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Abstract

Effective flood risk management relies on accurate
forecasting, yet the ”black box” nature of state-
of-the-art Deep Learning models creates a barrier
to trust and accountability in high-stakes public
safety decisions. While existing Explainable AI
(XAI) methods offer local attributions, they fail
to provide the verifiable, operationally meaning-
ful causal narratives required by disaster response
authorities. To address this societal challenge,
we propose Context-Aware Concept Distillation
(CACD), a framework developed in collaboration
with domain experts to distill opaque LSTMs into
interpretable, hydrology-aware surrogate models.
We introduce an unsupervised pipeline to discover
a ”Hydrological Language” and a Residual Hy-
pernetwork that dynamically modulates these con-
cepts based on static basin characteristics. Evalu-
ated on 5,203 basins globally, our model achieves
high fidelity (Median NSE 0.70), significantly out-
performing black-box baselines (e.g., Multi Layer
Perceptrons) on unseen future data. By demonstrat-
ing that human-interpretable concepts are sufficient
to reconstruct flood dynamics, this work balances
AI accuracy with the transparency required for re-
sponsible environmental decision-making.

1 Introduction
AI systems for flood forecasting have reached unprecedented
scale and accuracy, exemplified by recent global initiatives
for ungauged watersheds [Nearing et al., 2024]. Such sys-
tems are outstanding in making remote data accessible and fa-
cilitating early warnings, effectively democratizing access to
predictive information. However, authorities and emergency
responders managing flooded areas need to trust these predic-
tions and understand the outputs beyond a raw number. Sys-
tems that lack transparency face significant hurdles in adop-
tion for decision support and public communication [Dikshit
et al., 2024]. Therefore, explainable AI (XAI) capabilities
are essential to transform these powerful computational sys-
tems into trustworthy and interpretable tools [Visave, 2025;
Vu et al., 2025].

Currently, public authorities routinely accompany flood
forecasts with causal narratives, such as ”intense short-
duration rainfall” or ”prolonged precipitation over saturated
soils”, to enhance credibility. While recent studies have em-
ployed interpretable machine-learning approaches to identify
flood-generating mechanisms [Jiang et al., 2022], such ef-
forts often remain qualitative and do not demonstrate whether
the extracted explanations are operationally meaningful. This
limits their utility for accountability. To bridge this gap,
we introduce Context-Aware Concept Distillation (CACD),
a framework that represents flood dynamics through inter-
pretable concepts derived from SHAP-based clustering. Un-
like traditional methods, we explicitly validate usability by
reconstructing flood magnitude using an encoder–decoder ar-
chitecture. By demonstrating that these concepts are not only
interpretable but also sufficient to re-simulate flood behavior,
we move beyond descriptive explainability toward verifiable,
decision-relevant understanding.

Our framework relies on a fundamental insight: hydrolog-
ical reasoning is intrinsically low-dimensional but context-
dependent. A complex flood event can be described by a
small vocabulary of dynamic drivers (e.g., precipitation), but
the impact of these drivers on streamflow is strictly modu-
lated by the static physical attributes of the basin (e.g., slope,
soil permeability). We thus train a surrogate model governed
by a Residual Hypernetwork, decoupling the prediction into
global hydrological laws and local physiographic adaptations.

Societal Problem: We address the ”Black Box Trust Gap”
in flood risk management (UN SDG 13). Decision-makers
cannot rely on opaque AI predictions for life-critical early
warnings without verifiable justification. Stakeholder Roles:
The hydrological domain expert co-authoring this paper pro-
vided the data and the original model for streamflow predic-
tion. She was actively involved in the XAI development, con-
tributing domain expertise to assess the explanations accord-
ing to their use in real-world hydrological practice. The work
is further informed by her sustained, close collaboration with
national-level water management and watershed authorities
involved in flood prediction and risk mitigation, ensuring that
the proposed methods address operational needs and support
trustworthy deployment in public safety contexts. Impact
Path: The proposed methodology bridges machine learn-
ing forecasting systems and trustworthy decision-making, en-
abling authorities to audit AI predictions against established
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hydrological knowledge before issuing public alerts. The
main impact lies in transforming powerful predictive models
into reliable AI decision-support tools.
Our Contributions: (1) Unsupervised Concept Language:
We propose a high-fidelity feature engineering pipeline us-
ing log-temporal windowing to extract semantic concepts
from raw attribution scores, eliminating the need for man-
ual concept labeling. (2) Hydrology-Aware Architecture:
We introduce a Context-Aware Decoder based on a Resid-
ual Hypernetwork. This design imposes a structural induc-
tive bias that models streamflow as the product of tempo-
ral forcing and spatial sensitivity. (3) Superior General-
ization via Structural Bias: We demonstrate that our inter-
pretable surrogate significantly outperforms a standard black-
box decoder (Deep MLP) on unseen future data (Median Fi-
delity NSE 0.70 vs. 0.60). This suggests that the struc-
tural constraints imposed by our architecture act as a pow-
erful regularizer, capturing the teacher’s reasoning rules bet-
ter than a generic non-linear model. Code & Reproducibil-
ity: The complete codebase, pre-trained surrogate models,
and the extracted concept dataset are open-sourced at https:
//github.com/eli-levinkopf/cacd-flood.

