Comments/Text of Anonymous Referee 1 (AR1) posted in blue, and our
answers in black with old passages in red and new passages in green.

This very interesting paper of Kratzert, et al. compares the quality of the predictions of various
hydrological models with three variants of the Long Short-Term Memory(LSTM) deep learning
network. One of these variants, the novel EA-LSTM, is trained using meteorological data and
catchment similarities as an additional input and is analysed in detail highlighting the superiority
of such a network. In general the paper is very well written and it is worth to be published after
some minor changes. Some comments:

1. Maybe you could explain better the differences of the analysis of the single model and the
ensemble mean approach. On page 13, lines 317-320 you write: “To assess statistical
significance for single models, the mean basin performance (e.g. mean NSE per basin and
across all seeds) between two different model settings was compared between different model
configurations.“ What'’s the difference between model settings and configuration? If | understood
it correctly the difference in the verification of the single models and the ensemble mean is:
Single model: From 8 ensemble model runs, you get 8 different predictions and you calculate
the verification measures (e.g. NS values) for each of it and take the average (+/- Std? in Table
2); whereas in the Ensemble mean approach, for example this measure is calculated taking the
mean of the 8 predictions?

Thank you. We will rewrite this section of the description of methods (lines 317ff) to more clearly
describe the ensemble approach and how the statistics of the single model are calculated.

Old passage:

To assess statistical significance for single models, the mean basin performance (e.g. mean
NSE per basin and across all seeds) between two different model settings was compared
between different model configurations. To assess statistical significance for ensemble means,
the mean basin performance of the ensemble mean was compared between different model
configuration.

New passage:

To assess statistical significance for single models, we first calculated the mean basin
performance, i.e. the mean NSE per basin across the 8 repetitions. The so derived mean basin
performance was then used for the test of significance. To assess statistical significance for
ensemble means, the ensemble prediction (i.e. the mean discharge prediction of the 8 model
repetitions) was used to compare between different model approaches.

2. For clarity reasons | would not include the single model outcome in Figure 3, because this a
random outcome and would look different for each ensemble run.



We don’t agree with the reviewer on this point because we think it helps to underscore the
potential of ensembling. As shown in Table 2 and Table 3 in the manuscript and the figure
below, the overall CDF of the single models does have little variation between random seeds,
especially in comparison to the benefit of ensembling. Therefore, we would like to keep these
curves in the figure, since it helps to visualize the ensembling benefit and show by how much
the CDF can be improved.
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3. Nice to have the significance reported, which is most often not shown. Although the precision
of these p-values is extremely high and the differences are probably rather neglectable caused
by noise.

We agree with the reviewer that reporting significance measures is important.

4. Regarding the modified NSE. Wouldn't it be easier to normalize the streamflow data (e.g.
using the BoxCox transformation)? So you don’t have to event a new measureand adding a
constant in order to achieve stable results.

The loss function we use isn’t really new. It's just the basin-average NSE. The reason this is a
little unusual in Hydrology is because we rarely (if ever) calibrate a single model to multiple
basins. But this is standard practice in machine learning - where the overall loss function is the
average loss over many samples. The only alternative is a single loss function calculated over
concatenated data from multiple samples, which doesn’t work well (or at least not as



straightforward) for stochastic gradient descent, which randomizes and sub-samples the training
samples.

Moreover, the reason we did not transform the data before training is because this affects model
performance (besides normalizing to zero mean, unit variance). For example, an
exponential-type transform like Box-Cox will generally under-emphasize peak flows (if the
box-cox exponent is <1). We did try calibrating to log-transformed data, in an effort to normalize
the streamflow data, but this does not work as well as using the natural streamflow data. The
goal is to train to the non-transformed target data, but use a loss function that does not
overemphasize any particular training sample (i.e., any particular or individual basin does not
have out-sized influence on the training procedure).

5. Looking at the results, | would conclude that the EA-LSTM is very interesting fort his
analysis, but for practical applications the LSTM with the coupled meteo data and catchment
attributes is even more efficient and is less complex. That's why | would like to see the results of
this model also in Figure 4, 5 and Table 3.

We will modify Figure 4, Figure 5 and Table 3 to include the results of the standard LSTM.

New passage added to the beginning of Sect. 3.2:
In this section, we concentrate on benchmarking the EA-LSTM, however for the sake of
completeness, we added the results of the LSTM with static inputs to all figures and tables.

6. Are the catchment attributes kept static for all days of the year? For example the monthly
mean of leaf area index could be easily varied depending on the month of the year?

Yes, the catchment attributes are static in this study. We are currently working on making these
dynamic, including vegetation and climate indexes, soil moisture, snow cover from remote
sensing, etc. This is however not a trivial extension and we do believe that the idea is worth
being studied separately. Furthermore, for the sake of repeatability, we wanted to stick entirely
to the CAMELS data set, which only includes static catchment attributes. Right now, in this
paper, we are using long-term catchment attributes as indicators of differences between
catchments (regional heterogeneity among catchments), not for assessing nonstationary
catchment behaviors.

7. | would suggest to delete the UMAP analysis, since the method is not explained and the
results are a bit confusing.

On this point we don’t agree with the reviewer and would like to keep this section. We see this
as an interesting addition to the introduction of the new EA-LSTM and the benchmarking results.
Specifically, we are using this analysis to illustrate the fact that the embedding layer (our static
LSTM input gate) can ‘learn’ about catchment diversity in a physically meaningful way. This is a
(fairly simple) form of explainable Al, and one of the goals of this paper is to work toward that



larger objective. The analysis of the embedding layer is important as an example of this larger
purpose, and the UMAP analysis in particular is necessary for a reduced-dimension (i.e.,
graphical) analysis.

Although our paper is mainly intended as a modeling paper and we see the introduction of the
EA-LSTM and benchmarking against various hydrological models as our main contributions, we
think keeping Section 3.4 has the following benefits:

- It provides at least some feeling about what happened in the embedding layer of the
input gate in the EA-LSTM (namely grouping of basins that match our expert
knowledge).

- As such, it helps in our opinion to gain trust into LSTMs which are widely considered as
black-box model.

- It shows possible analysis that are possible with the EA-LSTM in general and potentially
open the door for many follow-up studies in the future. Such studies could either
concentrate more on the interpretability of LSTM-based models or try to extract new
hydrological understanding from the learned groupings.

We will extend the manuscript to include a short description of the UMAP method, however,
would avoid a lengthy discussion on the method and point the interested reader to the official
UMAP publication. In our manuscript it is simply take as (state-of-the-art) dimension reduction
technique.

New passage describing UMAP:

Finally, we reduced the dimension of the input gate embedding layer (from R*256 to R*2) so as
to be able to visualize dominant features in the input embedding. To do this we use a dimension
reduction algorithm, called UMAP (Mclnnes et al., 2018) for "Uniform Manifold Approximation
and Projection for Dimension Reduction". UMAP is based on neighbour graphs (while e.g.,
principle component analysis is based on matrix factorization), and it uses ideas from
topological data analysis and manifold learning techniques to guarantee that information from
the high dimensional space is preserved in the reduced space. For further details we refer the
reader to the original publication by Mclnnes et al. (2018).



Comments/Text of Hoshin Gupta (Reviewer 2) posted in blue, and our
answers in black with old passages in red and new passages in green.

([1-11] present a thoughtful summary of our manuscript)

[12] | believe that this paper represents a very significant contribution to the Earth System
literature related to the development of Dynamical Environmental Systems Models (DESMs). |
have alluded to some of the problems associated with the conventional CM approach in
paragraphs [2-6] above. In this regard, there has been increasing community interest in the use
of both “large sample” data sets and the use of
“model-structural-correction-via-data-assimilation” (learning from data) to extract better
understanding about the structure and functioning of hydrological systems, such as catchments.

[13] This paper bridges the challenges of learning from large sample data sets and learning how
catchments structures/behaviors can differ at local to regional scales in a very meaningful way.
While not addressing the problem of prediction in ungaged basins directly, the ability of the
EA-LSTM to learn from and characterize differences in catchment functioning encoded in
catchment attribute data is highly significant, and it would seem that a natural next step would
be for the authors to demonstrate that potential by running experiments that seek to
demonstrate that predictive ability learned from gaged locations can be transferred to ungaged
locations. | look forward to reading more about this in the future.

We do have a short paper on this topic in WRR, that this reviewer is also currently reviewing.
That paper, however, does not explore how the catchment-aware embedding presented here as
an adaptation of the LSTM architecture helps in the PUB setting. This is for future work.

[14] As such, | have only a few suggestions to offer the authors. The first is that the current title
“Benchmarking a Catchment-Aware Long Short-Term Memory Network (LSTM) for Large-Scale
Hydrological Modeling” presents a rather technical front to what is arguably (in my opinion) a
much more significant piece of work. | therefore offer up the possibility for the authors to
consider that the introduction and discussion/conclusions sections be somewhat
revamped/broadened to reflect the perspectives offered in my above summary of the paper. As
indicated, | do think this paper is really more about the interesting challenges of learning and
characterizing (via dynamical systems models) the “behavior and functioning” of hydrological
systems at the catchment scale in such a manner that both universal (fundamentally
hydrological) principles, and local-to-regional scale uniquenesses of such systems can be
learned by accessing the patterns of information encoded in large sample data sets (Gupta et al
2014). In this regard the title could also then be generalized to reflect the nature of the
conversation about “Learning Universal, Regional and Local Hydrological Behaviors via
Machine-Learning applied to Large Sample data Sets”. Or this more general discussion could
be saved for a future publication.



Thank you for the suggestion about broadening the scope implied by the title. We will take the
suggestion to change the title and update the discussion accordingly. However we don'’t feel
confident enough to state that we already have a “universal” model, but rather that this work is a
step in that direction. Thus, we would change the title to “Towards Learning Universal, Regional,
and Local Hydrological Behaviors via Machine-Learning Applied to Large-Sample Datasets”.
We Furthermore adapted the first paragraphs of the discussion as follows:

New passage (beginning of discussion section):

The EA-LSTM is an example of what Razavi and Coulibaly (2013) called a model-independent
method for regional modeling. We cited Besaw et al. (2010) as an earlier example this type of
approach, since they used classical feed-forward neural networks. In our case, the EA-LSTM
achieved state-of-the-art results, outperforming multiple locally- and regionally-calibrated
benchmark models. These benchmarking results are arguably a pivotal part of this paper.

The results of the experiments described above demonstrate that a single 'universal’ deep
learning model can learn both regionally-consistent and location-specific hydrologic
behaviors. The innovation in this study — besides benchmarking the LSTM family of
rainfall-runoff models — was to add a static embedding layer in the form of our EA-LSTM. This
model offered similar performance as compared with a conventional LSTM (Sect. 3.1) but offers
a level of interpretabiltiy about how the model learns to differentiate aspects of complex
catchment-specific behaviors (Sect. 3.3 and Sect. 3.4). In a certain sense, this is similar to the
aforementioned MPR approach, which links its model parameters to the given spatial
characteristics (in a non-linear way, by using transfer functions), but has a fixed model structure
to work with. In comparison, our EA-LSTM links catchment characteristics to the dynamics of
specific sites and learns the overall model from the combined data of all catchments. Again, the
critical take-away, in our opinion, is that the EA-LSTM learns a single model from large
catchment data sets in a way that explicitly incorporates local (catchment) similarities and
differences

[15] The second is that while the basin-average NSE* loss function does seem to serve the
immediate needs of this study, | think that the ML-approach (and more generally hydrological
learning from catchment data sets) can benefit from a more thoughtful approach to the problem
of model performance metrics. In particular, the use of the observed output data “mean” as a
benchmark for constructing the NSE itself, and the use of the output data variance to
“normalize” across catchments to obtain somewhat comparable metric values to be averaged
(or otherwise summarized in some statistical manner) seems, to me, problematic. In this regard,
| think an Information Theoretic approach might ultimately prove to be more meaningful. | point
out that the value of the metric, when used as the basis for assessing across different
catchment locations, would be much enhanced if it somehow recognized the relative differences
in complexity/difficulty associated with modeling the dynamical input-state-output behaviors at
different locations (due to climatic, geological, and other factors). As discussed by Schaefli and
Gupta (2007), the problem is at least partly one of appropriate benchmarking in order to make
metric values meaningfully comparable. Some types of catchments (such as humid ones
perhaps) are relatively easy to model to the level of obtaining high performance (e.g. NSE)



values, while others (such as arid ones perhaps) are much more difficult to model ... potentially
requiring more complex model structures, more data, and perhaps better data quality. Since the
challenge here is learning hydrological principles from the data, and some catchment systems
are easier to characterize using simpler model structures, it would seem prudent to figure out
how to account for this knowledge in the designs of our learning systems, which includes the
metrics used as the filter through which information is being extracted.

We absolutely agree that it will be critical, going forward, to understand carefully and in detail
how different loss functions affect the training of deep learning Hydrology models. We've done
some work with this - trying to emphasize peak and low flows, working with probabilistic loss
functions, etc. None of that work is mature enough to publish at this point. This has been a
much bigger challenge that we perhaps originally expected, and we appreciate the reviewer’s
advice. Hopefully we will have something more meaningful or helpful to say about this in a
future publication.

