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Abstract. Deterministic model predictions can struggle to adequately capture extreme events such as floods and droughts,
which are of particular relevance in hydrology. This limitation arises because deterministic models collapse the conditional
runoff-discharge distribution to a single point estimate. Probabilistic modeling provides a way to address this issue by explicitly
representing uncertainty and assigning non-zero probabilities to a range of possible outcomes, including rare and extreme
events, thereby capturing the full range of plausible hydrological responses. Motivated by this perspective, we examine whether
probabilistic Long Short-Term Memory (LSTM) models improve the representation of extreme events in rainfall—runoff

simulations across Switzerland. Overall, the probabilistic models show good calibration, although some miscalibration remains

for the extremes. Differences between models mainly manifest in how uncertainty is distributed: some approaches produce

narrower and lighter-tailed distributions, while others yield broader distributions with heavier tails. These trade-effs-highlight
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calibrate differently for extreme events. While probabilistic models do not outperform the state-of-the-art deterministic LSTM
in terms of WWWTMW&MM clear advantage over-the
tonfor extreme events. For the most extreme
W&WHMW&WWQM%MW) the deterministic LSTM underestimates
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rarity of these events, representing them as outcomes near the upper tail of the predictive distribution is both expected and
statistically consistent. Building on the additional information provided by probabilistic runoff predictions, we further show
how they can be translated into actionable flood warnings using reinforcement learning. To this end, we introduce a Flood
Risk Communication Agent (FRi€AFRICA) that operates on probabilistic runoff predictions and learns decision rules for
issuing warnings of varying intensity. The #Ri€A FRiCA is implemented as an LSTM-based policy network and is trained by

rewarding correct warning levels while penalizing the underestimation of flood severity. Results indicate that the #Ri€A FRiICA
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outperforms simple fixed heuristics, such as issuing warnings based on the predictive mean or a fixed high quantile (e.g., the
99¢h-99'" percentile). While this behavior already demonstrates the potential of reinforcement learning for improved flood
risk communication, it also motivates further exploration of better reward design and policy network definition for context-

dependent decision policies that adapt to varying hydrological and societal contexts.

1 Introduction

Deep learning (DL) models, particularly Long Short-Term Memory networks (LSTMs; Hochreiter and Schmidhuber, 1997),
have established themselves as a powerful alternative to traditional hydrological modelling approaches and are now the
benchmark for rainfall-runoff modeling across varying hydrological settings (Kratzert et al., 2019a). Ever since, much research
has focused on applying LSTMs in different regions of the world (Lees et al., 2021; Loritz et al., 2024; Frank et al., 2023; Clark
et al., 2024) and on further improving predictive performance by implementing various strategies (Feng et al., 2022; Kapoor
et al., 2023; Patra et al., 2024; Li et al., 2023; Khoshkalam et al., 2023; Ma et al., 2024). However, as their application becomes
increasingly widespread, a growing body of research is now examining the conditions under which LSTMs reach their limits
(Baste et al., 2025; Heudorfer et al., 2025). In particular, an important open question concerns their ability to reliably predict

hydrological extremes. A

feglme—ﬁe#afm&ﬁe&bwwesseéWhen evaluated globally, as an aggregation over long continueus-hydroclimactie-time

series—hydrological time series, LSTMs outperform conceptual and process-based models (Kratzert et al., 2019a; Lees et al., 2021

. However, their advantage can weaken substantially when confronted with rare, high-magnitude events. Frame et al. (2022)

employed a stress-testing approach in which models were trained on an intentionally truncated dataset, excluding all years

containing floods exceeding a 5-year recurrence interval. They found that the ESTM-performaneegains-overconceptualmodels
diminish-with increasing event magnitude an

t = higher recurrence period), the bias in LSTM predictions increases. Using a similar
experimental setup, Acuna Espinoza et al. (2024b) compared an LSTM with hybrid model variant (from Feng et al., 2022)

and a conceptual model (the Hydrologiska Byréans Vattenbalansavdelning (HBV); Bergstrom, 1992). Once again, their results
showed that the performance advantage of the LSTM decreases as flood magnitude increases, with all three models showing
similar underestimation for the events with the largest recurrence period. These findings suggest that the strong performance
of LSTMs relative to traditional models does not automatically extend to the tail of the fleod-discharge distribution. This
poses a significant limitation given the importance of extremes in hydrological forecasting, risk assessment, and operational
decision-making.

To further investigate the behavior of LSTMs when predicting extremes, we analyzed their extrapolation performance in
Swiss catchments (Baste et al., 2025) and found that, although the training data contained peak flows of up to ~180 mm d—!,
the LSTM failed to produce dlscharge beyond a theoretical celhng of ~75~120 mm d~'. Building on this finding, we des1gned

anew stress test approach using

events—tn-this-experiment-wherein the most extreme precipitation events in the test period were replaced with-by design storms
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with annual return intervals of 50, 100, and 300 years. Such an approach directly relevantforinfrastructure-design-and-simulates

current infrastructure design practices and is directly relevant for the evaluation of rare;-high-impact floods. These experiments

showed-thatstress tests showed that, the LSTM not only underestimates the flood response for these unseen extremes, but also

exhibits an empirical upper bound of ~66-~75 mm d~*, which is significantly lower than the theoretical prediction limit. These
findings are consistent with the gating-related limitations discussed in Kratzert et al. (2024). This systematic underestimation

persists across the tail of the discharge distribution, even when flood-peak magnitudes expected for the design storms are
present in the training data. Together with the results of Frame et al. (2022) and Acuna Espinoza et al. (2024b), these findings
provide converging evidence that LSTM architectures, and the way in which they are currently applied, exhibit constraints
when used for extreme events prediction, particutarty-and more so in situations that require extrapolating beyond historically
observed precipitation magnitudes. However, this does not represent a dead end; several promising modelling strategies offer
potential pathways to overcome these limitations.

Baste et al. (2025) explored some ef-these-strategies to improve the extrapolation behavier-of LSTMs, including increasing
the amount of training data following Kratzert et al. (2024), adapting the loss function, and modifying the activation functions
within the LSTM. While each-ef-these adjustments resulted in small improvements, none of them resolved the core issue,

and the LSTMs continued to exhibit restricted simulations for the highest floods and a persistent bias for extreme values.

Notably, strategies that improved the
representation of the extreme events, did not guarantee sustained global performance at par with the LSTM. Essentially, some
of our endeavours left us with specialist models that represented extremes well, at the cost of the representation of other flow.
regimes.

This persistent underestimation bias — observed across architectures and mitigation strategies alike — points to a more

fundamental cause rooted in the inherent uniqueness of hydrological response generation and how different models learn
to represent it. In hydrological modelling, identical or similar sequences of meteorological forcing can produce multiple,

nen-unigue-non-identical hydrological responses. For example, a 50 mm d ! rainfall event may or may not trigger an extreme

flood response, depending on antecedent soil moisture, snow conditions, seasonality, and the internal catchment state. Froma

systematie-underestimation—of rare-events—becomes—likely—Hydrological systems are, in principle, deterministicdynamieal
systems—whese—:_their future evolution is uniquely defined by governing laws, given complete knowledge of all relevant
states —Hewever(Lorenz, 1963; Sivapalan et al., 2003). In other words, given complete knowledge of a catchment, it should
however, this theoretical determinism breaks downin—practice—Owing—. Hydrological models, especially those using large

sample datasets, are subject to errors in the-meteorological and hydrological data;uneertainty-in-the-observations, their spatial
aggregation at the catchment level, uncertainty in internal storage states, equifinality, and limitations in how data-driven-models

represent or retain these states modelsfail-te-aceurately-map-the-one-foreing-to-many-responsesrelations—This-ambigu
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map similar forcings onto the corresponding range of plausible hydrological responses. From a statistical learning perspective,
a model is asked to infer a deterministic mapping for inherently uncertain input-target dynamics. Depending on the loss
function, the learnin
- A common loss function for LSTMSs is the mean squared error (MSE), which elicits the mean of the conditional target
distribution. By definition, the mean lies below the upper parts of a distribution. For discharge predictions the difference the
mean and the upper guantiles is even more tangible, since the conditional distributions are typically right-skewed, with a long.
tail toward high-magnitude events. Consequently, for uncertain or multimodal input-target relationships, this elicitation can
lead to regression-to-the-mean behaviour and a systematic underestimation of extreme events. Thus, a strategy that adopts
modified deterministic loss functions still elicits only a single functional of the target distribution, whereas a probabilistic
model predicts the full conditional distribution, of which the upper quantiles — rather than the mean — are directly relevant to
flood risk. This highlights why probabilistic LSTMs are conceptually better suited for providing predictions of extreme floods.

rocess then elicits a specific functional of the conditional target distribution (Gneiting and Ranjan, 2011

has been recognised as a central challenge in hydrology for decades (Krzysztofowicz, 2001; Beven and Freer, 2001). Cloke and
Pappenberger (2009) reviewed the use of ensemble prediction systems (EPS) for flood forecasting and eempiled-the-advantage
demonstrated the advantages of ensemble hydrological predictionsfor-key-ecase-studiesacrossEuropeprediction across several
European case studies. Bdlint et al. (2006) reported that sets-ef-hydrelogical-predictions-inereased-the-capapbility-ensemble
hydrological predictions improved the capability to issue flood warnings for-the-floods—in-during the August 2002 floods

at the Devin and Budapest gauging stations. Roulin (2007) }eekeéﬂt%eﬂg%emr &W hindcasts for two
Belgian i

value-based-on—catchments and demonstrated that probabilistic forecasts outperformed deterministic ones, yielding higher
Brier Skill Scores and greater economic value within a cost-loss decision medel-than-deterministic-onesframework. Several
studies which-investigated-the-use-of-on EPS for hydrological forecasting tehli it i i

from-ensembleforecasts—inproviding-likewise emphasize the added value of probabilistic information in providing a "clear
indication of the pessibile-eecurenee-possible occurrence of the event" (Roulin and Vannitsem, 2005) er-and "the indication of

the possibility of an extreme event" (Gouweleeuw et al., 2005).

