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Abstract—The increasing integration of renewable energy
sources and demand electrification is increasing the operational
complexity of power grids. Reinforcement learning (RL) agents
have shown promising performance in real-time congestion
management with topology optimization, but quantifying their
reliability under unseen operating conditions remains difficult.
This paper proposes a framework to quantify and predict the
reliability of pre-trained RL agents for real-time congestion
management. The approach integrates epistemic and aleatoric
uncertainties into a machine learning–based failure prediction
model that estimates the probability of RL agent failure one-hour-
ahead, accounting for potential contingency scenarios. Results in
the Grid2Op environment demonstrate the proposed framework’s
ability to anticipate unreliable AI recommendations, achieving an
accuracy of 89.5% while maintaining an oversight rate below 7%
and a false alarm rate below 11%.

Index Terms—Uncertainty, reinforcement learning, congestion,
interpretability, failure prediction, large language models

I. INTRODUCTION

The operation of modern power grids is becoming increas-
ingly complex due to the large-scale integration of renewable
energy sources (RES) and emerging high-demand loads such
as data centers and electric vehicle fast-charging stations.
These developments increase variability in power injections
and the need for real-time operational decisions, including
congestion and contingency management. Consequently, AI-
based operational assistants with fast inference capabilities are
gaining attention [1]. Reinforcement learning (RL) has shown
promising results for topology control in simulation [2], but
its behavior under rare or unseen operating conditions remains
difficult to assess [3]. Beyond average performance, operators
must know when an RL agent’s recommendations become
unreliable, for example, when encountering unfamiliar grid
states or forecast-driven variability in generation and demand.
Without uncertainty quantification, operators may overtrust
AI recommendations. AI systems should therefore exhibit
meta-awareness [4], recognizing when situations exceed their
capabilities and prompting human intervention. In this context,
this paper proposes an uncertainty-aware prediction framework
to anticipate operating conditions under which AI assistants
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may generate low-confidence recommendations for real-time
congestion management.

Following the taxonomy of [5], predictive uncertainty is
commonly divided into epistemic and aleatoric components.
Epistemic uncertainty, or model uncertainty, arises from lim-
ited data coverage, insufficient exploration, or model misspec-
ification. In RL, it reflects the agent’s lack of knowledge when
encountering unfamiliar or out-of-distribution (OoD) states.
Evidential Neural Networks (ENNs) provide a computationally
efficient way to estimate epistemic uncertainty through a single
forward pass [6]. Aleatoric uncertainty, in contrast, captures
irreducible variability due to sensor noise, load fluctuations,
and RES generation. Common approaches to model aleatoric
uncertainty include likelihood-based methods such as NG-
Boost [7] and quantile regression [8]. Epistemic uncertainty
has been incorporated into RL to improve exploration and
safety, for example, through bootstrapped Deep Q-Networks
(DQNs) that trigger demonstrator queries [9] or ensembles of
distributional critics for risk-sensitive control [10]. In power
systems, however, uncertainty-aware RL remains relatively
unexplored. The L2RPN competitions introduced operator
alarms as part of the evaluation framework [11], but many
solutions relied on rule-based heuristics or expert knowl-
edge [2]. More recently, supervised learning models have
been proposed to predict grid failures at short horizons [12].
Uncertainty estimates are also increasingly used in Safe RL to
constrain exploration and reduce the risk of operational-limit
violations [13].

This paper proposes a framework for assessing and predict-
ing the reliability of pre-trained RL agents used for power grid
congestion management, designed to support human operators
by providing early warnings when AI agent decisions may
become unreliable. The main contributions of this work are
twofold. First, it introduces an AI agent reliability prediction
framework that jointly combines epistemic and aleatoric un-
certainty estimates with indicators of power system operational
complexity to predict the probability of RL agent failure over
future time horizons (e.g., the next hour). Second, it investi-
gates the development of inherently interpretable models that
help human operators understand the conditions under which
AI recommendations are likely to fail. To this end, the work
explores two approaches: (i) a novel Large Language Model



(LLM) based approach to distill machine learning models into
fully interpretable representations, including natural language
explanations, and (ii) the use of decision trees as an alternative
to high-performing but less transparent models such as tree
ensembles. In contrast to state-of-the-art approaches (e.g., [2],
[12]), our method explicitly incorporates both epistemic and
aleatoric uncertainty and explores interpretable rule extraction
to provide additional insights into the conditions under which
AI agent failures occur. Moreover, while this work is centered
on RL, the proposed methodology and principles are not
limited to this setting and can be transferred to other AI
paradigms and deployment configurations.