[16] Finally, I think that the aforementioned issue may also relate to the fact that certain
catchment attributes tend to be dominant indicators of differences in catchment behaviors, while
others seem to show “lower importance” (sensitivity). It is been well known that “climate” (and
one would reasonably expect also “topography”) is the dominant indicator of catchment
similarity, but this does not really help us to understand what structural differences in
catchments drive differences in their behaviors. The finding that soil and vegetation
characteristics are low on the “importance” list is interesting, as it suggests that the existing
catchment attributes being used may not be sufficiently informative about catchment-scale soil
and vegetation contributions to hydrological behaviors. So, is it a problem of poorly encoded
soils and vegetation information at the catchment scale, or is really the case that such soils and
vegetation do not play as big a role in hydrological behavior as we might expect? It would be
interesting to consider how this issue could be better investigated using the ML approach.

First we would like to clarify that we do not say that soil and vegetation indices are not
“important” but just that climatic and topographic attributes are more important. As the reviewer
mentions, this follows hydrological literature and also the intuition of the reviewer. In our case,
this could potentially result in two basins with similar climatic and topographic attributes that are
distinguished primarily by their soil/vegetation properties. However, in the larger context it is the
set of climate and topographic attributes that “separates” the most basins and thus the larger
sensitivity/importance.

Regarding the question about what we might be able to learn from these results for hydrological
modeling. This seems in-line with the well-known idea that the first-order trends in most models
are Budyko-type effects (i.e., climate related). This is not especially new, but also encouraging
that the LSTM behaves as expected. One thing we might take away from this is due to the
comparison with MPR regionalization. MPR uses topographic, geologic, soil and land use
attributes as inputs. We show that our regionalization approach outperforms the two MPR
calibrated models (VIC and mHM). This could indicate that (the conventional use of) MPR might



be improved by including climatic attributes in the regionalization scheme.. | guess the question
is about the extent to which it is meaningful for a model to ‘react’ directly to climate indexes
rather than just to meteorological forcings. The regressions in typical regionalization strategies
could use climate indexes as regressors or inputs.

Another point regarding the relative unimportance of geological and vegetation features
indicated in our sensitivity analysis is that probably catchment averaged soil properties, as well
as vegetation indices contain too much noise compared to the relatively noise-free climatic and
topographic attributes. This is what is probably meant by the reviewer with “poorly encoded”
information of those features, in which case we would agree. We don’t, however, prove this in
the paper - all we show in the paper is that there is enough information in the indexes to at least
help with catchment differentiation, and that traditional approaches do not utilize all of this
information.



Comments/Text of Anonymous Referee 3 (AR3) posted in blue, and our
answers in black with old passages in red and new passages in green.

Benchmarking LSTM

Overall, this paper stands at the forefront of hydrology. There are three aspects of the paper
that | like. First, this work show state-of-the-art performance in terms of large-scale streamflow
prediction accuracy. This would serve to push hydrologic science forward. Second, the authors
implemented a novel LSTM structure to enable a static layer through which they could examine
the impacts of different static catchment attributes. Third, they investigated network internal
embeddings which is the first time in hydrology which | have seen, and provided some insights
(not so perfect, as | would expand on later). These are all novel and | believe the paper should
eventually be accepted.

Upon deeper examination | indeed found some issues related to potentially un-robust analysis,
points of confusion and lack of clarity, need for more hydrologic insights, and somewhat
superficial discussion in the exploration of embeddings. Some relevant citations are also
missing. Thus | rate the manuscript a moderate revision. The comments below are not to cast
the paper in a negative way, but they are in the hope of helping the authors improve the paper
to a strong state before publication.

Major comments:

1. Hydrologic understanding: the discussion of the clustering and embeddings was, shall | say,
not entirely satisfying. | liked the novelty of the visualization and the construct of the LSTM to
enable this. It helped us understand a bit more about how LSTM works. However, | craved for a
bit more hydrologic understanding. The discussion in section 3.4 was a bit sporadic and not so
memorable. The take-home message appears to be “the EA-LSTM is able to learn complex
interactions between catchment attributes that allows for grouping different basins”. Stopping
here does not help with the long-standing criticism of machine learning as a blackbox. | had
hoped to gain some deeper hydrologic insights, e.g., why different basins were grouped
together? What is the characteristic of each cluster and how are these clusters different from
previous catchment clustering schemes, e.g., (Berghuijs et al., 2014; Carrillo et al., 2011; Fang
& Shen, 2017; Sawicz et al., 2011; Toth, 2013; Troch et al., 2013)? To go deeper it may not
need additional work, but more thoughts about the results.

To avoid misunderstandings, we would like to clarify that we see the main contribution of this
paper as i) demonstrating of the LSTM-based modeling approach for large-scale hydrological
modeling in general (building upon the results of Kratzert et al., 2018) ii) introducing the
EA-LSTM and iii) benchmarking vs. a large set of well-established hydrological models.



With this premise we would like to address the comment regarding Section 3.4: Within our
EA-LSTM, we include an embedding layer (the static LSTM input gate), that can ‘learn’ about
catchment diversity purely from discharge data. Analyzing the (physically) meaningfulness of
the learned embedding can be seen as a (fairly simple) form of explainable Al. Although, as said
above, our paper is mainly intended as a modeling paper, we think that Section 3.4 has the
following benefits (copied from our answers to Reviewer #1):

- The blackbox i somewhat opened. The section provides at least some intuition about
what happened in the embedding layer of the input gate in the EA-LSTM (namely
grouping of basins in a way that matches expectations).

- It provides an example of the kind of analysis that are possible with the EA-LSTM in
general and potentially opens the door for many follow-up studies in the future. Such
studies could either concentrate more on the interpretability of LSTM-based models or
try to extract new hydrological understanding from the learned groupings.

Given the above mentioned scope and the benefits of the section, we would like to avoid
extending the hydrological interpretation of Section 3.4. Especially, because here we are not
analyzing the model performance, but rather just examine the intrinsic properties of the model.
Additionally, as the reviewer herself/himself cites, doing a full-fledged cluster analysis is the
work of many individual publications themselves and would clearly be out of scope here.

2. More robustness: I'm afraid many of the attributes in Table 4 are correlated in space and it
may be not very robust to draw conclusions from them especially for attributes that are not the
highest ranking. For example, does geological permeability really stand position #9? Can we
take it that permeability is the second important factor amongst non-climatic factors? This is
somewhat surprising and is worth more discussion, but I'm afraid it might just be due to
coincidence. To see so the authors could remove some basins (randomly or removing a spatial
cluster) or attributes (as the factors tend to have interaction in these kinds of factor analysis)
and train again and see how this table react to the perturbation.

First off, we would like to state that any spatial correlation in physical catchment features is real
information that can and should be leveraged by regional models. We even explicitly did not
include latitude/longitude inputs to our model in this study so that only real, physically-based
information is leveraged directly by the EA-LSTM.

This is discussed, for example, by Addor et al (2018), and our findings are in line with the results
of said publication. The results may thus be less surprising than indicated in this comment. In
this context we would also like to mention that we did an independent robustness analysis by
perturbing the features with gaussian noise (see L395ff), which shows the reliance (and
robustness) of the model with respect to changes of the features.

We do however agree that the results do not form a particularly strong ranking. Regarding this
point, it is important for us to emphasize that in the original contribution did not claim anywhere
that the absolute rank of any particular feature has a meaning. This was a model sensitivity



analysis, which is common for modeling studies. The only conclusions that we drew from this
sensitivity analysis are:

“..the most sensitive catchment attributes are topological features [...] and climate indices
[..]” (L 422f)

- “Certain groups of catchment attributes did not typically provide much additional
information. These include vegetation indices [...], as well as the annual vegetation
differences. Most soil features were at the lower end of the feature ranking” (L 423ff)

These seem to be valid conclusions of a sensitivity analysis like this.

That said, our experiments suggest that the obtained qualitative ranking of the feature groups
(like climatic, topological, soil and vegetation) is rather robust. To strengthen upon this
statement, we added below the results of the same analysis for all 8 repetitions of the same
model settings (the EA-LSTM optimized with the basin average NSE) as used in Table 4. As we
can see from these tables, the qualitative ranking of these feature groups remained similar. We
hope that the reader does focus on exact rankings or exact sensitivity values of any particular
feature but rather on the overall image of Table 4 - which is why we grouped these into
categories in the first place.

We also agree with the reviewer that this might not be clear from the way the manuscript is
currently written, and thus the results could be questioned as being a coincidence. We will
therefore update the manuscript to clarify regarding this point.

Newly added passage:

Note that the results between the 8 model repetitions (not shown here) vary slightly in terms of
sensitivity values and ranks. However, the quantitative ranking is robust between all 8
repetitions, meaning that climate indices (e.g. aridity and mean precipitation) and topological
features (e.g. catchment area and mean catchment elevation) are always ranked highest, while
soil and vegetation features are of less importance and are ranked lower. It is worth noting that
our rankings qualitatively agree with much of the analysis by Addor et al. (2018).
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3. Details for reproducibility: one of the selling points of the paper was the high performance.
Hence it imperative that the results are reproducible. Are the transformations applied for input
and output? How many layers of LSTM were used (in comparison with authors’ HESS 2018
paper, this choice seemed ad hoc?)? How was the ranking for Table 4 done indeed? This was a
local method, so what is the origin for perturbation?

All information demanded by the reviewer are already reported in the manuscript:

- “Are the transformations applied for input and output?” L 247 “All input features (both
static and dynamic) were standardized (zero mean, unit variance) before training”.
However, we agree that such an information should probably be placed in the data
section (Section 2.4) and will update the manuscript accordingly.

- “How many layers of LSTM were used [...]?” The number of LSTM layers (one LSTM
layer) is specified alongside the other network details in the Appendix B (L 562).

- “How was the ranking for Table 4 donel...]? ” The details on how to derive the feature
ranking is explained exhaustively in Section 2.6.2 “Robustness and Feature Ranking”.
Concretely, regarding the ranking of Table 4: “Further, since we predict one time step of
discharge at the time, we obtain this sensitivity measure for each static input for each
day in the validation period. A global sensitivity measure for each basin and each feature
is then derived from taking the average absolute gradient (Saltelli et al., 2004).” and then
L. 420f “Table 4 provides an overall ranking of dominant sensitivities. These were
derived by normalizing the sensitivity measures per basin to the range (0,1) and then
calculating the overall mean across all features”

- “...what is the origin for perturbation?” We used the optimized parameters as starting
value. There might be some confusion here. We do not solve the gradient computation
by numerical approximation, but rather calculate the gradients analytically through
backpropagation. So if at all, the true values for the static catchment attributes can be
seen as the origin of perturbation. In the original manuscript this is explained in 2.6.2
“‘Robustness and Feature Ranking” L.251f.

4. Share more experience please: there are many choices which were unexplained, and the
community would benefit from the authors providing more discussion of what worked and what
did not during their experiments. How did other objective functions do? What if you don’t do
ensemble averaging? How large are the impacts of hyperparameters, e.g., hidden layers and
learning rates? These do not necessarily need figures and could be answered by a couple of
sentences. Some minor points below are related to this.

Sadly, we do not know how we can do this. We tried to provide as much information as
possible. And, to our knowledge, no choices in our network architecture or training procedure
remained unexplained. Appendix B explains the hyperparameter search settings. We did not
experiment with different learning rates and can’t share any experiences on this question.



Furthermore, we did not test any other objective functions than the two reported in this paper.
Hyperparameter search was performed using MSE (the machine learning community standard
for regression tasks).

The only thing that comes to mind is that we did not report the results of all considered
configurations and if wished we can update the Appendix B accordingly with a short description.
As a short summary: The median model performance (across the basins) remains more or less
stable between most configurations, while the most variance can be observed in the mean NSE.
Two layers did not provide any meaningful improvement, that would justify the additional
computational cost. However, our hyperparameter search was not exhaustive and at no point in
the manuscript we claim to have found the best possible architecture for this task.

5. The authors should also expand on why climatic factors showed up on top of table 4. It
appears other static basin physical attributes were not important at all. Does this suggest
catchment co-evolution? A potential indication of overfitting (to climatic factors that obviously
vary), and more discussion is begging to be done here.

The climatic factors show up on the top of the table, since through the method of Morris they
have the highest gradient. We don’t know of any experiment that would tell us why climate
factors appear there (i.e. why they have the highest gradient), except hydrological intuition.
(This is not different than any sensitivity analysis for any type of hydrologic model - sensitivity
analyses do not answer questions about ‘why’ certain features are more sensitive) As such,
these results in isolution do not suggest catchment co-evolution. They tell us that the model
uses certain features more heavily than others. However, these findings are also in line with the
results reported by Addor et al. (2018), as we state in L 428 “It is worth noting that our rankings
qualitatively agree with much of the analysis by Addor et al. (2018).”

Also, this table doesn’t suggest that physical attributes are unimportant, just that they are not as
important as climate features. Again, this agrees with previous literature, as cited. This intuition
that climate-related factors are the dominant drivers of hydrological systems, for example,
models are often tested in terms of their ability to predict departures from the Budyko curve. We
therefore do not see any indication of overfitting from this analysis.

Minor points:

1. I'm at a loss to understand the opening statement about streamflow being an out-standing
problem. At what point is this problem solved vs not solved? Is there a hard threshold? Did the
present work solve this problem?

To clarify: The sentence in question reads: “Regional rainfall-runoff modeling is an old but still
mostly out-standing problem in Hydrological Sciences”. Here, out-standing is referring to
regional modeling, not to streamflow modeling in general. There is no hard threshold to
determine when a problem like this is solved (and we believe that the sentence does not imply



that either; as a matter of fact we added the word “mostly” to avoid such a conclusion).
However, the benchmarking in our paper with state-of-the-art regionalization methods and the
fact that the proposed LSTM-based modeling approach significantly (and by far margins)
outperforms these models, suggest that there is (or at least was) still significant room to improve
how the community addresses this problem.