A first step in addressing ambigtity-atse-uncertainty in hydrological deep learning was taken by Klotz et al. (2022), who
introduced three-several methods for uncertainty -estimation in a regional rainfall-runoff model trained on the CAMELS-US
(Catchment Attributes and Meteorology for Large-sample Studies - US Addor et al., 2017) dataset. Their results showed that
mixture density networks (MDNGs), partlcularly the Countable Mixture of Asymmetrlc Laplace (CMAL) model, produced the

most reliable predictive distributions.
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We investigate whether probabilistic predictions can help overcome the systematic underestimation of extreme floods observed
in_deterministic LSTMs. To this end, we compare three complementary probabilistic approaches that represent predictive
uncertainty in different ways: the Countable Mixture of Asymmetric Laplace (CMAL) model (Klotz et al., 2022), a Distributional
Regression Network (BRN;Rasp-and-erch; 2648)-and-the-(DRN) that predicts the parameters of a parametric distribution
M%MBemstem Quantile Network GBQN—Bfemﬂes—ZG%}—Whiehﬂva&m&edﬂeeé—ﬂffh&hfefamfe

predictive-distributions-they-canlearn(BQN) that directly estimates the predictive quantile function (Bremnes, 2020) Together.
these approaches span a range from strongly parameterized to highly flexible distributional representations, allowing us to
assess whether improved characterization of predictive uncertainty translates into a better representation of extreme floods.

mass-to-A major drawback of probabilistic forecasts is that operational flood management ultimately requires discrete decisions.
While probabilistic models provide a full predictive distribution and can explicitly represent the possibility of rare but high-
asevents, flood warnings must

eventually be issued (or not issued) at a specific warning level. Consequently, the fu}kpredlctlve distribution must wltimately
be-eotapsed-be translated into a single actionable v

what-severity—For-a-well-calibrated-model;-this-cheieerefleets-decision. This introduces an additional layer of complexity, as
the appropriate choice depends on the level of risk decision-makers are willing to accept. Cenventionally,-the-meanmedian

suboptimal-Selecting the mean or median prediction may lead to missed extreme events, whereas relying on high quantiles can
substantially increase false alarms. Thus, the challenge is not only to quantify uncertainty accurately, but also to determine how
robabilistic information should be converted into operational decisions under varying hydrological conditions. Deterministie

ap, we frame the translation

from predictive distribution to flood warning as a problem to be learned from outcome-based reward, rather than analyticall
derived in advance, and implement this as a Flood Risk Communication Agent (#Ri€AFRICA), a reinforcement-learning-based

decision module.



In summary, while deep learning has substantially advanced hydrological modelling, its capability to predict extremes
165 remains constrained. To address this limitation, we investigate whether probabilistic modeling and reinforcement learning
together can enhance the identification, quantification, and communication of floods. To address this, we postulate the following

research questions:

1. Which of the investigated probabilistic medels-LSTMs provides the most reliable rainfall-runoff simulation?

2. Why are probabilistic medels-mere-suitable-to-capturehydrelogieal LSTM more suitable for improved representation of
170 hydrologic extremes and the tail regions of the discharge distribution?

3. Can reinforcement learning aid operational flood-warning communication by learning a risk-aware mappingfrompredietive
distributions-te-translation of predictive distributions into actionable warnings based on flood-intensity categories?

The paper is structured as follows: we give a description of the dataset and the models in section 2. This section also describes
the Flood Risk Communication Agent (FRi€AFRiICA). Section 3 first presents the global model performance results-followed
175 by the probabilisitc predictions for representative floods in Switzerland. Lastly, we present the results from the FRiCAFRICA.

We discuss our research questions in light of our results in section 4 and give our conclusion in section 5.

2 Data and Methods

We begin this section by describing the CAMELS-CH dataset (section 2.1). We then describe the models used in this study,

namely the Long Short-Term Memory network (LSTMgzrge; see section 2.2.1), and the three differentprobabitistic-frameworksprobabilistic
180 LSTMs: the Countable Mixture Asymmetric Laplacians (CMAL in section 2.2.2), the Distributional Regression Network

(DRN in section 2.2.3) and the Bernstein Quantile Network (BQN in section 2.2.4). In-the-subsequentsubseections{sections DB+

we-deseribe-Section 2.3 lays out the evaluation criterion for the models and we end this section with a description of the
reinforcement learning-based decision-meodule-in-seetion-agent in Section 2.4.

185 2.1 The CAMELS-CH Dataset

The CAMELS-CH dataset (Hoge et al., 2023) is a large sample dataset of daily hydro-meteorological time series and static
catchment attributes for 331 catchments and lakes from Switzerland and neighboring countries. The static attributes include
climate, hydrology, topographic, soil, geology, glacier, hydrogeology, land cover, and human influence attributes. This time-
series data is available for the period from 1 January 1981 to 31 December 2020. For this study, we exclude 33 lakes and
190 102 catchments belonging to France, Germany, Austria, and Italy and proceed with the remaining 196 for training and testing
our models. For all the models, we use four meteorological forcings, namely, precipitation (mm d~!), minimum temperature
(°C), maximum temperature (°C), and relative sunshine duration (%) along with 22 catchment attributes (see Appendix 2?A in

Baste et al. (2025)) as the input and specific discharge (mm d—!) as the target.



Table 1. Description of models used in this study. All models are variants of the state-of-the-art LSTMgeze, differing only in the head layer.

Model Description

LSTMazrget State-of-the-art deterministic LSTM. The head layer is a fully connected linear layer mapping the hidden
states to a single output. The output is the specific discharge (mm d ~1).

CMAL Probabilistic LSTM producing a predictive distribution of specific discharge (mm d ~'), which is a
mixtire-convex sum of three asymmetric Laplace distributions. The head layer is a fully connected linear
layer mapping the LSTM hidden states to weights and (location, scale, and asymmetry) parameters for
the three component distributions.

DRN Probabilistic LSTM producing a single logistic distribution as the predictive distribution of specific
discharge (mm d ~'). The head layer is a fully connected linear layer mapping the LSTM hidden states
to location and scale parameters of a logistic distribution.

BON Probabilistic LSTM which-produces—anon-parametrie-producing a quantile function in the form of
a linear-combination—of Bernstein—polynomials;—Bernstein polynomial for specific discharge (mm d

~1). The head layer (a fully connected linear layer) outputs raw coefficients, which are converted into

Bernstein basis coefficients to obtain the linear combination of Bernstein basis polynomials.

Table 2. Hyperparameters for the models used: LSTMgzrger, CMAL, DRN and BQN. For details about the hyperparameter selection refer
Appendix A

Hyperparameter LSTMaerger CMAL DRN BQN
Number of layers 1
Number of nodes 64 250 256 256
Dropout rate 0.4 0.5
Initial forget gate bias 3
Initial learning rate 0.001 0.0005 0.0001 0.00005
Sequence length 365

. Batch size 256
No. of epochs 20
Training period 1 October 1980 to 30 September 1995
Validation period 1 October 1995 to 30 September 2000
Test period 1 October 2000 to 30 September 2020
Number of outputs 1 12 2 13
Training loss NSE* Negative Continuous ranked Quantile loss

log-likelihood probability Score
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2.2 Models

The study compares four models, which are all -based on the state-of-the-art LSTM. The models have differing head layers, and
thus differing outputs, each of which are described in Table 1. Sections 2.2.1 to 2.2.4 explain the models infurtherdepthfurther,

s-their predictive distributions for the target variable
(specific discharge mm d~!). For every model in the study, we train a five-member ensemble to account for stochasticity and

random initialization. All medel-models instances are regional; implying that the models are trained collectively on all 196
catchments mentioned in section 2.1. Model implementation is done in PyTorch (Paszke et al., 2019) and optimized using the
ADAM (Kingma and Ba, 2017). The training period for all the models extends from 1 October 1980 to 30 September 1995,
and the models are tested for the period from 1 October 2000 to 30 September 2020. A separate validation set (1 October 1995

t0 30 September 2000) is used to select the best model for testing. This differs slightly depending on the model in question and
the selection criteria are further explained in sections 2.2.1 to 2.2.4. The sequence length and the batch size are 365 and 256
respectively. All models are initialized with a forget gate bias of 3. Table-2-gives-all-the-A full list of hyperparameters for the
MM&W we explaln the hyperparameter search,vwvsgggp}y\gvgvltvevrl&

and ensemble averaging in Appendix A. #

along with the

221 LSTMuzrge

The LSTMgzrg is the state-of-the-art LSTM, as proposed by Kratzert et al. (2019a) and makes deterministic predictions for
specific discharge (mm d~1) at each time step. The head layer in the LSTMg,; thus-is a fully connected linear layer and maps
the hidden states to a single value at every time step. For a detailed description of the LSTMgerqy, We refer the reader to

Kratzert et al. (2019a). The catchment averaged Nash-Sutcliffe efficiency (NSE*) (Kratzert et al., 2019a) is the loss function

during training. For every ensemble member, the model parameters from the last training epoch are considered for the test
eriod. The test simulations from the ensemble members are averaged for further analyses.

2.2.2 Countable Mixture of Asymmetric Laplace Distributions

Klotz et al. (2022) implemented the CMAL for the CAMELS-US (Addor et al., 2017) dataset, which predicts the-a probabilistic

distribution for the-target-(specifie-discharge-specific discharge (mm d~1) at every time step. Among the four probabilistic
models tmp}ememed—by—K}e&e%dl—@GQ%)@m@AngQ@ the CMAL is the best performmg model in terms of the calibration
of the predi predicted distributions. It is state of
is a convex sum of three asymmetric Laplace distributions —An-asymmetric-Laplace-distribution-is-a-parametrie-distribution

charaeterized-by-asymmetry;loeationand-seale(ALD). An ALD is characterized by location, scale, and asymmetry parameters,
and for three such eempoment-component distributions, we have a total of 9-nine parameters. To obtain the weighted-convex

sum, we also require one weight associated with every component distribution. Thus, for-the-EMALthe-medel-the LSTM
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in the CMAL produces 12 outputs The CMAL is trained by minimizing the negative log likelihood (NLL) of the observed

data with respect to the ation—predicted

We describe the ALD (see Eq. 22C1), the mixture distribution (see Eq. 22C2), and the ﬂegafw&}eg-}ﬁeehheedrgr/gwlmgg\lggs\
(NLL; see Eq. 22C3) for the mixture distribution -
asymmetry parameter is a real positive value (k). This differs from Klotz et al. (2022) who implement ALDs characterised b
7-areal value in [0, 1]. To model the respective parameter ranges, the # is modeled using a softplus activation and the 7 using
7-parameterized CMAL in Appendix B. We also discuss the reasons for the difference in the learnt uncertainty representation

which is a direct effect of the aforementioned activation functions.

