow-17 temperature is not a direct input: the perturbation

propagates through the Snow-17 rain/snow partitioning and melt, and through the Priestley–Taylor potential evapotranspiration,270

PET′ = PET(t′max,t
′
min, . . .), keeping radiation and the remaining PET inputs fixed.

To make the response comparable across models and catchments, we characterize it through the fractional change in the

streamflow signature relative to the unperturbed reference,

Λϕ
δP ,δT

=
ϕ
(
q̂δP ,δT

)

ϕ(q̂0)
, (6)
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where q̂0 is the simulated streamflow at reference conditions (δP = 1, δT = 0) and q̂δP ,δT the streamflow under the pertur-275

bation. This is the same within-model normalization used later for the CMIP6 experiments (Eq. (9)), so that each model’s

systematic bias cancels and only its response is compared. We report one scalar signature for this analysis: the mean, Λµ
δP ,δT

,

which summarizes the change in water volume expecting to produce a two-dimensional response surface exhibiting a non-linear

behavior.

Because the elasticity structure depends on the intra-annual catchment processes, a snow-dominated catchment responds280

to a temperature perturbation very differently in winter than during the summer, and differently against a rain-dominated

catchment. Using the test period (1 Oct 1989 – 30 Sep 1999) and 360-day perturbed input sequences, the response is evaluated

year-round, during summer and winter (July-September and January-March, respectively) together with the SAC-SMA +

Snow-17 benchmark. As in the CMIP6 experiments, the fractional change Λ of each deep learning model is contrasted against

that of SAC-SMA + Snow-17, therefore any unexpected behavior can be traced back to a specific perturbation regime. Because285

the deep learning models have no explicit representation of snow accumulation and melt, we expect their response to the

temperature perturbation to diverge most from the physics-based benchmark in snow-dominated catchments and during the

cold-season subsets.

2.5.2 Evaluation over testing period

The testing period is the same for all models, and spans from 1 Oct 1989 to 30 Sep 1999. Although it is a relatively short290

period, it is long enough to capture interannual variability in streamflow response. Following the Differential Split-Sample Test

(DSST) used in previous studies, the available period is organized by Hydrological Year (1 Oct y through 30 Sep y+1) and

categorized into wet, normal, and dry years based on the annual precipitation of that period, and cold, normal, and warm years

based on the annual mean temperature of that period. For this period, only 8 years are available to evaluate the robustness of the

models for the same dataset (1989-1999). The procedure is to select the 3 wettest and 3 driest years, and keep the remaining 2295

years as normal conditions. The evaluation is performed by computing the PBIAS of the models on the testing period, and then

comparing the PBIAS of the models on the wet and dry years against the PBIAS on the normal years. The PBIAS is computed

as follows:

PBIAS = 100 ·
∑n

t=1(q̂t − qt)∑n
t=1 qt

, (7)

where q̂t is the simulated streamflow at time t, qt is the observed streamflow at time t, and n is the number of time steps in300

the evaluation period. This section is the only one than compares the models against the observed streamflow, the following

sections compare the models against the SAC-SMA benchmark.
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2.5.3 Water-balance: the runoff ratio

PBIAS measures relative divergence between two models but is blind to whether either model’s projection is physically ad-

missible in absolute terms. As an independent plausibility check we compute the annual runoff ratio:305

RCc
y =

q̄ c
y

p̄c
y

, RCc =

y∑

i=1

RCc
i , (8)

where q̄ c
y is the mean annual streamflow and p̄c

y the mean annual precipitation (forcing bias-corrected with Daymet) in catch-

ment c for year y. RCc represents the runoff coefficient of the analyzed period. The runoff ratio is affected not only by the

model’s internal water balance, but also by the climate forcing, since pc is an input to the model. Also, other factors such as

PET and soil moisture storage can affect the runoff ratio. The RCc should not be constant through time, since it is affected by310

the climate forcing, but it should be consistent year to year, and consistent with the physics-based benchmark. The runoff ratio

was computed over the historical period of the bias-corrected GCM datasets to evaluate the effect of the correction over the

models. A physically consistent model must satisfy RC ∈ [0,1], unless there are inter-basin transfers or multi-decadal storage

trends, since runoff cannot exceed precipitation.

Although the runoff ratio varies from year to year, the mean runoff ratio over the historical period is a useful reference315

point. As a way to quantify the difference between the ML models and SAC-SMA over the historical period of the CMIP6

GMCM, we computed the mean runoff ratio over the historical period for each model and catchment, and compared it against

the SAC-SMA benchmark.

2.5.4 Fractional change relative to historical

Because each model carries its own biases, historical and future signatures are computed with the same model, so that model-320

specific bias cancels in the comparison. Robustness is then assessed by comparing each model’s fractional change in signatures

against that of SAC-SMA, taken as the weak benchmark.

For GCM (m), scenario (sce), period (per), and model architecture (DL or SAC-SMA), the fractional change is computed

as:

Λϕ
m,sce,per,model =

ϕ
(
q̂m,sce,per,model

)

ϕ
(
q̂m,hist,model

) , (9)325

where ϕ is a streamflow parameter, q̂m,sce,model the future-period simulated streamflow vector, and q̂m,hist,model the historical-

period simulated streamflow vector. The parameter ϕ can represent any signature, and for this study the period-mean streamflow

or the day-of-year climatology are evaluated, so that Λ can be evaluated on both. Hence, the fractional change Λ is a within-

model comparison between the historical and each SSP scenario and period. The fractional change Λ is therefore a measure of

the model’s response to non-stationary forcing, independent of its calibration skill.330
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2.5.5 Divergence from SAC-SMA: PBIAS-based robustness rating

To assess robustness, the DL-model response is compared against the SAC-SMA benchmark. The divergence is quantified by

the percent bias (PBIAS) of the DL-model fractional change relative to SAC-SMA,

PBIASϕm,sce,per,DL = 100 ·
(
Λϕ
m,sce,per,DL −Λϕ

m,sce,per,SAC-SMA

)
, (10)

expressed in percentage points. Note that this PBIAS is on fractional changes (Λ), not on flow magnitudes themselves; it335

measures how differently the DL model and SAC-SMA respond to the same climate forcing. Hence, the PBIAS is normalized

across catchments, independent of the flow magnitude.

