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This lecture in a nutshell

Application to energy systems

Human decision-making 
under forecast uncertainty

Neuro-symbolic learning for 
transparent data-driven 
decision-making



Human decision-
making under 
forecast uncertainty

[Generated with ChatGPT based on Botterud, A., Wang, J., Miranda, V., Bessa, R. J. (2010). 
Wind power forecasting in US electricity markets. The Electricity Journal, 23(3), 71-82.]
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~120 manual actions by the REE (TSO) in 210 min

“…the decision to perform the maneuvers is taken 
either based on the experience of the operator 
or based on a static power flow simulation 
performed right before, to check the expected 
impact of the action on voltages and loads of 
elements.”
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“The manual corrective actions were carried out within humanly 
realistic time frames. The measured response times between the 
first recorded alarm exceeding the high-voltage alarm threshold and 
the execution of the first voltage control remedial action 1min 33s 
in the northern zone and 2min 11s in the southern zone take into 
account the time required for the operator to detect the alarm, 
analyse the issue, assess the most appropriate action while taking 
its impact into account, and implement it.”

“In the final analysed period, Red Eléctrica’s dispatchers were 
unable to implement manual voltage control actions due to the 
very short duration of the event (38 sec). In such timeframes, only 
dynamic voltage control – i. e., generator voltage regulation 
together with STATCOM and HVDC voltage control – can effectively 
mitigate voltage deviations.”
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Growing (fragmented?) data & 
controllable resources

New tools for flexibility 
procurement & activation

Procure and activate flexibility 
in the short-term horizon

Increase in supervision 
needs

No more tools 
please!

When to decide? How to 
rank flexibility options?

Image from: https://www.renewableenergyworld.com/power-grid/outage-management/building-the-control-room-of-the-future-to-ensure-resilient-power-grids/

How to integrate forecast 
uncertainty to be used?
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Decision under forecast uncertainty: concepts

Source: Hill (2013). Confidence and decision. Games and 
Economic Behavior, 82, 675-692

Uncertainty forecasts with a larger spread can be helpful 
in catching low-probability-high-impact events, but can 
lead to expensive decisions due to high uncertainty

Narrow forecast intervals can, on the other hand, lead a 
decision-maker to overconfidence in a decision

Confidence-based decisions “Best” moment to decide

Ri
sk

Cost

Grid forecasting

Spatial-temporal uncertainty
Flexibility options

Meaningful information for 
human operators to decide

Condensing large/complex 
information into risk curves

Key decision: wait (e.g., for a new 
forecast) or take an action now?

action A

action B
action C
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Framework: risk-aware flexibility procurement

Full Electrical 
Grid

Forecast 
Uncertainty for 

Grid Nodes
Identification of 

critical lines

Flexibility 
Options

Filter candidate 
flexible options

Flexibility options 
ranking

Risk-cost curves 
with top flexibility 

options

Preferred solutionLarge volume of 
information

Human 
operator 

integration

Information reduction  to remove cognitive load of human operators

Technical problems with a prob > 
threshold trigger the next steps

Reference: R.J. Bessa, F. Moaidi, J. Viana, J.R. Andrade, "Uncertainty-aware procurement of flexibilities for electrical grid operational planning,” IEEE Transactions on Sustainable Energy, vol. 15, no. 2, pp. 789-802, Apr. 2024
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Building blocks: scenarios & sensitivities

Spatial scenarios generated with a 
Gaussian copula and marginal 
probability distributions

For each scenario, compute 
sensitivity indices relating

P, Q ~ Branch current (1)

P, Q ~ Node voltages (1)

NTW reconfiguration ~ Branch 
current (Z-bus + graph theory)

For each flexibility option, 
metrics are computed to 
characterize its effectiveness

• Expected flexibility cost
• Probability of congestion
• VaR of flexibility cost
• VaR of severity
• Expected severity

(1) K. Christakou, et al. “Efficient computation of sensitivity coefficients of node voltages and line currents in unbalanced radial electrical distribution networks,” IEEE Trans. on Smart Grid, vol. 4(2), pp. 741-750, June 2013 
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Building blocks: flexibility ranking, risk curves
Flexibility options ranking with TOPSIS(1)

Option 1: Curtail wind farm B50

Option 2: Demand response B1

Option n: Redispatch B10, B16

…

Probability of congestion

Option 1: Curtail wind farm B50

Option 2: Demand response B1

Option n: Redispatch B10, B16

…

Cost (€)

Pr
ob

ab
ili

ty
 o

f c
on

ge
st

io
n

Cost (€)

Combine top k
flexibility options

(1) K. Yoon, “A reconciliation among discrete compromise situations,” J. of the Op. Res. Soc., vol. 38, pp. 277–286, March 1987.
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Time-to-decide (T2D) and meta-forecasts