II. PROBLEM FORMULATION

A power grid is considered, whose operational state at a
discrete time step t is denoted by st ∈ S, where S represents
the state space comprising grid topology, power injections,
and line flows. Topology and generator redispatch actions are
determined by a pre-trained RL agent governed by a fixed
deterministic policy π:

π : S → A, at = π(st), (1)

where π is treated as a “black box” policy and is not modified
or re-trained in this work, and at ∈ A represents the action
taken at time t, given state st.

The objective is not to optimize the control performance
of the RL agent, but rather to predict the probability of
operational failure introduced by deploying this policy. This
prediction must account for the stochasticity of the power grid
resulting from two distinct sources: epistemic uncertainty (ut)
and aleatoric uncertainty (σa,t). For any given state st, we aim
to predict, at a lead time t+k (where k is the prediction horizon
length) and using only the information available at time step
t, the probability that the RL agent’s recommendation fails
to solve a congestion problem at time t + k, denoted by
p̂fail,t+k|t.

Let Yt+k ∈ {0, 1} be a binary variable representing a failed
recommendation at time t + k, where Yt+k = 1 corresponds
to a failure event. The objective is to estimate the conditional
probability:

p̂fail,t+k|t = P(Yt+k = 1 | vt), (2)

where vt represents the vector of features available at time t,
formally defined as:

vt=
[
xtopo⊕x

(t)
grid⊕x

(t)
stress⊕x

(t+k)
grid ⊕x

(t+k)
stress⊕upred

]
. (3)

The component xtopo ∈ Z denotes the integer categorical
identifier of the disconnected line l (one integer per line)
at time t + k, capturing local topological dependencies. The
vectors x

(t)
grid ∈ R4 and x

(t)
stress ∈ R4 characterize the

global operating point and the grid “stress” considering all
transmission lines L at the current time step t, respectively.

Specifically, x(t)
grid comprises total active and reactive load

(PL, QL), total generation (PG), and the load-to-generation
ratio (rLG = PL/PG), while x

(t)
stress includes the maximum

line loading (maxi ρi), average loading (ρ̄), variance (σ2
ρ), and

the number of critically loaded lines Ncrit = |{i : ρi ≥ 0.95}|.
The vectors x(t+k)

grid ∈ R3 and x
(t+k)
stress ∈ R4 are the predicted

counterparts of the above, estimated for the pre-contingency
grid state at the target horizon t+ k, capturing the anticipated
operating conditions immediately before a potential N−1 line
disconnection event. Finally, upred ∈ R5 concatenates three
aleatoric components (σa,t for PL, QL, PG) and two epistemic
uncertainty estimates (at t and t+k|t). The ground truth labels
Yt+k are obtained via a contingency analysis projected to a
one-hour-ahead horizon (t+ 12) with realized values.

The central hypothesis of this approach is that incorporating
aleatoric and epistemic uncertainty estimation into a super-
vised classifier enriches the model, thereby enabling more
effective discrimination of situations in which the RL agent
produces low-confidence recommendations.

III. UNCERTAINTY MODELING

A. Modeling Epistemic Uncertainty for RL Agents

Epistemic uncertainty, u, reflects the RL agent’s confidence
in a given grid state by measuring its similarity to training
conditions. It remains low under familiar operating regimes but
increases for OoD states, such as post-contingency topologies,
indicating that the agent’s recommended actions may be un-
reliable. For uncertainty quantification, the ENN model [6] is
employed, leveraging Dempster–Shafer theory and subjective
logic. Unlike classical neural networks, which produce a
single probability estimate per class, ENN treats predictions as
higher-order probability distributions. Specifically, the model
is trained to parameterize a Dirichlet distribution. The Dirich-
let distribution over the K possible action classes (i.e., the
size of the curated topology action set), whose concentration
parameters α = [α1, . . . , αK ] are obtained from an evidence
vector e = [e1, . . . , eK ] such that αk = ek + 1.