There is no established threshold for the divergence of a climate-change signal between two models, so we define four

robustness bands ourselves. The cut points are chosen for interpretability and following the same vocabulary of Moriasi et al.

(2007) and Moriasi et al. (2015), but they are not taken from those studies as a validated criterion. The four robustness ratings340

are assigned as follows:

Table 1. Robustness rating based on PBIASϕ of the fractional change (Λ) relative to SAC-SMA.

PBIASϕ (%) Robustness rating

|x|< 5% very robust

5%≤ |x|< 10% robust

10%≤ |x|< 15% marginally robust

|x| ≥ 15% non-robust

These bands are a qualitative, interpretable scale, not a validated criterion. The Moriasi thresholds resemble were derived

for simulated-versus-observed streamflow during calibration, whereas here PBIAS measures a model-versus-model difference

in a fractional change signal (ΛDL −ΛSAC-SMA, in percentage points), for which no established threshold exists. The specific

values are therefore our own choice; the upper 15 % limit denotes a reasonable threshold to define if a model is robust or not,345

and the remainder limits add a qualitative interpretation to distinguish between these arbitrary levels. The thresholds are applied

to the absolute value of PBIAS, so that both over- and under-prediction relative to SAC-SMA are treated symmetrically.

A general robustness evaluation framework is agnostic to the choice of streamflow signature ϕ. In this study we focus

on two complementary signatures: (i) the period-mean streamflow, which collapses each future window to a single scalar

per catchment, and (ii) the day-of-year climatology, which resolves intra-annual timing and seasonality. The latter is more350

demanding, daily timing and hydrograph-shape differences accumulate over the year, and could be partially canceled in the

annual mean. We can expect that long term shifts are captured by the period-mean signature, but that the day-of-year signature

will reveal additional divergence in the timing and shape of the hydrograph. The two signatures are therefore complementary,

and both are evaluated in this study.
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2.6 Statistical assessment355

The fractional change (Λ) is a ratio, therefore it can take very large values when the historical flow in the denominator is close

to zero, as happens in arid catchments and on low-flow days of the day-of-year climatology. Its distribution is therefore far

from normal, which is a common feature of relative-change metrics in dry catchments (Anderson et al., 2024) rather than a

problem specific to this design. For this reason, we keep PBIAS for the robustness rating, but use rank-based statistics for the

analysis and report medians instead of means to avoid parameter inflation due to high-value outliers.360

To test whether the divergence from SAC-SMA depends on the deep learning architecture, the GCM, the future period

(Periods 1, 2 and 3), or the SSP scenario, we use the Kruskal–Wallis test (Kruskal and Wallis, 1952), a rank-based alternative

to ANOVA that does not assume the data are normally distributed or that the groups have equal spread (Brown and Forsythe,

1974). Because the dataset is very large, almost any difference comes out as statistically significant, consequently we focus

on the size of the effect rather than on p-values, using the rank-based effect size η2H = (H − k+1)/(n− k) of Tomczak and365

Tomczak-Łukaszewska (2014), where H is the Kruskal–Wallis statistic, k the number of groups, and n the total number of

observations. Differences between individual groups are then examined with Dunn’s test (Dunn, 1964; Dinno, 2015), using a

Benjamini–Hochberg correction to control the false discovery rate across the multiple pairwise comparisons (Benjamini and

Hochberg, 1995).

For each catchment, we run a Kruskal–Wallis test for each of the four factors in isolation and use the effect size η2H to370

measure how much of the divergence that factor explains, following the same idea used to separate the sources of uncertainty

in climate-projection ensembles (Chegwidden et al., 2019). The factor with the largest η2H is taken as the dominant one for that

catchment. This gives whether the architecture, the GCM, the period, or the scenario drives most of the divergence, which we

then map across the country.

3 Results375

3.1 Model performance on the CAMELS dataset

The performance of the evaluated models on the CAMELS dataset is summarized in Fig. 4, which shows the distribution of

the Kling–Gupta efficiency (KGE) scores for each model over the test period, allowing a direct comparison of their predictive

skill. Since the KGE jointly balances correlation, variability and volume bias (Eq. (1)), a higher score reflects an overall better

reproduction of the observed hydrograph rather than skill in a single component. The recurrent architectures achieved the best380

cumulative performance, with the LSTM, minGRU and Transformer reaching the highest median KGE (0.785, 0.778 and 0.778,

respectively), followed by the minLSTM (0.762). MLP-Mixer was the worst-performing model, with the lowest median KGE

(0.759). The SAC-SMA model, which serves as the physically-based benchmark, reached a median KGE (0.749) comparable

to the MLP-Mixer performance. The performance obtained for SAC-SMA in this study is higher than that previously reported

for the CAMELS dataset (Newman et al., 2015, 2017), which is likely due to the re-calibration of the model with the inclusion385

of the 5 super-parameters for the Snow Areal Depletion Curve (ADC).
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Figure 4. KGE distribution of the evaluated models on the CAMELS dataset. Median KGE is included in the legend.

3.2 Robustness evaluation

3.2.1 Perturbation experiments

Based on the stablished critera, a set of 18 catchments were selected with a mean KGE from 0.72 to 0.92. The perturbation was

applied to the evaluation dataset, which has 3 272 batches of 360-day periods, generating an output database of 395K modeled390

streamflow records for each catchment and model. Since the results are extensive, we are only including two catchments of

different regime in the main text to evidence the trend among the catchments and the importance of the snow process in the

streamflow response. The results of the remaining catchments are included in the Supplementary Material.

The two selected catchments are: gauge ID 10316500 (Lamoille CK NR Lamoille, NV. HUC-2 Great Basin Region) and

8025500 (Bayou Toro near Toro, LA. HUC-2 Texas-Gulf Region). The first catchment is a snow-dominated catchment, with395

a mean annual precipitation of 800mm and a mean annual temperature of 3.5 ◦C. The second catchment is a rain-dominated

catchment, with a mean annual precipitation of 1 450mm and a mean annual temperature of 17.5 ◦C.

