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Abstract 20 

This study examines streamflow simulations using deep learning (DL) to: (1) Understand why 21 

global DL models trained on multiple watersheds outperform local DL models trained on single 22 

watersheds, given the watershed uniqueness hypothesis and (2) Improve recession flow simulation 23 

accuracy. It introduces a novel global-local (GL) modeling strategy, where global model outputs 24 

are fed as input to a locally trained model, with the hypothesis that this strategy can leverage both 25 

global and watershed-specific information. GL models demonstrate enhanced accuracy in 26 

recession flow prediction for 30% of the watersheds compared to global and local models. 27 

However, considering the entire hydrograph, GL models often perform worse than the global 28 

model. Our results suggest that watershed uniqueness play a significant role in the performance of 29 

global models, suggesting that even global LSTM models should be tailored to individual 30 

watersheds. 31 

Plain language summary 32 

This study presents a new way to generate computer simulations of streamflow by using deep 33 

learning methods. The main idea is to use a learning model to extract information from many 34 

different watersheds and to also learn unique details of each watershed. An example of unique 35 

details include errors in data (rainfall and streamflow) that are watershed specific. This new 36 

approach improves the accuracy of streamflow predictions in some watersheds during recession 37 

post-rainfall, but it does not work as well across entire history of streamflow in which case a model 38 

built with information from all watersheds is superior. We hypothesized that watershed 39 

uniqueness, for example, in the form of the errors in measuring the rainfall and streamflow data, 40 

have a large impact on performance of the different models. Models trained with data from many 41 

watersheds are not as affected by these errors as strongly as models trained with data from just one 42 

watershed. This study shows the importance of accounting for errors in the data when building 43 

computer simulations of streamflow. 44 

1. Introduction 45 

 Several rainfall-runoff models have been used for streamflow simulation including 46 

conceptual and process-based (PB) hydrological models (Singh, 1995), statistical time series 47 

models (Beven, 2011), machine learning (ML; Govindaraju, 2000) including deep learning models 48 

(DL; Shen & Lawson, 2021). For any approach, model parameters must be calibrated/trained to 49 

match the model output with the available data which is typically streamflow time series. Each 50 

watershed is unique with respect to details of the rainfall-runoff processes and in terms of errors 51 

in hydrological data (Beven, 2000, 2020). In the context of rainfall-runoff modeling, hydrological 52 

data include meteorological data such as precipitation and temperature, streamflow data and 53 

watershed static attributes. Because of the uniqueness of place, it is a common practice to calibrate 54 

rainfall-runoff models on data available within a single watershed where predictions are required. 55 

  A DL model trained on data across multiple watersheds (referred to as a global model in 56 

this study) typically outperforms DL models trained on single watersheds (referred to as local 57 

models; Nearing et al., 2021; Li et al., 2022). One reason that global DL models outperform the 58 

locally calibrated DL models may be the extra hydrological information available to the global DL 59 

models through data across different watersheds (Kratzert et al., 2019; Gauch et al., 2021; Nearing 60 

et al., 2021). Another reason for the improved performance may be that local, watershed-specific, 61 
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nonstationary errors in hydrological data can degrade the performance of local DL models because 62 

a local DL model will fit these systematic errors while the global DL model will average out these 63 

errors (Beven, 2023).  In this paper, the term nonstationarity is used in the sense discussed by 64 

Beven (2016). According to this definition, a given time series can be treated as nonstationary if 65 

its statistical properties change with time or its length is too small to robustly estimate the statistical 66 

properties. For example, errors associated with 3-10 return-year event may not be well 67 

characterized by 10-20 years of calibration data. Presence of nonstationarities in the residuals 68 

between observed and model predicted streamflows is well established in hydrological community 69 

(Nearing, 2014; Smith et al., 2015; Ammann et al., 2019). 70 

Ideally, a DL model would extract all the information about streamflow from the available 71 

data. In practice, however, this may not happen because of uniqueness of watersheds. For example, 72 

the choice of model hyperparameters can significantly affect the amount of information extracted 73 

from the training data of a watershed. Therefore, one can expect the residuals between observed 74 

and global model-predicted streamflow would have some systematic structure, at least for some 75 

watersheds. In this study, we investigate whether there is any learnable structure in these residuals. 76 

