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Abstract
In safety-critical settings – such as low-voltage electrical distri-

bution networks – Deep Reinforcement Learning (DRL) policies

are hard to deploy due to limited capability to explain why a

particular sequence of actions is taken. We use Scenario-Based

eXplainability (SBX) with temporal prototypes to explain the

policy of our DRL agent. SBX clusters short time-windows of

latent trajectories and uses their medoid trajectories as human-

friendly summaries. Temporal prototypes map the embeddings

of these medoids to actions, and generate explanations of the

form “This scenario is similar to prototype𝑋 ⇒ Do action 𝑌 .” We

apply our approach to a real low-voltage distribution network

Srakovlje. Preliminary results show that our method offers practi-

cally useful human-friendly explanations for sequential decision

making.

Keywords
deep reinforcement learning, explainability, voltage control, low-

voltage distribution network, prototypes

1 Introduction
A rapid growth of renewable energy resources and a significant

increase in electricity demand due to the electrification of trans-

port and heating [8] are reshaping generation (e.g. distributed

photovoltaic systems) and consumption (e.g. heat-pumps, elec-

trical vehicles) in electrical distribution networks. Increasing

reverse power flows and voltage variability in low-voltage net-

works strongly affect voltage profiles and make the network

operation and control more challenging.

Deep reinforcement learning (DRL) has recently emerged as a

powerful paradigm for sequential decision-making in complex,

high-dimensional environments, with notable successes in games

(Chess [18], Go [19], Atari [13]), autonomous driving [10], and

industrial robotic process automation [7]. Voltage control in dis-

tribution networks shares similar characteristics, which makes

DRL a promising methodology to solve the control problems in

low-voltage networks.

While voltage control is standard at higher voltage levels (e.g.,

with STATCOMs), most LV research has focused on optimizing

individual assets at the customer level [11, 6]. Recent compar-

isons indicate that DRL can outperform classical algorithms for

micro-grid management with demand-side flexibility [14]. For in-

stance, dueling double DQN (D3QN) has been used to reduce over-

voltages in PV-rich networks [16]; model-free RL has optimized
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battery charging/discharging to increase self-sufficiency [12]; and

effective consumption/generation strategies have been learned

under price signals and network constraints [2, 1]. Given the

growing heterogeneity of LV networks and the rise of behind-

the-meter actuators, DRL methods are typically developed and

validated first in simulation [4]. Their adoption and implemen-

tation are often hindered by a lack of explainability of these

models.

We present a prototype-based explainability approach for DRL-

based voltage control in LV distribution networks that directly ex-

ploits flexibility from prosumers. In our approach, the agent acts

on the network’s operating state, coordinating different flexibility

options (e.g. photovoltaic systems, batteries, EVs, heat pumps).

We focus on improving power quality by reducing voltage vio-

lations. Additionally, we use prototype based explainability to

provide interpretation and reasoning behind the action.

2 Related Work
Explainable Artificial Intelligence (XAI) aims to make the de-

cisions of models understandable to humans. The explanation

process and the final result should be focused on generating ex-

planations that are intuitive to us. Prototype-based explanations

provide a compelling choice that is interpretable by design. XRL

remains an active area of research. One such widely employed

explainability technique, primarily used in image classification,

is the saliency map, which bases its explanations on pixel-wise

feature attribution [20]. Building on this idea, Sequeira et al. [17]

made the agent’s interactions with the environment the focal

point of their Interestingness Framework.
In supervised learning, prototype networks explain predictions

via similarity to learned or human-selected exemplars [3, 15].

Extending this paradigm to reinforcement learning, prototype-

wrapper policies force decisions to bemediated by human-friendly

prototypes (single state-snapshot); a recent example is the Prototype-

Wrapper Network (PW-Net), which wraps a pre-trained agent

and maps latent states to action decisions through prototype

similarities [9]. Beyond interpretability, prototypes have been

leveraged to improve representation learning and exploration

efficiency: Proto-RL pre-trains prototypical embeddings and uses

prototype-driven intrinsic motivation to accelerate downstream

policy learning in pixel-based control [23]. In model-based RL,

prototypical context learning has also been explored for dynam-

ics generalization [22].