The total accumulated evidence S =
∑K

k=1 αk reflects the
density of training states like the current state: the larger S is,
the more the model recognizes the state as familiar. Epistemic
uncertainty is then defined as [6]:

u = K/S (4)

producing an interpretable scalar in the interval (0, 1). In
familiar states, the evidence is high S ≫ K and u → 0; in
unknown states, the evidence is minimal (ek ≈ 0, so S ≈ K)
and u → 1.

This formulation has a practical advantage: by directly
parameterizing the predictive distribution, ENN avoids the
need for sampling methods such as Monte Carlo Dropout or
ensemble models, resulting in significantly faster inference that
is more suitable for real-time applications in power systems.

The ENN is trained via behavior cloning on the state-
action pairs visited by the RL agent during training, mapping
each state st to the agent’s selected topology action. Since it
only ever observes the regions of the state space the agent
has actually experienced, its epistemic uncertainty acts as a
measure of state familiarity: low when st resembles training



conditions, and high when the agent operates outside its
experience. It does not replace the policy: the agent issues
the control action, while the ENN runs in parallel to flag the
grid states in which that action is least reliable.

B. Aleatoric Uncertainty in Load and Generation Forecasts

To estimate aleatoric uncertainty, which captures the inher-
ent stochasticity of the data, a two-stage regression approach
is employed to model heteroscedastic variance. First, a mean
prediction model based on Histogram-based Gradient Boosting
(HGB) [14] is trained. The squared residuals of the training
set predictions are then computed to approximate the local
variance. A second HGB model is subsequently trained to
predict these residuals using a Poisson loss function, which
was chosen because the squared residual is non-negative and
right-skewed, yielding stable training and positive variance
estimates without additional assumptions. More advanced
probabilistic methods, such as heteroscedastic likelihoods or
NGBoost [7], are left for future work. This choice is consistent
with probabilistic boosting approaches that learn variance
directly to improve calibration [7].

IV. RL AGENT FAILURE PREDICTION AND
INTERPRETABILITY

A. RL Agent Failure Prediction System

The complete system1 for predicting, e.g., one hour-ahead
(t + 12), situations in which the RL agent is unable to
provide a recommendation that resolves a congestion problem
is depicted in Fig. 1. The first stage consists of a multi-
output HGB regression model that predicts future grid states,
namely active (PL) and reactive power loads (QL), active
power generation (PG) at a one-hour-ahead horizon (t+ 12).
The input features are historical observations at four time lags
- current step (t), one-hour (t−12), one-day (t−288), and
one-week (t−2016), assuming a 5-minute resolution - along
with calendar variables (hour, day of the week) encoded via
a Fourier series. The resulting forecasts of power injections
are then used to construct the future grid operating state st+12

through a power flow solver (LightSimBackend [15]). Ground-
truth labels are obtained via N − 1 contingency analysis on
the observed grid state, where the RL agent’s ability to resolve
the resulting congestion determines success or failure.

Following the contingency analysis, a HGB classifier is
trained to distinguish between states in which the RL agent
provides recommendations that successfully resolve conges-
tion problems and those in which it fails to do so. This
classifier acts as an early warning system, triggering alerts
when a potential failure is anticipated. The HGB model
leverages the following inputs to generate a binary risk alert:

• Power balance: total active and reactive load, total gener-
ation, and the load-to-generation ratio, incorporating both
the measurements at the current time step (t) and the
forecasts for the one-hour-ahead horizon (t+12, prior to
disconnection).

1Code available at: https://github.com/ainetus/RL agent failure forecast
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ŝt+12

HGB Variance
Estimator

Aleatoric
Uncertainty

σa,t+12

N−1
Contingency

Evidential Neural
Network (ENN)

Epistemic
Uncertainty ut

Epistemic
Uncertainty

ut+12

Failure

Predictor
p̂fail

Interpretable
Rules

residuals

Fig. 1: Workflow of the proposed failure prediction system.

• Grid “stress”: statistics of line loading rates ρ, including
maximum, average, variance, and the number of critical
lines (ρ ≥ 0.95). These statistics are extracted for both
the current state (t) and the predicted future state (t+12).