2.2.3 Distributional Regression Network

Fundamentally, the
DRN is similar to the CMAL, in that we define the to-be-modeled target distribution and the LSTM estimates its parameters.
While CMAL can, in principle, reduce to a single-mixture model, its formulation as a mixture explicitly enables increased
expressiveness when supported by the data. In contrast, the DRN is inherently restricted to a single parametric distribution.
A _comparison between the two highlights a trade-off between structural simplicity and strong inductive bias (DRN) versus
high flexibility and data-adaptive distributional shape (CMAL). Thus, the motivation to use the DRN is straightforward: to
investigate whether comparable predictive performance can be achieved with analytical and structual simplicity. In principle,
a DRN can model any distribution we choose to specify, and the ideal choice is one that closely approximates the true
conditional target distribution. Like the ALD, the logistic distribution has heavier tails than the Gaussian, and given its
successful application in post-processing ensemble-we istribution i i
distribution; weather forecasts (Rasp and Lerch, 2018; Ghazvinian et al., 2021; Schulz and Lerch, 2022; Horat et al,, 2024), it
m@%&m ﬁammﬁ%eﬁwmewmﬁamedﬂ%&mwm

modeling-using-an-STM-as-the-neuralnetwork-—The DRN, the LSTM predicts the parameters of a logistic distribution, namely
the location and the scale parameters. The-DRN-s-trained-by-optimizing Training optimizes the Continuous Ranked Probability

Score (CRPS:see-Eg—-C4-and-Appendix22)-, adopted from the scoringrules library (Zanetta and Allen, 2024)) of the training
data with respect to the estimated predictive distribution. The DRN has-the-hyperparameters-hyperparameters are mentioned in

Table 2 and the hyperparameter search is described in Appendix A. We-used-the-seorinrulestibrary(Zanettaand-Allen; 2024);
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2.2.4 Bernstein Quantile Network

The BQN is a nonparametric approach that prediets-models the quantile function of the target —TFhis-approach-was-originally
not require an @ priori assumption of the parametric form (Bremnes, 2020). Originally proposed for wind speed forecasting,
and-has-been-extended-to-other-the BQN has since been applied to a range of target variables, including solar energy forecasts
candidate for runoff prediction, where the conditional discharge distribution is strongly right-skewed and resists simple parametric
characterisation. We include the BQN in this study as it represents an extreme end on the model flexibility spectrum. ks
flexibility-renders-it-applicable for runoffpredietions-as-well-The said quantile function is a linear combination of Bernstein
basis polynomials (Bremnes;2020:-Schulz-and-Lereh; 2022)-and is given by

d

Qglx) =Y a(x)Bialq), ¢€0,1], ¢!
1=0
where «;(x) are basis coefficients and are a function of the inputs x, and

d
Bralg) = (Z)ql(l—q)“, 1=0,1,....d, @

are the Bernstein basis polynomials of the degree d € N for individual quantiles ¢ € [0,1].
For a given degree d, the quantile function is fully defined by d + 1 basis coefficients. Schulz and Lerch (2022) suggest
that the choice of d is critical, with larger d providing for more flexibility but at the cost of larger estimation variance.

We discuss the implications of lower and higher degrees for our data in Appendix A, and adopt a 12!" degree Bernstein
polynomialfelewing-Schulz-and-Lereh(2022). For the BQN, the head layer maps the hidden states of the base LSTM to 13

(12+1) raw coefficients ;. One important deviation from Schulz and Lerch (2022) that our implementation assumes, is the

non-enforcement of strictly positive support for the predicted distribution. This is to maintain similarity with the CMAL and

the DRN where the distributions are not truncated at zero. More generally speaking, such truncation can be considered as an

inductive bias, whereas one could expect the model to potentially learn the true minimum in the data. Thus, we allow for the
first basis coefficient (o) to be negative. We maintain the requirement that the rest of the basis coefficients are strictly positive

and increasing by implementing a softplus activation and recursively estimating them as follows:

ag=ap, a=o_1+0, [=01,...4d, 3)

The BQN is trained by optimizing the average quantile loss (QL) over 99 equidistant quantiles. The QL is a consistent
scoring function for the corresponding quantile, and the integral of the QL over the unit interval is proportional to the CRPS

(Gneiting and Ranjan, 2011). The QL for a quantile ¢ is given by

QLq(yt’rueayq|m) = maX(Q(ytrue - yq\z>7 (1 - q) (yq\z - ytrue)> (4)

where ;e is the true target value, and y, is the predicted target quantile ¢ obtained from Eq. (1). Table 2 gives the
hyperparameters of the BQN and the hyperparameter search is explained in Appendix A.

10
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2.3 Evaluation of predictive distributions

Gneiting et al. (2007) suggest that the goal of probabilistic forecasting is to maximize the sharpness, subject to calibration.
Although they use different terminology, Klotz et al. (2022) evaluate their models similarly based on reliability (calibration)
and resolution (sharpness). Calibration is a joint property of the predicted distributions and the observed events, and refers to
the statistical consistency between the two, whereas sharpness refers to the concentration of the predicted distribution, and is
a property of the predicted distribution alone. Quantitatively, calibration and sharpness can be simultaneously evaluated with
proper scoring rules, where lower values indicate better predictive performance (Gneiting and Raftery, 2007). The CRPS {see

Appendix—22-fora-detaled-deseription)-is a strictly proper scoring rule and is used in this study to evaluate the probabilistic
predictions. For the DRN, the CRPS is computed analytically. For the CMAL, as no closed form solution is available, the CRPS

R AN A A A AN A A A A A A AN A A A AN A AAANAAAAA

is esti g-5; approximated based on samples. For the BQN, the CRPS is approximated from predicted
quantilesusing-the-quantile loss—Torch-compatible-implementations-of these-funetions-are-provided-by-the Pythen-, The library

scoringrules (Zanetta and Allen, 2024) provides torch-compatible functions for calculating the respective closed-form and
approximate CRPS for all our models. The CRPS is calculated for every every-time step and averaged over the test period for

every catchment. We report the mean-and-the-median catchment CRPS seeres-as a measure of overall model performance.
For a visual assessment of the calibration alone, we compute the the Probability integral transform (PIT) values by evaluating

the predietive-cumutativedistributions-predicted cumulative distribution functions (CDFs) at the observed valuesand-. We then

plot PIT histograms for the entire test period and all catchments combined in Section 3.1. For the BQN, we resort to the unified

PIT aPFH)-(uPIT; Vogel et al., 2018) as only a set of quantiles

de ho ha P h OO m a rafa ha raada o-Append
a a t a W a

s-is available. We also adopt some metrics from Klotz et al. (2022)

to evaluate sharpness of the probabilistic predictions. For every time step in-the-test-period;-we calculate the mean-absolate

11
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s-interquartile and the interdecile ranges. Variance
is calculated for 7500 samples (adopted from Klotz et al., 2022) drawn from the predlctlve distribution—From-the-quantiles-of

ange . The metrics are presented as a

mean aggregation over all catchments for the entire test period. Finally, we evaluate the distributions based on single-point
metrics such as the Mean Absolute Error (MAE) evaluated on the median of the distributions and the Root Mean Squared
Error (RMSE) evaluated on the mean of the distributions. To align with standard hydrological practice, where overall model
performance is primarily assessed on diserete-point predictions, we also calculate the Nash-Sutcliffe efficiency (NSE) and the
Kling-Gupta efficiency (KGE) (following Klotz et al., 2022). For-We acknowledge that the NSE and KGE are not consistent

scoring functions (Vrugt, 2024) and as such, no functional of the predicted distributions minimises either. However, for every

time step, the mean of the probabilistic distributions-predictions is considered as a point estimator to calculate these metrics

and we report the aggregated metrics for the entire test perlod We—aekﬂevﬂeége—tha%fhe—NSE—&ﬂé—KGE—afeﬂePeeﬂﬂ%{eﬂf

2.4 Flood Risk Communication Agent (FRiCAFRiICA)

The-A reinforcement learning episode consists of an agent observing a FRi€Astate tearns-to-map-the DRN-predictive distributions

set-of 32-quantile-devels-rangingfrom-0:8-s, selecting an action a, and receiving a scalar reward r(a,y), where the reward
depends on the chosen action and the realised true severity y. In our application, the state describes the current hydrological
situation and the action corresponds to issuing a warning As only a single warning decision is required, each episode terminates
immediately after the action is taken. We created episodes for the FRICA by running the CMAL over 40 years (01 October
1980 to 6:9999—4n-other-words;-at-every-time-step30 September 2020). We split these into training (01 October 1980 to 30
September 1995), validation (01 October 1995 to 30 September 2000) and testing episodes (01 October 2000 to 30 September
2020). Excluding median and low flows, we focus on episodes when the predictive probability of exceeding HQ2 is at least
15%, making a total of 2441 training, 822 validation and 1696 testing episodes. For every catchment, design floods with
annual return intervals of 2, the-10, 30, 100, and 300 years are obtained from BAFU (2024). These return-period thresholds

are used to classify the observed specific discharge into one of six severity classes, y € {0,1,2.3.4,5} — y =0 indicates

no design-flood threshold was exceeded, and y = 1 through v = 5 correspond to the HQ2 through HQ300 thresholds. The

state s that the agent
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observes is a seven-day sequence

of predictive distributions and one-day lagged discharge. Thus, in every episode, the}eg-pfeb&brhﬁke#ﬂae%&mp}edﬂeﬁmm

receives a 7 x 13 state matrix; the twelve parameters of the CMAL distribution (mixture weight 7;, location u;, scale b;, and

asymmetry x; for each of three mixture components, 1 = 0,1, 2) together with the lageed discharge. This mimics a scenario

where the warning-issuing authority is given a predictive distribution, historic hydrological context and should issue a warning.
The action space is discrete, a € {0,1,2,3.4,5}, corresponding to the six warning levels described above.