Despite the critical role of explainability in voltage control in

low-voltage power systems, there is little research addressing

this challenge. Zhang et al. [24] applied the SHAP explainability

method to a deep reinforcement learning model for implement-

ing proportional load shedding during under-voltage situations.

They also used Deep-SHAP [25] to enhance the computational

efficiency of their XAI model. The model’s output elucidates its
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Figure 1: High-level SGTP pipeline: (1) collect latent win-
dows; (2) SBX clustering and medoid selection; (3) train
temporal-prototype layer; (4) case-based explanations dur-
ing rollout.

predictions through a visualization layer and a feature impor-

tance layer that addresses both global and local explanations.

Existing research on explainability in power systems, particu-

larly regarding voltage control, focuses on post-hoc explainability

techniques. Compared to explanations for a single feature (indi-

vidual voltage value) such as SHAP, our method considers the

temporal component in the explanation process. To the best of

our knowledge, this approach has not been applied to the ex-

plainability of the reinforcement learning field in this specific

manner before.

3 SBX-guided Prototype Selection
We employ Scenario-Based eXplainability (SBX [5]) as an exten-

sion of the PWNet [9] to temporal prototypes (prototypes of
trajectories, not just snapshots of the state space) to provide
global, scenario-level structure and local, time-resolved explana-

tions for a trained control policy. SBX is used to partition behavior

and select representative temporal prototypes. On top of the SBX-

selected prototypes (without any human-defined prototypes), we

train a temporal prototype model that maps latent features to

actions. This yields a two-tier view: SBX provides a summary of

behavior, while temporal prototypes expose time-local patterns

and their nearest neighbors that drive actions.

3.1 Data Preparation and Latent Extraction
We consider a trained policy 𝜋 acting in discrete time. A trajec-

tory is a sequence of observation–action pairs. For analysis, we

operate on fixed-length trajectories of length 𝐿:

𝑤𝑡 =
(
(𝑜𝑡 , 𝑎𝑡 ), . . . , (𝑜𝑡+𝐿−1, 𝑎𝑡+𝐿−1)

)
, 𝑡 = 0, . . . ,𝑇 − 𝐿.

Observations are first mapped by the frozen policy backbone to

latent vectors 𝑥𝑡 ∈ R𝑑 . We denote the latent trajectory by 𝑋𝑡 =

(𝑥𝑡 , . . . , 𝑥𝑡+𝐿−1) ∈ R𝐿×𝑑 . We collect an offline dataset by rolling

out the trained PPO agent and recording, at each time step, the

policy’s penultimate-layer latent vector and the corresponding

environment action. This yields per-episode sequences of latents

and actions which are then converted into trajectories of length

𝐿. The supervised target for each trajectory is the action at its

last real-time step.

3.2 SBX Prototype Selection
SBX is performed in the latent space by clusteringwindow embed-

dings with k-means over a range of cluster counts and selecting

the number of clusters via a silhouette-style score. Within each

selected cluster, the medoids (nearest to the centroids) are taken

as temporal prototypes. Optionally, flattened action windows

are concatenated to latent trajectories before k-means to bias

prototype selection toward action-discriminative regions. The

SBX step produces a prototype tensor of shape (𝐾, 𝐿, 𝑑).

3.3 Temporal Prototype Model
We introduce 𝐾 temporal prototypes {𝑃𝑘 }𝐾𝑘=1, each a length-𝐿

latent template 𝑃𝑘 ∈ R𝐿×𝑑 selected by SBX (medoids). A shared

temporal encoder 𝑔𝜃 : R𝐿×𝑑 → R𝑝 maps trajectories to embed-

dings 𝑧𝑡 = 𝑔𝜃 (𝑋𝑡 ) and prototypes to 𝑒𝑘 = 𝑔𝜃 (𝑃𝑘 ). Following
PW-Net, prototype activations use an L2-to-activation mapping.

𝑎𝑘 (𝑡) = log

∥𝑧𝑡 − 𝑒𝑘 ∥22 + 1

∥𝑧𝑡 − 𝑒𝑘 ∥22 + 𝜀
, 𝜀 > 0. (1)

Outputs are linear in activations, 𝑦𝑡 =𝑊 𝑎(𝑡), optionally post-

processed to valid actions (Tanh/ReLu for steer/gas/brake). The

schematics of the algorithm is outlined in Figure 1.