2 Related Work
2.1 Deep Learning in Hydrology
The hydrological modeling community has seen a paradigm
shift toward Deep Learning, driven by the availability of
large-scale datasets such as CAMELS and Caravan [Kratzert
et al., 2023]. In particular, Long Short-Term Mem-
ory (LSTM) networks have emerged as the state-of-the-
art for rainfall-runoff modeling, consistently outperform-
ing traditional process-based models in regional benchmarks
[Kratzert et al., 2019] and operational forecasting frame-
works [Nevo et al., 2022]. While our distillation frame-
work is architecture-agnostic, we employ an LSTM teacher
because recent literature demonstrates they still outperform
Transformers in hydrological simulations [Frame et al., 2022;
Liu et al., 2024].

Kratzert et al. [2019] integrated static basin attributes to
modulate LSTM processing. While our decoder also uses
static features for conditioning, our goals differ fundamen-
tally: their approach learns an opaque, high-dimensional em-
bedding (R256) optimized solely for performance. In con-
trast, we enforce a low-dimensional semantic bottleneck (R6)
designed explicitly for interpretability.

2.2 Explainability in Earth Systems
The deployment of AI for high-stakes climate and weather
challenges requires more than just accuracy; it demands in-
terpretability to calibrate user trust and facilitate scientific
discovery [Mamalakis et al., 2022]. This is particularly
critical for modeling extreme events such as flash floods,
where understanding the physical controls—such as runoff-
contributing areas [Rinat et al., 2018] and radar rainfall pat-
terns [Morin et al., 2009]—is essential for risk assessment.

However, reviews of XAI applications in hydrology
[Bramm et al., 2025] indicate that the field relies predomi-
nantly on post-hoc feature attribution. As surveyed by Ro-

jat et al. [2021], these methods fall into two main categories.
First, Backpropagation-based methods (e.g., Saliency Maps
[Simonyan et al., 2014], Grad-CAM [Selvaraju et al., 2017])
compute gradients of the output with respect to input time
steps. Second, Perturbation-based methods measure predic-
tion changes when inputs are masked (e.g., SHAP [Lundberg
and Lee, 2017], LIME [Ribeiro et al., 2016]). These methods
suffer from a lack of semantic interpretability and global con-
sistency. A key limitation of LIME is that it implicitly trains
thousands of disjoint local linear models, offering no coher-
ent global logic. Similarly, raw SHAP values provide local
attribution but fail to distinguish between different hydrolog-
ical mechanisms (e.g., ”Snowmelt” vs. ”Flash Flood”) across
the entire dataset. Our work bridges this gap by aggregating
atomic SHAP values into higher-level semantic concepts.

2.3 Concept-Based Interpretability
To move beyond low-level features (pixels or time steps), re-
cent work has proposed analyzing models in terms of human-
understandable concepts. Kim et al. [2018] introduced Test-
ing with Concept Activation Vectors (TCAV), demonstrating
that high-dimensional internal states of neural networks can
be mapped to linear concept vectors.

This line of reasoning led to Concept Bottleneck Models
(CBMs) [Koh et al., 2020], which enforce a strict separation
where the model first predicts concepts (e.g., “Wing Color”)
and then predicts the target via a linear function. However,
standard CBMs suffer from two limitations in the hydrolog-
ical context: Supervision Bottleneck: They require dense
concept labels (e.g., expert annotation for every time step),
which do not exist at the scale of the Caravan dataset (span-
ning millions of daily time steps across thousands of basins).
Beyond this vast scale, it is cognitively infeasible for a hu-
man expert to manually process 65 interacting sequential pa-
rameters to label even a single event. Lacking pre-existing
labels, unsupervised clustering combined with post-hoc ex-
pert validation is the only practical approach. Static Map-
pings: They typically assume a fixed relationship between
concepts and targets. However, in hydrology, the relation-
ship is context-dependent: the concept “Heavy Rain” leads to
different prediction outcomes when referring to data in arid
bare-soil versus humid forested basins.