The reward is a distance-based function of the

the-true severity y: a correct prediction is rewarded, whereas an incorrect one is penalised in proportion to its ordinal distance
from y, scaled by a class weight and, independently, by separate penalty rates for under- and over-warning. Class weights
compensate for the imbalance in the frequency of warning classes. The full reward formulation is given in Appendix E. We
evaluated ten reward configurations, summarised in Table E1. Unless stated otherwise, the results presented in this paper are
for the reward configuration Rymago.on. The reward configurations are designed to represent a range of plausible operational
preferences rather than to exactly reproduce socioeconomic costs. This enables a systematic investigation of how different
reward structures influence the learnt policy and demonstrates that the RL agent adapts its warning behaviour in a consistent
and risk-aware manner to changing operational objectives.

ERiCA is implemented in a gymnasium environment (Towers et al., 2025), and trained and evaluated using Proximal Policy
Optimization (PPO) (Schulman et al., 2017) algorithm from Stable Baselines3 (Raffin et al., 2021). For evaluation, we divide
NM‘WWMWMMWMMHQZMHWMWWM

in-the-test-period-are-categorized-intofloods and-extreme floods—Events-with-ARIs-between2-performed on the validation set
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where the epoch maximising the total number of hits across classes 1-5 is retained for testing. For classes 1-5, a prediction
is counted as a hit if the issued warning matches the true severity class, a miss if the issued warning is lower than the true
severity, and a false alarm if it is higher, We compare FRiCA-issued warnings against two static baselines: the 99™ percentile

fir-Umwelt-BAFY;2024)-of the-Swiss-econfederationthe LSTM,,, as a deterministic rule. Results for the reward configuration

R on are reported in Table 5, with the full comparison across all reward configurations given in Table E1.

400 3 Results

In this section, we present the overall evaluation for the probabilistic models based on the CRPS, PIT histograms, resolution
metrics and single-point accuracy metrics. Section 3.2 follows with a comparison of the model performance for representative

flood events recorded in Switzerland. Finally in section 3.3 we present the results from the #Ri€AFRICA.
3.1 Global Model Performance

405 As mentioned in section 2.3 we calculate the mean CRPS for the entire test period per catchment and begin this section by
examining the mean and median CRPS across catchments. The CMAL has the lowest mean CRPS of 0.50 as compared to the
DRN (0.53) and the BQN (0.56) and outperforms the two models in terms of overall prediction calibration and sharpness. The
difference in performance is further pronounced if we consider the median CRPS across all catchments. For the CMAL the
median CRPS is 6-380.39, whereas the DRN and the BQN predictions have a median CRPS of 0.41 and 6-44-0.43 respectively.
410 The superior performance of the CMAL can be attributed to its ability to model asymmetry and multimodality in probabilistic
runoff predictions. For all the three models, the mean CRPS across all catchments is bigger than the median CRPS, indicating
a right-skewed distribution of per-catchment CRPS for all the models. For a plot of the cumulative density function (CDF) of

the catchment-wise CRPS refer Appendix F.
Fig. 1 presents the PIT histograms for the (a) CMAL, the (b) DRN and the (c) BQN aggregated over all catchments. Visaally;

a P h Ve M—O haPRNMN aq nana 2N n—Hio acemble niform—d h OR—O oce Ao
ota a 2 a—t t \/

415

erfect calibration and the normalised chi-square test statistics for the three models is-25%-are 0.14 (CMAL), +8%-0.08 (DRN)

and 3+%-0.15 (BQN). Fer-the-CMAL-and-the- DRN;-the PIT-interval(0:95;-0:99More importantly, the deviations from the red

420 dashed line in Fig. 1 indicate generally over-dispersed distributions for the CMAL, biased for the DRN and a combination of
dispersed distributions for the BQN. The CMAL predicts the probabilities in the interval (0.5, 0.6] shows-the

ion oFf 1TAR0L and 10070 racpective i dinating thot tha oanda aenative PRI
cl c I v y c cl I v y A5

biased, under-

£0:95-0:991.75 times more than observed, partially causing the under-population of the lower bins. The CMAL distributions
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are not truncated at zero, implying that some probability mass can extend into the negative space for certain events. This

causes the lower probabilities associated with this part of the distribution never being assigned as a PIT value, since observed

specific discharge is always positive. This contributes to the probabilities in the intervals (0.0, 0.4] +43%—and1+07%—mere

for-the PH-interval0;-0:05being predicted less often than observed. Probabilities higher than 0.9 are predicted about 1.63
times more, indicating that distributions for some time steps are either biased or under-dispersed. A single distribution on the
other hand, shows starkly different calibration. The under-population of the first bin, is again a result of the distributions not
being truncated at zero. Over-all the DRN distributions match the frequency of observed probabilities closely, but probabilities
greater than 0.95 are predicted twice as frequently as observed. This is indicative of under-dispersed distributions for these
events and likely an underprediction of high flows. BQN predictions are generally under-dispersed, affecting the representation
of lower probabilities more than the ' thiti i

wPFF-higher. The over-population of the first bin is in part an artefact. uPIT calculation for the BQN is based on a uniform
quantile grid in the interval [0.01, 0.99] and observations falling out of this range are directly assigned a uPIT value of 0 or 1.
Lower probabilities in the interval (\OAQNO 05~9%]

edare predicted roughly 1.7 times more than observed.

We discuss the reasons for such a PIT distribution for the BON in Section 4. For comparison, we also the-plot probability plots
following Klotz et al. (2022) and present them in Appendix?? F.

To complement the calibration evaluation of the probabilistic predictions based on the PIT histograms, Table 3 reports

the resolution metrics for the probabilistic models. The
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Figure 1. PIT histograms for the (a)CMAL, the (b)DRN and the (¢)BQN. The x-axes indicate the PIT values from the entire testing data (a
total of 1340737 values) binned into 20 equal-sized bins. The y-axes give the density of these bins. The red dashed line indicates the uniform
distribution — a case of perfect calibration. Bins with density less than 1 imply that the model predicts the probabilities of ececurence
occurrence within this bin fesserfreqguentty less frequently than actually observed. Similarly, bins with density more than 1 indicate that the

model assigns these probability values more frequently than actually observed.

Table 3. Metrics indicating sharpness of the predictive distributions. The mean absolute deviation is the average deviation of 5000-Mente
€arto-7500 samples (drawn from the distribution) from the mean of the distribution; the standard deviation and the variance are also
calculated for these 5666-7500 samples. The inter quantile and inter decile ranges are calculated from the distribution quantiles directly

without sampling. All metrics are reported as averages over the test period and all catchments. All metrics can take values in the interval (0,

o0) and lower values are better for all metrics. Fhelowest-metrie-perrow-is-indicated-in-bold:

Resolution Metric DBRN-CMAL DRN BOQN

Mean-absotute-deviation0:502 6:582-0-537 Standard-deviation0.657 0:766-6:696-Variance = +2362.63  +6551.80 +384-1.81
Inter quantile range (distance between 0.25 and 0.75 quantiles) 8796096 6642087  6:866-0.89
Inter decile range (distance between 0.10 and 0.90 quantiles) +592-1.93 546174 +769-1.79

the-overdispersed CMAL distributions have the highest variance of 2.63 compared to 1.80 and 1.81 for the DRN and BQN

respectively. This pattern holds across all resolution metrics. The DRN and BOQN show very similar sharpness overall, though

the slightly wider interquartile and interdecile ranges from the BON suggest that the Bernstein polynomial quantile function
learns marginally more dispersed distributions than the DRN. Table4-gives—the- 4 reports single-point metries—for-the-four

o ada tha N 2 I a ha e AMhila thae RN » orm—the
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Table 4. Evaluation of different single-point accuracy metrics. The LSTMger—qe_predictions are determninistic and are as such single-
point. For the probabilistic models, the median of the predictive distributions is used to calculate the MAE, and the mean is considered for
calculating the RMSE, the NSE, and the KGE. The metrics are calculated for every time step and averaged over the test period for every

catchment. The median catchment metrics are reported here.

Metri€ STMyerq, DPRN-CMAL ~ DRN BQN
MAE 6:520.51 0.53 057  0:550:610,60
RMSE  0.82 0.84 099 61161096
NSE 087 0.86_ 0.83  0:770:820.83
KGE  0.84 0.81 0.78  0:67-0:760.80

where-the-CMAL-model reached-a—similar NSE-as-the-determintstte ESTM—accuracy metrics for all four models, with the

LSTM,,, ranking first across all four metrics. The CMAL comes close to the LSTMe;, with an NSE of 0.86 against 0.87 for
the LSTMg and a KGE of 0.81 against 0.84. The DRN and BON lag further behind, with NSE values of (.83 for both and

KGE values of 0.78 and 0.80 respectively. The MAE follows the same ranking, with the BON median deviating most from

observations (0.60) and the CMAL median closest to the LSTMe (0.53 vs. 0.51). That the CMAL single-point metrics remain

competitive despite its overdispersion suggests that its distributional mean and median are well-centred, even if the spread

around them is excessive.

3.2 Probabilistic predictions for representative floods in Switzerland

Figure 3-2 shows three representative flood events together with their corresponding predictive distributions and the LSTMger
et predictions. The selected events span different seasons and were recorded at diverse locations across Switzerland.

Panels (a.1) to (a.3) in Fig. 3-2 show a summer flood recorded at the Seedorf gauge on the river Reuss. The associated
catchment is a high altitude alpine catchment located close to Luzern. The average catchment elevation is about 2000 m above
sea level and its area is about 800 kmgf, out of which 6.4% is glaciated. The event shown here recorded a total rainfall of about

132 mm during the period from 09" to 120 June 2019. On the 102" of June, a total rainfall of 102 mm was recorded,
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Figure 2. Observed-discharge—valuesfrom—top-0-1%—tail-Probabilistic predictions for selected floods recorded in rivers (1233-diseharge
vataesa, | to a.3) of-the-testing-distributionReuss in summer, serted-(b.1 to b.3) Allondon in an-inereasing-orderwinter, and (blue-dotsc. 1 to

¢.3) Saltina in Autumn. The eorresponding ESTMqerpredietions-subplots are in 3X3 grid, with columns representin,
robabilistic models and rows representing flood events. The mmm]ﬁ%gﬁm%eﬁq%mmdiw is givenby-for time and

the red-dashed-discharge is plot on the y-axis. The blue solid line shows the observed hydrograph, and the orange represents the deterministic
LSTMg prediction. The BRN-predictive distribution between-is bounded by the 1st and the 99&1+9,\?\“Lquantile is-a-vertieal-gray-line forevery
observed-valueand darker shades of green represent inner quantiles.
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Figure 3. Observed discharge values from top 0.05% tail (635 discharge values) of the testing distribution, sorted in an increasing order (blue

dots). The corresponding LSTMye predictions are shown by orange dots. The maximum LSTMge prediction of 72 mm d " is given by the

red dashed line. The IQR for the CMAL predictive distribution is a dark green line and the range between the 1st and the 99" quantiles is a

which represents a precipitation event with an annual return interval of 30 years (MeteoSwiss, 2022). The resulting flood had a
peak specific discharge of 32 mm d=+_! recorded on the 11" of June. The LSTMget-4 prediction follows the rising limb
of the observed hydrograph quite well, until it underestimate-underestimates this peak flow by 6 mm, and this bias is carried

forward throughout the recession.