We believe that most readers will not be puzzled by the provided formulation and will therefore
leave it unchanged.

2. L73, “which part of the network are used for a given basin”—this sentence is difficult to
interpret at this point. What does “used for” mean here.

We added some clarity to this sentence: “Concretely, we propose an adaption of the LSTM
where catchment attributes explicitly control which parts of the LSTM state space are used for a
given basin’

Old passage:
Concretely, we propose an adaption of the LSTM where catchment attributes explicitly control
which parts of the network are used for a given basin.

New passage:
Concretely, we propose an adaption of the LSTM where catchment attributes explicitly control
which parts of the LSTM state space are used for a given basin.

3. L76, “similarly behaving”. Is this referring streamflow responses or attributes? (only the former
would be called a behavior, but this work didn’t seem to include streamflow response in the
clustering part)

“Behavior” here refers to the similarity in the rainfall-runoff dynamics, as suggested by the
reviewer. This is also stated implicitly in the two sentences directly preceding the one in
question (L74f) “...it can learn how to combine different parts of the network to simulate different
types of rainfall-runoff behaviors. In principle, the approach explicitly allows for sharing parts of
the networks for similarly behaving basins...”

4.L78, “embedding”. This is a natural language processing jargon. Quite difficult for hydrologists
to comprehend. | think it would be reader friendly if the authors spend two sentences explaining
this word. My understanding is that embeddings are not just hidden layer activations, but a
mapping of inputs to an ordered hidden space that has meanings. For example, the hidden
layers of machine translation layers form an embedding. Each ranked item in the embedding in
NLP can be related to a linguistic concept.

Historically, “embedding” is not a term from the field of natural language processing, but rather a
general mathematical concept. Maybe the reviewer is confusing this term with “word
embeddings”, which is a term-of-art from natural language processing, but is not what we are



referring to. More importantly, L. 77f defines the term embedding exactly: “..our adaptation
provides a mapping from catchment attribute space into a learned, high-dimensional space, i.e.
a so-called embedding’.

5. L117 “some amount of information” is fuzzy. Is it about catchment attributes or about
streamflow responses? This is critically important as the two have very different meaning
regarding what would be done. From reading the later parts, here you seem to refer to static
Attributes.

We changed the previous sentence to: “..our objective is to build a network that learns to extract
information that is relevant to rainfall-runoff behaviors from observable catchment attributes.” so
that the context is hopefully clearer.

Old passage:
To reiterate from the introduction, our objective is to build a network that learns catchment
similarities directly from rainfall-runoff data in multiple basins.

New passage:
To reiterate from the introduction, our objective is to build a network that learns to extract
information that is relevant to rainfall-runoff behaviors from observable catchment attributes.

6. L122, regarding using static attributes as a constant array. It would be relevant to cite (Fang
et al., 2017) which used this setup and was already distinguishing different landscapes using
static attributes as inputs to LSTM. It occurs this paper should at least be mentioned in the
present one.

Using static attributes as constant input is not something we are claiming is novel. More
specifically, this method has been applied many times before in the field of machine learning
(e.g. Karpathy and Fei-Fei 2014, Wen et al. 2015, Wen et al. 2016). The technique was not
originally proposed by Fang et al. (2017) and their manuscript is not working on the same topic
as our manuscript (rainfall-runoff modeling), we therefore do not see this as an especially
appropriate reference to cite in this case.

7.L134-135. This is an interesting setup. It's worth mentioning that, from Eq 9 & 11, what was
selected by the input gate were not only x_d but also h from the last step.

It is not entirely clear what the reviewer wants to suggest. If this refers to the fact that that h[t-1]
is used in the forget and output gate, as well as the cell update (g[t]), then they are right. The
input gate however, does not get any information of x_d|[t] in our proposed EA-LSTM and
neither from h[t-1]. We hope by changing the following sentence “..while the dynamic and
recurrent inputs control what information is written..” we can resolve the confusion.



Old passage:

The static features control, through input gate (i), which parts of the LSTM are activated for any
individual catchment, while the dynamic inputs control what information is written into the
memory (g[t]), what is deleted (f[t]), and what of the stored information to output (o[t]) at the
current time step t.

New passage:

The static features control, through input gate (i), which parts of the LSTM are activated for any
individual catchment, while the dynamic and recurrent inputs control what information is written
into the memory (g[t]), what is deleted (f[t]), and what of the stored information to output (o[t]) at
the current time step t.

8. L158 — what happened when you used other loss functions?

We are unsure about the exact intent of this question. We used two loss functions in this
manuscript and compared the results. From a hydrological modelling perspective it seems
obvious that different loss functions might provide different optimization results. Designing and
choosing (good/correct) objective functions is an old and important problem in hydrology. It is
highly non-trivial, yet unsolved and surrounded by many discussions. However, it is also not the
focus of this contribution and we therefore view the testing of more loss functions as out of
scope.

9. L171 “25,000 km2” — is it really appropriate to model those with an area of 25,000 km2 the
same as other smaller basins?

Although results of experiments not shown in this manuscript suggest there is no problem with
doing so, in this manuscript only basins with an area smaller than 2000km? were used. As
stated in L. 174 we use the same 531 basins as Newman et al. (2017): to cite their manuscript:
“We subset the complete Newman et al. (2014) basin list to remove...basins larger than 2000
km?. That said, we agree that we missed to state this clearly in our manuscript and therefore
adapt L 176 to add the following sentence “Furthermore, out of the 671 basins, only those with
an area smaller than 2000km? were kept.”

Old passage:

We used the same 531 basins from the CAMELS data set as Newman et al. (2017). The basins
are mapped in Fig. 2. These basins were chosen out of the full set because some of the basins
have a large (>10 %) discrepancy between different strategies for calculating the basin area,
and incorrect basin area would introduce significant uncertainty into a modeling study. The
basin selection and subset is described by Newman et al. (2017).



New passage:

We used the same subselection of 531 basins from the CAMELS data set that was used by
Newman et al. (2017). These basins are mapped in Fig. 2, and were chosen (by Newman et al.
(2017)) out of the full set because some of the basins have a large (>10 %) discrepancy
between different strategies for calculating the basin area, and incorrect basin area would
introduce

significant uncertainty into a modeling study. Furthermore, only basins with a catchment area
smaller than 2000 km”2 were kept.

10. L194 — “favor of”
Corrected, thank you.

Old passage:
We chose to use existing model runs so to not bias the calibration of the benchmarks to
possibly favor of our own model.

New passage:
We chose to use existing model runs so to not bias the calibration of the benchmarks to
possibly favor our own model.

11. L222, regarding the ensemble averaging, readers deserve to know, how big is the spread?
What if you don't take the average? Sometimes the ensemble mean gets a better R2 but it
misses peaks.

Yes, it is true that taking the ensemble mean will reduce variance. We've not explored more
complex ensemble techniques, of which many exist. However, we see testing different
ensembling strategies as out-of-scope for this paper.

12. It is unclear what “six different settings and eight different models” are.
This is explained in the preceding sentences.

- Regarding the “six different settings” L 219f “All three model configurations were trained
using the squared-error performance metrics discussed in Sect. 2.3 (MSE and NSE™).
This resulted in six different model/training configurations.”

- Regarding the “eight different models” L 221f “To account for stochasticity in the network
initialization and in the optimization procedure (we used stochastic gradient descent), all
networks were trained with n = 8 different random seeds”

The phrase quoted by the reviewer from L. 224 (immediately following the two sentences
quoted) pulls these sentences together “In total, we trained and tested six different settings and
eight different models per setting for a total of 48 different trained LSTM-type models”



13. L261. might be useful to say you extracted gradients from the learned network after training
(correct?), as some readers are unfamiliar with how this is done. However, these gradients are
time-step dependent.

Indeed, we calculated the gradients w.r.t. the static inputs from the trained model, since we are
interested in analyzing the robustness and feature ranking of a trained network, not of a
randomly initialized one. In L. 244 we stated this fact for the model robustness “To estimate the
robustness of the trained model to uncertainty in the catchment attributes...”. We will add a
similar sentence to the feature ranking to avoid possible confusion around analyzing untrained
models.

Old passage:
To provide a simple estimate of the most important static features, we used the method of
Morris (Morris, 1991).

New passage:
To provide a simple estimate of the most important static features of the trained model, we used
the method of Morris (Morris, 1991).

14. Also, why is it called global sensitivity test? It is also local, around a origin for perturbation.

Citing Campolongo et al. (2015) from their introduction “The Morris method is simple to
understand and implement, and its results are easily interpreted. Furthermore it is economic in
the sense that it requires a number of model evaluations is in the number of model factors. The
method can be regarded as global as the final measure is obtained by averaging a number of
local measures (the elementary effects), computed at different points of the input space.” To
clarify the result of Eq. 14 (or Eq. 15 in our case), this is not a global measure in the sense that
the entire space of possible values is considered, but in the sense that more points are
considered to derive the sensitivity (see Saltelli et al., 2004). This is reflected in our statement in
L. 263f: “A global sensitivity measure for each basin and each feature is then derived from
taking the average absolute gradient (Saltelli et al., 2004)”

15. L264 better say "the average of absolute gradients across all basins and all time steps”,
and----why absolute?

Here, we are still referring to a global sensitivity measure for each individual basin. Therefore,
“for each basin” is correct in this sentence. The averaging across multiple basins is then applied
to derive the values in Table 4 (see answer to major comment #3), after normalizing the
sensitivity measures to the range (0,1) per basin. Absolute, because otherwise oscillating
(positive, negative) gradients, have the potential to cancel and (erroneously) suggest that the
respective feature(s) are unimportant. Furthermore, taking absolute values is the proposed



method for deriving the global sensitivity measure from these local points and is referred to as
M* in the literature (e.g. Saltelli, 2004; Campolongo et al. 2011).

16. L267-268 “represent xxx into xxx"? the sentence does not make grammar sense. please fix.
This is obviously an expansion of from 27 to 256. Why would this be really necessary?

We do not see a grammatical error in this sentence. Embedding can be used as a noun, which
makes the phrase “[this] vector [...] represents an embedding of xxx into yyy” grammatically
correct.

This transformation is necessary, since the resulting input gate must be a vector of
256-dimensions - the same size as the LSTM has cell states. This is basically the same as in
every other gate where e.g., the 5-dimensional dynamic inputs (the 5 meteorological variables)
have to be transformed into a vector of 256-dimensions for the forget and output gate and the
cell update respectively.

17. Table 2. this value is indeed the highest | have seen. Good work!
Thank you.
18. L380. Why 447 basins now? What are missing?

The first sentence in Section 3.2 (L.363) explains this: “The results in this section are calculated
from 447 basins that were modeled by all benchmark models”.

It's important to reiterate that we used benchmark models that were run by the respective model
development groups. We did not run our own benchmark models. This is critical because we
want to give the benchmark models the highest possible chance of success - the presumption
being that the respective model development groups are the most well-qualified to run their own
models. Notice that this is a common strategy in model intercomparison and model
benchmarking studies (e.g., Best et al., 2015)

19. L410 Unsure how this answers the question if the network just remembers. The logic is
Confusing.

We think that the general results of the robustness analysis (as shown in the boxplot in Fig. 6)
indeed address whether the network is simply remembering basins. If we understand the
reviewer correctly, s/he is referring to pure overfitting against the static attributes and that the
LSTM simply remembers all 531 catchments individually. If the LSTM simply remembers all 531
catchments individually, there would not be slow degradation in performance (as seen as
increase in the variance of the boxplot over increasing level of additive noise) but rather a more
drastic performance drop, when not using the exact catchment attributes for each basin. We will
add a sentence that better describes this result.



Old passage:

As expected, the model performance degrades with increasing noise in the static inputs.
However, the degradation does not happen abruptly but smoothly with increasing levels of
noise.

New passage:

As expected, the model performance degrades with increasing noise in the static inputs.
However, the degradation does not happen abruptly but smoothly with increasing levels of
noise, which is an indication that the LSTM is not over-fitting on the static catchment attributes.
That is, it is not remembering each basin with its set of attributes exactly, but rather learns a
smooth mapping between attributes and model output.

20. L414, mean precipitation, etc --- aren' these supposed to be climatic inputs rather than
static? (can we not let the network generalize it from the forcing data)?

Mean precipitation, high precipitation duration etc. are indeed climatic inputs, but also static
inputs since these are aggregated values over the time series (see Addor et al. 2017). The
network would only be able to derive statistics like mean precipitations internally from the time
length we derive as the input for predicting a single day (here we use an input sequence length
of 365 days).

21. Table 4. Echoing a major point raised above. What further conclusions can be drawn from
the fact that climatic attributes take the most important positions? catchment Co-evolution
theory?

Indeed, what could be inferred here? It's a good question. Certainly this type of speculation is
far outside the scope of this paper. We are not prepared to speculate on climate-driven
catchment co-evolution, but we suspect that the 30-year data record in CAMELS is not long
enough to address this question

22. L454 “before vs. after the transformation into the embedding layer”. This is a good
comparison, although later there didn’t seem to be much comment on this comparison

There are a few comparisons made throughout the analysis:

- L 453ff “In all cases with cluster sizes less than 15, we see that clustering by the values
of the embedding layer provides more distinct catchment clusters than when clustering
by the raw catchment attributes”

- L 462ff “In both the k = 5 and k = 6 cluster examples, clustering by the EA-LSTM
embedding layer reduced variance in the hydrological signatures by more or



approximately the same amount as by clustering on the raw catchment attributes. The
exception to this was the hfd-mean date, which represents an annual timing process
(i.e., the day of year when the catchment releases half of its annual flow). This indicates
that the EA-LSTM embedding layer is largely preserving the information content about
hydrological behaviors, while overall increasing distinctions between groups of similar
catchments”

- L 471ff “Although latitude and longitude were not part of the catchment attributes vector
that was used as input into the embedding layer, both the raw catchment attributes and
the embedding layer clearly delineated catchments that correspond to different
geographical regions within the CONUS”

For each of the steps of the cluster analysis (silhouette plots, variance reduction and cluster
results shown on the map of the USA), we actually gave a direct comparisons between the
results using the embedding of the EA-LSTM or using the raw catchment attributes. We are
unsure what kind of additional comments are expected from the reviewer.