To this end, we propose a simple strategy that combines global and local modeling approaches to 77 

predict streamflow. The benefit of this strategy is that streamflow simulations can be more accurate 78 

than the ones simulated by a global model if there is any watershed-specific learnable structure in 79 

the residuals. Thus, the first objective of this study was to test a new DL modeling strategy to 80 

combine global and local information for streamflow simulation, that can take advantage of both 81 

the ability of a global model to generalize across variability in multiple watersheds and the 82 

potential information available in the form of local errors in the hydrological data of a watershed. 83 

The proposed DL strategy is an attempt to extract meaningful information from the residuals 84 

between observed streamflows and the global model-predicted streamflows. Specifically, this 85 

study (1) provides insight into why the global DL models perform better than the locally trained 86 

DL models, and (2) explores whether the streamflow simulation performance can be improved by 87 

the global-local strategy. 88 

Previous studies have focused on the prediction of entire streamflow hydrographs using 89 

ML/DL (e.g., Ma et al., 2021; Li et al., 2022). This may result in suboptimal predictions of the 90 

recession flows (Knoben et al., 2020; Gupta, 2024). Therefore, the second objective of this study 91 

was to explore separate modeling of recession flows and full hydrograph. 92 

2. Deep learning (DL) models 93 

A long short-term memory (LSTM) network is used as the basic DL model as it has been 94 

shown to yield state-of-the-art performance in streamflow simulations (Nearing et al., 2021). 95 

Details of the LSTM can be found in Kratzert et al. (2019) and Goodfellow et al. (2016). A single 96 

LSTM layer with 128 neurons was used in this study. Four types of models were trained (Figure 97 

1): (1) A separate model for each watershed such that streamflow in a watershed was predicted 98 

using the LSTM model trained only on data from that watershed (local model) (2) Trained using 99 

data from all the watersheds (global model), (3) A combination of global and local models where 100 

the output of a global model is appended with meteorological data and is passed through a local 101 

model (GL0 model), and (4) a combination of global and local models where the output of the 102 

global model is used as the sole input to the local model (GL1 model). The difference between 103 

GL0 and GL1 models is that meteorological data are (not) fed to the local component in GL0 104 
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(GL1) model. This allowed us to test whether the remaining information in the residuals between 105 

global model predicted and observed streamflows is dependent upon the meteorological data. In 106 

Figure 1, the symbol 𝑋𝑡 denotes the meteorological data varying with time 𝑡 including 107 

precipitation, minimum and maximum temperatures, vapor pressure, and solar radiation. The 108 

symbol 𝑆 denotes static attributes (see Addor et al., 2017a) including soil and geological properties, 109 

topographical data, and the long-term climate of a watershed. The symbol 𝑘 denotes the length of 110 

past meteorological data used as input to the LSTM. Further, each of the four models was trained 111 

separately using data for both the entire hydrograph and data for recession flows only. Recession 112 

flows were defined as the flows during which rainfall was below 0.1 mm/day, beginning at least 113 

three days after the preceding peak streamflow (see Figure S1 in supplementary information (SI)).  114 

The value of 𝑘 was set to 365 days for the ‘entire hydrograph models’ and 60 days for the 115 

‘recession flow models’. The value of 𝑘 = 60 day was deemed sufficient for recession flows as 116 

increasing it further did not improve the performance. Kim et al. (2023) used 𝑘 = 10 where they 117 

considered a single watershed for recession flow modeling.  In this study, Nash-Sutcliff Efficiency 118 

(NSE; Nash & Sutcliffe, 1970) in the form suggested by Kratzert et al., (2019) was used as a 119 

performance metric and the objective function to be maximized during model training. Other 120 

LSTM hyper-parameters used in this study are described in the Text S2 (SI). The performance of 121 

the models was also assessed using Kling-Gupta efficiency (KGE) but the results were quite 122 

similar to the ones with NSE values; therefore, KGE results are shown in SI (Figures S2 and S3) 123 

only. Further, the models were also trained using normalized mean absolute error (NMAE, see Eq. 124 

(S1) in SI) as the objective function, these results are also shown in SI (Figures S5 and S6). The 125 

separate models for recession flow periods were trained by giving a weight of 1 to all the recession 126 

flow time steps and a weight of 0 to other time steps. The training period for all the models was 127 

1980-1989 water years, the validation period was 1990-1994 water years, and the testing period 128 

was 2001-2013 years.  Simulated daily mean streamflow is the output of each model. 129 