Figure 5 shows the mean snow water equivalent, mean potential evapotranspiration, and mean fractional change for catch-

ments 10316500 and 8025500. In general, there are two trends: (i) and increase in precipitation leads to an increase in stream-

flow, and (ii) and increase in temperature leads to a decrease in streamflow. This behavior is consistent with the expected400

response of a catchment to climate change, although there is a caveat: the decrease in temperature leads to snowpack accu-

mulation, which leads to a decrease in streamflow. This happens in the snow-dominated catchment, where the snowpack plays

an important role in the streamflow response. In the rain-dominated catchment, the same decrease in temperature leads to a
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Figure 5. Mean snow water equivalent (SWE), mean potential evapotranspiration (PET), and mean fractional change (Λµ
δP ,δT

) for the

perturbation grid of precipitation and temperature. The star indicates the position of Λµ
δP ,δT

= 1 (δP = 1 and δT = 0).

marginal accumulation of snow (∼1 % of the snow-dominated catchment), which is not enough to affect significantly the

streamflow response.405

The seasonal analysis shows a completely different behavior (Fig. 6) for the catchment 10316500. As a remainder, each

perturbation is applied to the entire 360-day period for each streamflow record, then the effect of the temperature and precipi-

tation is affecting the previous modeled streamflow equally. During the winter, the streamflow response is minimal due to the

temperature, then any positive change in streamflow affects the modeled streamflow increasing this response several times.

During the summer, an increase in temperature leads to an anticipation of the freshet, reducing the streamflow response, while410

a decrease in temperature delays the freshet of spring. Both behaviors, although are opposite, are consistent with the expected

response of a catchment to climate change, as some authors have reported (Sha et al., 2024).

For the catchment 8025500, the seasonal analysis shows a similar behavior than the yearly mean analysis, with a slight

increase in streamflow during the summer, but following the same trend. Here, we demonstrate that the expected change in the

streamflow depends largely of the regime of the catchment due to the snow processes represented by the model SNOW-17, a415

process that is not represented in the other models.

Figure 7 shows the model comparison of the transects of the perturbation of each factor with the other one fixed at normal

conditions (δP = 1 and δT = 0) for catchment 10316500 and 8025500, respectively. There is some sort of agreement between
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Figure 6. Mean snow water equivalent (SWE), mean potential evapotranspiration (PET), and mean fractional change (Λµ
δP ,δT

) for the

perturbation grid of precipitation and temperature of catchment 10316500, split by season. The star indicates the position of Λµ
δP ,δT

= 1

(δP = 1 and δT = 0).

the models, exposing the same general trend of the fractional change, although the magnitude of the response is different. There

are several points to highlight:420

– For the snow-dominated catchment (10316500), when δP = 0 the DL models are exbhibiting a response up to ∼40 %

of the response compared with δP = 1, while SAC-SMA is exhibiting a response very close to 0 %. The DL models

assumes the snowpack is still present even after 360 days without precipitation, while SAC-SMA does not.

– Although the response turns close to a linear form after a threshold for the precipitation perturbation, the slope is different.

DL models show a lower the response with increased precipitation.425

– There is a large divergence of the response for the temperature perturbation, with the DL models exhibiting a response

that does not follow SAC-SMA behavior. In general, the curves trend are similar, but the magnitude of the response is

different, with the LSTM being the least sensitive and minGRU being the most sensitive.

– The precipitation perturbation is well represented by the DL models for the rain-dominated catchment (8025500), all

the models exhibit a response close to the SAC-SMA model with a δP = 0. There is a divergence with δP > 1, but the430

magnitude of the response is similar to the SAC-SMA model.
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Figure 7. Transects of the perturbation of each factor with the other one fixed at normal conditions (δP = 1 and δT = 0) for catchments

10316500 and 8025500. The origin on the dotted lines axes indicates the position of Λµ
δP ,δT

= 1 (δP = 1 and δT = 0). The dashed line

represents the precipitation perturbation in the same plot as a way to facilitate the comparison with the streamflow change

– For the temperature perturbation, the behavior is quite different for this catchment. Since this one does not build up

snowpack, the response of the temperature perturbation is closely linked to the change in the potential evapotranspiration.

The DL models exhibiting a response larger to the same temperature change than the SAC-SMA model.

All this evidence indicates that the DL models are not robust enough to mimic the behavior of the SAC-SMA model, due435

to the non-linearity of the response of the snow-dominated catchment and possibly overfitting on the temperature perturbation

for the rain-dominated catchment. In both cases, DL models exhibit deficiencies in the correct representation of the response

of the catchment to the perturbation of the factors.

3.2.2 CAMELS testing period

The available Hydrological Years (HYs) in the testing period were classified into wet, normal and dry years based on the annual440

precipitation, and into warm, normal and cold years based on the annual mean temperature. The classification was done by

computing the median of each category relative to the mean of the normal category, both in absolute and relative terms.The wet
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Figure 8. PBIAS of the evaluated models on the CAMELS dataset, by hydrological year classification

years had a median precipitation that was ∼15 % higher than the normal years, while the dry years had a median precipitation

that was ∼15 % lower than the normal years. The warm years had a median temperature that was ∼0.7°C higher than the

normal years, while the cold years had a median temperature that was ∼0.7°C lower than the normal years.445

Figure 8 shows the percent bias (PBIAS) of each model computed against the observed streamflow, across the wet, normal

and dry (and warm, normal and cold) hydrological-year classes. Because the models are here evaluated on year classes that

differ from the average conditions of the training period, a model that keeps its PBIAS close to zero across all classes can

be considered robust, since its bias does not depend on the climatic condition of the year. Overall, SAC-SMA stayed closest

to zero, while all the data-driven models shared a moderate negative bias of comparable magnitude (median PBIAS between450

-3.39 % and -7.13 %, being Transformer the model with the largest bias). Most of the data-driven models were more sensitive

to the precipitation classes than to the temperature classes: their negative bias get larger from dry to wet years and was smallest

in warm years, whereas SAC-SMA showed the opposite temperature response, turning slightly positive in hot years (median