Our Context-Aware Concept Distillation framework over-
comes these limitations by discovering concepts in an un-
supervised manner (via SHAP clustering) and utilizing a
Residual Hypernetwork to dynamically adapt the concept-to-
prediction mapping based on static basin attributes.

3 Methodology
We propose the Context-Aware Concept Distillation (CACD)
framework, designed to interpret the reasoning of black-
box sequence-based models in the physical sciences (demon-
strated here on hydrological LSTMs).

Our approach is built on the hypothesis that the reasoning
process of complex models is intrinsically low-dimensional
but context-dependent. That is, we assume that the high-
dimensional internal representations of a trained LSTM can
be compressed into a small vocabulary of dynamic concepts
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(e.g., ”Snowmelt”, ”Flash Flood”), provided that the mapping
from these concepts to streamflow predictions is modulated
by the static physical attributes of the specific basin.

The framework operates in three stages (Figure 1): (1) Un-
supervised discovery of a “Hydrological Language” via high-
fidelity feature engineering and hierarchical clustering; (2)
Distilling the LSTM’s internal representations into these con-
cepts via a Concept Encoder; and (3) Reconstructing stream-
flow predictions via a Context-Aware Decoder that utilizes a
residual hypernetwork to enforce physical consistency.

3.1 Unsupervised Concept Discovery
To characterize the model’s behavior, we utilize SHAP
[Lundberg and Lee, 2017], which decomposes a prediction
into additive contributions from each input. For each sam-
ple, this generates an attribution matrix Φ ∈ RT×F , where
T = 365 days and F represents the set of dynamic and static
input features.

We elect to perform clustering in this explanation space
rather than in the raw input space. This distinction is fun-
damental: two basins may experience identical heavy rain-
fall (similar inputs), yet the LSTM may predict a flood for
one (impermeable urban soil) and a negligible flow response
for another (permeable sandy soil). By clustering SHAP val-
ues, we group events based on the model’s internal reasoning
mechanism, the specific triggers it utilized to reach a decision,
rather than merely correlating weather patterns. However, the
raw attribution matrix Φ is high-dimensional and sparse. To
extract meaningful semantic patterns from this dense signal,
we apply a specialized temporal abstraction.

Log-Temporal Windowing
The raw attribution matrix Φ is extremely high-dimensional;
specifically, the dynamic subset alone contains over 5,000
values per sample (365 days × 14 dynamic features). Di-
rectly clustering this sparse time series is computationally in-
tractable. To distill the relevant signals, we must aggregate
the temporal dimension for the dynamic features.

Hydrological systems exhibit a fading memory: model
sensitivity is acute for recent events but diffuse for distant
ones. We replace uniform aggregation with a log-temporal
windowing scheme W = {W0, . . . ,W6}. The windows
cover days [0-2], [3-7], [8-14], [15-30], [31-60], [61-180], and
[181-364]. These bins approximate logarithmic spacing to
capture hydrologic memory decay: narrow early bins isolate
acute responses (e.g., 0–2 days for surface runoff, 3–7 days
for interflow), while wider bins track slow long-term dynam-
ics (e.g., 15–30 days for soil moisture, 181–364 days for deep
groundwater). For the 51 static basin attributes, temporal
windowing is unnecessary; their SHAP values are appended
directly to the feature vector.

Robust Statistical Features
Naı̈ve aggregation strategies reduce a temporal window to a
single sum, discarding the internal structure of the model’s
reasoning. To preserve the signal’s morphology, we instead
extract four robust statistics for each feature f and window
W (where ϕf,t denotes the SHAP attribution of feature f at
time step t): Net Influence (I): The signed sum of SHAP

values
∑

t∈W ϕf,t, capturing the net directional push (pos-
itive or negative) on the prediction. Magnitude (M ): The
sum of absolute SHAP values

∑
t∈W |ϕf,t|, measuring the

total attention paid to the feature regardless of direction. Soft
Peak Lag (t̃): A differentiable temporal center-of-mass indi-
cating effectively the weighted timing of the signal within the
window, making this statistic stable against noise.

t̃f,W =

∑
t∈W t · |ϕf,t|2∑
t∈W |ϕf,t|2

(1)

Concentration (C∗): To distinguish between sustained pres-
sures (e.g., Snowmelt) and acute shocks (e.g., Flash Floods),
we compute a rescaled Herfindahl-Hirschman Index (HHI).
Let pf,t,W = |ϕf,t|/Mf,W be the proportional importance of
time step t.