23. UMAP—might be good to briefly explain what it does. Is it just PCA?

We agree that the explanation of the UMAP method could be extended in Section 2.6.3 and will
update the manuscript accordingly.

New passage describing UMAP:

Finally, we reduced the dimension of the input gate embedding layer (from R*256 to R*2) so as
to be able to visualize dominant features in the input embedding. To do this we use a dimension
reduction algorithm, called UMAP (Mclnnes et al., 2018) for "Uniform Manifold Approximation
and Projection for Dimension Reduction". UMAP is based on neighbour graphs (while e.g.,
principle component analysis is based on matrix factorization), and it uses ideas from
topological data analysis and manifold learning techniques to guarantee that information from
the high dimensional space is preserved in the reduced space. For further details we refer the
reader to the original publication by Mclnnes et al. (2018).

24. 1479 Honestly, it's not that easy to see which cluster you are talking about. could use some
annotation on the plot.

This is a good idea and we will update the plot accordingly.

25. L489 | found this discussion, as a take-home message, to be somewhat superficial, and
unsurprising. I'd appreciate somewhat more in-depth discussion about the hydrology.

We understand and appreciate the reviewer’s perspective (more is usually better), however it’'s
hard to see from this comment what the reviewer finds missing in our analysis. We did give quite
a lot of hydrological discussion in the context of analyzing the embedding layer - does the
reviewer see something in our analysis that is missing? Is there something they might hope to



learn that we didn’t explore? We would love suggestions about how to improve this analysis, but
just asking for more is not really an actionable suggestion.

Regarding the reviewers’ suggestion that our conclusions were not surprising, | guess surprising
is somewhat subjective. We were generally happy that (a) the model performed as well as it did
against benchmarks, and (b) that the similarity analysis generally agreed with previous
literature. This means that the model at least appears to be giving the right answers for the right
reasons.

26. Figure 11 these colors do not mean anything. It is a bit confusing. Why not use a at least
partially consistent color scheme?

These colors actually do mean something (and it was actually somewhat difficult to get the
colors to match on the various plots). These colors present the results of several clustering
analyses, and are categorical labels. Therefore, we chose to color the basins in a categorical
color palette, where each color reflects one cluster class. This makes a categorical
color-scheme necessary, since there is no intrinsic ordering (excluding continuous, sequential
and diverging color schemes). Furthermore, we made sure that the clusters between the
different subplots are more or less colored similarly, so it is easier to compare between the
subplots. What else does the reviewer meant by “partially consistent color scheme”™? Consistent
with what? Certainly the color scheme is consistent between subplots in the figure.

27. Figure 12 better annotate axes even if they don't mean much

We decided to exclude the 2D-coordinates of the UMAP embedding because, as the reviewer
suggested herself/himself, they do not mean anything. We would therefore argue that they are
probably more confusing and distracting and the reader could ask what why this basin has an
embedding coordinate of (4,2) and the other basin only of (0,-0.5) (both are arbitrary sets).

28. L524. | am confused why this is called regional, as the LSTM was trained with all basins
over CONUS. What would constitute a model that is not regional?

Regional modeling in Hydrology has a very specific meaning. The alternative is a local model
(i.e., one that is calibrated to a specific basin). The second reviewer suggested that this is
potentially a universal rainfall-runoff model that could be applied to basin groups of any scale
(small regions, US scale, continental scale or even globally), but our intent was to draw a
connection with what is a named (and well-defined) problem in Hydrology.

29. L529-530. It either goes against a belief or it does not. Can't go "somewhat against". And,
the logic here is not quite clear. This paper is not about parameter identification. The fact that
the network works does not imply that parameters can be identified. First the LSTM parameters
cannot be interpreted. Second, even very different parameters could give you similar
predictions.



First, it's actually possible for two opinions to partially disagree or somewhat disagree, however
we changed this part to: “This result challenges the idea that runoff time series alone only
contain enough information...”

Secondly, we are not sure if we understand the comment about parameter identification:

- The technical correctness of the statement “the LSTM parameters cannot be interpreted’
depends on one's understanding of interpretation (for a lengthy discussion on this topic
we refer to Lipton, 2016). The LSTM parameters are (maybe) not one-to-one translatable
into physical properties as some of the hydrological model parameters, however this
criticism is no less valid for conceptual models: it might be questionable what a e.g.,
catchment-wide infiltration value represents.

- However, the function of each individual parameter in the trained LSTM could indeed be
interpreted, to see if a certain weight e.g., thresholds to specific temperatures in the
input. The huge number of parameters however, makes such work difficult. This is not
really related to the point of the sentence in question, however, which is about
deficiencies in hydrology models, not about the interpretability of LSTM parameters.

- We are also not sure if we understand the second point of the review in this context.
Indeed, different parameters can give similar predictions and overall performances, as
we have shown in the paper. However, what is the point here regarding our statement
that we think traditional large-scale hydrological models can be structurally improved?
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Abstract. Regional rainfall-runoff modeling is an old but still mostly out-standing problem in Hydrological Sciences. The
problem currently is that traditional hydrological models degrade significantly in performance when calibrated for multiple
basins together instead of for a single basin alone. In this paper, we propose a novel, data-driven approach using Long Short-
Term Memory networks (LSTMs), and demonstrate that under a *big data’ paradigm, this is not necessarily the case. By training
a single LSTM model on 531 basins from the CAMELS data set using meteorological time series data and static catchment
attributes, we were able to significantly improve performance compared to a set of several different hydrological benchmark
models. Our proposed approach not only significantly outperforms hydrological models that were calibrated regionally but also
achieves better performance than hydrological models that were calibrated for each basin individually. Furthermore, we propose
an adaption to the standard LSTM architecture, which we call an Entity-Aware-LSTM (EA-LSTM), that allows for learning,
and embedding as a feature layer in a deep learning model, catchment similarities. We show that this learned catchment

similarity corresponds well with what we would expect from prior hydrological understanding.

1 Introduction

A longstanding problem in the Hydrological Sciences is about how to use one model, or one set of models, to provide spa-
tially continuous hydrological simulations across large areas (e.g., regional, continental, global). This is the so-called regional
modeling problem, and the central challenge is about how to extrapolate hydrologic information from one area to another —
e.g., from gauged to ungauged watersheds, from instrumented to non-instrumented hillslopes, from areas with flux towers to
areas without, etc. (Bloschl and Sivapalan, 1995). Often this is done using ancillary data (e.g. soil maps, remote sensing, digital
elevation maps, etc.) to help understand similarities and differences between different areas. The regional modeling problem is

thus closely related to the problem of prediction in ungauged basins (Bloschl et al., 2013; Sivapalan et al., 2003). This problem
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is well-documented in several review papers, therefore we point the interested reader to the comprehensive reviews by Razavi
and Coulibaly (2013) and Hrachowitz et al. (2013), and to the more recent review in the introduction by Prieto et al. (2019).
Currently, the most successful hydrological models are calibrated to one specific basin, whereas a regional model must be
somehow ‘aware’ of differences between hydrologic behaviors in different catchments (e.g., ecology, geology, pedology, to-
pography, geometry, etc.). The challenge of regional modeling is to learn and encode these differences so that differences in
catchment characteristics translate into appropriately heterogeneous hydrologic behavior. Razavi and Coulibaly (2013) recog-
nize two primary types of strategies for regional modeling: model-dependent methods and model-independent (data-driven)
methods. Here, model-dependent denotes approaches where regionalization explicitly depends on a pre-defined hydrological
model (e.g., classical process-based models), while model-independent denotes data-driven approaches that do not include a
specific model. The critical difference is that the first tries to derive hydrologic parameters that can be used to run simulation
models from available data (i.e., observable catchment characteristics). In this case, the central challenge is the fact that there
is typically strong interaction between individual model parameters (e.g., between soil porosity and soil depth, or between
saturated conductivity and an infiltration rate parameter), such that any meaningful joint probability distribution over model
parameters will be complex and multi-modal. This is closely related to the problem of equifinality (Beven and Freer, 2001).
Model-dependent regionalization has enjoyed major attention from the hydrological community, so that today a large va-
riety of approaches exist. To give a few selective examples, Seibert (1999) calibrated a conceptual model for 11 catchments
and regressed them against the available catchment characteristics. The regionalization capacity was tested against seven other
catchments, where the reported performance ranged between an Nash-Sutcliffe Efficiency (NSE) of 0.42 and 0.76. Samaniego
et al. (2010) proposed a multiscale parameter regionalization (MPR) method, which simultaneously sets up the model and a
regionalization scheme by regressing the global parameters of a set of a-priori defined transfer functions that map from an-
cillary data like soil properties to hydrological model parameters. Beck et al. (2016) calibrated a conceptual model for 1787
catchments around the globe and used these as a catalog of ‘donor catchments’, and then extend this library to new catch-
ments by identifying the ten most similar catchments from the library in terms of climatic and physiographic characteristics
to parameterize a simulation ensemble. Prieto et al. (2019) first regionalized hydrologic signatures (Gupta et al., 2008) using a
regression model (random forests), and then calibrated a rainfall runoff model to the regionalized hydrologic signatures.
Model-independent methods, in contrast, do not rely on prior knowledge of the hydrological system. Instead, these methods
learn the entire mapping from ancillary data and meteorological inputs to streamflow or other output fluxes directly. A model
of this type has to ‘learn’ how catchment attributes or other ancillary data distinguish different catchment response behaviours.
However, hydrological modeling typically provides the most accurate predictions when a model is calibrated to a single specific
catchment (Mizukami et al., 2017), whereas data-driven approaches might benefit from large cross-section of diverse training
data, because knowledge can be transferred across sites. Among the category of data-driven approaches are neural networks.
Besaw et al. (2010) showed that an artificial neural network trained on one catchment (using only meteorological inputs) could
be moved to a similar catchment (during a similar time period). However, the accuracy of their network in the training catch-
ment was only a NSE of 0.29. Recently, Kratzert et al. (2018b) have shown, that Long Short-Term Memory (LSTM) networks,

a special type of recurrent neural networks, are well suited for the task of rainfall-runoff modeling. This study already included
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first experiments towards regional modeling, while still using only meteorological inputs and ignoring ancillary catchment
attributes. In a preliminary study Kratzert et al. (2018c) demonstrated that their LSTM-based approach outperforms, on av-
erage, a well-calibrated Sacramento Soil Moisture Accounting Model (SAC-SMA) in an asymmetrical comparison where the
LSTM was used in an ungauged setting and SAC-SMA was used in a gauged setting - i.e., SAC-SMA was calibrated indi-
vidually for each basin whereas the LSTM never saw training data from any catchment where it was used for prediction. This
was done by providing the LSTM-based model with meteorological forcing-data and additional catchment attributes. From
these preliminary results we can already assume that this general modeling approach is promising and has the potential for
regionalization.

The objectives of this study are:

(i) to demonstrate that we can use large-sample hydrology data (Gupta et al., 2014; Peters-Lidard et al., 2017) to develop a
regional rainfall-runoff model that capitalizes on observable ancillary data in the form of catchment attributes to produce

accurate streamflow estimates over a large number of basins,
(i1) to benchmark the performance of our neural network model against several existing hydrology models, and

(iii) to show how the model uses information about catchment characteristics to differentiate between different rainfall-runoff

behaviors.

To this end we built an LSTM-based model that learns catchment similarities directly from meteorological forcing-data and
ancillary data of multiple basins and evaluate its performance in a ‘gauged’ setting, meaning that we never ask our model
to predict in a basin where it did not see training data. Concretely, we propose an adaption of the LSTM where catchment
attributes explicitly control which parts of the network-LSTM state space are used for a given basin. Because the model is
trained using both catchment attributes and meteorological time series data, to predict streamflow, it can learn how to combine
different parts of the network to simulate different types of rainfall-runoff behaviors. In principle, the approach explicitly
allows for sharing parts of the networks for similarly behaving basins, while using different independent parts for basins with
completely different rainfall-runoff behavior. Furthermore, our adaption provides a mapping from catchment attribute space
into a learned, high-dimensional space, i.e. a so-called embedding, in which catchments with similar rainfall-runoff behavior
can be placed together. This embedding can be used to preform data-driven catchment similarity analysis.

The paper is organized as follows. Section 2 (Methods) describes our LSTM-based model, the data, the benchmark hy-
drological models, and the experimental design. Section 3 (Results) presents our modelling results, the benchmarking results
and the results of our embedding layer analysis. Section 4 (Discussion and Conclusion) reviews certain implications of our
model and results, and summarizes the advantages of using data-driven methods for extracting information from catchment

observables for regional modeling.
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2 Methods
2.1 A Brief Overview of the Long Short-Term Memory network

An LSTM network is a type of recurrent neural network that includes dedicated memory cells that store information over long
time periods. A specific configuration of operations in this network, so-called gates, control the information flow within the
LSTM (Hechreiter-and-Sehmidhuber; 1997)(Hochreiter, 1991; Hochreiter and Schmidhuber, 1997). These memory cells are,
in a sense, analogous to a state vector in a traditional dynamical systems model, which makes LSTMs potentially an ideal
candidate for modeling dynamical systems like watersheds. Compared to other types of recurrent neural networks, LSTMs do
not have a problem with exploding and/or vanishing gradients, which allows them to learn long-term dependencies between
input and output features. This is desirable for modeling catchment processes like snow-accumulation and snow-melt that have
relatively long time scales compared with the timescales of purely input driven domains (i.e., precipitation events).