Forecast for t+30|t 
(NWP @ 00h00)

Forecast for t+18|t
(NWP @ 12h00)

Forecast for t+2|t
(NWP @ 12h00 + past 

observations)

Delivery hour

At decision time t, generates
 Forecast for t+30|t 
 Meta-forecast for t+30|t+12 
 Meta-forecast for t+30|t+28 

R
is

k

Cost

selected max risk-level 

by human operator

Stakes

M
ax

 R
is

k

time

flexibility price

uncertainty

in theory…

delivery time

Probability of a congestion forecasted with NWP for day D+1 (lead time: t+30)
> Decide now ( “reserve” a flexibility option) or wait for next forecast?
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Meta-forecasting model

Forecasted generated with 00h00 NWP
+

Features characterizing level 
uncertainty (IQR, forecasted quantiles, 
stdev.)

baseline model: forecast does not change

 MAE improvement (meta-forecast with NWP @ 12h00) between  13% and 26%

 MAE improvement (meta-forecast for t+2|t) between  16% and 31%
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Flexibility management use case example
Forecast and meta-forecast launched at 00h00 for t+42|t

Wait for the 
next forecast 
update. DO 
NOTHING

forecast and meta-forecast launched at 12h00

Wait for the next forecast 
update. DO NOTHING

forecast launched for t+2|t

No congestion (no need for flexibility)
Saved flexibility cost!
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Results for Oberrhein MV network

KEY MESSAGES

 A mix of physics-based information, data and interaction with the 
decision-maker offers a simple approach to rank and select 
flexibility options (e.g., example from industry is TenneT GridOptions)

 Time-to-decide (T2D) approach outperforms a decision-now strategy 
(i.e., operator decides to reserve flexibility at the lowest price) 
 Improves by 30% the cost-loss matrix performance metric

This is just combining information in a step-by-step 
approach and not evolving knowledge from data 
A more advanced learning approach is needed…



Neurosymbolic
learning for 
interpretable data-
driven decision 
making

[generated with ChatGPT]
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Image from: https://arxiv.org/abs/2306.16784

Image from: https://www.wsj.com/tech/this-time-the-hype-around-self-driving-cars-feels-real-e37f2e7f
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Opportunity along the AI evolution chain

Figure from: H.F. Hamann, et al., “A perspective on foundation models for the electric power grid,” Joule, vol. 8(12), pp. 3245-3258, Dec. 2024. 

evolve and learn expert systems from data

It’s no longer just about learning from data, but about the evolution of knowledge from it
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Neurosymbolic learning

Supervised Learning

Digital EnvironmentLabelled Data

Metaheuristic 
Optimizer

Reinforcement Learning

Reward
Action

EvolutionEvolution

Loss

General-purpose Programming Language (GPL) 
OR

Domain-specific Language (DSL)
OR

Graph

General-purpose Programming Language (GPL) 
OR

Domain-specific Language (DSL)
OR

Graph

Kn
ow

le
dg

e 
Re

pr
es

en
ta

tio
n

Know
ledge 

Representation

Reference: F. Fernandes, R.J. Bessa, J.A. Peças Lopes, “Evolving symbolic model for dynamic security assessment in power systems,” Journal of Modern Power Systems and Clean Energy, vol. 13, no. 4, pp. 1113-1126, 2025.
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(1) Application to dynamic security assessment
Is the power 

system close 
to 

instability? 

Yes! 
Which 

preventive 
action 

should I 
take?

Image from: https://news.cision.com/abb-power-grids/i/control-room,c2661365

General-purpose 
Programming Language (GPL)

Reference: F. Fernandes, R.J. Bessa, J.A. Peças Lopes, “Evolving symbolic model for dynamic security assessment in power systems,” Journal of Modern Power Systems and Clean Energy, vol. 13, no. 4, pp. 1113-1126, 2025.
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Evolving symbolic model (ESM) for dynamic 
security assessment

Example of a simplistic template for ESM

template evolution process 
using Simulated Annealing

Example of elements to create new 
models

Source: 
https://www.intechopen.com/chapters/38520
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ESM for dynamic security assessment
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ESM classification model: secure or insecure?
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ESM decision model: preventive action

Primitive model Decision system

reward function

(trade-off between the cost of additional
synchronous inertia and the enhanced system security)
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Case study: Madeira island
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Results: Interpretability

Evolving symbolic model (ESM)

Decision Tree (DT)
Pruned DT
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Physical meaning of the ESM
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Results: Decision quality

Human-ES: Human expert system
RL-ANN: Reinforcement learning artificial neural network

re
w

ar
d
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(2) Application to design controllers in power 
systems

- Controller System+

disturbance

reference output

+ noise

Design a 
controller 
and tune 

parameters

Graph

Reference: L. Bost, F. Fernandes, R.J. Bessa, “AI-assistant for intelligent  design of controllers in power systems,” Sustainable Energy, Grids and Networks, vol 43, pp. 101831, Sept. 2025.