3. Data 130 

The Catchment Attributes and Meteorology for Large Sample Studies (CAMELS; Addor 131 

et al., 2017a, 2017b; Newman et al., 2014, 2015) dataset was used to develop different models. 132 

The CAMELS dataset contains daily timescale hydrometeorological and catchment attribute data 133 

from 671 watersheds across the USA (Addor et al., 2017a). All the CAMELS watersheds are free 134 

of anthropogenic disturbances (Kratzert et al., 2019); therefore, the results and conclusions 135 

presented in this paper are not influenced by these disturbances. In this study, 210 watersheds that 136 

were primarily driven by rainfall were used. These 210 watersheds (see Figure 4 below) cover 137 

most of the geographical regions of the USA and have different hydroclimatic conditions. 138 

The global model was trained on training data from all the 210 watersheds that was then 139 

used to predict streamflow for all the watersheds in the testing period. Local models were trained 140 

on data from individual watersheds: Each local model was trained on training data from a single 141 

watershed and was used to predict streamflow in the testing period only in that watershed. 142 

Similarly, there were 210 GL0 and GL1 models, one GL0 and GL1 model for each watershed. 143 

 144 
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 145 

Figure 1. Illustrative description of the four models. 𝑄𝑡 denotes the final predicted streamflow in 146 

all the models and 𝑄𝑡,…,𝑡−𝑘
g

 denotes the streamflow predicted by global models in the two global-147 

local (GL) models at current time-step and past 𝑘 time-steps. See the main text for the 148 

description of other symbols. 149 

4. Comparison of model performance 150 

 Global models outperformed the other three models in predicting the entire hydrograph 151 

(Figures 2a and 2b). Local models performed the worst; the GL0 and GL1 models performed better 152 

than the local models. In most watersheds, the global model outperformed the local models, below 153 

the 1:1 line in Figure 2c, but there were a few watersheds for which the local models were better. 154 

GL0 and GL1 models performed similarly to the global model for a large number of watersheds 155 

(Figures 2d and 2e) but performed worse in several others. The GL1 model performed slightly 156 

better than GL0 model for most of the watersheds, with a significant difference in performance for 157 

a few watersheds (Figure 2f). These results indicate that the global modeling strategy is the best 158 

(or at least as good as other strategies) for nearly all watersheds when the model is trained for the 159 

entire hydrograph and evaluated using NSE. However, it is important to note that local and GL 160 

models did perform better than the global model for a few watersheds, implying that the global 161 

model could not extract all the available information during the training phase. 162 
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Figure 2. Entire hydrograph models. (a) Cumulative distribution function (CDF) and (b) 163 

boxplots of NSEs, the model with smaller area under its CDF is a better model. (c), (d), (e), and 164 

(f) Scatter plots of NSEs obtained by different models where x and y axes are clipped at 0.  165 

 166 

When the models were trained to predict recession flows, no clear best strategy emerged 167 

(Figure 3). Local models performed worse than the other three models for most watersheds but 168 

there were many watersheds where local models performed better than the global model (Figure 169 

3c). However, in most of the cases where the local models were better, recession flow predictability 170 

was low (𝑁𝑆𝐸 ≤ 0.50). Similarly, the GL models outperformed the global model for ≈ 30% of 171 

the watersheds where recession flow predictability was low (𝑁𝑆𝐸 < 0.55 approximately, Figures 172 

3a, 3c, and 3d). Conversely, the global model outperformed GL models in watersheds where the 173 

global model NSE values were high (> 0.70 approximately). We conclude that the best model for 174 

recession flow depends upon the watershed being considered. Another noteworthy point is that 175 

GL0 and GL1 models yielded large improvement over the global model in some of the watersheds. 176 

Thus, postprocessing of the global model predicted streamflow, as is done here, is a viable strategy 177 

for recession flow predictions, depending upon the watershed being considered. The difference 178 

between the performance of GL0 and GL1 models depended strongly upon the watershed: GL0 179 

performed better for some watersheds, while GL1 performed better for the others. 180 

  181 
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Figure 3. Same as Figure 2 but for recession flow models. 182 

 183 

To further understand the utility of the GL modeling strategy for recession flows, each watershed 184 

was categorized into one of four categories based on GL model performance relative to the global 185 

model performance as listed below: 186 

(a) Category 1: At least one GL model improves the performance by NSE of 0.05 while the 187 

other model does not change the performance, 188 

(b) Category 2: At least one GL model worsens the performance by NSE of 0.05 while the 189 

other model does not change the performance, 190 

(c) Category 3: No change in performance by any model (NSE of the models within ±0.05) 191 