An LSTM works as follows (see also Fig. 1a): Given an input sequence x = [z[1],..,2[T]] with T' time steps, where each
element x[t] is a vector containing input features (model inputs) at time step ¢ (1 < ¢ < T), the following equations describe

the forward pass through the LSTM:

i[t] = o(Wiz[t] + U;h[t — 1] + b;) (1)
flt]=o(Wyz[t] + Ush[t — 1] + by) 2
glt] = tanh(Woz[t] + Ugh[t — 1] + by) 3)
o[t] = o (Woa[t] + Uoh[t — 1] + bo) )
c[t] = flt]oct—1]+1i[t] © g[t] Q)
h[t] = olt] ® tanh(c[t]), ©6)

where i[t], f[t] and olt] are the input gate, forget gate, and output gate, respectively, g[t] is the cell input and x[t] is the
network input at time step t (1 <t <T), h[t — 1] is the recurrent input c[t — 1] the cell state from the previous time step. At
the first time step, the hidden and cell states are initialized as a vector of zeros. W, U and b are learnable parameters for each
gate, where subscripts indicate which gate the particular weight matrix/vector is used for, o(+) is the sigmoid-function, tanh(-)
the hyperbolic tangent function and © is element-wise multiplication. The intuition behind this network is that the cell states
(c[t]) characterize the memory of the system. The cell states can get modified by the forget gate (f[t]), which can delete states,
and the input gate (2[t]) and cell update (g[t]), which can add new information. In the latter case, the cell update is seen as the
information that is added and the input gate controls into which cells new information is added. Finally, the output gate (o[t])
controls which information, stored in the cell states, is outputted. For a more detailed description, as well as a hydrological

interpretation, see Kratzert et al. (2018b).
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Figure 1. Visualization of (a) the standard LSTM cell as defined by Eq. (1-6) and (b) the proposed Entity-Aware-LSTM (EA-LSTM) cell as
defined by Eq. (7-12).

2.2 A New Type of Recurrent Network: The Entity-Aware-LSTM

To reiterate from the introduction, our objective is to build a network that learns eatchment-similarities-direetlyfrom-to extract
information that is relevant to rainfall-runoff data-in-multiple-basinsbehaviors from observable catchment attributes. To achieve
this, it is necessary to provide the network with information on the catchment characteristics that contain some amount of
information that allows for discriminating between different catchments. Ideally, we want the network to condition the pro-
cessing of the dynamic inputs on a set of static catchment characteristics. That is, we want the network to learn a mapping from
meteorological time series into streamflow that itself (i.e., the mapping) depends on a set of static catchment characteristics
that could, in principle, be measured anywhere in our modeling domain.

One way to do this would be to add the static features as additional inputs at every time step. That is, we could simply
augment the vectors x[t] at every time step with a set of catchment characteristics that do not (necessarily) change over time.
However, this approach does not allow us to directly inspect what the LSTM learns from these static catchment attributes.

Our proposal is therefore to use a slight variation on the normal LSTM architecture (an illustration is given in Fig. 1b):

i=0(Wixs+b;) ™)
Flt] = o(Wima[t] + Ush[t — 1]+ by) (8)
glt] = tanh(Waa[t] + Ughlt — 1] + bg) ©)
o[t] = o(Woza[t] + Uoh[t — 1] + b,) (10)
cft] = flt]©clt — 1]+t g[t] (11)
h[t] = o[t] ® tanh(c[t]) (12)
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Here 4 is an input gate, which now does not change over time. & are the static inputs (e.g., catchment attributes) and x4][t]
are the dynamic inputs (e.g., meteorological forcings) at time step ¢ (1 < ¢ < T'). The rest of the LSTM remains unchanged. The
intuition is as follows: we explicitly process the static inputs @ and the dynamic inputs x4[t] separately within the architecture
and assign them special tasks. The static features control, through input gate (z), which parts of the LSTM are activated for any
individual catchment, while the dynamic and recurrent inputs control what information is written into the memory (g|[t]), what
is deleted (f[t]), and what of the stored information to output (o[t]) at the current time step .

We are calling this an Entity-Aware-LSTM (EA-LSTM) because it explicitly differentiates between similar types of dy-
namical behaviors (here rainfall-runoff processes) that differ between individual entities (here different watersheds). After
training, the static input gate of the EA-LSTM contains a series of real values in the range (0,1) that allow certain parts of
the input gate to be active through the simulation of any individual catchment. In principle, different groups of catchments can
share different parts of the full trained network.

This is an embedding layer, which allows for a non-naive information sharing between the catchments. For example, we
could potentially discover, after training, that two particular catchments share certain parts of the activated network based on
geological similarities while other parts of the network remain distinct due to ecological dissimilarities. This embedding layer
allows for complex interactions between catchment characteristics, and - importantly - makes it possible for those interactions

to be directly informed by the rainfall-runoff data from all catchments used for training.
2.3 Objective Function: A Smooth Joint NSE

An objective function is required for training the network. For regression tasks such as runoff prediction, the mean-squared-
error (MSE) is commonly used. Hydrologists also sometimes use the NSE because it has an interpretable range of (-oo, 1).
Both the MSE and NSE are squared error loss functions, with the difference being that the latter is normalized by the total
variance of the observations. For single-basin optimization, the MSE and NSE will typically yield the same optimum parameter
values, discounting any effects in the numerical optimizer that depend on the absolute magnitude of the loss value.

The linear relation between these two metrics (MSE and NSE) is lost, however, when calculated over data from multiple
basins. In this case, the means and variances of the observation data are no longer constant because they differ between basins.
We will exploit this fact. In our case, the MSE from a basin with low average discharge (e.g. smaller, arid basins) is generally
smaller than the MSE from a basin with high average discharge (e.g. larger, humid basins). We need an objective function that
does not depend on basin-specific mean discharge so that we do not overweight large humid basins (and thus perform poorly on
small, arid basins). Our loss function is therefore the average of the NSE values calculated at each basin that supplies training
data — referred to as basin averaged Nash-Sutcliffe Efficiency (NSE*). Additionally, we add a constant term to the denominator
(e = 0.1), the variance of the observations, so that our loss function does not explode (to negative infinity) for catchments with

very low flow-variance. Our loss function is therefore:

NSE*ZLXB:XN:M (13)
B (s(b) + )2’
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Figure 2. Overview of the basin location and corresponding catchment attributes. (a) The mean catchment elevation, (b) the catchment aridity

(PET/P), (c) the fraction of the catchment covered by forest and (d) the daily average precipitation

where B is the number of basins, NV is the number of samples (days) per basin B, ¥, is the prediction of sample n (1 <n <
N), y,, the observation and s(b) is the standard deviation of the discharge in basin b (1 < b < B), calculated from the training
period. In general, an entity-aware deep learning model will need a loss function that does not underweight entities with lower

(relative to other entities in the training data set) absolute values in the target data.
2.4 The NCAR CAMELS Dataset

To benchmark our proposed EA-LSTM model, and to assess its ability to learn meaningful catchment similarities, we will use
the Catchment Attributes and Meteorological (CAMELS) data set (Newman et al., 2014; Addor et al., 2017b). CAMELS is a
set of data concerning 671 basins that is curated by the US National Center for Atmospheric Research (NCAR). The CAMELS
basins range in size between 4 and 25 000 km?, and were chosen because they have relatively low anthropogenic impacts.
These catchments span a range of geologies and ecoclimatologies, as described in Newman et al. (2015) and Addor et al.
(2017a).

We used the same subselection of 531 basins from the CAMELS data set as-Newman-et-al+2617)—The-that was used by
Newman et al. (2017). These basins are mapped in Fig. 2-These-basins-were-chosen-, and were chosen (by Newman et al. (2017)
) out of the full set because some of the basins have a large (> 10 %) discrepancy between different strategies for calculating

the basin area, and incorrect basin area would introduce significant uncertainty into a modeling study. Fhe-basin-selection-and
subsetis-deseribed-by Newman-et-al-(2017-Furthermore, only basins with a catchment area smaller than 2000 km? were kept.

For time-dependent meteorological inputs (x,4[t]), we used the daily, basin-averaged Maurer forcings (Wood et al., 2002)
supplied with CAMELS. Our input data includes: (i) daily cumulative precipitation, (ii) daily minimum air temperature, (iii)
daily maximum air temperature, (iv) average short-wave radiation and (v) vapor pressure. Furthermore, 27 CAMELS catchment

characteristics were used as static input features (x); these were chosen as a subset of the full set of characteristics explored
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by Addor et al. (2017b) that are derivable from remote sensing or CONUS-wide available data products. These catchment
attributes include climatic and vegetation indices, as well as soil and topographical properties (see Tab. A1l for an exhaustive

list).
2.5 Benchmark models

The first part of this study benchmarks our proposed model against several high-quality benchmarks. The purpose of this
exercise is to show that the EA-LSTM provides reasonable hydrological simulations.

To do this, we collected a set of existing hydrological models' that were configures, calibrated, and run by several previous
studies over the CAMELS catchments. These models are: (i) SAC-SMA (Burnash et al., 1973; Burnash, 1995) coupled with
the Snow-17 snow routine (Anderson, 1973), hereafter referred to as SAC-SMA, (ii) VIC (Liang et al., 1994), (iii) FUSE (Clark
et al., 2008; Henn et al., 2008) (three different model structures, 900, 902, 904), (iv) HBV (Seibert and Vis, 2012) and (v) mHM
(Samaniego et al., 2010; Kumar et al., 2013). In some cases, these models were calibrated to individual basins, and in other
cases they were not. All of these benchmark models were run by other groups - we did not run any of our own benchmarks. We
chose to use existing model runs so to not bias the calibration of the benchmarks to possibly favor ef-our own model. Each set
of simulations that we used for benchmarking is documented elsewhere in the Hydrology literature (references below). Each
of these benchmark models use the same daily Maurer forcings that we used with our EA-LSTM, and all were calibrated and

validated on the same time period(s). These benchmark models can be distinguished into two different groups:

1. Models calibrated for each basin individually: These are SAC-SMA (Newman et al., 2017), VIC (Newman et al.,
2017), FUSE?, mHM (Mizukami et al., 2019) and HBV (Seibert et al., 2018). The HBV model supplied both a lower
and upper benchmark, where the lower benchmark is an ensemble mean of 1000 uncalibrated HBV models and the upper

benchmark is an ensemble of 100 calibrated HBV models.

2. Models that were regionally calibrated: These share one parameter set for all basins in the data set. Here we have

calibrations of the VIC model (Mizukami et al., 2017) and mHM (Rakovec et al., 2019).
2.6 Experimental Setup

All model calibration and training was performed using data from the time period 1 October 1999 through 30 September
2008. All model and benchmark evaluation was done using data from the time period 1 Oct 1989 through 30 September 1999.
We trained a single LSTM or EA-LSTM model using calibration period data from all basins, and evaluated this model using
validation period data from all basins. This implies that a single parameter set (i.e. W, U, b from Eq. 1-4 and Eq. 7-10) was
trained to work across all basins.

We trained and tested the following three model configurations:

'Will be released on HydroShare. DOI will be added for publication.
2The FUSE runs were generated by Nans Addor (n.addor@uea.ac.uk) and given to us by personal communication. These runs are part of current develop-

ment by N. Addor on the FUSE model itself and might not reflect the final performance of the FUSE model.
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— LSTM without static inputs: A single LSTM trained on the combined calibration data from all basins, using only the

meteorological forcing data and ignoring static catchment attributes.

— LSTM with static inputs: A single LSTM trained on the combined calibration data of all basins, using the mete-
orological features as well as the static catchment attributes. These catchment descriptors were concatenated to the

meteorological inputs at each time step.

— EA-LSTM with static inputs: A single EA-LSTM trained on the combined calibration data of all basins, using the
meteorological features as well as the static catchment attributes. The catchment attributes were input to the static input

gate in Eq. 7, while the meteorological inputs were used at all remaining parts of the network (Eq. 8-10).

All three model configurations were trained using the squared-error performance metrics discussed in Sect. 2.3 (MSE and
NSE*). This resulted in six different model/training configurations.

To account for stochasticity in the network initialization and in the optimization procedure (we used stochastic gradient
descent), all networks were trained with n = 8 different random seeds. Predictions from the different seeds were combined
into an ensemble by taking the mean prediction at each timestep of all n different models under each configuration. In total,
we trained and tested six different settings and eight different models per setting for a total of 48 different trained LSTM-
type models. For all LSTMs we used the same architecture (apart from the inclusion of a static input gate in the EA-LSTM),
which we found through hyperparameter optimization (see Appendix B for more details about the hyperparameter search).
The LSTMs had 256 memory cells and a single fully connected layer with a dropout rate (Srivastava et al., 2014) of 0.4. The
LSTMs were run in sequence-to-value mode (as opposed to sequence-to-sequence mode), so that to predict a single (daily)
discharge value required meteorological forcings from 269 preceding days, as well as the forcing data of the target day, making

the input sequences 270 time steps long.
2.6.1 Assessing Model Performance

Because no one evaluation metric can fully capture the consistency, reliability, accuracy, and precision of a streamflow model,
it was necessary to use a variety of performance metrics for model benchmarking (Gupta et al., 1998). Evaluation metrics
used to compare models are listed in Tab. 1. These metrics focus specifically on assessing the ability of the model to capture
high-flows and low-flows, as well as assessing overall performance using a decomposition of the standard squared error metrics

that is less sensitive to bias (Gupta et al., 2009).
2.6.2 Robustness and Feature Ranking

All catchment attributes used in this study are derived from gridded data products (Addor et al., 2017a). Taking the catchment’s
mean elevation as an example, we would get different mean elevations depending on the resolution of the gridded digital
elevation model. More generally, there is uncertainty in all CAMELS catchment attributes. Thus, it is important that we evaluate

the robustness of our model and of our embedding layer (particular values of the 256 static input gates) to changes in the exact
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Table 1. Overview of used evaluation metrics. The notation of the original publications is kept.