• Uncertainty: predicted aleatoric uncertainty derived from
the HGB variance estimator (trained on the same histor-
ical observation features to capture the inherent stochas-
ticity of the prediction model), and epistemic uncertainty
estimated by the ENN. Both uncertainty metrics are
evaluated for the current (st) and future (st+12) grid
states.

• Grid contingencies: identifier of the disconnected line.
To assess performance in this class-imbalanced setting, the

evaluation emphasizes not only overall accuracy but also the
trade-off between overlooked failures and false alarms, using
two complementary metrics: the False Alarm rate (FA) and
the Oversight Rate (OVR). These metrics are derived from
the standard confusion matrix components—True Positives
(TP ), False Positives (FP ), True Negatives (TN ), and False
Negatives (FN )—and defined as: FA = FP/(TN + FP );
OV R = FN/(TP + FN).

B. Generation of Interpretable Rules

The final stage of the framework (Fig. 1) builds an in-
terpretable surrogate for the HGB failure predictor from
Section IV-A. Although the HGB gives accurate one-hour-
ahead predictions of RL agent failures, its decision process
is not readily interpretable. Two approaches are explored: a
decision tree (DT) trained on the same features and data,
producing inherently interpretable rules that may nonetheless
grow large; and an LLM-based extraction (Algorithm 1) that
distills the “black-box” HGB into a compact set of human-
readable if-then rules. Both are trained independently per
disconnected line, enabling line-specific explanations.

A balanced subset Databal is first constructed from the
training data, sampling a 2:1 ratio between normal-operation
and failure cases to reduce the majority-class bias. Class-
separated medians and quartiles, denoted Stats, are then
computed to provide numerical anchors for threshold se-
lection, since LLMs require explicit numerical guidance to
identify meaningful decision boundaries. For each line, the
input features are ranked by applying SHAP [16] on the
HGB model (SHAP-Rank in Algorithm 1), retaining only



the top k (k ∈ {3, . . . , 8}, selected per line). Initial rules
are generated from Stats as single-feature thresholds and
AND/OR combinations of these top features, and the best-
performing one is retained as Rbest with score Sbest.

The refinement proceeds through a dual Generator-Critic
loop. A history-based DetectOscillation check identifies
whether candidates alternate between overly conservative be-
havior (excessive false alarms) and overly permissive behavior
(missed failures); when detected, a flag Osc restricts the
Generator LLM (GenLLM) to local single-threshold adjust-
ments. The Generator proposes a candidate rule Rcand as
executable Python if-else logic. The rules combine AND and
OR conditions across two distinct failure paths: one based on
the current grid-state and uncertainty features, capturing out-
of-distribution situations, and one based on forecasted features,
capturing anticipated failures. The prompt2 includes Databal,
Stats, the selected features, the rule history, and misclassified
instances WC, where false negatives are prioritized as missed
failure warnings.

Each candidate undergoes syntactic and structural validation
(Validate). If violations are found, a Repair LLM (RepairLLM)
corrects the rule using its error trace, inspired by LLM self-
debugging [17]. Once validated, the rule is scored on the train-
ing set using Accuracy, F2-score, OVR, and FA; the retained
rule is evaluated on the held-out test set for comparability with
the DT and HGB. The Critic LLM (CriticLLM) then provides
targeted feedback for the next iteration. The Generator, Critic,
and Repair LLMs are instances of the same base model queried
with role-specific prompts.

Rules are ranked by the F2-score, which prioritizes recall,
while a guard discards degenerate rules that classify nearly
all inputs as positive (FA ≥ 0.90). If a candidate improves
Sbest, it replaces Rbest; otherwise StagCount increments.
The output is the best rule across all iterations, with its natural-
language translation describing when the RL agent is predicted
to fail.

V. NUMERICAL RESULTS

A. Test System

The proposed approach was evaluated using the Grid2Op
digital environment [18], which provides a standardized en-
vironment for training and evaluating AI-based congestion
management agents. The experiments were conducted in the
l2rpn_icaps_2021_small environment, which is based
on the IEEE 118-bus system and includes 36 substations,
59 power lines, 22 generators, and 37 loads, some of which
represent interconnections with an external grid.