3.4 Inference and Explanations
At test time, we slide a window over trajectories, compute activa-

tions 𝑎𝑘 (𝑡), and predict actions 𝑦𝑡 . Explanations are provided by

(i) the SBX scenario summaries (offline) and (ii) nearest-neighbor

windows to each prototype in the encoder embedding space.

• Scenario-level (global): SBX clusters and medoids sum-

marize typical behaviors.

• Temporal prototype-level (local): per-prototype nearest
windows (and prototype self-windows) illustrate charac-

teristic action trajectories.

For each time step, form the most recent latent window, com-

pute the encoder embedding and prototype activations, map them

linearly to actions, and apply Tanh/ReLu post-processing. Key

hyperparameters are 𝐿 (window length), encoder size 𝑝 , and learn-

ing rate. We select them on a held-out set using validation MSE

and qualitative visualization of nearest-neighbor trajectories.

4 Experiments
4.1 Simulation and voltage control policy
We examine a real-world low-voltage distribution network con-

sisting of 26 consumers, of which 7 are active consumers. Those

active consumers are equipped with small solar plants (11kWp).

The total yearly consumption in this network is negative, mean-

ing that the solar plants are producing more electricity than is

needed. A visual representation of the network is displayed in

Fig. 2.

The learning process extended over 1500 episodes, each con-

taining 96 steps (representing a 15-minute interval across one

day). We evaluated the model every 20 episodes (1 epoch). In this

network, we focus on handling mainly high voltages as those are

a bigger problem in our example.

4.2 Explaining a Simulation
We consider a real low-voltage distribution network. An obser-

vation/state is the vector of per-bus voltage magnitudes 𝑠 =

[𝑣1, . . . , 𝑣𝑛] (in per unit). Actions are per-active-consumer flex-

ibility commands 𝑎 = [𝛼1, . . . , 𝛼𝑚] with 𝛼𝑖 ∈ [−1, 1]: negative
values decrease consumption (or increase net export) and positive

values decrease the generation for active consumers (bounded

by their instantaneous battery output). The agent acts every 15
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Figure 2: The network Srakovlje is located in Gorenjska
region (north-western part of Slovenia). Active consumers
(red), and their most representative activations are dis-
played with the corresponding graph. Green circles denote
the most common over-voltage buses prior to voltage con-
trol. The width of the green circle indicates the severity of
the original over-voltage measurements.

minutes; episodes comprise 96 steps (one day). The goal is to keep

voltages within operating limits while minimizing interventions

and losses.

Following prior work on distribution-voltage control [21],

we use a reward that balances voltage quality, activation effort,

and network losses. Trajectories are generated by a PPO policy

trained in this environment.

Figure 3: Centroids and underlying medoids of the sce-
narios in the Power Control environment. The individual
color represents the average voltage signal in the network
corresponding to the scenarios.

We used trajectories with length 𝐿 = 96 which gives us 𝐾 = 3

prototypes (Figure 3). Scenario selection via a silhouette-style

criterion over 𝑘 ∈ {2, . . . , 8} yielded a preferred 𝑘 = 3 scenarios.

Representative scenario-level activation summaries are shown in

Figure 4. Task fidelity: offline action-level discrepancy against

the reference policy (mean-squared error over held-out trajecto-

ries at the final step) was MSE = 3.218. Scenario quality: stored
similarity scores by 𝑘 were: 𝑘 = 2: 0.131, 𝑘 = 3: 0.118, 𝑘 = 4: 0.083,

𝑘 = 5: 0.082, 𝑘 = 6: 0.089, 𝑘 = 7: 0.093, 𝑘 = 8: 0.096. A recom-

puted silhouette for the chosen 𝑘 = 3 partition gave 0.099 with

per-scenario supports [4212, 7312, 5912] trajectories, indicating
three regimes with substantial coverage. Prototype locality: In

the latent space, the average distance from each prototype to

its top-25 nearest trajectories was 0.124 on average, suggesting

coherent time-local patterns.

Figure 4: Representative prototypes in the Power Control
environment. Each color represents the Scenario, and the
individual line represents the activations by the individual
active consumers.

4.3 Results
Fidelity.Across both domains, the prototype-based policy closely

tracks the black-box in task reward, while achieving low action

discrepancy on held-out episodes. This suggests that mediating

actions through temporal prototypes does not materially degrade

performance.