Metric Reference Equation
Nash-Sutcliff-Efficiency (NSE) Nash and Sutcliffe (1970) 1— Z1Qmld—Qolt)*

ST (Qolt-Qo)
a-NSE Decomposition Gupta et al. (2009) 0s/00
B-NSE Decomposition Gupta et al. (2009) (s — o) /00

H

Top 2% peak flow bias (FHV) Yilmaz et al. (2008) W x 100

h=1 2
Bias of FDC midsegment slope (FMS)  Yilmaz et al. (2008) GOy 222l x 100
30% low flow bias (FLV) Yilmaz et al. (2008) Loy (0x(Q5)) —10a(@51)) —3j21 (0e(901) ~og(QOL)) 1 1

L (10g(QO;) —log(QOL))

values of the catchment attributes. Additionally, we want some idea about the relative importance of different catchment
attributes.

To estimate the robustness of the trained model to uncertainty in the catchment attributes, we added Gaussian noise N (0, o)
with increasing standard deviation to the individual attribute values and assessed resulting changes in model performance
for each noise level. Concretely, additive noise was drawn from normal distributions with 10 different standard deviations:
o =1[0.1,0.2,...,0.9,1.0]. All input features (both static and dynamic) were standardized (zero mean, unit variance) before
training, so these perturbation sigmas did not depend on the units or relative magnitudes of the individual catchment attributes.
For each basin and each standard deviation we drew 50 random noise vectors, resulting in 531 % 10 % 50 = 265500 evaluations
of each trained EA-LSTM.

To provide a simple estimate of the most important static features of the trained model, we used the method of Morris
(Morris, 1991). Albeit the Morris method is relatively simple, it has been shown to provide meaningful estimations of the
global sensitivity and is widely used (e.g., Herman et al., 2013; Wang and Solomatine, 2019). The method of Morris uses
an approximation of local derivatives, which can be extracted directly from neural networks without additional computations,
which makes this a highly efficient method of sensitivity analysis.

The method of Morris typically estimates feature sensitivities (EE;) from local (numerical) derivatives.

f(l‘l,...,l'i + Ai,...,mp) — f(ZE)
AV ’

EE,; = (14)

Neural networks are completely differentiable (to allow for back-propagation) and thus it is possible to calculate the exact

gradient with respect to the static input features. Thus, for neural networks the method of Morris can be applied analytically.

g SEn i N wy) — f)  0f(x)
BE = L, A, ~ ow )

This makes it unnecessary to run computationally expensive sampling methods to approximate the local gradient. Further,
since we predict one time step of discharge at the time, we obtain this sensitivity measure for each static input for each day
in the validation period. A global sensitivity measure for each basin and each feature is then derived from taking the average

absolute gradient (Saltelli et al., 2004).
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2.6.3 Analysis of Catchment Similarity from the Embedding Layer

Once the model is trained, the input gate vector (z, see Eq. 7) for each catchment is fixed for the simulation period. This results
in a vector that represents an embedding of the static catchment features (here in R?’) into the high-dimensional space of the
LSTM (here in R>®). The result is a set of real-valued numbers that map the catchment characteristics onto a strength, or
weight, associated with each particular cell state in the EA-LSTM. This weight controls how much of the cell input (g[t], see
Eq. 9) is written into the corresponding cell state (c|t], see Eq. 11).

Per design, our hypothesis is that the EA-LSTM will learn to group similar basins together into the high-dimensional space,
so that hydrologically-similar basins use similar parts of the LSTM cell states. This is dependent, of course, on the information
content of the catchment attributes used as inputs, but the model should at least not degrade the quality of this information, and
should learn hydrologic similarity in a way that is useful for rainfall-runoff prediction. We tested this hypothesis by analyzing
the learned catchment embedding from a hydrological perspective. We analyzed geographical similarity by using k-means
clustering on the R feature space of the input gate embedding to delineate basin groupings, and then plotted the clustering
results geographically. The number of clusters was determined using a mean silhouette score.

In addition to visually analyzing the k-means clustering results by plotting them spatially (to ensure that the input embedding
preserved expected geographical similarity), we measured the ability of these cluster groupings to explain variance in certain
hydrological signatures in the CAMELS basins. For this, we used thirteen of the hydrologic signatures that were used by
Addor et al. (2018): (i) mean annual discharge (q-mean), (ii) runoff ratio, (iii) slope of the flow duration curve (slope-fdc),
(iv) baseflow index, (v) streamflow-precipitation elasticity (stream-elas), (vi) Sth percentile flow (q5), (vii) 95th percentile flow
(q95), (viii) frequency of high flow days (high-q-freq), (ix) mean duration of high flow events (high-g-dur), (x) frequency of
low flow days (low-g-freq), (xi) mean duration of low flow events (low-g-dur), (xii) zero flow frequency (zero-q-freq), and
(xiii) average day of year when half of cumulative annual flow occurs (mean-hfd).

Finally, we reduced the dimension of the input gate embedding layer (from R*® to R?) so as to be able to visualize

dominant features in the input embedding. To do this we

WWMWLW%MMJ@&%
Manifold Approximation and Projection for Dimension Reduction”. UMAP is based on neighbour graphs (while e.g., principle
component analysis is based on matrix factorization), and it uses ideas from topological data analysis and manifold learning.
techniques to guarantee that information from the high dimensional space is preserved in the reduced space. For further details
we refer the reader to the original publication by Mclnnes et al. (2018).

3 Results

This section is organized as follows:
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Effect of (not) using static catchment attributes
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Figure 3. Cumulative density functions of the NSE for all LSTM-type model configurations described in Sect, 2.6.1. For each model type
the ensemble mean and one of the n = 8 repetitions are shown. LSTM configurations are shown in orange (with catchment attributes) and

purple (without catchment attributes), and the EA-LSTM configurations (always with catchment attributes) are shown in green.

— The first subsection (Sect. 3.1) presents a comparison between the three different LSTM-type model configurations
discussed in Sect. 2.6.1. The emphasis in this comparison is to examine the effect of adding catchment attributes as

300 additional inputs to the LSTM using the standard vs. adapted (EA-LSTM) architectures.

— The second subsection (Sect. 3.2) presents results from our benchmarking analysis — that is, the direct comparison

between the performances of our EA-LSTM model with the full set of benchmark models outlined in Sect. 2.5.
— The third subsection (Sect. 3.3) present results of the sensitivity analysis outlined in Sect. 2.6.2.

— The final subsection (Sect. 3.4) presents an analysis of the EA-LSTM embedding layer to demonstrate that the model

305 learned how to differentiate between different rainfall-runoff behaviors across different catchments.
3.1 Comparison between LSTM Modeling Approaches

The key results from a comparison between the LSTM approaches are in Fig. 3, which shows the cumulative density functions
(CDF) of the basin-specific NSE values for all six LSTM models (three model configurations, and two loss functions) over the
531 basins.

310 Table 2 contains average key overall performance statistics. Statistical significance was evaluated using the paired Wilcoxon
test (Wilcoxon, 1945), and the effect size was evaluated using Cohen’s d (Cohen, 2013). The comparison contains four key

results:

12
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(i) Using catchment attributes as static input features improves overall model performance as compared with not providing

the model with catchment attributes. This is expected, but worth confirming.

(i1) Training against the basin-average NSE* loss function improves overall model performance as compared with training

against an MSE loss function, especially in the low NSE spectra.

(iii) There is statistically significant difference between the performance of the standard LSTM with static input features and

the EA-LSTM however, with a small effect size.

(iv) Some of the error in the LSTM-type models is due to randomness in the training procedure and can be mitigated by

running model ensembles.

Related to result (i), there was a significant difference between LSTMs with standard architecture trained with vs. without
static features (square vs. triangle markers in Fig. 3). The mean (over basins) NSE improved in comparison with the LSTM
that did not take catchment characteristics as inputs by 0.44 (range (0.38, 0.56)) when optimized using the MSE and 0.30
(range(0.22, 0.43)) when optimized using the basin-average NSE*. To assess statistical significance for single models, we first
calculated the mean basin performancefe-g:, i.e. the mean NSE per basin and-across-all-seeds)-between-two-different-model
settings wascompared between-different modeteonfigurationsacross the 8 repetitions. The so derived mean basin performance
was then used for the test of significance. To assess statistical significance for ensemble means, the mean-basin-performanece

of-the-ensemble-mean—was-compared-ensemble prediction (i.e. the mean discharge prediction of the 8 model repetitions) was
used to compare between different model eenfigurationsapproaches. For models trained using the standard MSE loss function,

the p-value for the single model was p = 1.2 % 10~ 7® and the p-value between the ensemble means was p = 4 * 1075, When
optimized using the basin-average NSE*, the p-value for the single model was p = 8.8 % 1073!) and the p-value between the
ensemble means was p = 3.3 x 107 7°.

It is worth emphasizing that the improvement in overall model performance due to including catchment attributes implies
that these attributes contain information that helps to distinguish different catchment-specific rainfall-runoff behaviors. This
is especially interesting since these attributes are derived from remote sensing and other everywhere-available data products,
as described by Addor et al. (2017b). Our benchmarking analysis presented in the next subsection (Sect. 3.2), shows that this
information content is sufficient to perform high quality regional modeling (i.e., competitive with lumped models calibrated
separately for each basin).

Related to result (ii), using the basin-average NSE* loss function instead of a standard MSE loss function improved perfor-
mance for single models (different individual seeds) as well as for the ensemble means across all model configurations (see
Tab. 2). The differences are most pronounced for the EA-LSTM and for the LSTM without static features. For the EA-LSTM,
the mean NSE for the single model raised from 0.63 when optimized with MSE to 0.67 when optimized with the basin average
NSE*. For the LSTM trained without catchment characteristics the mean NSE went from 0.23 when optimized with MSE to
0.39 when optimized with NSE*. Further, the median NSE did not change significantly depending on loss function due to the

fact that the improvements from using the NSE* are mostly to performance in basins at the lower-end of the NSE spectra (see
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Table 2. Evaluation results of the single models and ensemble means.

Model NSE’ No. of basins
mean median with NSE <0
LSTM w/o static inputs
using MSE:
Single model: 0.24 (£ 0.049)  0.60 (£ 0.005) 44 (£ 4)
Ensemble mean (n=8): 0.36 0.65 31
using NSE*:
Single model: 0.39 (£ 0.059)  0.59 (& 0.008) 28 (£ 3)
Ensemble mean (n=8): 0.49 0.64 20
LSTM with static inputs
using MSE:
Single model: 0.66 (£ 0.012)  0.73 (£ 0.003) 6(£2)
Ensemble mean (n=8): 0.71 0.76 3
using NSE*:
Single model: 0.69 (£ 0.013)  0.73 (£ 0.002) 2(x1)
Ensemble mean (n=8): 0.72 0.76 2
EA-LSTM
using MSE:
Single model: 0.63 (£ 0.018)  0.71 (& 0.005) 9(£1)
Ensemble mean (n=8): 0.68 0.74 6
using NSE*:
Single model: 0.67 (£ 0.006) 0.71 (£ 0.005) 3(x 1D
Ensemble mean (n=_8): 0.70 0.74 2

% Nash-Sutcliffe efficiency: (—o0, 1], values closer to one are desirable.

also Figure 1 dashed vs. solid lines). This is as expected as catchments with relatively low average flows have a small influence
on LSTM training with an MSE loss function, which results in poor performance in these basins. Using the NSE* loss function
helps to mitigate this problem. It is important to note that this is not the only reason why certain catchments have low skill

scores, which can happen for a variety of reasons with any type of hydrological model (e.g., bad input data, unique catchment

350

of ‘catastrophic failures’, i.e., basins with an NSE value of less than zero. Across all models we see a reduction in this number

when optimized with the basin average NSE*, compared to optimizing with MSE.

Related to result (iii), Fig. 3 shows a small difference in the empirical CDFs between the standard LSTM with static input

features and the EA-LSTM under both functions (compare green vs orange lines) . The difference is significant (p-value for
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single model p = 1 * 10~28, p-value for the ensemble mean p = 2.1 % 10726, paired Wilcoxon test), however the effect size is
small d = 0.055. This is important because the embedding layer in the EA-LSTM adds a layer of interpretability to the LSTM,
which we argue is desirable for scientific modeling in general, and is useful in our case for understanding catchment similarity.
This is only useful, however, if the EA-LSTM does not sacrifice performance compared to the less interpretable traditional
LSTM. There is some small performance sacrifice in this case, likely due to an increase in the number of tunable parameters
in the network, but the benefit of this small reduction in performance is explainability.