The RL agent evaluated in this study is the
CurriculumAgent [19], which follows a Teacher–
Tutor–Junior–Senior learning framework. First, a Teacher
agent performs an exhaustive search over topology actions to
identify a reduced set of effective actions. Using this action
set, a rule-based Tutor agent generates observation–action
trajectories, which are then used to train a Junior neural

2Prompts available at: https://github.com/ainetus/RL agent failure forecast

Algorithm 1 Dual LLM-based RL failure prediction

Require: Dataset D, HGB model HGB, Iterations (N)
Ensure: Best interpretable rule Rbest

Train, Test← SequentialSplit(HGB.P redict(D))
Databal, Stats← SampleBalancedData(Train)
Feats← SHAP-Rank(HGB, T rain), k ∈ {3, . . . , 8}
Rbest, Sbest ← Evaluate(InitRulesAND/OR(Stats, Feats), T rain)
History ← ∅, StagCount← 0
for iter = 1 to N do

Osc← DetectOscillation(History,window = 4)
WC ←MisclassifiedCases(Rbest, T rain)
Rcand ← GenLLM(Databal, Stats, Feats,WC,History,Osc)
if not Validate(Rcand) then

Rcand ← RepairLLM(Rcand)
end if
Metricsi ← ComputeMetrics(Rcand(Train.X), T rain.Y )
Si ← F2-score(Metricsi)
Feedback ← CriticLLM(Rcand,Metricsi, Stats,Osc)
History.Append(Rcand,Metricsi, Si, F eedback)
if Si > Sbest then

Rbest, Sbest ← Rcand, Si

StagCount← 0
else

StagCount← StagCount+ 1
end if

end for
return Rbest, evaluated on Test

network through imitation learning. Finally, a Senior RL
agent is initialized with the Junior network weights and
further optimized using proximal policy optimization.

As discussed in Section IV-A, the method relies on fore-
casted grid conditions, whose error increases gradually and
approximately linearly from 5 to 60 minutes due to recursive
predictions, indicating stable multi-step forecasting over the
considered horizon. For active power generation (PG), the
mean RMSE increases from 1.51 MW at 5 minutes to 7.18
at 60 minutes. Load errors remain lower, with PL rising
from 0.87 to 4.51 and QL from 0.22 to 0.77, reflecting
the higher variability of RES-driven generation. The 95th-
percentile errors reveal higher variance at some buses over
longer horizons, but growth remains bounded (18.95 for PG

and 21.28 for PL at 60 minutes) without instability.

B. Quality of Epistemic Uncertainty Estimation

Epistemic uncertainty is assessed from two complementary
perspectives: calibration quality and its effectiveness as an
early-warning signal for RL agent failures within a 60-minute
horizon.

The calibration of the ENN confidence estimates is first
evaluated before using them as a warning signal. Calibration is
measured using the Expected Calibration Error (ECE), which
quantifies the average gap between predicted confidence and
empirical accuracy. The ground-truth labels correspond to
the topological actions selected by the CurriculumAgent
Tutor, which the ENN is trained to imitate through behavior
cloning. The ENN achieves an ECE of 0.0297; since a
perfectly calibrated model has ECE=0, this indicates that its
confidence estimates deviate from empirical accuracy by only



TABLE I: AUROC of the ENN’s epistemic uncertainty under
different adversarial operating scenarios.

Scenario Environment Condition Mean U AUROC
Standard Nominal operation (no targeted attacks) 0.4594 0.6315
HeavyAttack2 Frequent disconnection of critical lines 0.4635 0.6564
HeavyAttack1 Severe but less frequent disconnections 0.4698 0.6686

2.97% on average, showing limited overconfidence despite the
extreme multi-class setting.

The practical usefulness of epistemic uncertainty was then
evaluated as a warning signal for failure in the 60-minute
horizon (t + 12). This is a highly imbalanced prediction
problem, since these failures represent only 11.1% of the
261,272 analyzed samples. For this reason, the Area Under the
Precision-Recall curve (AUPR) is particularly informative, as
it measures whether the uncertainty score provides meaningful
discrimination beyond the low base rate of failures. The ENN’s
epistemic uncertainty achieved an AUPR of 0.1521, which,
given the highly imbalanced nature of the problem (failures
account for only 11.1% of the samples), is above the random
baseline of 0.1114.