+1.6 %). The largest PBIAS spread was achieved in dry and hot years, which is consistent with the fact that in these years

the available streamflow is lower, and every change in the streamflow has a larger impact on the PBIAS. SAC-SMA and the455

MLP-Mixer were the most stable across precipitation classes (median-PBIAS range of 0.9 and 1.8 %, respectively).
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3.2.3 Runoff coefficient on Historical period

The models were evaluated on the historical period of the NEX-GDDP-CMIP6 dataset, after the bias-correction. The historical

period, common to all GCMs, is used as a baseline to compare the future projections against, and it is also used to evaluate if

the models exhibit any systematic bias using a different dataset.460

Therefore, as an independent water-balance plausibility check, the mean runoff coefficient (Eq. (8)) was computed using

the modeled results and the CMIP6 GCM precipitation forcing bias-corrected with Daymet, and compared with the reported

static RC from CAMELS dataset (Newman et al., 2015; Addor et al., 2017). Fig. 9 shows the mean runoff coefficient separated

by model for every catchment, colored by the aridity index. The runoff coefficient followed the expected gradient with aridity

(Sankarasubramanian et al., 2001), with wetter catchments converting a larger fraction of precipitation into streamflow. SAC-465

SMA exhibits a good correlation between the Runoff Coefficient informed by the CAMELS dataset and the Runoff Coefficient

computed from the historical period of the NEX-GDDP-CMIP6 dataset, with a Spearman correlation of 0.964. This model

obtained an under-estimation of the RC coefficient for a set of catchments with low aridity index.

In the case of DL models, the Spearman correlation ranges between 0.875 to 0.949, for MLP-Mixer and LSTM, respectively.

For energy-limited catchments, with an aridity index < 1, the RC computed matches close to the reference RC. In contrast,470

water-limited catchments over-estimate the RC, exhibiting a larger fraction of precipitation converted to streamflow. It is

unclear if this over-estimation is driven by precipitation or temperature, although the perturbation experiments exposed higher

sensitivity in temperature for the rain-dominated catchment as exhibited for catchment id 8025500. More examples can be

found in the Supplementary Material.

3.3 Fractional change in mean streamflow475

Each model was evaluated on the historical period and on three future periods (Period 1: 2015–2045, Period 2: 2045–2070,

and Period 3: 2071–2100) for each of the six GCMs and four SSP scenarios. The fractional change in mean streamflow (Λ,

Eq. (9)) was computed for each of these factors, and the results are shown in Fig. 10. The median change was small across

all models and scenarios, with a median Λ of 0.974, indicating a small decrease in mean streamflow. The response varied by

scenario, deepening as the emission level increased: 0.992 (SSP1-2.6), 0.979 (SSP2-4.5), 0.965 (SSP3-7.0), and 0.956 (SSP5-480

8.5). Across periods the differences were minor (Λ of 0.977, 0.972 and 0.972 for Periods 1–3), with the largest departure from

the historical baseline occurring in Period 2.

The hydrological models generally agreed on the sign of the change within each scenario, but differed in its magnitude, with

the Transformer projecting the largest change (Fig. 10). This spread widened under the higher-emission scenarios, indicating

that model choice becomes more influential as the climate signal grows.485

3.4 Robustness evaluation under non-stationary conditions

After computing the fractional change in mean streamflow for each model, catchment, GCM, scenario, and period, the diver-

gence of the deep learning models from the SAC-SMA benchmark was evaluated using PBIAS (Eq. (10)). The results are
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Figure 9. Mean runoff coefficient for the historical period across the CMIP6 GCM dataset, by model and catchment. The color represents the
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Horizontal colored lines denote the 5 %-95 % percentile.

summarized in Fig. 11, showing the robustness rating of the deep learning models, aggregated by period and scenario. The
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Figure 11. Deep learning model robustness evaluation, by scenario and period

rating is derived from the divergence of each model’s fractional change from the SAC-SMA benchmark, classified into the490

four robustness bands defined in Sect. 2.5.5, thus a higher rating indicates that a model departs less from the physics-based

benchmark as the climate signal moves away from the historical conditions.

Interestingly, the ranking is broadly the reverse of the predictive-skill ranking of Sect. 3.1: The most robust model using the

mean divergence analysis is the Transformer, with 50.3 % of the catchment–scenario–period cases rated robust or very robust. It

is followed by minLSTM with 47.0 % of catchments under the same criteria. Transformer also showed the minimum divergence495

from the weak benchmark, with a PBIAS of -8.40 %. The LSTM and the minGRU—the best performers on the CAMELS test

period—were the least robust (42.3 % and 40.1 % of cases robust or very robust, and the largest mean divergence, -11.3 % and

-13.1 %, respectively). All models became markedly less robust as the projection period advanced from Period 1 to Period 3

and as the scenario intensified; under SSP5-8.5, for example, the fraction of robust or very robust cases fell from 62.7 % to 22.7

% for the minLSTM and from 54.9 % to 21.0 % for the LSTM. This degradation is consistent with the reported difficulty of500

data-driven models in extrapolating beyond the conditions seen during training (O et al., 2020; Wi and Steinschneider, 2022;

Baste et al., 2025).

3.5 Robustness in the day-of-year climatology

The results above collapse each future window–the combination of scenario and period–to a single scalar per catchment, hence

they capture shifts in the total volume of water but are blind to when that water arrives. This is a good way to summarize the505

robustness of the models in terms of the annual water balance, but it does not capture the seasonal redistribution of stream-
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flow that is projected under climate change, which is a key feature of the hydrological response to warming (Barnett et al.,

2005; Christensen and Lettenmaier, 2007). The day-of-year (DOY) climatology signature resolves this intra-annual timing and

seasonality, consequently we also evaluate robustness on this more demanding signature.