Related to results (iv), in all cases there were several basins with very low NSE values (this is also true for the benchmark
models, which we will discuss in Sect. 3.2). Using catchment characteristics as static input features with the EA-LSTM archi-
tecture reduced the number of such basins from 44 (31) to 9 (6) for the average single model (ensemble mean) when optimized
with the MSE, and from 28 (20) to 3 (2) for the average single model (ensemble mean) if optimized using the basin-average
NSE*. This result is worth emphasizing: each LSTM or EA-LSTM trained over all basins results in a certain number of basins
that perform poorly (NSE < 0), but the basins where this happens are not always the same. The model outputs, and therefore
the number of catastrophic failures, differ depending on the randomness in the weight initialization and optimization procedure
and thus, running an ensemble of LSTMs substantively reduces this effect. This is good news for deep learning - it means that
at least a portion of uncertainty can be mitigated using model ensembles. We leave as an open question for future research how

many ensemble members, as well as how these are initialized, should be used to minimize uncertainty for a given data set.
3.2 Model Benchmarking: Comparison-with-TraditionalEA-LSTM vs. Calibrated Hydrology Models

The results in this section are calculated from 447 basins that were modeled by all benchmark models, as well as our ESTMs

EA-LSTMs. In this section, we concentrate on benchmarking the EA-LSTM, however for the sake of completeness, we added

the results of the LSTM with static inputs to all figures and tables.
First we compared the EA-LSTM against the two hydrological models that were regionally calibrated (VIC and mHM).

Specifically, what was calibrated for each model was a single set of transfer functions that map from static catchment charac-
teristics to model parameters. The procedure for parameterizing these models for regional simulations is described in detail by
the original authors: Mizukami et al. (2017) for VIC and Rakovec et al. (2019) for mHM. Figure 4 shows that the EA-LSTM
outperformed both regionally-calibrated benchmark models by a large margin. Even the LSTM trained without static catch-
ment attributes (only trained on meteorological forcing data) outperformed both regionally calibrated models consistently as a
single model, and even more so as an ensemble.

The mean and median NSE scores across the basins of the individual EA-LSTM models (Nepsemble = 8) were 0.67 4= 0.006
(0.71) and 0.71 +£ 0.004 (0.74) respectively. In contrast, VIC had a mean NSE of 0.17 and a median NSE of 0.31 and the
mHM had a mean NSE of 0.44 and median NSE of 0.53. Overall, VIC scored higher than the EA-LSTM ensemble in 2 out
of 447 basins (0.4%) and mHM scored higher than the EA-LSTM ensemble in 16 basins (3.58%). Investigating the number of
catastrophic failures (the number of basins where NSE < 0), the average single EA-LSTM failed in approximately 2 basins out
of 447 basins (0.4 £ 0.2%) and the ensemble mean of the EA-LSTM failed in only a single basin (i.e., 0.2%). In comparison
mHM failed in 29 basins (6.49%) and VIC failed in 41 basins (9.17%).
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Figure 4. Cumulative density functions of the NSE of two regionally-calibrated benchmark models (VIC and mHM), compared to the
EA-LSTM and the LSTM trained with and without static input features.

Second, we compared our multi-basin calibrated EA-LSTMs to individual-basin calibrated hydrological models. This is a
more rigorous benchmark than the regionally calibrated models, since hydrological models usually perform better when trained
for specific basins. Figure 5 compares CDFs of the basin-specific NSE values for all benchmark models over the 447 basins.
Table 3 contains the performance statistics for these benchmark models as well as for the re-calculated EA-LSTM.

The main benchmarking result is that the EA-LSTM significantly outperforms all benchmark models in the overall NSE.
The two best performing hydrological models were the ensemble (n = 100) of basin-calibrated HBV models and a single
basin-calibrated mHM model. The EA-LSTM out-performed both of these models at any reasonable alpha level. The p-value
for the single model, compared to the HBV upper bound was p = 1.9 10~ and for the ensemble mean p = 6.2 x 10~ *! with
a medium effect size (Cohen’s d for single model d = 0.22 and for the ensemble mean d = 0.40). The p-value for the single
model, compared to the basin-wise calibrated mHM was p = 4.3 106 and for the ensemble mean p = 1.0 * 10~!3 with a
medium effect size (Cohen’s d for single model d = 0.26 and for the ensemble mean d = 0.45).

Regarding all other metrics except the Kling-Gupta decomposition of the NSE, there was no statistically significant differ-
ence between the EA-LSTM and the two best performing hydrological models. The 5-decomposition of the NSE measures
a scaled difference in simulated vs. observed mean streamflow values, and in this case the HBV benchmark performed better
that the EA-LSTM, with an average scaled absolute bias (normalized by the root-variance of observations) of -0.01, where as

the EA-LSTM had an average scaled bias of -0.03 for the individual model as well as for the ensemble (p = 3.5 x 10~4).
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Figure 5. Cumulative density function of the NSE for all basin-wise calibrated benchmark models compared to the EA-LSTM and the

LSTM with static input features.

3.3 Robustness and Feature Ranking

In Sect. 3.1, we found that adding static features provided a large boost in performance. We would like to check that the model
is not simply 'remembering’ each basin instead of learning a general relation between static features and catchment-specific
hydrologic behavior. To this end, we examined model robustness with respect to noisy perturbations of the catchment attributes.
Figure 6 shows the results of this experiment by comparing the model performance when forced (not trained) with perturbed
static features in each catchment against model performance using the same static feature values that were used for training.

As expected, the model performance degrades with increasing noise in the static inputs. However, the degradation does not
happen abruptly but smoothly with increasing levels of noise, which is an indication that the LSTM is not over-fitting on the

static catchment attributes. That is, it is not remembering each basin with its set of attributes exactly, but rather learns a smooth
mapping between attributes and model output. To reiterate from Sect 2.6.2, the perturbation noise is always relative to the

overall standard deviation of the static features across all catchments, which is always o = 1 (i.e., all static input features were
normalized prior to training). When noise with small standard deviation was added (e.g. 0 = 0.1 and o = 0.2) the mean and
median NSEs were relatively stable. The median NSE decreased from 0.71 without noise to 0.48 with an added noise equal
to the total variance of the input features (¢ = 1). This is roughly similar to the performance of the LSTM without static input
features (Tab. 2). In contrast, the lower percentiles of the NSE distributions were more strongly affected by input noise. For
example, the 1% (5™ percentile of the NSE values decreased from an NSE of 0.13 (0.34) to -5.87 (-0.94) when going from zero

noise (the catchment attributes data from CAMELS) to additive noise with variance equal to the total variance of the inputs
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Table 3. Comparison of the EA-LSTM and LSTM (with static inputs) average single model and ensemble mean to the full set of benchmark
models. VIC (basin) and mHM (basin) denote the basin-wise calibrated models, while VIC (CONUS) and mHM (CONUS) denote the
CONUS-wide calibrated models. HBV (lower) denotes the ensemble mean of n = 1000 uncalibrated HBVs, while HBV (upper) denotes the
ensemble mean of n = 100 calibrated HBVs (for details see Seibert et al. (2018)). For the FUSE model, the numbers behind the name denote

different FUSE model structures. All statistics were calculated from the validation period of all 447 commonly modeled basins.

NSE’ No.of basins ~ «-NSE”  B-NSE**  FHV'” ~ FMS’  FLV"
Model mean median with NSE <0 median median median median median
EA-LSTM Single 0.674 0.714 2 0.82 -0.03 -16.9 -10.0 2.0
(£0.006) (£ 0.004) ®1 (£0.013) (£0.009) (£1.1) (£1.7) (£7.6)
EA-LSTM Ensemble 0.705 0.742 1 0.81 -0.03 -18.1 -11.3 319
SAC-SMA 0.564 0.603 13 0.78 -0.07 -20.4 -14.3 373
VIC (basin) 0.518 0.551 10 0.72 -0.02 -28.1 -6.6 -70.0
VIC (CONUS) 0.167 0.307 41 0.46 -0.07 -56.5 -28.0 174
mHM (basin) 0.627 0.666 7 0.81 -0.04 -18.6 -7.2 11.4
mHM (CONUS) 0.442 0.527 29 0.59 -0.04 -40.2 -30.4 36.4
HBYV (lower) 0.237 0.416 35 0.58 -0.02 -41.9 -15.9 239
HBV (upper) 0.631 0.676 9 0.79 -0.01 -18.5 -24.9 18.3
FUSE (900) 0.587 0.639 12 0.80 -0.03 -18.9 -5.1 -11.4
FUSE (902) 0.611 0.650 10 0.80 -0.05 -19.4 9.6 -33.2
FUSE (904) 0.582 0.622 9 0.78 -0.07 214 15.5 -66.7

¥: Nash-Sutcliffe efficiency: (—00, 1], values closer to one are desirable.

¥: -NSE decomposition: (0, 00), values close to one are desirable.

4% B-NSE decomposition: (—oo, 00), values close to zero are desirable.

*Y: Top 2 % peak flow bias: (—oo, 00), values close to zero are desirable.

V: Bias of FDC midsegment slope: (—oo, 00), values close to zero are desirable.

Y130 % low flow bias: (—o0, 00), values close to zero are desirable.

(i.e., o = 1). This reinforces that static features are especially helpful for increasing performance in basins at the lower end of
the NSE spectrum - that is, differentiating hydrological behaviors that are under-represented in the training data set.

Figure 7 plots a spatial map where each basin is labeled corresponding to the most sensitive catchment attribute derived from
the explicit Morris method for neural networks (Sect. 2.6.2). In the Appilachain Mountains, sensitivity in most catchments is
dominated by topological features (e.g., mean catchment elevation and catchment area), and in the Eastern US more generally,
sensitivity is dominated by climate indices (e.g., mean precipitation, high precipitation duration). Meteorological patterns like
aridity and mean precipitation become more important as we move away from the Appalachians and towards the Great Plains,

likely because elevation and slope begin to play less of a role. The aridity index dominates sensitivity in the Central Great
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Figure 6. Boxplot showing degradation of model performance with increasing noise level added to the catchment attributes. Orange lines
denote the median across catchments, green markers represent means across catchments, box denote the 25 and 75-percentiles, whiskers

denote the 5 and 95-percentiles, and circles are catchments that fall outside the 5-95-percentile range.

Plains. In the Rocky Mountains most basins are sensitive climate indices (mean precipitation and high precipitation duration),
with some sensitivity to vegetation in the Four-Corners region (northern New Mexico). In the West Coast there is a wider
variety of dominant sensitivities reflecting a diversity of catchments.

Table 4 provides an overall ranking of dominant sensitivities for one of the 8 model repetitions of the EA-LSTM. These
were derived by normalizing the sensitivity measures per basin to the range (0,1) and then calculating the overall mean across
all features. As might be inferred from Fig. 7 the most sensitive catchment attributes are topological features (mean elevation
and catchment area) and climate indices (mean precipitation, aridity, duration of high precipitation events and the fraction of
precipitation falling as snow). Certain groups of catchment attributes did not typically provide much additional information.
These include vegetation indices like maximum leaf area index or maximum green vegetation fraction, as well as the annual
vegetation differences. Most soil features were at the lower end of the feature ranking. This sensitivity ranking is interesting
in that most of the top-ranked features are relatively easy to measure or estimate globally from readily-available gridded data

products. Soil maps are one of the hardest features to obtain accurately at a regional scale because they require extensive in

situ mapping and interpolation. Note that the results between the 8 model repetitions (not shown here) vary slightly in terms
of sensitivity values and ranks. However, the quantitative ranking is robust between all 8 repetitions, meaning that climate
indices (e.

. aridity and mean precipitation) and topological features (e.g. catchment area and mean catchment elevation) are

always ranked highest, while soil and vegetation features are of less importance and are ranked lower. It is worth noting that
our rankings qualitatively agree with much of the analysis by Addor et al. (2018).
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Figure 7. Spatial map of all basins in the data set. Markers denote the individual catchment characteristic with the highest sensitivity value

for each particular basin.

3.4 Analysis of Catchment Similarity from the Embedding Layer

Kratzert et al. (2018a, 2019) showed that these LSTM networks are able to learn to model snow, and store this information in
specific memory cells, without ever directly training on any type of snow-related observation data other than total precipitation
and temperature. Multiple types of catchments will use snow-related states in mixture with other states that represent other
processes or combinations of processes. The memory cells allow an interpretation along the time axis for each specific basin,
and are part of both the standard LSTM and the EA-LSTM. A more detailed analysis of the specific functionality of individual
cell states is out-of-scope for this manuscript and will be part of future work. Here, we focus on analysis of the embedding
layer, which is a unique feature of the EA-LSTM.

From each of the trained EA-LSTM models, we calculated the input gate vector (Eq. 7) for each basin. The raw EA-LSTM
embedding from one of the models trained over all catchments is shown in Fig. 8. Yellow colors indicate that a particular
one of the 256 cell states is activated and contributes to the simulation of a particular catchment. Blue colors indicate that a
particular cell state is not used for a particular catchment. These (real-valued) activations are a function of the 27 catchment
characteristics input into the static feature layer of the EA-LSTM.

The embedding layer is necessarily high-dimensional — in this case R?*® — due to the fact that the LSTM layer of the model
requires sufficient cell states to simulate a wide variety of catchments. Ideally, hydrologically-similar catchments should utilize
overlapping parts of the LSTM network - this would mean that the network is both learning and using catchment similarity to
train a regionalizable simulation model.

To assess whether this happened, we first performed a clustering analysis on the R*3® embedding space using k-means with

an Euclidean distance criterion. We compared this with a k-means clustering analysis using directly the 27 catchment charac-
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Table 4. Feature ranking derived from the explicit Morris method for one of the EA-LSTM model repetitions.