MWIMM%%W&%QWMMMM%%WQM%
and all within the 99" percentile. The general trend observed in Fig. 1 and Table 5 is evident at an event level: the CMAL
predictions are wider than the DRN and the BQN predictions. Moreover, the wider CMAL predictions also capture the smaller
flood peak on the 15 June within the 95th percentile as against the DRN and BQN predictions which predict the peak close
to the 99" percentile. The dispersion from the three models also affects the representation of the distribution-isnarrower-for
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mearof the predictive distribution - The £RiICA selects the 93Uy quantile o for the event on 11" Juncowhich-predicts the peak

a 1th 0 nderectimation—o ag h o MM ha BON-nredietion—-doee na 2N a
a AW,

Aow—with-an—und ation—o - -predietion-does—not-capty § vasi.s-
both the DRN and the CMAL place the observed discharge on this day between the 75th and the 99th-quantile-underestimates

the-peak-flow-by-2-mm90th percentiles, the BQN places it beyond the 90th percentile. Such comparison is especially valuable

from a decision making perspective as days leading to a flood matter equally, if not more.
The second flood shown in panels (b.1) to (b.3) in Fig. 3-2 is a winter flood recorded at the Dardagny, Les Granges gauge

on the river Allondon. The catchment is a small, low altitude catchment with an area of 119 km? and mean elevation of about
760 m above sea level. It is located in south-west Switzerland near GeneveGeneve. From the 108" to the 14" of January
2004, a total of 141 mm of rainfall was recorded at the gauge. Rainfall accumulation on the 12" (49 mm) and the +3th
&(56 mm) of January was close to the 2-year return precipitation in the area (MeteoSwiss, 2022). The peak discharge for
the resulting flood was about 51 mm d=>_". This is almost comparable to a flood estimated to occur once in 10 years (HQ10)
at this gauge. The LSTMget— prediction for the peak discharge is 37 mm d——Fhe-CMAL-predictionfails-to-capture-the

: - ability : ~On-__, Once again, probabilistic predictions
the 95th and the 99" percentiles, the BQN predictions are more confident and place the event close to the 90th percentile. In

ons-and-the-93rd-quantie—o BQN-predictions;—with-almes as hydrograph-prediets—the
reeession{~3-mm-overestimation-on—+4" January)-and-'", it it worthwhile to note that the DRN predictions extend into the

negative space. This is because, the distributions are not truncated at zero and since they are symmetric, in order to capture the
flood peak, the pe: imation) quite well i
mmlower quantiles extend beyond zero. This is not observed for the CMAL or the BQN as both have in-built flexibility which

provides for asymmetry.
The third flood shown in Fig. 3-2 (panels (c.1) to (c.3)) was recorded en-at the Brig gauge on the Saltina river. The associated

catchment is a small alpine catchment and is located in southern Switzerland. During the period from 1228 (o 15tth
October, a total rainfall of 435 mm é=1-was recorded at the gauge Brig-Brig gauge. The rainfall accumulation on the 132

and the 14¢tf‘mwas more than that estimated to occur once in 100 years (MeteoSwiss, 2022). It rained about 160 mm on the

two days, which indicates an-extreme-precipitation-for-extreme precipitation over two consecutive days. The resulting flood

was a-an HQ30 flood, meaning that the flood peak value is estimated to occur once in 30 years and is about 87 mm d="1.

The LSTMgzr peak prediction of 50 mm largely underestimates the observed flood. Snaty-the BPRN-predictions-eapture-the

ha QQth s

overestimating-the-floodpeak-by2-mm-—The BQN predictions show a consistent
underestimation for the 14" and 1520 Jeading to an underestimation of total flood volumeand-the-99th-, and the 99"

quantile misses the flood peak by 7mm—Fhe FRiCA is-una
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already—triggers-a—warningfor-extreme flood for-the-eatchment—On-the-7 mm. The CMAL and the DRN capture the flood
eak on 15" close to ther 90th and 99™ percentile respectively. The 99™ percentile from the CMAL prediction for this day is
120 mm, well above the observed flood peak and indicates a long tail. Similar observations can be made for 14"-of October;

from-the FRiCA for the flood peak-estimation, but it failsto-capture-the flood

redictions have a long tail extending up to 118 mm, but the DRN predictions are shorter with the observed discharge bein

laced at the 98th percentile.
In summary, Fig. 3-2 highlights the performance gain from probabilistic predictions for high-stake-high-stakes rare events.

This is not limited to the representative flood events from Fig 2. One of objectives of this study is to establish the advantage
of probabilistic predictions for tail regions of the discharge distribution. To explicitly examine model performance in the +st
quantile-of-extremes, Fig. 3 shows the top 0.05% of the EMALdistributions-is—19-mmrand-36-mmrespectively-Overallfor-the
entire-test-periods theJowestIst-quantile-across-the-entiretest-data-sorted discharge values from the test period (635 discharge
values). The maximum observed discharge during the testing period is about 180 mm d”" (the largest flood in CAMELS-CH).
The LSTM,, simulations underestimate about 97% of these values, with a mean underestimation of about 21 mm d~". The
figure also shows the CMAL predictive distributions for every observation, and about 83% of the observed values are within
the 99% quantile of their respetive predictive distributions, The maximum 99" percentile from the CMAL +the- DRN-and
the-BQN-predictions-is—95-predictions is 336 mm d~'. The DRN and the BQN distributions, owing to their under-dispersed
distributions, -26-capture about 60% and 57% of the value from Fig. 3 within their 99'" percentile. The maximum 99" percentile
W@M mm d—aﬂd—-g{rmiwmm d~! respectively. Nega%wedﬁehafg&va}ues—afe—ﬁeﬂ-phyﬁealr

esWe discuss the implications of these results
in Section 4. However, they underscore the potential advantage of probabilistic LSTMs for flood modelling: they can represent
a broader range of possible outcomes and assign non-zero probability to extreme floods that deterministic predictions tend to

underestimate.




Table 5. Comparison of correct (hits), misses and false warnings for floods and extreme floods given by FRiCA. The warnings are compared to

those in the case of discrete LSTM . predictions and an arbitrary choice of the 99&19/92 quantile of the BRN-CMAL predictive distributions.

Event Category Hits Misses  False Alarms  True Negatives Total Method

Floods 605414  566-123 132616 1363415 1568  FRiCA
337301 944332 25171 1303764 LSTMar  LSTMu
704-124 338 261-1444 13030 99¢h- 99" Percentile

Extreme Floods 2227 8391 34-10 139~ 128 FRiCA
2418 467102 HS 39 ESPMzer  LSTMyy
3528 5410 56-90_ 13- 99th- 99" Percentile

3.3 FRi€A FRiCA based flood warnings

580 Table

' 5 compares hit, miss, and false alarms)-forthe FRiCA-the ESTMgers

alarm counts for FRiICA against the LSTM, and the 99t2pereentite-of-the DRN-predictions—Duringthe—test-period;—the

585

eatchments—Forthe flood-eategory-the" percentile rule across flood and extreme flood episodes. For floods (HQ2 and below)
590 FRICA achieves the highest hit count (414), outperforming the LSTMaﬁemeveH%ﬂPfafeﬂf—eﬂly%%—wlﬂn}eﬁfedﬂemg

(124). This comes at the cost of a higher false alarm count (616) compared to the LSTMge (171), reflecting a more aggressive

595  warning posture. The 99" percentile rule, by contrast, issues almost no missed events (10) but generates an extremely high
number of false alarms (1444). rendering it operationally impractical.

For extreme floods (HQ10 and above), the picture is more constrained by the rarity of events (128 total). FRICA again

achieves a higher hit count (27) than the LSTMyg (18), while the 99" percentile rule captures the most events (28) but again at
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number (90) of false alarms. FRiCA maintains a more favourable false alarm count (10) in this category, comparable to the

LSTMaet

8). Overall
does the reinforcement approach (FRiCA) demonstrates a learned trade-off between sensitivity and specificity that neither of
the two static rules achieves: it detects more flood events than the LSTMy., while avoiding the excessive false alarm rate of

meostextreme-events™ percentile rule.

4 Discussion

We frame the discussion around the three research questions stated in the introduction to this paper (see Section 1).

the-CRPSHoessfunction;-or-the-interaction-of both-compenents—In-eontrast-investigated probabilistic models achieves perfect

calibration for the Swiss catchments. That is, each one exhibits distinct patterns of miscalibration. Nevertheless, perfect
calibration is not a prerequisite for addressing the main objective of this work (i,e.: to establish the need for probabilistic

. If a preferred direction of miscalibration exists, it is over-dispersion, as this implies
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CMAL distributions, mean that the system is prepared, or over-prepared, more often
than strictly necessary. Thus, despite having room for improvement in terms of calibration, the current model performance
is_sufficient to address our second and main research question. Overall, the DRN provides the most reliable probabilistic
miscalibration. In terms of single-value metrics, all probabilistic models approach the deterministic LSTM ger-when-compared

models, corroborating the findings of Klotz et al. (2022), who reported eemparable-performanee-between-only slight differences
between the CMAL and the state-of-the-art-deterministic LSTM for CAMELS-US. We acknowledge that the NSE is not

a consistent scoring function (Vrugt, 2024) and should not be used to evaluate the performance of probabilistic models,
whose main-primary objective is to represent predictive uncertainty. Te-assess-whether-these-differences-could-be-attributed-to

include NSE because it is well established within the hydrological community and allows readers to benchmark the probabilistic
models against the large body of existing deterministic rainfall-runoff studies.