To resolve the above, the same fractional-change framework (Eq. (9)) is applied to the day-of-year (DOY) climatology510

signature: for every catchment the mean streamflow on each calendar day (1–366) is computed for the historical and each

future window, obtaining a fractional-change as Λdoy over the year instead of a single value. The per-day divergence of each

deep learning model from SAC-SMA (Eq. (10)) is then a function of the day of year. Fig. 12 illustrates the DOY climatology for

the most extreme case (SSP5-8.5, Period 3), averaged across catchments and GCMs. The physics-based benchmark projects

a pronounced increase in late-winter and early-spring streamflow (Λdoy ≈ 2.3 around day 22), the signature of an earlier515

snowmelt under warming, followed by a decrease through the summer. For the wrong reasons, Transformer is also the model

with the smallest departure from SAC-SMA. The PBIAS
doy

is -6.5 %, with a |PBIAS|doy of 40.9 %, not reproducing the

seasonal timing and showing a larger streamflow during the fall season. This increase compensates with the decrease during

the winter, resulting in the one with the smallest mean divergence. All the DL models show lower seasonal change during the

winter, with relatively a similar behavior. The differences among the DL models are exhibited during summer and fall seasons.520

For this extreme case, the model with the smallest |PBIAS|doy is LSTM, with a magnitude of 34.2 %, followed by minLSTM

with 35.9 %. Examples for individual catchments (the 18 selected) are included in the Supplementary Material, for the first

period and lowest emissions and the third period ans highest emissions scenarios. In most of the cases, the response of the DL

models are similar to the averaged behavior presented in Fig. 12.

In terms of robustness, the DOY signature is more demanding than the mean signature because it resolves the intra-annual525

timing of streamflow. On this more demanding signature the robust-or-better share collapses for every architecture: fewer than

4 % of the catchment–scenario–period cases are rated robust or very robust (MLP-Mixer 2.9 %, LSTM 3.4 %, minLSTM

3.2 %, minGRU 3.9 % and Transformer 3.9 %), with median |PBIASdoy| between 23 % and 27 %. An agreement on annual

volumes does not imply agreement on the seasonal timing of streamflow.

3.6 Statistical assessment530

The assessment used the 199 440 PBIAS values obtained from the combination of 554 catchments, 5 architectures, 6 climate

models, 4 scenarios and 3 periods. A per-catchment Kruskal–Wallis test was applied to determine which factor—architecture,

climate model, scenario or period—had the largest rank-based effect size η2H on the PBIAS, in the spirit of uncertainty parti-

tioning for climate-impact ensembles (Chegwidden et al., 2019).

Taking, for each catchment, the effect sizes of the four factors from the Kruskal–Wallis test and the rank-based effect size η2H ,535

the dominant driver of the divergence from SAC-SMA is shown in Fig. 13, which maps the dominant factor across CONUS.

The deep learning architecture was the dominant source of variability in most catchments 45 % (247 of the 554 catchments),

followed by period with 33 % (182 catchments), and the GCM 23 % (125 catchments); the SSP scenario was never the

dominant factor. This indicates that, at catchment level, the deep learning architecture is the main driver of divergence from

the physics-based benchmark, rather than the climate forcing in close to half of the cases. The effect of the architecture is540
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Figure 12. Day-of-year climatology fractional change Λdoy (top) and per-day divergence from SAC-SMA (PBIASdoy, bottom) under SSP5-

8.5, Period 3, averaged across catchments and GCMs.

Figure 13. Per-catchment Kruskal–Wallis factor with maximum η2
H . Sources: US Census Bureau, USGS, ESRI World Imagery.

particularly pronounced in the west coast catchments. In the arid catchments of the southwest, the GCM is the dominant factor,

which is consistent with the fact that these catchments are more sensitive to precipitation than to temperature. Period was a

common dominant factor in the Applachian region and areas close to it.
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Figure 14. Kruskal–Wallis shared η2
H agreggated at HUC level. Sources: US Census Bureau, USGS, ESRI World Imagery.

To summarize the effect in a more interpretable way, the shared η2H was agregated at Hydrologic Unit Code to show the

individual effect of each factor. The results in Fig. 14 shows the mean shared η2H by HUC, to highlight the spatial distribution545

of the effect of each factor.

The HUC with the largest mean shared η2H for the architecture is HUC 17 (Pacific Northwest Region), with a share of 65.6

% of the total effect, followed by HUC 18 (California Region) with 61.1 %. The GCM has the largest mean shared η2H in HUC

9 (Souris-Red-Rainy Region), with a share of 57.0 %, followed by HUC 16 (Great Basin Region) with 54.4 %. The period

has the largest mean shared η2H in HUC 2 (Mid Atlantic Region), with a share of 45.0 %, followed by HUC 5 (Ohio Region)550

with 43.3 %, both are located in Appalachian region. The scenario has the smallest mean shared η2H across all HUCs, with a

maximum of only 11.5 % in HUC 1 (New England Region).

Each HUC has a different dominant factor, but also a different forcing signal. Since the forcing signal is not uniform across

the country, it is expected that the effect of each factor will also vary spatially. Since the scope of the current work is to evaluate

the robustness of the deep learning models, we focus on the effect of the architecture, but to give a context of the forcing signal,555

here a summary of the two main forcing factors is presented (summarized by HUC code):

– Precipitation: all HUCs presented a higher precipitation in the scenario SSP1-2.6, with a mean increase of 6.6 % across

the country, ranging from +1.6 % (HUC 18, California Region) to +11.5 % (HUC 5, Ohio Region). There are divergences

from the scenarios SSP2-4.5 to SSP5-8.5. In the scenario with highest emissions, the HUCs 12, 13 and 18 exhibited -2.5

%, -1.2 % and -0.7 %, respectively. On the other hand, the HUCs 1, 6 and 16 presented a precipitation of ∼+14 % (+14.3560

%, +13.6 % and +13.5 %), exposing the differences across scenarios and HUCs, although the scenario factor was the

one with the least effect. In the same scenario, the change between periods is increasing in most of the cases—with the

exception of the HUCs mentioned before—going from a country-wide mean of +3.4 % in Period 1 to +7.7 % in Period 3;

by the last period the mean increase ranges from +6.6 % in the scenario SSP1-2.6 up to +7.7 % in the scenario SSP5-8.5.
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– Temperature: The temperature dynamic is more straightforward to track, with a clear increase in temperature across all565

HUCs and scenarios. The mean increase is +2.1°C in the scenario SSP1-2.6, +2.9°C in the scenario SSP2-4.5, +3.8°C

in the scenario SSP3-7.0, and +4.7°C in the scenario SSP5-8.5, considering the increase from the historical period to the

last period. The HUCs 9, 4 and 1 are the ones with the largest increase in temperature, with +5.7°C, +5.5°C and +5.3°C,

respectively, in the scenario SSP5-8.5.