C∗
f,W =

∑
t∈W p2f,t,W − 1/|W |

1− 1/|W |
(2)

C∗ ranges from 0 (uniform influence) to 1 (single-day spike),
providing a scale-invariant measure of temporal sparsity.

These statistics are concatenated to form the final feature
vector v ∈ RD used for clustering.

Hierarchical Concept Clustering
We define the concept vocabulary C via unsupervised clus-
tering of the feature vectors v (which comprise the concate-
nated statistics from all windows). To determine the optimal
number of concepts, we analyzed the manifold structure using
Principal Component Analysis (PCA). The analysis revealed
that the first principal component captures a disproportion-
ately large share of the variance, creating a strict bipartite sep-
aration between memory-driven (baseflow) and event-driven
(flash flood) dynamics. A flat clustering approach fails to cap-
ture subtler variations within these regimes. Therefore, we
employ a hierarchical K-Means strategy: we first partition
the space into Ksuper = 2 global regimes, and subsequently
cluster each regime into Ksub = 3 sub-patterns based on Sil-
houette optimization. This yields a total of K = 6 distinct
semantic concepts (e.g., “Delayed Snowmelt,” “Convective
Flash Flood”) that serve as the ground truth labels for our
distillation process (see Figure 3).

3.2 Context-Aware Concept Distillation
Problem Setting: Let fθ be a pre-trained hydrological model
(specifically an LSTM) that maps dynamic forcings xd and
static basin attributes xs to streamflow predictions yLSTM .
We consider this model as a fixed “Teacher” and aim to train
an interpretable “Student” surrogate.

We construct a distillation dataset of extreme events D =
{(hi, yLSTM,i, xs,i)}Ni=1, where each sample i represents a
specific target date for a specific basin. We focus exclusively
on high-flow events (highest 10% streamflow) because they
are the most societally impactful events, ensuring the inter-
pretation targets critical hydrological hazards. Here, hi is the
LSTM’s final hidden state, xs,i denotes the static basin at-
tributes, and yLSTM,i is the teacher’s prediction.
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Student Surrogate

LSTM
(Frozen Teacher)

yLSTM

Teacher Prediction
Xd

Xs

Concept
Encoder (Eϕ)

p

Concept Probabilities

Context-Aware
Decoder (Dψ) ŷ

Surrogate Prediction

xd,1:T

h (Hidden State)

Context Attributes

Figure 1: Context-Aware Concept Distillation Architecture. The inputs are split into dynamic forcings (Xd) and static attributes (Xs).
The Stage 1 Encoder distills the LSTM hidden state (h) into interpretable concept probabilities (p). The Stage 2 Context-Aware Decoder
(Dψ) uses the static context (Xs) to modulate the mapping from concepts (p) to streamflow (ŷ), allowing for basin-specific adaptations.

Stage 1: Distillation via Concept Encoder
The Concept Encoder Eϕ acts as a translator, mapping the
high-dimensional LSTM’s hidden state hi to the probability
distribution over the K = 6 concepts (see Figure 3). We
parameterize Eϕ as an MLP with two hidden layers (256 →
64 → 32 → K) using ReLU activations and dropout (p =
0.2), trained to minimize Cross-Entropy loss against SHAP
cluster labels.

pi = Softmax(MLPenc(hi)) ∈ RK (3)

Here, pi,k represents the probability that extreme event i is
driven by hydrological concept k. By freezing this encoder
after Stage 1, we ensure that the intermediate representation
remains grounded in the discovered SHAP semantics.