(d) Category 4: One of the GL models improves the performance by NSE of 0.05 while the 192 

other worsens the performance by NSE of 0.05 193 

Figure 4a shows the locations of the categories of watersheds. There were several watersheds, 194 

especially in the eastern USA, that belonged to category 1 where the GL modeling strategy 195 

significantly improved the performance for recession flows. Also, many watersheds belonged to 196 

category 2 where GL models degraded the performance. Therefore, we conclude that in several 197 

watersheds (category 1) the GL modeling strategy is better compared to either global or local 198 

modeling strategies as it allows the model to learn from both the hydrological information 199 

contained in the donor watersheds and the local information in the parent watershed. But the 200 

watersheds where GL models performed better than the global model were scattered in space 201 

without any spatial structure. Absence of a spatial structure in Figure 4a indicates that the improved 202 

performance of GL models over global model is not explainable by watershed characteristics or 203 
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climatological properties as these properties are continuous in space in CAMELS dataset (see 204 

Addor et al., 2017a). This suggests that unique characteristics of watersheds may be playing a 205 

significant role in determining the ability of the global model to extract information and 206 

performance of GL modeling strategy. A few watersheds belonged to category 3 where any of the 207 

GL models did not result in any significant change in performance compared to the global model. 208 

Only four watersheds belonged to category 4 where the one GL model significantly improved 209 

while the other GL model significantly worsened the performance relative to the global model. 210 

 211 

 
Figure 4. Recession flow predictions. (a) Categorization of watersheds in the CAMELS dataset 212 

based on the difference in the performance of global and GL models. 213 

 214 

5. Potential role of watershed uniqueness and errors in model performance 215 

The GL modeling strategy is an attempt to extract useful information from the residuals 216 

between observed and global model predicted streamflow and the useful information can only be 217 

extracted if there is some systematic structure in the residuals.  A local DL model will fit the local 218 

systematic structure, but a global DL model may not fit these local structures as strongly, for 219 

example, because of averaging of the multiple structures over a large number of watersheds 220 

(Beven, 2023). The systematic structure in the residuals may either be stationary or non-stationary. 221 

Residuals dominated by both the stationary systematic structure and input-dependent 222 

nonstationary structure will contain useful information to further improve the model performance. 223 

This is because the systematic component of such a residual structure either does not change with 224 

time (stationary) or changes as a function of inputs (such as rainfall). A global model may not learn 225 

the information contained in these structures because of averaging effect or because of modeling 226 

choices, but the local part of a GL model will learn the information contained in these structures 227 

and improve the overall performance.  On the other hand, the information in input-independent 228 

nonstationary structures is not learnable. A GL model will fit these structures during the training 229 

phase and perform worse (compared to the global model) in the testing phase because of the 230 
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nonstationarity. Thus, we hypothesize that the GL models would improve or worsen the 231 

streamflow simulation accuracy depending upon presence or absence and stationarity or non-232 

stationarity of residual structures. 233 

One potential source of systematic structure in the residuals is the epistemic errors in 234 

hydrological data; the errors properties can be unique to a watershed (referred to as local errors; 235 

Beven, 2000, 2020, 2023; Gupta et al., 2023). The errors can be either pre-dominantly stationary 236 

or nonstationary. Examples of the errors include the underestimation of rainfall magnitude by rain 237 

gauges caused by the wind effect (Buttle, 1998), the consistent underestimation of areal average 238 

high rainfall volumes due to low rain gauge density (Bárdossy & Anwar, 2023) and/or rain-gauge 239 

locations (Moličová et al., 1997). Errors in rainfall timing may also occur depending on the rain-240 

gauge locations (Gupta et al., 2023). The change in rain gauge density over time and change in 241 

rainfall spatial patterns form event to event (Austin & Houze, 1972; Over & Gupta, 1996) may 242 

introduce rainfall-independent nonstationary errors. Even if some errors are dependent upon the 243 

rainfall, available data length may not be enough to learn that dependency effectively making those 244 

errors rainfall independent (Beven, 2016). All these are the example of epistemic errors that are 245 

known to have significant influence over parameter estimation in hydrological modeling 246 