4 Discussion570

4.1 Deep learning against process-based benchmarks in large-sample hydrology

A standard protocol in rainfall-runoff modeling is to benchmark the data-driven models against a calibrated conceptual model

over a large sample of catchments. The physically based reference for the CAMELS sample was established by Newman et al.

(2017), who documented the skill of SAC-SMA and other conceptual models across the contiguous United States, which later

on was used by Kratzert et al. (2018) to show that a LSTM can match or exceed a per-basin calibrated SAC-SMA+Snow-17.575

Multiple benchmarks have been developed with this approach (Klotz et al., 2022; Liu et al., 2024, 2025), including metrics

like NSE, KGE and upper/lower performance benchmarks (Gupta et al., 2009; Seibert et al., 2018), and datasets (Addor et al.,

2017; Newman et al., 2015; Clerc-Schwarzenbach et al., 2024). All these community efforts are based on the assumption that

the data-driven models are able to capture the physical processes that are not explicitly represented in the conceptual models,

and that the data-driven models are able to learn the relationships between the input and output variables.580

The approach of training Deep Learning models for a single catchment, similar to the approach followed by physics-based

models, was adopted initially by Kratzert et al. (2018), which later transitioned to regional training, extending data-driven

models to ungauged basins (Kratzert et al., 2024). LSTMs trained jointly on hundreds of basins learn transferable, regionally

coherent behavior (Kratzert et al., 2019c) and outperform locally calibrated conceptual and process-based models even in

ungauged conditions (Kratzert et al., 2019b; Arsenault et al., 2023), requiring large and diverse training samples (Gauch et al.,585

2021; Kratzert et al., 2024; Clerc-Schwarzenbach et al., 2024).

4.2 Robustness evaluation

For testing the reliability of data-driven models, three different approaches have been taken in this work. The first applies

controlled forcing perturbations (uniform temperature offset and multiplicative precipitation scaling) inspecting the resulting

change in streamflow (Wi and Steinschneider, 2022, 2024; Martel et al., 2025). The second approach follows the differential590

split-sample test (DSST) of conceptual hydrology, training on one hydroclimatic period and validating on a contrasting one

(Natel de Moura et al., 2022; Behfar et al., 2024; Bohl et al., 2026), but with a limited set of hydrologic years in this case, as

an initial exploration of model robustness. The third one utilizes the trained models with downscaled Global Climate Model

(GCM) projections under emission scenarios and evaluates the divergence of the projected streamflow (Singh et al., 2023;

Ullah et al., 2023; Kartal, 2024; Wei et al., 2025). Each approach provides a different insight: the dependence of the changes595

26

https://doi.org/10.5194/egusphere-2026-5707
Preprint. Discussion started: 27 October 2026
c© Author(s) 2026. CC BY 4.0 License.



in temperature and precipitation of the perturbation experiments, the contrasted-climate behavior of the second one, and the

applycation of a long and projected non-stationary condition of the third one.

As a complementary plausibility check, the runoff coefficient was computed using the bias-corrected GCM datasets to

identify any systematic bias using the models trained with CAMELS dataset. In general, the agreement between the runoff

coefficient observed and computed from this study is good. Only catchments with high aridity index exhibited a positive600

systematic bias, mostly related with the high sensitivity to precipitation and the possible over-fit identified from the perturbation

experiments.

4.2.1 Robustness under controlled perturbations

The perturbation experiments, like the one presented here, are the most direct probe of physical realism, and they are able to

expose the physical limitations of the data-driven models. The results show that the data-driven models reproduce the main605

hydrological responses reasonably well, even those not explicitly represented in the conceptual model. However, their lack

of an explicit process characterization remains a fundamental limitation. This is particularly evident in the snow-dominated

catchments, where the data-driven models are not able to reproduce the first-order response of SAC-SMA + Snow-17, creating

a ghost snowpack and a wrong precipitation response. In the case of the rain-dominated catchments, the data-driven models

exhibited a more reasonable response for the precipitation, but the temperature perturbation exhibited a larger streamflow610

reduction than the Priestley-Taylor evapotranspiration pathway inflicts on the SAC-SMA + Snow-17 response. Although the

two most important factors that drive streamflow were tested, and after finding the over-sensitivity of the data-driven models

to temperature, is still unclear if the other forcings are generating over-fitting behaviors that are outside the expected behavior

of the data-driven models, but that is outside the scope of the current work.

The results obtained from the perturbation experiments are consistent with other studies that have explored the physical615

realism of the data-driven models. Wi and Steinschneider (2022) showed that the LSTM trained on 15 Californian watersheds

was able to reproduce the expected shift toward more winter runoff, but in several basins it projected an unrealistic increase

in the runoff coefficient that HYMOD, SAC-SMA, and VIC did not. Wi and Steinschneider (2024) found that the LSTM

constrained to respect the PET-evaporation relationship (MC-LSTM-PET) corrected the excessive water loss under warming

with an energy-budget PET. Cen et al. (2026) reported that purely data-driven LSTMs give physically implausible projections620

in warming cases in the Pearl River Basin, wrongly interpreting a temperature rise as a runoff-generating signal. These studies

show that in-training accuracy does not guarantee a reasonable extrapolation.

4.2.2 Robustness under CAMELS testing period

The split-sample test results are consistent with other studies that have explored the robustness of the data-driven models under

contrasted climate conditions. Bohl et al. (2026) trained LSTM, HBV, and differentiable hybrid models on a cold 1960-1990625

period and tested them on a warmer 2000-2023 period; the LSTM was the most accurate but had the largest performance drop

and an over-sensitivity of mean and high flows to temperature that the other models did not presented. Natel de Moura et al.