To further analyze its behavior, the predictive performance
of ENN was evaluated under different adversarial attack
scenarios applied to the grid using the Area Under the Re-
ceiver Operating Characteristic curve (AUROC). The results
in Table I corroborate the OoD detection capability of the
ENN. During standard operation, corresponding to nominal
conditions without adversarial disconnections of critical power
lines, the discriminative power is moderate, with an AUROC
of 0.6315. This is expected, since under routine operating
conditions, the RL agent is more likely to encounter states
similar to those observed during training.

The warning signal becomes more informative under Heavy-
Attack scenarios, where critical line disconnections drive the
system further from the training distribution. These unfamiliar
grid states increase epistemic uncertainty, providing a stronger
indication of potential failures. Under HeavyAttack2, which
involves more frequent attacks on critical lines, the AUROC
increases to 0.6564. Under HeavyAttack1, characterized by
more severe attacks that push the grid closer to critical limits,
the AUROC further increases to 0.6686.

Furthermore, as shown in Table I, the mean epistemic
uncertainty (U ) scales consistently with the severity of the
adversarial perturbations. The baseline uncertainty is lowest
during standard operation (U = 0.4594) and reaches its
highest value under the most severe HeavyAttack1 scenario
(U = 0.4698). Since u is bounded by the action-set size K, its
absolute value remains modest in this large multi-class setting.
The relevant signal is the increase under OoD conditions
(0.4594 → 0.4698) and the corresponding AUROC. This
provides numerical evidence that the ENN correctly perceives
these aggressively attacked topologies as OoD states. The
combination of the highest mean uncertainty and the highest
discriminative power (AUROC of 0.6686) under HeavyAttack1
suggests that the epistemic uncertainty can provide an infor-
mative early-warning signal.

TABLE II: Performance of the HGB models for one-hour-
ahead RL agent failure prediction (mean ± std).

Configuration F2-score Accuracy OVR FA
Baseline (grid variables) 70.8± 0.9 85.7± 0.3 7.7± 0.9 14.9± 0.3
Epistemic-only 35.4± 1.1 42.7± 0.6 20.1± 1.4 60.8± 0.6
Grid + aleatoric 73.6± 0.9 87.6± 0.4 7.1± 0.7 12.9± 0.4
Grid + aleat. + epistemic 76.5± 0.6 89.5± 0.3 6.8± 0.8 10.8± 0.3

C. Failure Prediction for the RL Agent

This subsection evaluates one-hour-ahead prediction of the
RL agent failure under N − 1 contingencies. This evaluation
must capture not only overall accuracy, but also the ability
to detect failures while limiting unnecessary alarms. For this
reason, performance is assessed using Accuracy, F2-score,
OVR, and FA. To quantify the contribution of uncertainty-
aware features, four HGB classifier configurations were com-
pared: (1) baseline model (grid variables), (2) epistemic-only
(epistemic uncertainty), (3) without epistemic uncertainty (grid
variables + aleatoric uncertainty), and (4) complete model (grid
variables + aleatoric + epistemic). Table II summarizes the
model performance in predicting p̂fail,t+12|t, reporting the
mean and standard deviation over 10 repeated stratified hold-
out splits.

The baseline model provides a reasonable trade-off between
failure detection and alarm control, but exhibits a relatively
high FA. Adding aleatoric uncertainty improves Accuracy
and F2-score, while reducing both the FA and OVR. In
contrast, the epistemic-only model shows severe performance
degradation, achieving the lowest Accuracy and F2-score,
along with a significantly increased FA. This suggests that
epistemic uncertainty alone does not provide sufficient infor-
mation to discriminate between failure and non-failure states,
and is poorly calibrated as a standalone predictor. However,
when combined with grid-related and aleatoric uncertainty fea-
tures, epistemic uncertainty significantly improves predictive
performance. The complete model achieves the best overall
trade-off, attaining the highest F2-score and Accuracy, while
simultaneously reducing both OVR and FA. These results
show that epistemic uncertainty becomes highly informative
when combined with grid-level variables.