Global structure. SBX consistently discovers a small set of

recurring scenarios that align with intuitive regimes (straight

driving vs. cornering in continuous control; typical operating

conditions in slower dynamics). Scenario summaries (state/action

mean±std) are distinct and exhibit stable temporal patterns.

Local interpretability. For representative episodes, the nearest-
neighbor aggregates around each prototype show coherent time-

local patterns, and the most influential prototypes (largest con-

tributions) align with observed actions. Explanations adopt a

case-based form, relating current decisions to similar prototypi-

cal windows.

Performance Analysis. We compared the rewards across

different policy architectures. Table ?? presents the results of

running 20 episodes for each policy variant, measuring key per-

formance metrics including mean reward, consistency (standard

deviation), and coefficient of variation (CV) as a measure of relia-

bility.

Over 20 episodes, the Base policy achieves the highest mean

reward (221.8; range 201.0–257.5). PWNet closely matches the

Base with a mean of 220.7 (≈ 0.5% lower; range 185.8–249.5),

indicating that mediating decisions through prototypes incurs

negligible performance loss. The Temporal PWNet trades some

reward for interpretability, averaging 211.5 (≈ 4.7% below Base;

range 168.4–231.8). Overall, relative performance is: Base ≈ 100%,

PWNet ≈ 99%, Temporal PWNet ≈ 95%.

The results demonstrate several key insights about our ap-

proach. The Base Policy achieves the best rewards. The PWNet

Policy shows comparable performance, indicating that prototype-

based explanations can be achieved without significant perfor-

mance degradation. Our Temporal PWNet + SBX approach achieves

a mean reward of 211.47 ± 14.60, representing a modest per-

formance trade-off in exchange for enhanced interpretability

through temporal prototypes and scenario-guided explanations.
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5 Discussion
This work introduces Scenario-Guided Temporal Prototypes,

which combines global scenario discovery (SBX) with local, time-

resolved prototypes to explain DRL decisions in voltage control

problem in power networks. We observe that temporal proto-

types can approximate black-box actions off-line with low dis-

crepancy while forcing decisions through human-friendly ex-

emplars. SBX discovers a small number of recurring regimes,

with clear scenario-level summaries (Figure 3) and consistent

prototype neighborhoods. This supports case-based reasoning

over the policy’s temporal dynamics rather than single-step fea-

ture attributions. Tight nearest-neighbor bands and balanced

per-scenario support indicate that selected prototypes are repre-

sentative rather than outliers.

The limitations of our current approach include reliance on a

particular windowing choice and off-line evaluation that does not

account for control feedback. Extremely imbalanced or highly

non-stationary data may complicate selection. Prototype inter-

pretability depends on the quality of medoids and the clarity of

the associated concepts; domains lacking clear temporal motifs

may benefit less from temporal prototypes and may also see

degradation in performance. SBX does not identify the outliers

that might be important for the agent to succeed. The identifica-

tion of such states within the current architecture will be explored

in future work. Future work also includes dynamic prototype

lengths and human-in-the-loop curation tools for prototype edit-

ing and labeling.

6 Conclusion
We presented a pre-hoc interpretability framework that (i) dis-

covers scenario structure from trajectories and (ii) explains ac-

tions via temporal prototypes. The approach yields faithful, time-

resolved explanations without materially degrading control qual-

ity, as demonstrated in Power Network voltage control. Explana-

tions take a case-based form—“this situation is similar to proto-

type X”—and are grounded by scenario summaries and prototype

locality.

Beyond improving transparency, our approach offers prac-

tical steps: scenario coverage, per-scenario prototype counts,

and nearest-neighbor coherence expose where explanations are

strong or require refinement. Looking ahead, we plan to enable

interactive prototype curation, incorporate uncertainty-aware

explanation scores, and explore joint training schemes that cou-

ple prototype-based interpretability with context-aware latent

dynamics. We will explore the sensitivity of the hyperparameter

L to the actual training success. We have also identified that the

fidelity metrics beyond the MSE will be necessary to explore.

At this moment comparison to the saliency methods or SHAP

explanations is still challenging due to the different nature of

explanations (one being feature step-wise based and the other

being multi-step and comparison based). Together, these steps

can help bridge the gap between high-performing DRL policies

and the trust required for their deployment.
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