(Westerberg et al., 2011; Beven & Westerberg, 2015; Beven & Smith, 2015; Frame et al., 2023). 247 

We hypothesize that the residuals between observed and global model-predicted streamflows in a 248 

watershed exist partly due to local systematic errors, along with the effect of non-systematic errors 249 

(see Figure S4 for an illustration of systematic structure in the residuals). 250 

Other source of systematic structure in the residuals would be watershed-specific 251 

hydrological information that could not be learnt by the global model. In case of entire hydrograph 252 

prediction, using NMAE as the objective function to train the global model (referred to as global-253 

NMAE) resulted in better performance for some watersheds and worse performance for other 254 

watersheds (Figure S5 in SI), but overall model performance was similar to that of the global 255 

model trained using NSE as the objective function. Further, Figure S5 (SI) shows that, similar to 256 

the results shown in Figure 2, the GL model worsened the performance in most of the watersheds 257 

when outputs of the global-NMAE model were used as the input to the local part of GL models. 258 

This gives us the confidence that our conclusions regarding GL modeling are robust. The global-259 

NMAE model significantly improved the performance compared to the global-NSE model for 260 

some of the watersheds; these are the watersheds where local models performed better than the 261 

global-NSE models. This suggests that LSTM does not extract all the relevant information from 262 

these watersheds when NSE is used as the objective function. In case of recession flow prediction, 263 

NMAE-models performed better than the NSE-models (Figure S8) but GL models still improved 264 

the performance for several watersheds (Figure S7). This suggests that it is better to train LSTM 265 

on NMAE for recession flow predictions. 266 

Figure 2 shows that the GL models performed worse than the global model in most of the 267 

watersheds when the entire hydrograph is considered, suggesting that the residuals of the global 268 

model contained a nonstationary structure that cannot be learned by the local part of the GL 269 

models. Therefore, it suggests that the effect of systematic errors is predominantly nonstationary 270 

when the entire hydrograph is considered (see also Figure S4 in SI for an illustration of non-271 

stationarity in residuals). This further suggests that systematic nonstationary errors is partly the 272 

reason that local DL models perform worse than the global model. 273 
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Figure 3 shows that the GL models improved the performance compared to global models 274 

in ≈ 30% of the watersheds when only the recession flows were considered. This implies that a 275 

learnable structure exists in the residuals between observed and global model-predicted streamflow 276 

of these watersheds for recession flows. The GL modeling proved to be an effective strategy for 277 

recession flows (depending upon the watershed) but not for the entire hydrograph. This result may 278 

be due to the averaging of nonstationary rainfall errors when recession flows are considered since 279 

the nonstationarity of rainfall errors will more strongly impact the rising limb of the hydrograph 280 

than the recession flows.  281 

For entire hydrograph predictions, the GL1 model performed better than GL0 model in 282 

most of the watersheds. This suggests that for most of the watersheds, there exists a relationship 283 

between the residuals and inputs (e.g., rainfall), but the relationship is too complex to be 284 

determined by the typically available length of training/calibration data (9 years in this study). In 285 

most watersheds, adding meteorological data as an input along with the global model output (GL0) 286 

degrades the full hydrograph model performance relative to only using global model output (GL1) 287 

as the input to a local model. For the recession flow predictions, GL0 did perform better than GL1 288 

model for many of the watersheds, again suggesting the averaging of rainfall errors over a longer 289 

time-period in these watersheds. 290 

6. Conclusions 291 

The advent of DL models allows for extraction of predictive information about streamflow 292 

from multiple watersheds.  As shown in this study, a combination of global and local modeling 293 

strategy can be applied to obtain the most accurate model for a watershed. Among different 294 

modeling strategies tested, the best modeling strategy depended upon the watershed and the 295 

portion of the hydrograph being considered. The global modeling strategy was better than other 296 

strategies for most of the watersheds in predicting the entire hydrograph. But when only the 297 

recession flows were considered, the global models were less dominant and GL models 298 

outperformed the global model for ≈ 30% of the watersheds – this is a novel finding of this study. 299 

It was proposed that the performance of GL models relative to global model depends upon the 300 

nature of systematic structure in the residuals between observed and global model predicted 301 

streamflow. One of the sources of systematic structure is the epistemic errors in hydrological data. 302 

The results suggest that the errors are predominantly unlearnable and nonstationary when the entire 303 

hydrograph is considered which explains why GL models do not improve performance in this case. 304 