Directly implementin
the benchmark CMAL from Klotz et al. (2022) resulted in highly skewed distributions with heavy tails extending into the
negative space. We found out that this behavior was induced by the asymmet arameter 7 and its implementation via
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the sigmoid activation function. Using the r parameterisation for the component asymmetric Laplace distributions led to
better representation of the variance in the data, though the CMAL ultimately produces over-dispersed distributions for
the Swiss catchments. The fact that our experiments are conducted on CAMELS-CH rather than CAMELS-US may partly.
explain why a different parameterisation of the CMAL performed better. The DRN exhibits the best calibration among the
three probabilistic models despite its structural simplicity, with only slight underdispersion. Our findings are in line with
Schulz and Lerch (2022), who systematically compared probabilistic machine learning approaches for wind gust forecasts in
Germany and showed that the DRN achieved the best performance at 55% of stations, followed by the BON at 37%. This
advantage may be attributed to the use of a single logistic distribution, the CRPS loss function, or the interaction of both.
Comparing a single DRN trained with CRPS against one trained with NLL reveals similar patterns of miscalibration in both
cases: the uppermost PIT bin is overpopulated and slight miscalibration persists in the lower bins. Adopting a truncated logistic
distribution successfully resolves the miscalibration in the lower PIT bins, though it has limited effect on the overpopulation

of the uppermost bin, suggesting that the upper-tail miscalibration reflects a structural limitation of the logistic family rather
than a consequence of the loss function. During trainingBPRN, we observed that the use-of-CRPS-as—alossfunction—ean

distributions1s-CRPS loss can at times prioritise sharpness at the expense of calibration, a tendency documented empirically
and theoretically by Buchweitz et al. (2025);-but-in-a-correely—. However, in a correctly specified model, the-CRPS-based

parameter estimation wit-be-consistent-(as—will-NEL-based-estimation)—is_consistent and the resulting distribution will be

calibrated. While-the BON-performed-slichtly-worse-than-the DRN-it-nevertheless—shows-considerable-potential-due-to

valuable-to-explore-how-other-The residual underdispersion in the DRN may therefore reflect model misspecification inherent
to the logistic distribution assumption rather than a fundamental limitation of the CRPS loss itself. Future work could explore
alternative parametric families, such as the asymmetric Laplace or log-normal distributions, to better accommodate the heavy-

taileddistributions-perform-for-this-task—For-example;generalized-extreme-value¢ butions-have-beensueeessfully-applie

skewed streamflow distributions characteristic of the Swiss catchments.

The BON offers considerable flexibility by directly estimating the quantile function without requiring an a priori assumption

about the shape of the conditional target distribution (Bremnes, 2020). The support of the BQN distribution is determined
entirely by the boundary coefficients, spanning o, @y2], meaning the range and internal shape of the predictive distribution
are both encoded in the learned Bernstein coefficients. Monotonicity of the quantile function is enforced via a softplus activation
function, such that ag < -+ < ay2. Consequently, the spread of the predictive distribution is governed entirely by the magnitude
and spacing of these increments. The observed underdispersion in the BN forecasts can be attributed to a failure to learn
adequate coefficient spacing across the highly skewed streamflow regime of the Swiss catchments. When the model cannot
distribute probability mass appropriately across the full dynamic range of the training data, it is forced into a compensatory.
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strategy: the lower-order coefficients are inflated to ensure the support o, 12| spans observed high flows, rather than bein

anchored near the low-flow baseline. This inflation compresses the effective spacing between lower coefficients, collapsing

resolution precisely in the low-flow regime and resulting in a considerable fraction of low flows being assigned probability.

mass beyond the first quantile. Whilst the BQN’s non-parametric flexibility is theoretically appealing, for datasets with high
705  variability, special attention should be given to the raw coefficients to fully exploit this flexibility.

MQLWWN@MWLWWW&MMWWNé@WmW scoring rulesas-ebjective

ibte-, the NLL and the CRPS can

penalise misrepresentation of variance differently depending on the estimated distribution, and the three losses penalise tail

miscalibration differently. Our choice of losses for the three models limits our ability to separate the respective impacts of

710 loss functions and the assumed distributions. Although we assess the global model calibration, a systematic comparison of

probabilistic models based on distributions and loss functions is not central to this study. As with the calibration considerations

above, the choice of loss or the evaluation metric is not a limiting factor in addressing our main research objective. Modellers
can always choose to train a single network with multiple heads and losses so that its internal representation considers multiple

constderations-of-the-aleatorie-uneertainty-characterisations of aleatoric uncertainty simultaneously (Buchweitz et al., 2025).
715  We leave it for-to future work to examine whether such an approach would tead-to-yield synergistic effects or has-te-whether it

must be treated as a multi-objective problem—optimisation problem.

4.2 Why are probabilistic LSTMs more suitable to represent hydrological extremes and the tail regions of the
720 discharge distribution?

In-prineiple;therainfall—runefftransformation-Catchments are, in principle, deterministic dynamical systems in which rainfall-runoff
generation is a deterministic process. If all relevant system states were fully observed, the governing dynamics perfectly known,

and both inputs and targets free of measurement errorserror, a probabilistic formulation would indeed-be unnecessary. In
practice, however, none of these conditions are met. Hydrological medeling-modelling relies on spatially aggregated forcing
725 data and discharge observations that are affected by measurement uncertainty, representativeness errors, and unresolved sub-
grid-scale processes. As a result, the conditional relationship between the-meteorological forcing and runoff is inherently
uncertain and often highly skewed. This can be illustrated by a simple example from CAMELS-CH: during the training
period, precipitation events of approximately 100mm-d=- mm d ! occurred 27 times-However,, yet floods exceeding 40mm
d=1 mm d~! were observed in only 6 of these cases. Gﬁfhe—eﬂae%haﬁd—ﬂaefe—af&ﬂeed%ﬂaa%ﬂfe%ﬁggefeekm

730 floods can also occur without extreme precipitation-

i, for example through rain-on-snow events or
highly saturated antecedent conditions. Although this example deliberately neglects many hydrologically relevant variables, it
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highlights a fundamental limitation of the training data: the predictors available to the model do not uniquely determine the
observed runoff response. As a een inisti : . . . )

trained on a conditional distribution of plausible discharges rather than a single deterministic outcome.
Deterministic LSTM simulations tend to underestimate these tail events because the model learns to represent the conditional
mean of the target distribution. B collapsmg the conditional target-distribution to a funetional-deterministic-modelseffectively

single predicted value, the deterministic
LSTM cannot adequately represent the rare but physically plausible runoff responses that constitute the upper tail and that might
have been in training. Adaptations to deterministic loss functions offer a partial remedy: strategies such as weighting schemes
within least-squares objectives or transformation of the target variable have been proposed to improve representation of extreme
flows (Thirel et al., 2024). However, Thirel et al. (2024) note that transformations targeting extreme flows well tend to be less

robust across other flow regimes. Though we did not replicate streamflow transformation experiments for the deterministic
LSTM:

%MM@WMMB’WWM%WW
improved at the cost of global skill. Similarly, optimising for a higher quantile through quantile or expectile losses can improve
metrics focused on high flows, such as FHV, but typically increases false alarms and leads to systematic overestimation of
median and low flows. In essence, such strategies require a trade-off between sensitivity to extremes and overall predictive
reliability, often necessitating multiple models calibrated for different objectives. Probabilistic LSTMs that estimate the entire
conditional discharge distribution offer a more principled alternative, providing information across all flow regimes within a
single model.

The three flood events shown in Fig.3- 2 illustrate how these conceptual differences manifest in practice. For the summer
flood at Seedorf (panels a.lte-a—a.3), the deterministic LSTM reproduces the overall hydrograph shape but underestimates the
peak discharge, whereas the DRNépaﬁel—a%—}eaptmce% robabilistic LSTMs capture the event within its-their upper predlctlve

quantiles.

the-flood-response—The highly extreme alpine-Alpine flood at Brig (panels c.1te-e—c.3) further accentuates this contrast, with

the deterministic LSTM severely underestimating the peak and-the- DPRN-again-plaeing-while the probabilistic LSTMs place
the observation within its-their upper tail. Across all cases, probabilistic models do not eliminate at-errors—-errors entirely —

particularly for the most extreme peaks or total volumes ;— but they consistently broaden the range of plausible responses in a
physically meaningful way. These results underpin-underscore that the principal benefit of probabilistic formulations lies not in

improving median predictions, but mere-in providing a structured and interpretable representation of uncertainty under extreme

forcing conditions. Importantly, this additional information comes at little practical cost, as the probabilistic LSTMs require
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only marginally more parameters and computational effort than their deterministic counterpart while providing substantiall
richer information for flood-risk assessment and decision-making.

events-Importantly, this behavior-behaviour is not limited to a few selected eases-As-seen-events. As shown in Fig.2;-enly-about
67 3, approximately 83% of the highest discharge values (top 0:30.05% of the sorted values)-are-assigned-afinite-probability

~CMAL distributions. Expecting full coverage of this region, or expecting these extreme values to fall within
narrow confidence intervals, is at odds with the principles of probabilistic calibration. Under probabilistic calibration, predicted
and observed conditional probabilities are equal. If the true conditional probability of some event lies beyond the 99" percentile,
expecting it to be predicted within lower quantiles is inconsistent with this definition. In other words, an expectation that all
data lies within the 99" quantile, implies particular bins from the PIT histogram will be empty, causing overpopulation in the
lower bins, and thus leading to miscalibration, The i ivation-eriteri i i
operational-objective-of difference in upper-tail coverage between the CMAL and the DRN is a direct consequence of their
respective calibration characteristics. The over-dispersion of the CMAL pushes its 99" percentile beyond the most extreme
observed values. Although this leads to global miscalibration, it is superficially appealing from a coverage perspective, and
perhaps desirable from an operational standpoint.