Stage 2: Reconstruction via Context-Aware Decoder
In Stage 2, we map the concept probabilities pi to streamflow
ŷi. To ensure interpretability, this mapping must remain
linear (y = W · p + b). However, a standard linear decoder
is insufficient because the hydrological impact of a concept
varies by geography (e.g., a ”Snowmelt” concept may yield
massive flow in steep rocky basins but low flow in flat
permeable ones). A single global weight vector fails to
capture these spatially dependent variations. We introduce a
Context-Aware Decoder governed by a Residual Hypernet-
work (Figure 2), which dynamically generates basin-specific
weights W (xs). This preserves linear interpretability for
dynamic concepts while enabling non-linear spatial mod-
ulation. This design imposes a structural inductive bias
mirroring the physical principle:

Streamflow ∝ Basin Sensitivity (W )︸ ︷︷ ︸
Spatial (xs)

×Dynamic Forcing (pi)︸ ︷︷ ︸
Temporal (pi)

First, a Static Processor compresses the high-dimensional
basin attributes xs,i into a compact latent context embedding

Context-Aware Decoder

Residual Hypernetwork

p

Concept
Probabilities

× + ŷ

Prediction

Xs

Static Processor
(MLP)

z

+
Wbase

(Global)

Linear
Head

+ bbase
(Global)

Linear
Head

×β
∆W

×α
∆b

W (xs) b(xs)

Figure 2: Zoom-in of the Stage 2 Context-Aware Decoder. The
Residual Hypernetwork processes static attributes (Xs) to generate
a compact latent context embedding (z). This embedding drives two
linear heads to produce residual corrections (∆W,∆b), which shift
the global hydrological laws (Wbase, bbase) to create basin-specific
weights (W (xs), b(xs)).

zi. We parameterize this as a 2-layer MLP (51 → 64 → 64)
with ReLU activations and Dropout (p = 0.1):

zi = MLPstat(xs,i) ∈ R64 (4)

This embedding zi serves as a low-dimensional signature of
the basin’s physical identity (e.g., ”Steep & Impermeable”).
Next, the hypernetwork generates basin-specific parameters
via two parallel linear heads. We define the effective Bias
b(xs,i) and Weight Matrix W (xs,i) as residual corrections to
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the global average:

b(xs,i) = bbase + α · Linearbias(zi) (5)
W (xs,i) = Wbase︸ ︷︷ ︸

Global Law

+β · Linearweight(zi)︸ ︷︷ ︸
Local Adjustment

(6)

Here, Wbase represents the mean hydrological response
across all basins (e.g., precipitation generally increases flow),
while the second term captures local deviations driven by spe-
cific traits zi (e.g., steep slopes amplify the response). α and
β are learnable scalars that scale these context-aware adjust-
ments. The final prediction for event i is the dot product of
the dynamic concepts and the context-aware weights:

ŷi = W (xs,i) · pi + b(xs,i) (7)

Training Objective: The decoder minimizes the MSE be-
tween the surrogate prediction ŷi and the teacher LSTM’s
prediction yLSTM,i, rather than ground truth observations.
This ensures strict fidelity to the LSTM’s internal reasoning.

Crucially, while the hypernetwork is non-linear in xs, the
final prediction remains linear in concepts pi. This enables
direct interpretation of concept importance via the effective
weights W (xs,i), enforcing a strict separation of concerns be-
tween temporal dynamics and spatial heterogeneity.

4 Experimental Setup
4.1 Dataset: Caravan
We evaluate our framework on the Caravan dataset [Kratzert
et al., 2023], utilizing a curated set of 5,203 basins spanning
diverse hydro-climatic zones globally. Caravan was selected
as it is the standard state-of-the-art benchmark for global
hydrological machine learning, providing the only multi-
continental dataset in a uniform format. To ensure robust
generalization to unseen future climates, we employ a tem-
poral split: Training (2001–2014), Validation (2015–2017),
and Testing (2018–2020).
Input Features: The model utilizes two types of inputs from
the Caravan dataset. (1) Dynamic Forcings (xd): 14 time-
varying meteorological and state variables, including precipi-
tation, temperature (mean/min/max), shortwave/longwave ra-
diation, dewpoint, soil moisture (4 layers), snow water equiv-
alent, surface pressure, wind components (u/v), and potential
evaporation. (2) Static Attributes (xs): 51 time-invariant
basin properties describing topography (e.g., area, elevation,
slope), climate indices (e.g., aridity, seasonality, precipita-
tion frequency/duration), and soil/land characteristics (e.g.,
groundwater depth, 15 vegetation classes, and 21 land cover
classes).