The nonstationary effects are likely to be averaged out when only the recession flows are 305 

considered; therefore, the GL models improve the performance compared to the global model in 306 

several watersheds in this case. 307 

While using NMAE as the objective function instead of NSE improved performance for 308 

individual watersheds, the overall performance did not change in case of entire hydrograph 309 

prediction and the optimal configuration of the global model varies from watershed to watershed. 310 

This suggests that watershed uniqueness plays an important in global model performance and post-311 

processing the outputs of global model by a locally trained model is a viable strategy to enhance 312 

the predictions accuracy for some watershed when only the recession flows are considered. We 313 

propose that one of the reasons the global DL model perform better than the local DL models is 314 

that local DL models may overfit the local erroneous data whereas global models with a much 315 

larger training set can generalize over data from a broad set of watersheds. 316 
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This study was limited to primarily rain-driven watersheds where it was relatively easy to 317 

identify recession limbs. A future extension of this work may employ the GL modeling strategy to 318 

snow-dominated watersheds. Further, this study used NSE and NMAE as the objective functions 319 

for DL model training, but other objective functions may be employed in future studies as different 320 

functions emphasize different parts of the hydrograph and assign different weights to training data 321 

from different watersheds. 322 
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 447 

Figures S1 to S8 448 

Introduction  449 

Text S1 explains the determination of 210 watersheds used for this study.  Text S2 explains the 450 

hyper-parameters tuning used in the LSTM model.  451 

 452 

Figure S1 shows a few examples of streamflow and recession flow time series. Further, this file 453 

also contains two figures (Figures S2 and S3) which are same as figures 2 and 3 in the main text 454 

except that Kling-Gupta Efficiency (KGE) is used as the performance metric instead of Nash-455 

Sutcliffe Efficiency (NSE).  456 

 457 

Figure S4 shows the residuals time series between global model predicted and observed 458 

streamflow for three watersheds. Text S3 explains the Figure S4.  459 

 460 

Text S4 contains some results for the DL models (Figures S5–S8) when NMAE was used as the 461 

objective function to train the models. 462 

  463 
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S1. Determination of recession time steps 464 

CAMELS dataset contains data from a total of 671 basins. Out of these 671 basins, only 531 basins 465 

were used for subsequent processing following Kratzert et al. (2019c). Further, 269 basins were 466 

identified as potentially rain-driven using the criteria described in Table S1. Computation of 467 

maximum snow water equivalent (SWE) and rainfall and streamflow regimes can be found in 468 

Horner et al. (2020). For all these 269 basins, master recession curves (MRCs) were identified 469 

following Lamb and Beven (1997). Each MRC was fit with Horton’s equation of baseflow 470 

recession (Tallaksen, 1995). The watersheds for which NSE between observed MRC and fitted 471 

MRC was greater than 0.95 were kept as primarily rain-driven watersheds. 472 

Table S1. Criterion to select potentially rain-driven watersheds 473 

 Maximum SWE Ratio of Maximum SWE to 

total streamflow 

Correlation between 

rainfall and 

streamflow regime 

1 < 1mm ≤ 0.01 ≥ 0.20 

2 ≥ 1mm ≤ 0.10 ≥ 0.40 

3 < 10mm ≥ 0.10 ≥ 0.40 

4 ≥ 10mm ≥ 0.10 ≥ 0.20 

5 ≥ 1mm, ≤ 10mm ≤ 0.10 ≥ 0.20, ≤ 0.40 

 474 

  475 
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S2. Hyper-parameter tuning 476 

The hyperparameter used in the global LSTM model were as follows: 477 

(1) Sequence length (𝑘) = 365 for full hydrograph models and 60 for recession flow models 478 

(2) Hidden dimension: 128 479 

(3) Number of LSTM layers = 1 480 

(4) Learning rate = 10−3 481 

(5) Maximum number of epochs = 50 482 

(6) Number of repetitions to account for randomness in training = 8 483 

(7) Average prediction over 8 realizations were taken as the final prediction 484 

 485 

The hyperparameter used in the local LSTM models were as follows: 486 

(1) Sequence length (𝑘) = 365 for full hydrograph models and 60 for recession flow models 487 

(2) Hidden dimension: 128 488 

(3) Number of LSTM layers = 1 489 

(4) Learning rate = 10−3 490 

(5) Maximum number of epochs = 200 491 

(6) Number of repetitions to account for randomness in training = 8 492 

(7) Average prediction over 8 realizations were taken as the final prediction 493 