The LSTM saturation effect documented by Baste et al. (2025) for deterministic models may also occur in our probabilistic
setting, though its severity might differ across models. In the deterministic case, saturation of the LSTM’s internal state at high
discharge values causes underestimation of peak flows. as the network’s gating mechanism loses sensitivity in the high-flow
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regime. In the probabilistic case, an analogous saturation effect would affect the distribution parameters of the CMAL and

805 the DRN, and the raw Bernstein coefficients of the BON. Ultimately manifesting as a failure to assign sufficient probability.
mass to extreme discharge values. For the BQN and DRN, whose predictive distributions are already underdispersed, such
saturation would compound the existing upper-tail miscalibration. For the CMAL, however, the effect is might not be so
severe. The over-dispersed predictive distributions already assign considerable probability mass to extreme discharge values,
$0 any reduction in upper-tail sensitivity due to LSTM saturation is absorbed within the existing excess spread. Saturation is

810  therefore unlikely to materially affect flood warning performance for the CMAL, whereas for the BON and DRN it represents
an additional source of upper-tail underestimation that warrants dedicated investigation in future work.

Taken together, our findings and the findings of our previous study (Baste et al., 2025) suggest that the principal limitation in
extreme flood prediction may not lie in the specific neural-network architecture or loss function, but rather in the information
content of the data available for training. When the predictors do not uniquely determine the runoff response in a regional

815 model training, any deterministic model is forced to collapse a distribution of plausible outcomes into a single prediction.
Architectural modifications, alternative loss functions, and targeted training strategies may alleviate this issue to some extent,
but they cannot fundamentally resolve the ambiguity inherentin the input-output relationship. In contrast, probabilistic models
explicitly acknowledge this uncertainty by estimating the full conditional discharge distribution. Consequently, we argue that
future improvements in flood prediction will likely depend on two complementary developments: more informative data that

820  better constrain the hydrological state of the catchment, and probabilistic modelling frameworks capable of translating the
remaining uncertainty into actionable predictions. Together, these advances provide a pathway not only towards improved
representation of extreme floods, but also towards data-driven warning systems in which warning thresholds and decision rules
can be learned directly from calibrated predictive distributions rather than being imposed a priori.

4.3 Can reinforcement learning aid operational flood-warning communication by learning a risk-aware translation
825 of predictive distributions into actionable warnings based on flood-intensity categories?

The FRiCA results are promising and demonstrate its potential as a novel decision layer within early flood warning systems.

830 Across all explored reward configurations,

ERiCA consistently learns policies that reflect the structure of the reward signal. We demonstrate that FRiICA acquires a

risk-aware, reward-based rule for issuing warnings rather than a fixed heuristic. This stands in meaningful contrast to current

operational practice, where the translation from a probabilistic forecast to a categorical warning level remains largely dependent

on expert judgment. In Switzerland, for example. flood hazard is communicated via a five-level danger scale (Federal Office for the Environ
835 , but the assignment of a level still relies on a forecaster’s interpretation of multiple hydrological and meteorological models

rather than on an optimized or learned rule. Certain formalisations exist — such as minimising a cost-loss ratio (Roulin, 2007)

or counting ensemble-member exceedances against a threshold (Dietrich et al., 2009) — but these are static, analytically-driven,
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computed a priori, and not updated from observed outcomes. FRiICA addresses this gap by framing warning communication
as a decision problem with outcome-based rewards, the agent can in principle be updated in real time as new flood events are
observed and their consequences become known. This closes a feedback loop that static rules cannot close. The adaptability.
of the learned policy to user-defined risk preferences is further supported by the asymmetric reward experiments. To our
knowledge, reinforcement learning applied to the communicative step of translating a predictive distribution into a categorical
warning remains largely unexplored in hydrology.

That said, these results should be interpreted as an exploratory proof of concept rather than as a finished operational warning
framework. The purpose of FRICA in this study is to demonstrate that reinforcement learning can, in principle, be used to
learn a reward-sensitive decision layer for translating probabilistic flood forecasts into categorical warning decisions. The key.
step of transitioning from probabilistic model output to an actionable warning, which is often left implicit in forecasting, is
addressed by FRICA. The results therefore highlight potential, but they also make clear that more methodological developments
are required before such an approach could be considered operationally robust. For instance, considerable variance across
random seeds was observed for all reward configurations, indicating that the learned policies are sensitive to initialisation
and that the training signal, particularly for the rarest flood severity classes, is insufficient for consistent convergence. No
systematic hyperparameter optimisation was performed. and the policy network configuration and reward weights were chosen
pragmatically to demonstrate feasibility rather than to identify an optimal design (see Appendix E). Critically, the results also

highlight the risk of reward hacking, whereby an agent achieves high nominal reward through behaviour that satisfies the literal

specification of the reward function while failing to capture the designer’s actual intent (Amodei et al., 2016; Skalse et al., 2025

. In the present case, without explicit accounting for class imbalance or asymmetric penalties, the agent collapses to the

strueture—favoring—the-avoidance—of -misses;—it-also—suggests—that-dominant _class within a few training epochs, achieving
a high nominal reward by ignoring rare but consequential events entirely. This underscores that careful reward design is
essential, as the quality of the learned policy is fundamentally bounded by how faithfully the reward reflects the true cost
structure of flood warning decisions. One avenue for addressing this limitation in future work is inverse reinforcement learning,
where instead of hand-specifying a reward function, the eurrent-formulation-tacks—sufficient-incentivesfor-more-adaptive;
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reward is inferred from

demonstrated behaviour, for instance, historical decisions made by operational forecasters (Ng and Russell, 2000; Ziebart et al., 2008)
875 . Such an approach could help recover a reward structure that more faithfully reflects the implicit cost trade-offs forecasters
already make in practice, rather than relying on manually designed reward weights. The present study therefore provides a basis
for future work to move beyond feasibility and toward operational robustness, in particular through systematic hyperparameter
optimisation, reward functions that more explicitly encode the asymmetry between missed events and false alarms (potentially.
informed by inverse reinforcement learning from forecaster behaviour), and class-balanced episode sampling to strengthen the
880 training signal for rare but consequential severity classes.

5 Conclusion

This study evaluated the performance of three ESTM-based-—probabilistie-medels—probabilistic LSTMs for rainfall-runoff
simulation across Switzerland, with a particular focus on their ability to represent uncertainty for extremes—in-the-discharge

distributiondischarge extremes. Specifically, we investigated to-what-extentthe extent to which probabilistic predictions provide
885 added value over deterministic simulations, and why such advantages are most pronounced in the tails of the distributionrather
than-in-bulk-performanee-metriesmarginal distribution. In addition, we explored a reinforcement learning—based communication
method that translates probabilistic runoff forecasts into actionable flood warnings for eperational-early warning systems. Based

on our findings, we draw the following conclusions:

890

895

no n n o
y;ottTa proviaing—a gcturea—and s, ao P attor—o

predictive-uneertainty-which-is-essentiat-for The core limitation in extreme flood prediction may lie not in network
architecture or loss function, but in the information content of the training data itself,. When predictors fail to uniguely.
determine the runoff response, deterministic models are forced to collapse multiple plausible outcomes into a single
point estimate. Probabilistic models, by contrast, estimate the full conditional discharge distribution, offering a more
900 appropriate representation of uncertainty for extreme events and supporting risk-informed decision-making.

— The

degree of distributional
flexibility assumed by each of the investigated models translates into distinct miscalibration signatures. DRN, the most

constrained of the three, mostly exhibits overestimation of the highest quantiles, implying underconfidence for tails of the
marginal discharge distribution. i i i Hiti i




905

oodsCMAL, b
contrast, is consistently overdispersed, while BQN tends to overestimate the lowest quantiles. Thus, greater distributional

flexibility may not guarantee better calibration.

— Even under perfect calibration, not all specific discharge values fall within the 99" or lower predicted quantiles. This
910 reflects the concepts of calibration and accuracy being at odds with each other. A well-calibrated model is not necessarily.
the most informative one for decision-making. For extreme events in particular, a degree of overdispersion may be
preferable to nominal calibration, since wider predictive bounds provide greater confidence that the true value is captured,
even at the cost of sharper, calibrated intervals.

— The reinforcement learning—based agent demonstrates promising potential as decision-support for early warning systems.
915 By condensing full predictive distributions into actionable warning levels, the agent offers a principled alternative to fixed
heuristics. Nevertheless, substantial scope for improvement remains, including systematic hyperparameter optimization

of the policy network, refinementof the-action-space;-and better reward design;-and-the-integration-of-categoricalrewards

. We shall make all the codes for model training, testing, and analysing and plotting the results presented in this paper available upon

920 publishing.

. The CAMELS-CH dataset is freely available at https://doi.org/10.5281/zenodo.7784632 (Hoge et al., 2023)
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Appendix A: Deseription-of Inputs-and-Hyperparameter-Seareh

925
930
935
940
Appendix A: Hyperparameter Search
In the following, we explain the basis for the hyperparameters (see Table 2) ef-the-medels—from-used for the models in this
945  study. We-di No hyperparameter
search was conducted for LSTMg.; its hyperparameters were adopted directly from Baste et al. (2025). Similarly, the CMAL
hyperparameters were adopted from Klotz et al. (2022), including the dropout rate of 0.5.
For-the-EMAL-For the DRN, we explored a limited set of hyperparameters, testing two hidden sizes (64, in-the-absence-of-a
ple eproducible-codefromKlotzeta 022)-wefi ecreated-a-pipeline-based-onKlotzeta 0 and-the-en
950

e-256) and two learning rates
0.00005, 0.0001). Based on validation-period CRPS and calibration (assessed via PIT histograms) after 10 epochs, we selected
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first-evahuated four-degrees-of-the Bernstein-polynomial(Bernstein polynomial is a critical hyperparameter: higher-degree
polynomials offer greater flexibility but also increase predictive variance. Given the computational cost of a full grid search,
we fixed the hidden size at 256 and tuned the remaining hyperparameters sequentially. We first tested four polynomial degrees
(8, 1210 and 20 and found that the 12 i idati i i
Next-we-tested-learning rates-of-0:01-0:005-0:0001-, 16, and 20) and %%%mm&m%mg@mww
performed best based on validation-period NLL and PIT histograms. We then tested learning rates of 0.01, 0.005, 0.0001,
and 0.00005¢ i idat] i ' 15, and selected 0.00005 using the same criteria.
Initially, we fixed the dropout rate at 0.5, as with the CMAL and DRN; however, we found that the BOQN's learned behaviour
was more sensitive to network capacity and dropout than the other models. We therefore tested three dropout rates (0.3, 0.4,
0.5) with the previously selected hyperparameters held fixed, and found 0.3 to perform best.