(2022) found the same in six snow-influenced Swiss catchments where the performance of the LSTM was similar or worse
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than the conceptual model benchmark, while the later one requires less data to achive that skill. In the same line, Behfar et al.

(2024) found conceptual models to outperform a data-driven model under the DSST scheme in the Meuse basin. Our contrasted-630

climate perturbation over the CAMELS testing period reproduces this ordering: SAC-SMA stayed closest to zero bias across

the wet, dry, warm, and cold hydrological-year classes, while all five data-driven architectures shared a moderate negative bias

that grew from dry to wet years and was largest in dry and warm years. The largest penalty falls in the snow-dominated regime

regions, which our statistical assessment identifies the architecture, not the climate forcing, drives the divergence from the

physics-based benchmark.635

4.2.3 Robustness under climate-change projections (NEX-GDDP-CMIP6)

This study is one of the few that evaluates the robustness of the data-driven models under climate-change projections. The

results indicated that a good skill in the calibration period does not guarantee a good skill in the projection period, which has

been reported in other studies (Martel et al., 2025; Natel de Moura et al., 2022). The results also showed that the data-driven

models are able to reproduce the expected shift toward more winter runoff, but the magnitude differs from the physics-based640

benchmark.

On the mean-flow signature, the data-driven models diverged systematically toward lower streamflow than SAC-SMA as the

climate signal intensified, showing a similar result of the excessive water loss of Wi and Steinschneider (2024). Because our

metric is a within-model fractional change, this reflects each architecture’s response to the forcing, not its static historical bias.

Overall, the divergence widened with the strength of the climate signal, in line with the changes projected for these regions,645

reducing the robustness of the data-driven models trough the time (Vano et al., 2012; Martel et al., 2025).

Almost all of the robustness studies above evaluate a single architecture (LSTM), therefore they cannot separate robust-

ness that is intrinsic to the data from robustness that is a property of the architecture. Interestingly, the results show that the

predictive-skill order on the CAMELS test period is broadly reversed in the mean-signature robustness order, with the LSTM

and minGRU the most accurate yet least robust, while Transformer was the model with the highest overall robustness. This is a650

direct argument for evaluating multiple architectures whenever robustness, not just accuracy, is the goal. The multi-architecture

design also introduces the newer models in context: the Transformer shows the smallest mean-signature divergence from SAC-

SMA (-8.40 %), had until now been assessed in hydrology mainly for accuracy (Liu et al., 2024, 2025) rather than for climate

robustness. Hence the architecture, not the GCM or the scenario, is the dominant driver of divergence in 45 % of catchments,

which is a direct argument for evaluating multiple architectures whenever robustness is the goal.655

The use of data-driven models for climate-change projections is a growing trend, but the lack of a physics-based benchmark

is a concern. Some studies have reported future streamflow for specific basins using data-driven models without a strong

intercomparison to a physics-based benchmark (Singh et al., 2023; Chanda et al., 2024; Ullah et al., 2023; Kartal, 2024;

Nguyen et al., 2023; Sha et al., 2024; Wang et al., 2025). Our results suggest that a calibration-period skill score is not enough

to trust such projections, and that a within-model comparison against a physics-based benchmark, as used here, is a low-cost660

safeguard these workflows could adopt.
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Even when some architectures exhibited robustness, the results showed that the seasonal timing of streamflow is not well

reproduced by the data-driven models. The physical benchmark shows a clear shift toward earlier snowmelt and a compensating

summer decline of a warming climate, which is not well reproduced by the data-driven models. The results are even more

surprising considering that the Transformer, the strongest model on skill and mean-flow robustness, is the weakest on seasonal665

timing, departing from the physical benchmark during different seasons in both directions. These divergence of predictions is

summarized by a absolute bias of 40.9 %, while the mean bias is -6.5 %. Under the robustness metric proposed in this study, this

model is still the most robust, by the wrong reasons. Recurrent architectures exhibited a lower absolute bias (LSTM with 34.2

%), exhibiting a permanent negative bias, which gets more negative during the winter. This split between volume robustness

and timing robustness is invisible to annual signatures, and it directly affects the flood-forecasting, reservoir-operation, and670

irrigation applications for which the timing of streamflow, not just its annual total, is the decision-relevant quantity.

The statistical assessment results are consistent with other studies that have explored the robustness of the data-driven models

under contrasted climate conditions. Martel et al. (2025) showed that an LSTM trained on 148 catchments has a less credible

climate sensitivity than a continental LSTM trained on 1000 catchments spanning the study domain’s future climate zones,

and concluded that the continental model is better suited to climate-impact studies. Natel de Moura et al. (2022) found that675

a longer calibration series improves LSTM transferability. Increasing the sample size and the hydroclimatic diversity of the

training sample could help to improve the robustness of the data-driven models, and that would require either extending the

training period, or increasing the number of catchments in the training sample. The first option, extending the training period,

is the most feasible option since the catchments present in the CAMELS database represents areas with minimal human impact

and low complexity, therefore the addition of more catchments with more complexity and human impact would either require680

a larger training sample.

4.2.4 Strengths and limitations

Where the training sample cannot be extended, the use of physical constraints offers a way to improve the robustness of

the data-driven models. Differentiable process-based models keep the accuracy of deep networks while guaranteeing mass

conservation and a full set of diagnostic variables. Feng et al. (2023) showed this approach surpassing LSTM in ungauged685

basins and giving more credible decadal trends. In the same way, the MC-LSTM-PET of Wi and Steinschneider (2024), the

physics-encoded LSTM of Cen et al. (2026), and the differentiable hybrid of Bohl et al. (2026) all recover physically admissible

warming responses that their purely data-driven versions fail to produce. Our study uses only purely data-driven architectures,

thus it cannot test these approaches directly.