4.2 The Teacher Model (LSTM)
Our ”Teacher” model is a standard Long Short-Term Memory
(LSTM) network. It processes the sequence of dynamic in-
puts xd,1:T (T = 365) to update a hidden state ht ∈ R256. To
incorporate spatial context, the static attributes xs are passed
through a fully-connected embedding network (two layers:
64 → 32 neurons, Tanh activation) and concatenated with the
dynamic inputs at each time step.

Training Objective: The LSTM is trained to minimize the
Basin-Averaged Nash-Sutcliffe Efficiency (NSE∗) [Kratzert
et al., 2019]. Unlike standard MSE, NSE∗ normalizes er-
rors by the specific basin’s variance (σ2

b ), preventing high-
discharge basins from dominating the gradient:

LNSE∗ =
1

B

B∑
b=1

N∑
t=1

(yLSTM,b,t − yobs,b,t)
2

(σb + ϵ)2
(8)

where yLSTM is the model prediction, yobs is the observed
streamflow, and ϵ is a smoothing term. The model achieves
robust accuracy against ground truth observations (Median
NSE ≈ 0.60), providing a high-quality distillation target.

4.3 Defining Extreme Events
Since our goal is to interpret critical hydrological hazards,
we focus on extreme events. We construct the distillation
dataset D by selecting the top 10% of days by streamflow
volume for each basin from the training period. This yields
a large-scale dataset of high-impact events, ensuring the con-
cepts discovered (e.g., Flash Flood) represent significant hy-
drological mechanisms rather than background noise.

4.4 Evaluation Metrics
We evaluate the fidelity of the surrogate model using three
complementary metrics, each targeting a specific dimension
of model quality: (1) Global NSE measures the ability to
capture large-scale event magnitudes (volume-weighted); (2)
Median Local NSE measures the spatial consistency and
reliability across diverse geographies (unweighted); and (3)
Success Rate (percentage of basins with NSE > 0.7) quanti-
fies utility, corresponding to ”Good” to ”Very Good” perfor-
mance in hydrological standards [Moriasi et al., 2007].

Target Definition: To measure distillation fidelity, all met-
rics use the LSTM’s predictions (yLSTM ) as the target rather
than observed streamflow. Thus, a high fidelity score (e.g.,
Median NSE 0.70) demonstrates the surrogate successfully
mimics the LSTM, independent of the LSTM’s baseline ac-
curacy against Nature (0.60).

4.5 Baselines
To quantify the value of our architectural choices, we com-
pare the Context-Aware Decoder against three ablative base-
lines: Naive Linear (Global Weights): A global linear re-
gression decoder that learns a single, universal weight vector
W ∈ RK and bias b for all basins (ŷ = W · p + b). This
tests whether basin-specific modulation is actually required
or if a global ”average” law suffices. Deep MLP (Black
Box): A non-linear decoder that concatenates concept proba-
bilities and static features into a standard multi-layer percep-
tron (ŷ = MLP(p, xs)). This tests whether our interpretabil-
ity constraint (enforcing linearity in concepts) comes at the
cost of performance. Simple Summation (Feature Abla-
tion): To validate the necessity of our high-fidelity feature
engineering, we generate alternative concepts using a stan-
dard coarse-grained approach: simple summation of SHAP
values over three broad windows (Recent, Short-term, Long-
term). We then retrain the full surrogate model (Encoder and
Decoder) using these coarse concept labels. This isolates the
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Model Architecture Global NSE Median NSE Success Rate
(Volume) (Spatial) (> 0.7)

Naive Linear (Global) 0.67 0.25 18.8%
Deep MLP (Black Box) 0.83 0.60 39.9%
Context-Aware (Ours) 0.88 0.70 50.3%

Table 1: Fidelity comparison on the full global dataset. The Context-
Aware model significantly outperforms the Deep MLP in spatial
generalization (Median NSE 0.70 vs 0.60). Success Rate denotes
the percentage of basins achieving high fidelity (NSE > 0.7), corre-
sponding to the ”Good” to ”Very Good” range in hydrological stan-
dards [Moriasi et al., 2007].

contribution of the log-temporal statistics (e.g., Peak Lag) to
the model’s success.

5 Results and Analysis
We evaluate the framework along three dimensions: (1) Fi-
delity, ensuring the surrogate model accurately mimics the
teacher; (2) Necessity, justifying the advanced feature engi-
neering; and (3) Interpretability, confirming that the discov-
ered concepts represent distinct hydrological processes.