As the primary objective of this study is not to identify the optimal probabilistic LSTM configuration for CAMELS-CH,
our hyperparameter tuning efforts were intentionally limited. We leave a more exhaustive search across the three model

architectures to future work.

Appendix B: The effect of CMAL parameterization

We initially implemented the CMAL with the component asymmetric Laplace distributions parameterized by 7, following
Klotz et al. (2022) and NeuralHydrology (Kratzert et al., 2022); we refer (o this variant as CMAL throughout this appendix.
Here, 7 is the asymmetry parameter, taking values in (0.1) and modelled via a sigmoid activation function. For extreme
events, where the conditional discharge distribution is right-skewed, tau is expected to be greater than 0.5, and closer to 1,
depending on the skewness. However, we found that, for the most extreme events, the learned 7 values across all components
remained below or very close to 0.5. As a result CMAL distributions struggled considerably to capture the events shown in
Fig. 3 within their 99" percentile; in fact, the 99" percentile of these distributions was consistently smaller than the observed
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specific discharge. Correspondingly, the mixture weights remained near-uniform across components, and the location and scale
parameters were insufficiently large to capture the most extreme observations.

In contrast, the current implementation which is a r:-parameterized CMAL (CMAL) uses the skewness parameter £ € (0,00)..
modelled via a softplus activation, While the two parameterizations are mathematically equivalent for a single component and
related by 7 = /(1 + 12). we found that the choice of activation function led to substantially different learned behaviour,
particularly for the most extreme (and partly out-of-sample) events. CMAL; consistently learned > 1 (equivalently, 7 > 0.9),
correctly indicating right-skew. This model also exhibited a clearly dominant mixture component, with location and scale
parameters large enough to capture extreme events well within the 99" percentile, resulting in an overall over-dispersed
predictive distribution.

We attribute this difference to the shape of the two activation functions rather than to any difference in the representational
capacity of the two parameterizations. The sigmoid function saturates symmetrically at both extremes, meaning that pushing
7 toward 1 (to better represent right-skew) is exactly as gradient-starved as pushing it toward 0. Since extreme events are rare
relative to the bulk of the training data, the aggregate gradient during training is dominated by the more numerous ordinary-flow.
observations, and 7 settles toward the bulk of the distribution rather than being pulled toward the rare, high-loss extreme events.
As no single component finds an easier path toward specializing in the tail, all components continue to serve a similar role, and
the mixture weights remain balanced.

The softplus function, by contrast, saturates on only one side: as its input grows very negative, softplus approaches zero with
a vanishing gradient, but for large positive inputs its gradient does not vanish. Once any one component begins drifting toward
larger #, its fit to the extreme-event tail improves without the resistance encountered under the sigmoid. This improvement is
reinforced by the softmax mixture weighting, which assigns increasing weight to the component that best explains the high-loss
extreme observations, further amplifying the gradient signal driving  upward. This produces a self-reinforcing dynamic in
which one component becomes dominant and increasingly skewed, with its location and scale parameters correspondingly free
to grow large enough to meaningfully cover the observed extremes.

This difference in learned behaviour illustrates that the choice of activation function for shape parameters is not a purely
technical detail, but can materially influence which regions of an otherwise equally expressive parameter space are practically
reachable during training. In our case, the softplus-based CMAL, was better able to produce the over-dispersed, right-skewed

redictive distributions that we found favourable for our flood-warning a

CMAL . remained comparatively constrained around the bulk of the marginal distribution.

lication (Section 3), whereas the siemoid-based

Appendix C: Mathematical Basis for the CMAL and the DRN

In this section, we give the mathematical basis for the CMAL and the DRN. We begin with the probability density function for
a countable mixture of asymmetric Laplace distributions and the NLL. We then give the closed-form expression for the CRPS
for a single logistic distribution. The scoringrules library (Zanetta and Allen, 2024) provides an implementation of the CRPS
that is compatible with PyTorch.
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The probability density function for a single asymmetric Laplace distributionis-, parameterized by location i, scale b, and

skewness parameter x € (0,00), is given b

y— "
(1) K exXp |:bf€:|’ iy <p,
ALp(y|p,sb,7r) =T et I (CDH

where x < 1 corresponds to left-skewed distributions, x > 1 corresponds to right-skewed distributions, and x = 1 recovers the
symmetric Laplace distribution.
For the CMAL, the weighted sum of three such distributions is given by

3

Pl = Ym0 Aduot (yﬂuk( ), sby <x>,mk<x»), ©

where ;-the mixture weights (az);mixture-my), location parameters (pt7);mixture-f1y,), scale parameters (siby), and mixture
asymmetry-parameters{rskewness parameters () are outputs from the LSTM, and are thus a function of the inputs x ;-at

every time step.

The CMAL is trained by maximizing the negative-log-likelihood of the training data (y,.) from-an-under the estimated
mixture density conditional on the inputAr{p{x)s{z)7{zc)}; for three componentsthis-yields-, the negative log-likelihood
is given by

NLLay £ (1(0)5b(x), 74:(x), gtrue)) = —log (Zwk Adupt (yme+|uk<x>,sbk(x)m(xw)). (©3)

The DRN is trained by optimizing the CRPS of the training data (y,...) for an estimated logistic distribution £(u(x),s(x))

conditional on the input x. For a single logistic distribution, a closed-form equation for the CRPS exists:

.. — s(x Ytrue — ,LL(X) 910 Ytrue — ,U'(X) .
CRPS(Logistic(u(x),8(x)), Ytrue) = S( )<s(x) 2log F' (s(x) ) 1>, (C4)

where

() (ool )

is the CDF of the logistic distribution.
families-of-distributions-is-avatlable-inJordan-et-al-(2049—We used the library scoringrules (Zanetta and Allen, 2024) which
has a torch compatible implementation of Eq. C5.

Appendix D: €RPS-andPIT-HistogramsCombining predictive distributions
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F—aﬂd*G——Fef—a—f-}FtGﬂy—pfepﬁ"?GOFmg‘Fbtle' All results presented in section 3 and subsequent analyses are based on ensemble
averages. For the LSTMye, the equality-is-only-possible-ifand-onlyis F=6G-

Yy~ ) — Y~ )

ofaensemble average is the average of the predicted deterministic discharge of individual member models. For the probabilistic
models, we adopt the aggregation process implemented by Schulz and Lerch (2022). and since Klotz et al. (2022) use a single
member CMAL, we adopt the ensemble averaging logic from the former for the CMAL as well. For the CMAL, the NEL
{see-22)is a-convenientalternative- weights of the three component distributions as well as the location, scale, and asymmetry
parameters are averaged over the ensemble members. These are then used to calculate the resulting ensemble-averaged discharge
distributions. Similarly, for the DRN, the location and the scale parameters from the ensemble members are averaged to
produce the ensemble-averaged distribution parameters. For the BQN, the raw coefficients are first converted into Bernstein
basis coefficients (according to Eq. 3) for every ensemble member. The basis coefficients are then averaged over the ensemble
members and the quantile function is then obtained according to equation 1. For a detailed discussion on combining predictive
distributions from ensembles of neural network models. see Schulz et al. (2026).
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1080 Appendix E: FRiCA: Sensitivity to reward configuration

We adopted a distance based reward for the FRICA and tested 9 reward configurations explained in Table E1.

1085

— a| denote the ordinal distance between the issued

warning a and the true severity y. The reward is

Tcorrect * w(y) ifd=0
1090 7(a,y) = —punder - d-w(y) ifa<y (under-warning) (E1)

—Pover - d-w(y) ifa>y (over-warning)

Allowin ver lets the reward structure reflect the asymmetric real-world cost of missed versus false warnings; the
five configurations evaluated under this formula are given in Table E1 in the ebserved-data-probabilities-eloserto-50%—Froma

1095

observed-data-—main text.
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Table EL1. Interpreting probability-integrat-transform Reward configurations and resulting Hit (P¥EH)histograms—A-, Miss (aM)-shaped
PH-histogram-is-indicative-of-an-overconfident-forecast, whereas-a-and False Alarm (bFA) bel-shaped-histogram-indicates-an-overdefensive
MMWWW%M &Hmmm foreeast
best-performing seed under entropy coefficient 0.10 is ind rreported. The asterisked
m;wmmmthe M%RWQ@&M WIWW

Reward Configuration Floods (HQ2-HQ10) Extreme Floods (>HQ10)

Method Teowe. Dwgr Pye.  H M FA TN H M FA
Baselines

0th Percentile - = = 180 46l 71 86 3 123 0
LSTMer. = = = 300 332 111 64 18 102 8
5th Percentile - ~ = 4AlLo4 117 0 40 44 4.
Nth Percentile - = o 4 - 144 0 28 10 2,
Reward-based (FRICA)

Re 100 0 0 446 197 255 610 O 128 0
Rs. 100 100 100 408 226 300 634 7 121 0
Ron 100 50 200 371 272 162 763 O 128 0
Run 100 200 30 45 153 412 480 7 121 0
RuUH,ON 100 200 O 453 158 419 538 10 118 0
Rumioo. 100 1000 50 489 132 580 367 9 119 Q
Rumiooon 100 1000 O 439 14 303 42 7 120 L
Runzoo. 100 2000 50 489 129 634 316 12 116 0
Runzo0.0n 1002000 O 517 67 62 332 11 115 2
Rumoox’ 100 2000 0 414 123 616 415 21 91 10
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Appendix F: CDF for CRPS and PIT histograms with probability plots
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Figure F1. Cumulative density function (CDF) of Continuous ranked probability score (CRPS) for CMAL, DRN and BQN predictions. The
CRPS is calculated for every catchment and averaged over the test period. The median CRPS from the three models is 9-380.39, 0.41 and
0:44-0.43 respectively.
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Figure F2. PIT histograms for the (a)CMAL, the (b)DRN and the (c)BQN. The x-axes indicate the PIT values from the entire testing data
(a total of 1340737 values) binned into 20 equal-sized bins. The y-axes give the density of these bins. The red dashed line indicates the ideal
uniform distribution. Bins with density less than 1 imply that the model predicts a lesser number of these probability values than actually
observed. Similarly, bins with density more than 1 indicate that the model assigns these probability values more frequently than actually

observed.
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