Rank  Catchment characteristic Sensitivity
1. Mean precipitation 0.68
2. Aridity 0.56
3. Area 0.50
4. Mean elevation 0.46
5. High precip. duration 0.41
6.  Fraction of snow 0.41
7. High precip. frequency 0.38
8. Mean slope 0.37
9.  Geological permeability 0.35

10.  Frac. carbonate sedimentary rock 0.34
11.  Clay fraction 0.33
12.  Mean PET 0.31
13.  Low precip. frequency 0.30
14.  Soil depth to bedrock 0.27
15.  Precip. seasonality 0.27
16.  Frac. of Forest 0.27
17.  Sand fraction 0.26
18.  Saturated hyd. conductivity 0.24
19.  Low precip. duration 0.22
20. Max. green veg. frac. (GVF) 0.21
21.  Annual GVF diff. 0.21
22.  Annual leaf area index (LAI) diff. 0.21
23.  Volumetric porosity 0.19
24.  Soil depth 0.19
25. Max. LAI 0.19
26.  Silt fraction 0.18
27.  Max. water content 0.16

teristics, to see if there was a difference in clusters before vs. after the transformation into the embedding layer - remember that
this transform was informed by rainfall-runoff training data. To choose an appropriate cluster size, we looked at the mean (and
minimum) silhouette value. Silhouette values measure within-cluster similarity and range between [-1,1], with positive values
indicating a high degree of separation between clusters, and negative values indicating a low degree of separation between

470 clusters. The mean and minimum silhouette values for different cluster sizes are shown in Fig. 9. In all cases with cluster
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Figure 8. Input gate activations (y-axis) for all 531 basins (x-axis). The basins are ordered from left to right according to the ascending

8-digit USGS gauge ID. Yellow colors denote open input gate cells, blue colors denote closed input gate cells for a particular basin.

sizes less than 15, we see that clustering by the values of the embedding layer provides more distinct catchment clusters than
when clustering by the raw catchment attributes. This indicates that the EA-LSTM is able to use catchment attribute data to
effectively cluster basins into distinct groups.

The highest mean silhouette value from clustering with the raw catchment attributes was k = 6 and the highest mean silhou-
ette value from clustering with the embedding layer was k& = 5. Ideally, these clusters would be related to hydrologic behavior.
To test this, Fig. 10 shows the fractional reduction in variance of 13 hydrologic signatures due to clustering by both raw
catchment attributes vs. by the EA-LSTM embedding layer. Ideally, the within-cluster variance of any particular hydrological
signature should be as small as possible, so that the fractional reduction in variance is as large (close to one) as possible. In
both the k =5 and k = 6 cluster examples, clustering by the EA-LSTM embedding layer reduced variance in the hydrolog-
ical signatures by more or approximately the same amount as by clustering on the raw catchment attributes. The exception
to this was the hfd-mean date, which represents an annual timing process (i.e., the day of year when the catchment releases
half of its annual flow). This indicates that the EA-LSTM embedding layer is largely preserving the information content about
hydrological behaviors, while overall increasing distinctions between groups of similar catchments. The EA-LSTM was able
to learn about hydrologic similarity between catchments by directly training on both catchment attributes and rainfall-runoff
time series data. Remember that the EA-LSTMs were trained on the time series of streamflow data that these signatures were
calculated from, but were not trained directly on these hydrologic signatures.

Clustering maps for k = 5 and k£ = 6 are shown in Fig. 11. Although latitude and longitude were not part of the catchment
attributes vector that was used as input into the embedding layer, both the raw catchment attributes and the embedding layer
clearly delineated catchments that correspond to different geographical regions within the CONUS.

To visualize the high-dimensional embedding learned by the EA-LSTM, we used UMAP (Mclnnes et al., 2018) to project
the full R*® embedding onto R?. Figure 12 shows results of the UMAP transformation for one of the eight EA-LSTMs. In
each subplot in Fig. 12, each point corresponds to one basin. The absolute values of the transformed embedding are not of

particular interest, but we are interested in the relative arrangement of the basins in this 2-dimensional space. Because this is
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Figure 9. Mean and minimum silhouette scores over varying cluster sizes. For the LSTM embeddings, the line denotes the mean of the n = 8

repetitions and the vertical lines the standard deviation over 10 random restarts of the k-means clustering algorithm.

a reduced-dimension transformation, the fact that there are three-four clear clusters of basins does not necessarily indicate that
these are the only distinct basin clusters in our 256-dimensional embedding layer (as we saw above). Figure 12 shows that there
is strong interaction between the different catchment characteristics in this embedding layer. For example, high-elevation dry
catchments with low forest cover are in the same cluster as low-elevation wet catchments with high forest cover (see cluster B
in Fig. 12). These two groups of catchments share parts of their network functionality in the LSTM, whereas highly seasonal
catchments activate a different part of the network. Additionally, there are two groups of basins with a high forest fractions
(cluster A and B), however if we also consider the mean annual green vegetation difference, both of these clusters are quite
distinct. The cluster A in the upper left of each subplot in Fig. 12 contains forest type basins with a high annual variation
in the green vegetation fraction (possibly deciduous forests) and the cluster B at the right has almost no annual variation

(possibly coniferous forests). One feature that does not appear to affect catchment groupings (i.e., apparently acts independent
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Figure 10. Fractional reduction in variance about different hydrological signatures due to k-means clustering on catchment attributes vs. the

EA-LSTM embedding layer.

of other catchment characteristics) is basin size — large and small basins are distributed throughout the three UMAP clusters. To
summarize, this analysis demonstrates that the EA-LSTM is able to learn complex interactions between catchment attributes
that allows for grouping different basins (i.e., choosing which cell states in the LSTM any particular basin or group of basins

will use) in ways that account for interaction between different catchment attributes.

4 Discussion and Conclusion

The EA-LSTM is an example of what Razavi and Coulibaly (2013) called a model-independent method for regional modeling.
We cited Besaw et al. (2010) as an earlier example this type of approach, since they alse-used classical feed-forward neural
networks. In our case, the EA-LSTM achieved state-of-the-art results, outperforming multiple locally- and regionally-calibrated

benchmark models. These benchmarking results are arguably the-eritical-result-a pivotal part of this paper.
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column, optimal choice for LSTM embeddings) and k£ = 6 clusters (right column, optimal choice for the raw catchment attributes)
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Figure 12. UMAP transformation of the R*® EA-LSTM catchment embedding onto R?. Each dot in each subplot corresponds to one basin.
The colors denote specific catchment attributes (notated in subplot titles) for each particular basin. In the upper left plot, clusters are encircled

and named to facilitate the description in the text.

The results of the experiments described above demonstrate that a single "universal’ deep learning model can learn both

regionally-consistent and location-specific hydrologic behaviors. The innovation in this study — besides benchmarking the
515 LSTM family of rainfall-runoff models — was to add a static embedding layer in the form of our EA-LSTM. This model
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offered similar performance as compared with a conventional LSTM (Sect. 3.1) but offers a level of interpretabiltiy about how
the model learns to differentiate aspects of complex catchment-specific behaviors (Sect. 3.3 and Sect. 3.4). In a certain sense,
this is similar to the aforementioned MPR approach, which links its model parameters to the given spatial characteristics (in
a non-linear way, by using transfer functions), but has a fixed model structure to work with. In comparison, our EA-LSTM

links catchment characteristics to the dynamics of specific sites and learns the overall model from the combined data of all

catchments. Again, the critical take-away, in our opinion, is that the EA-LSTM learns a single model from large catchment
data sets in a way that explicitly incorporates local (catchment) similarities and differences.

Neural networks generally require a lot of training data (our unpublished results indicate that it is often difficult to reliably
train an LSTM at a single catchment, even with multi-decade data records), and adding the ability for the LSTM architecture
to transfer information from similar catchments is critical for this to be a viable approach for regional modeling. This is in
contrast with traditional hydrological modeling and model calibration, which typically has the best results when models are
calibrated independently for each basin. This property of classical models is somewhat problematic, since it has been observed
that the spatial patterns of model parameter obtained by ad-hoc extrapolations based on calibrated parameters from reference
catchments can lead to unrealistic parameter fields and spatial discontinuities of the hydrological states (Mizukami et al.,
2017). As shown in Sect. 3.4 this does not occur with our proposed approach. Thus, by leveraging the ability of deep learning
to simultaneously learn time series relationships and also spatial relationships in the same predictive framework, we sidestep
many problems that are currently associated with the estimation and transfer of hydrologic model parameters.

Moving forward, heweverrit is worth mentioning that treating catchment attributes as static is a strong assumption (especially
over long time periods), which is not necessarily reflected in the real world. In reality, catchment attributes may continually
change at various timescales (e.g., vegetation, topography, pedology, climate). In future studies it will be important to develop
strategies to derive analogues to our embedding layer that allow for dynamic or evolving catchment attributes or features -
perhaps that act on raw remote sensing data inputs rather than aggregated indexes derived from time series of remote sensing
products. In principle, our embedding layer could learn directly from raw brightness temperatures, since there is no requirement
that the inputs be hydrologically relevant - only that these inputs are related to hydrological behavior. A dynamic input gate
is, at least in principle, possible without significant modification to the proposed EA-LSTM approach. For example, by using
a separate sequence-to-sequence LSTM that encodes time-dependent catchment observables (e.g., from climate models or
remote sensing) and feeds an embedding layer that is updated at each timestep. This would allow the model to ‘learn’ a dynamic
embedding that turns off and on different parts of the rainfall-runoff portion of the LSTM over the course of a simulation.

A notable corollary of our main result is that the catchment attributes collected by Addor et al. (2017b) appear to contain
sufficient information to distinguish between diverse rainfall-runoff behaviors, at least to a meaningful degree. It is arguable
whether this was known previously, since regional modeling studies have largely struggled to fully extract this information
(Mizukami et al., 2017) - i.e., existing regional models do not perform with accuracy similarly to models calibrated in a
specific catchment. In contrast, our regional EA-LSTM actually performs better than models calibrated separately for individual

catchments. This result goes-somewhatagainstthe-commonly-held-belief-challenges the idea that runoff time series alone only

bear-contain enough information to restrict a handful of parameters (Naef, 1981; Jakeman and Hornberger, 1993; Perrin et al.,
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2001; Kirchner, 2006), and implies that structural improvements are still possible for most large-scale hydrology models, given

the size of today’s data sets.

Code and data availability. The CAMELS input data is freely available at the homepage of NCAR. The validation period of all benchmark
models used in this study is available at DOI. The code to reproduce the results of this manuscript can be found at https://github.com/kratzert/

555 ealstm_regional_modeling
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Appendix A: Full list of the used CAMELS Catchment Characteristics

Table A1. Table of catchment attributes used in this experiments. Description taken from the data set Addor et al. (2017a)

p_mean
pet_mean

aridity

p_seasonality

frac_snow_daily

high_prec_freq
high_prec_dur
low_prec_freq
low_prec_dur

elev_mean
slope_mean
area_gages2
forest_frac
lai_max
lai_diff

gvf_max
gvf_diff

soil_depth_pelletier
soil_depth_statsgo
soil_porosity
soil_conductivity
max_water_content
sand_frac

silt_frac

clay_frac
carb_rocks_frac

geol_permeability

Mean daily precipitation.
Mean daily potential evapotranspiration.

Ratio of mean PET to mean precipitation.

Seasonality and timing of precipitation. Estimated by representing annual

precipitation and temperature as sin waves. Positive (negative) values

indicate precipitation peaks during the summer (winter). Values of approx.

0 indicate uniform precipitation throughout the year.

Fraction of precipitation falling on days with temperatures below 0°C..

Frequency of high precipitation days (>= 5 times mean daily precipitation).

Average duration of high precipitation events (number of consecutive days

with >= 5 times mean daily precipitation).

Frequency of dry days (< 1 mm/day).

Average duration of dry periods (number of consecutive days with
precipitation < 1 mm/day).

Catchment mean elevation.

Catchment mean slope.

Catchment area.

Forest fraction.

Maximum monthly mean of leaf area index.

Difference between the max. and min. mean of the leaf area index.
Maximum monthly mean of green vegetation fraction.

Difference between the maximum and minimum monthly mean of the
green vegetation fraction.

Depth to bedrock (maximum 50m).

Soil depth (maximum 1.5m).

Volumetric porosity.

Saturated hydraulic conductivity.

Maximum water content of the soil.

Fraction of sand in the soil.

Fraction of silt in the soil.

Fraction of clay in the soil.

Fraction of the catchment area characterized as "Carbonate
sedimentary rocks".

Surface permeability (log10).
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Appendix B: Hyperparameter tuning

The hyperparameters, i.e., the number of hidden/cell states, dropout rate, length of the input sequence and the number of stacked
LSTM layers for our model were found by running grid search over a range of parameter values. Concretely we considered the

570 following possible parameter values:

1. Hidden states: 64, 96, 128, 156, 196, 224, 256
2. Dropout rate: 0.0, 0.25, 0.4, 0.5
3. Length of input sequence: 90, 180, 270, 365

4. Number of stacked LSTM layer: 1, 2

575 We used k-fold cross validation (k = 4) to split the basins into an a training set and an independent test set. We trained one
model for each split for each parameter combination on the combined calibration period of all basins in the specific training set
and evaluated the model performance on the calibration data of the test basins. The final configuration was chosen by taking

the parameter set that resulted in the highest median NSE over all possible parameter configurations. The parameters are:
1. Hidden states: 256
580 2. Dropout rate: 0.4
3. Length of input sequence length: 270

4. Number of stacked LSTM layer: 1
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