5.1 Fidelity Analysis
We compare the Context-Aware Decoder against the Naive
Linear and Deep MLP baselines on the full global dataset
(5,203 basins). Table 1 summarizes the results.

Generalization beyond the Black Box: Remarkably,
our interpretable surrogate model outperforms the black-box
Deep MLP (Median NSE 0.70 vs 0.60). As shown in Fig-
ure 4, the Context-Aware model exhibits stochastic domi-
nance over the baselines, maintaining superior performance
across the basin population. This suggests that the Resid-
ual Hypernetwork design acts as a regularizer. While the
Deep MLP overfits to training correlations, our architecture
enforces a physical separation between global laws (Wbase)
and local adaptations (∆W ), enabling superior generalization
to the unseen test period (2018–2020).

Error Analysis (The Variance Paradox): We investi-
gated the tail of basins with low fidelity scores (NSE < 0) and
found they are heavily concentrated in low-variance catch-
ments (log10(σ

2) < −1). Paradoxically, these ”failed” basins
exhibit significantly lower absolute errors (Median RMSE =
0.14) compared to the high-fidelity basins (Median RMSE =
0.51). This empirical evidence confirms that the low NSE
scores are not due to predictive model failure, but rather due
to the inherent sensitivity of the NSE metric to vanishing de-
nominators in low-flow regimes.

5.2 Ablation Study: Feature Engineering
To validate the necessity of our upstream feature engineering
(log-temporal windows, soft peak lag), we compare it against
the ”Simple Summation” baseline (Table 2).

The results are stark: the Success Rate (NSE > 0.7) drops
from 50.3% to 10.9% when using simple summation. As vi-
sualized in Figure 4, the Legacy model (Orange) degrades
significantly across the entire distribution compared to the
Advanced model (Blue). While simple sums capture the total

Feature Engineering Median NSE Success Rate

Legacy (Simple Sum) 0.24 10.9%
Advanced (Log-Window) 0.70 50.3%

Table 2: Ablation of the Feature Engineering module. Using simple
window sums causes a collapse in spatial generalization.

ID Interpretative Label Dominant Drivers (Evidence)

C1 Subsurface Flow Negative Precip Impact, Slope, Shallow Groundwater
C2 Delayed Snowmelt Snow Water Equivalent, Temperature
C3 Steep Saturated Runoff Steep Slope, Lagged Precip (2–4 wks)
C4 Rainfall-Runoff Precip (0–7 days), Slope
C5 Wet-Soil Storms Precip + Soil Moisture (Layers 1–3)
C6 Convective Flash Flood Immediate Precip (< 2d), Steep Slope

Table 3: The Hydrological Language. Cluster IDs are mapped to
candidate labels based on their dominant feature drivers (visualized
in Figure 3). Future work will refine these semantics with our do-
main expert.

moisture volume (preserving decent Global NSE), they de-
stroy the temporal morphology of the signal. Including Soft
Peak Lag and Concentration enables the clustering algorithm
to distinguish between short, intense flash floods and pro-
longed saturation events, a structural distinction necessary for
the model to generalize spatially across diverse basins.

5.3 Qualitative Analysis: The Hydrological
Language

Figure 3 visualizes the K = 6 concepts discovered via clus-
tering. Each plot aggregates SHAP attribution patterns for
that cluster. Crucially, these are not just post-hoc visualiza-
tions; they define the semantic vocabulary the Concept En-
coder learns in Stage 1. The hierarchical clustering reveals
two distinct reasoning regimes:
Memory-Driven Concepts (C1–C3): These regimes are
dominated by state variables. For example, C2 (labeled as
Delayed Snowmelt) is driven by temperature and snow depth
with long temporal lags. Notably, C1 (Subsurface Flow) ex-
hibits a pattern where recent precipitation is negatively corre-
lated with the concept’s activation. This reflects a dry regime
where flow is sustained by slow release rather than immediate
runoff. Event-Driven Concepts (C4–C6): These regimes are
dominated by meteorological forcing. C6 (Convective Flash
Flood) is the purest example, driven almost entirely by imme-
diate precipitation (0–2 days) with high concentration.