D. Interpretable Failure Prediction

The per-line interpretable rule extraction of
Section IV-B was applied to the 10 contingencies of
the l2rpn_icaps_2021_small environment. The LLM
experiments were performed using the gemma4-31b LLM
model. Table III compares a DT, the LLM-based extraction,
and the HGB. DT and HGB are reported as mean ± std over
10 repeated stratified hold-out splits; the LLM is reported as
the mean ± std over 10 random seeds at τ = 0.7, where τ
controls the randomness of candidate rule generation.

TABLE III: Interpretable models against the HGB reference.

Model F2-score Accuracy OVR FA
LLM rule† 73.8±0.3 89.4±0.1 13.8±0.8 11.3±0.3
DT 72.4±0.7 87.1±0.5 14.4±0.8 12.8±0.5
HGB 76.5±0.6 89.5±0.3 6.8±0.8 10.8±0.3

†mean ± std over 10 random seeds at τ=0.7.



The LLM-derived rules match or outperform the DT across
all reported metrics while remaining substantially more com-
pact. They achieve a higher F2-score (73.8% vs. 72.4%) and
accuracy (89.4% vs. 87.1%), together with lower OVR (13.8%
vs. 14.4%) and FA (10.3% vs. 12.8%) rates, approaching the
HGB in terms of F2-score and accuracy. This performance
is obtained using only a few if-then conditions per contin-
gency, whereas the DT comprises 737 leaves with a maximum
depth of 14, and the HGB is an opaque ensemble of approx-
imately 592 trees, making both models difficult to inspect
or validate comprehensively. Although the HGB achieves the
lowest OVR (6.8%), indicating superior sensitivity to the rarest
failures, the LLM-derived rules capture the dominant decision
factors through per-line SHAP-based feature selection and
disjunctive (OR) conditions. Consequently, while they do not
reproduce the fine-grained decision boundary of the 21-feature
HGB, they provide concise, operator-readable explanations
that summarize the key factors leading to RL agent failures
rather than attempting to replace the HGB classifier.

The LLM offers a compact if-else symbolic model for
each contingency that an operator can easily inspect, audit,
and translate into natural language. An illustrative rule for
contingency in line 34_35_110 is: the RL agent is predicted
to fail when the load-to-generation ratio at t is ≤ 0.986 and
either the mean aleatoric reactive power load uncertainty for
t+ 12|t is ≥ 0.185 or the AI agent epistemic uncertainty
for t+12|t is ≥ 0.803. Here the low load-to-generation ratio
defines the operating regime, within which failure is flagged by
either elevated aleatoric uncertainty in the reactive power load
or high forecasted epistemic uncertainty, the latter signaling
anticipated OoD conditions.

In mission-critical tasks such as congestion management,
this trade-off between interpretability and accuracy should
be carefully evaluated. While OVR should be minimized to
avoid missed failures, the primary role of interpretability is
to provide additional insights to the human operator rather
than to replace a high-performing predictive model such as
the HGB classifier. A practical deployment could therefore
combine two complementary models: a highly accurate HGB
model for failure prediction and an interpretable surrogate that
provides concise explanations, helping operators understand
failure modes and the key factors that affect the AI agent’s
decisions.

VI. CONCLUSIONS

AI-based solutions for critical infrastructures such as power
grids must operate under uncertainty while combining domain
knowledge with data-driven learning. However, most AI agent
frameworks lack mechanisms to recognize when their recom-
mendations may become unreliable. This paper addresses this
limitation by incorporating epistemic uncertainty estimation
into RL agents, enabling uncertainty-aware decision-making
and confidence assessment. Such capabilities are essential
in environments subject to incomplete knowledge, evolving
operating conditions, and distribution shifts. Results show that
epistemic uncertainty is a useful indicator of agent failure risk,

allowing models trained on historical data to anticipate failures
one hour ahead with an F2-score of 76.5% and an OVR
below 7%, supporting timely deferral to human operators. In
addition, interpretable surrogate models, notably the proposed
LLM-based rule extraction, complement the failure predictor
with compact, human-readable explanations whose predictive
performance matches or exceeds a decision tree baseline while
remaining substantially easier to understand and inspect, facili-
tating operator trust and adoption. Future work will investigate
conformal prediction for uncertainty quantification and explore
the concept of evolving symbolic model [20] to build accurate
interpretable models.
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