Against this body of work, the present study offers four methodological strengths. First, it evaluates five architectures from690

three model families under one training, calibration, and evaluation protocol, hence that differences in robustness can be

attributed to the architecture rather than to the setup. Second, it drives the models with a spatially coherent, bias-corrected

six-GCM, four-SSP ensemble rather than idealized offsets, consequently the forcing is internally consistent while spanning a

wide range of climate signals. Third, the within-model fractional-change design removes each model’s static historical bias,

thus the metric isolates the response to the climate signal and is not confounded by calibration skill (unlike direct-projection695
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studies that compare absolute flows). Fourth, the evaluation is resolved both spatially, over 554 CONUS catchments with an

explicit partitioning of the sources of divergence, and temporally, on both the annual-mean and day-of-year signatures, which

together expose the volume-timing split that single-signature assessments miss.

These strengths come with limitations. The central one is shared with the whole field: future streamflow cannot be ob-

served, hence robustness can only be judged against a benchmark that is itself imperfect under non-stationary forcing, since a700

conceptual model calibrated on the historical period carries its own structural and parameter drift into the projection (Coron

et al., 2012; Thirel et al., 2015). SAC-SMA + Snow-17 is a defensible but not infallible reference, and it receives temperature

only through PET and snow partitioning while the data-driven models get raw temperature directly, an asymmetry that may

inflate the apparent divergence in snow-dominated catchments. The robustness bands are an interpretable but arbitrary conven-

tion, the CAMELS testing window used for the contrasted-climate perturbation is short, and the analysis is limited to purely705

data-driven, lumped models, therefore it neither tests the hybrid and physically constrained architectures proposed as remedies

nor addresses distributed or ungauged settings. Finally, the ensemble samples six GCMs rather than the full CMIP6 archive,

therefore the GCM contribution to the divergence, though never dominant here, is likely a lower bound, and the statistical bias

correction does not fully remove systematic error: a residual bias can persist (Cannon et al., 2015; Sofokleous et al., 2025) and

propagate into the projected signatures.710

5 Conclusions

In this study, we presented a robustness assessment following multiple approaches and deep learning architectures for stream-

flow simulation under climate-change projections for 554 catchments across CONUS. Using a within-model fractional change

metric, we isolated each architecture’s response to the forcing with its systematic bias across six GCMs, four SSP scenarios,

and three future periods. SAC-SMA coupled with Snow-17 was used as physical benchmark, and the within-model metric was715

compared with the process-based model to establish the robustness property of each deep learning architecture.

We observed that a high skill score over the calibration period does not guarantee a high robustness in non-stationary

conditions. For example, LSTM, the model with the highest KGE (median of 0.785) is the least robust for the period-mean

streamflow, while Transformer showed the highest robustness for this signature. The data-driven models are able to reproduce

the shift in seasonality for the day-of-year climatology, although the timing and magnitude depart drastically from the process-720

based benchmark. This departure is amplified for the most extreme case (scenario SSP5-8.5 and period 2071–2100), showing

that the average robustness of all data-driven models is marginal under this signature evaluation. This signature also exposed

the reason of the Transformer’s robustness, showing that a compensating of the winter’s lower predictions is compensated by a

higher predictions of the summer streamflow, indicating that a multi-approach evaluation is recommended to fully understand

the the divergence between models. To complement the previous statement, the perturbation analysis helps us to understand the725

DL models’ behavior if the main forcing that explain streamflow process generation are altered (precipitation and temperature).

The observed response in the selected catchments exhibited unrealistic responses for the DL models—such as ghost snowpack
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when the precipitation is forced to 0 for a snow-dominated catchment or and over-fit to temperature for the rain-dominated

catchment—and when the response was similar then the process-based model, the elasticity of those models differed.

The results indicates that the selection of a data-driven rainfall-runoff hydrological model based on accuracy alone, to be used730

to evaluate climate projections for a single architecture without a physical reference, is not necessarily reliable. We recommend

that: (i) evaluate multiple architecture rather than using the default LSTM, (ii) use a within-model comparison for comparing

the projected signals with a process-based benchmark, and (iii) report timing-based signature alongside with volume-based

ones, as the period-mean complemented with day-of-year presented here. Finally, robustness could be improved extending the

training period and including more catchments to improve the process representation of the data-driven models, as has been735

demonstrated with previous studies.
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Figure A1. Areal Depletion Curve (ADC) of 4 different shapes described in SNOW-17 documentation, recreated with the ADC equation

(Eq. (A1))

Appendix A: Appendix A

To calibrate the Snow Areal Depletion Curve (ADC), we used a two-Beta CDF ensemble with a weighting parameter as

follows:

ADC = ω ·B1(α1,β1)+ (1−ω) ·B2(α2,β2) (A1)740

where B1(α1,β1) and B2(α2,β2) are two Beta CDF distributions with shape parameters α1,β1 and α2,β2, respectively, and ω

is a weight parameter that controls the contribution of each distribution to the overall ADC. This equation is able to represent

4 different shapes of the ADC, as described in the documentation of SNOW-17 (Anderson, 1973), and is illustrated in Fig. A1.

The calibration of these super-parameters (α1,β1,α2,β2, and ω) allows a more flexible representation of the snow areal

depletion curve, which can improve the model’s ability to capture the snowmelt dynamics in different catchments, and also,745

reduces the number of parameters to fit (Snow-17 uses 11 parameters to define the shape of the ADC curve).

The search of optimal fit for each super-parameter was conducted by the ranges presented in Table A1.
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Table A1. Lower and upper limits for the ADC optimal parameter search.

Parameter Lower limit Upper limit

α1 0.3 5.0

β1 0.3 5.0

α2 0.3 5.0

β3 0.3 5.0

w 0.0 1.0
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Code and data availability. The data to reproduce the results of this study are provided in https://doi.org/10.4211/hs.9ff1c91ad7234bb8

a8edbdde4e30bff3 (last access: 25 September 2026), includig: (i) The model performance skill for inividual models; (ii) the SAC-SMA +

Snow-17 re-calibrated parameters; (iii) the DL model files, (iv) Λ and PBIAS for the signatures evaluated, (v) mean forcing and streamflow750

for each model by hydrological year. The code to train and execute the DL models is available in https://github.com/aldotapia/Rainfall_Ru

noff_DL_Robustness (last access: 25 September 2026)
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