It is important to emphasize that while these concepts align
with hydrological intuition, they are fundamentally data-
driven abstractions. As shown in Table 3, we assign candi-
date semantic labels to facilitate communication, but these
definitions serve as a starting point for domain investigation
rather than final physical ground truths. Crucially, the domain
expert verified these candidate labels based on samples of the
actual data points within each cluster, rather than solely rely-
ing on the SHAP plots. The primary validity of this language
is functional: the high fidelity achieved by the surrogate (Me-
dian NSE 0.70) confirms that this compact vocabulary is suf-
ficient to reconstruct the teacher’s reasoning, validating the
concepts’ utility for flood prediction.
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Figure 3: The Discovered Hydrological Language. SHAP summary plots for the K = 6 concept clusters. These distinct patterns serve as
the ground-truth targets for the Concept Encoder. The model successfully disentangles distinct physical mechanisms. Top Row (Memory-
Driven): Concepts like C2 (Delayed Snowmelt) are driven by temperature and snow depth with long temporal lags. Bottom Row (Event-
Driven): Concepts like C6 (Convective Flash Flood) are dominated by immediate precipitation (0-2 days) with high concentration. Blue/Red
points indicate low/high feature values.

Figure 4: Cumulative Distribution of NSE Fidelity Scores. Com-
parison of per-basin performance across 5,203 basins. The Context-
Aware model (Blue) consistently dominates the black-box MLP
(Red). Furthermore, the gap between Blue and Orange (Simple
Sum) visually demonstrates the necessity of high-fidelity feature en-
gineering; without it, the model fails to capture the temporal dynam-
ics required for generalization.

6 Conclusion
We presented Context-Aware Concept Distillation, a frame-
work that transforms opaque deep sequence models into
transparent, hydrology-aware surrogate models. By com-
bining high-fidelity unsupervised concept discovery with a
Residual Hypernetwork, we successfully disentangled the
temporal dynamics of hydrological data from the spatial het-
erogeneity of diverse basins.

Our extensive evaluation on the Caravan dataset yields a

compelling finding: the interpretable surrogate model gener-
alizes to future test data better than a standard black-box base-
line (Median NSE 0.70 vs 0.60). This suggests that the struc-
tural constraints of our architecture—forcing the model to
reason via global laws modulated by local context—prevent
the overfitting common in pure black-box approaches. Fur-
thermore, our analysis of low-fidelity basins revealed that
many apparent failures are artifacts of the NSE metric in low-
variance regimes, rather than predictive shortcomings.

Real-World Impact: CACD enables trustworthy flood
prediction models whose behavior can be expressed
through a compact set of automatically discovered, human-
interpretable concepts. Importantly, XAI should expose
model flaws, not mask them. To avoid ”interpretable misin-
formation”, where a systematic LSTM error receives a plau-
sible explanation, these narratives must be evaluated along-
side historical error bounds. By demonstrating that accurate
streamflow predictions can be reconstructed using only these
concepts, the framework provides empirical evidence that
model decisions rely on stable and inspectable abstractions
rather than opaque internal dynamics. This reduces the risk
of ”right-for-the-wrong-reasons” behavior, directly increas-
ing trust, auditability, and accountability for AI-assisted flood
forecasting in public safety contexts. This capability allows
emergency responders and authorities not just to use AI pre-
dictive outputs but to rely on them, understanding and trust-
ing the insights and reasoning behind the automated alerts.
Future work includes qualitative stakeholder evaluations to
further validate the operational utility of these concepts.
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Filliat, Javier Del Ser, Rodolphe Gelin, and Na-
talia Dı́az-Rodrı́guez. Explainable artificial intelligence
(xai) on timeseries data: A survey. arXiv preprint
arXiv:2104.00950, 2021.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



[Selvaraju et al., 2017] Ramprasaath R. Selvaraju, Michael
Cogswell, Abhishek Das, Ramakrishna Vedantam, Devi
Parikh, and Dhruv Batra. Grad-cam: Visual explana-
tions from deep networks via gradient-based localization.
In Proceedings of the IEEE International Conference on
Computer Vision (ICCV), pages 618–626, 2017.

[Simonyan et al., 2014] Karen Simonyan, Andrea Vedaldi,
and Andrew Zisserman. Deep inside convolutional
networks: Visualising image classification models and
saliency maps. In Proceedings of the International Con-
ference on Learning Representations (ICLR) Workshop,
2014.

[Visave, 2025] Jaideep Visave. Transparency in ai for emer-
gency management: building trust and accountability. AI
and Ethics, 5:3967–3980, Mar 2025.

[Vu et al., 2025] Kiana Vu, İsmet Selçuk Özer, Phung Lai,
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