 494 

The optimal number of epochs were decided by computing the loss on validation set after each epoch and the epoch 495 

that resulted in minimum validation loss was used the optimal epochs. This model configuration was tested in terms 496 

of reproducing the results reported by Kratzert et al. (2019); this configuration yielded NSE values almost identical to 497 

those reported by Kratzert et al. (2019) affirming that this configuration is suitable for this study. For the local and GL 498 

models, we also tried 250 epochs which resulted in either no change in NSE or an increase in NSE values by less than 499 

0.05 for most of the watersheds; therefore, number of maximum number of epochs were limited to 200 for the local 500 

models. 501 

 502 

The normalized mean absolute error used as objective function to train the DL models was as follows: 503 

 

𝑁𝑀𝐴𝐸 = ∑ 𝑀𝐴𝐸𝑖/𝜎𝑖

𝑁

𝑖=1

 

S1 

where 𝑀𝐴𝐸𝑖 and 𝜎𝑖 are the mean absolute error and training period standard deviation of streamflow of the 𝑖th 504 

watershed, and 𝑁 denotes the total number of watersheds. 505 

 506 
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Figure S1. Streamflow time series (blue line) along with recession flow (black dots) for a watersheds 507 

  508 
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Figure S2. Entire hydrograph models. (a) Cumulative distribution function (CDF) of KGE 509 

values obtained by different models. The x-axis is clipped at -0.25. (b), (c) and (d) Comparisons 510 

of NSEs obtained by the global model to the KGEs obtained by other models; color in scatter 511 

plot represents the density of points. (e) Boxplots of KGE values. 512 
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Figure S3. Recession flow models. (a) Cumulative distribution function (CDF) of KGEE values 514 

obtained by different models. The x-axis is clipped at -0.25. (b), (c) and (d) Comparisons of 515 

NSEs obtained by the global model to the KGEs obtained by other models; color in scatter plot 516 

represents the density of points. (e) Boxplots of KGE values. 517 
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S3. Residual structure 519 

It is clear from Figure S4 that the residuals have a non-random systematic structure. In the Gauge 02298123, the 520 

negative residuals dominate during the first three years, but positive errors dominate for the rest of the period. Thus, 521 

a model looking at the first three years of data would not be able to learn the residual structure. 522 

This is amplified for the Gauge 12374250, where mostly positive residuals are seen in first 5 years and then mostly 523 

negative errors are seen in the rest of the period. 524 

In the Gauge 13083000, the global model produced positive residuals during the entire time period, but the statistical 525 

distributions of residuals between first 5 years of data and latter period are quite different, as peaks are more frequent 526 

in the latter part.  527 

In these plots, it is also clear that GL0 model has decreased the residual magnitude at some time steps, has increase it 528 

at other time-steps. 529 

 
Figure S4. Residuals between observed and predicted streamflow by the global model and GL0 models for three 530 

gauges. These plots illustrate the systematic but non-stationary structure in residuals. 531 

 532 

 533 

 534 

S4. Some results obtained using Mean Absolute Error (MAE) as objective function 535 

 536 
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Figure S5. Entire hydrograph models but using MAE as the objective function, the local parts of 537 

GL0 and GL1 models were trained using NSE as the objective function. (a) Cumulative 538 

distribution function (CDF) and (b) boxplots of NSE values obtained by different models. As a 539 

general rule, the model with smaller area under its CDF is a better model. (c), (d), (e), and (f) 540 

Scatter plots of NSE values obtained by different models where x and y axes are clipped at 0. 541 
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Figure S6. Entire hydrograph models. A comparison of test NSE values obtained by the global 543 

models trained using NSE and MAE as the objective functions. 544 
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Figure S7. Recession flow models but using MAE as the objective function, the local parts of 546 

GL0 and GL1 models were trained using NSE as the objective function. (a) Cumulative 547 

distribution function (CDF) and (b) boxplots of NSE values obtained by different models. As a 548 

general rule, the model with smaller area under its CDF is a better model. (c), (d), (e), and (f) 549 

Scatter plots of NSE values obtained by different models where x and y axes are clipped at 0. 550 
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Figure S8. Recession flow models. A comparison of test NSE values obtained by the global 552 

models trained using NSE and MAE as the objective functions. 553 