29

ESM to design controllers

Knowledge representation 
(control graphs – based on signal-flow 

graph)

graph evolution process 
using Simulated Annealing

List of mutations
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ESM to design controllers

FO PID

Gain

Starting controller

Gain PI

Gain

Transformation 
step

PI

Reduction step

Step 1: List of individual block simplification

Step 2: Involves removing gain blocks with a value of K = 0 outside the base (branch and feedback 
blocks) and gain blocks with a value of K = 1 on the base
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Grid-forming converter case study
Goal: generate a controller that improves the frequency stability

Fitness function

 Frequency deviation relative to its nominal value + penalty that discourages highly oscillatory responses
 During parameter tuning (PSO), the stability margins criterion is used as the cost function of the PSO, and

constructed by linearizing the model, and the open-loop transfer function of the system is extracted
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Results

Control system learned with ESM for the GFM 
converter

benchmark models
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(3) Explaining power systems dynamics

Reference: I. Lamprianidou, F. Fernandes, R.J. Bessa, P. Papadopoulos, “Symbolic explainer of power system dynamics,” PSCC 2026, Limassol, Cyprus, June 2026.

What variables (and how) affect the system stability 
at a local level?

Important to
• Enhance situational awareness for day-to-day 

operation
• Help in defining preventive measures to avoid 

stability or security loss

Derive the critical clearing time (CCT) expression considering a 
3-phase self-clearing fault at an HV bus
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Piecewise Symbolic Regression (Pc-SR) 
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Results

Deriving RC CTT equations for Bus 29
Example of resulting critical clearing time 

expression and corresponding region
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(4) Real-time congestion management

[generated with ChatGPT]
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Evolving rules for real-time congestion 
management

Reference: F. Moaidi, R.J. Bessa, “Evolving power system operator rules for real-time congestion management,” Energy and AI, vol. 23, pp. 100672, Jan. 2026.

Genetic network program (GNP)

Grid2Op 
(environment)

Change of state Reward

Best graph

Reinforcement learning (RL)

rule accumulation

GNP will extract the best-evolved
(elite) decision graph per episode

expert system

initializing AI agent with 
modified versions of the 
expert decision graph

𝑎𝑎0 𝑎𝑎1 𝑎𝑎2

𝑠𝑠0 𝑠𝑠1 𝑠𝑠2
…

Accumulating optimized rules via
following the trajectory of actions
(𝒂𝒂𝟎𝟎,𝒂𝒂𝟏𝟏, . . ,𝒂𝒂𝒏𝒏) selected per grid sate
(𝒔𝒔𝟎𝟎, 𝒔𝒔𝟏𝟏, . . , 𝒔𝒔𝒏𝒏) by elite graphs

rule extraction by a 
decision tree
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Results for IEEE 118 (Grid2Op environment)
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AI assistants for power grids

Reference: M. Mussi, A. Maria Metelli, M. Restelli, G. Losapio, R. J. Bessa, et al., “Human-AI interaction in safety-critical network infrastructures,” iScience, vol. 28, no. 9, pp. 113400, Sept. 2025.

Reference: M. Leyli-abadi, R.J. Bessa, et al., “A conceptual framework for AI-based decision systems in critical infrastructures,” 2025 IEEE International Conference on Systems, Man, and Cybernetics (SMC), Vienna, 
Austria, 5-8 October 2025.
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Human-AI co-working interfaces
Bi-directional virtual assistants for joint decision-making | Hypervision concept 

real-time view of the environment with tools like zooming

tracking time steps and event history for analysis

notifications about risks 
and events 

AI-based suggestions 
that operators can adopt
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AINETUS – Linux Foundation Energy project



42

AINETUS demo
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“…software timing error in FirstEnergy’s UNIX-based XA/21 
energy management computer was found to be the primary 
cause of the grid event alarm failure. After the alarm system 
failed silently, the unprocessed events started to queue up and 
crashed the primary server within 30 minutes. 

“The operators only determined they had problems when data
from phone calls received from customers, nearby utilities, and 
their regional coordinating center calls did not match the 
information on their screens.”

“The blackout might have been prevented if FirstEnergy’s 
operators only knew what was happening with their grid” 

What if the failure was in an 
AI assistant?
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Self-awareness of the AI assistants

[generated with ChatGPT]

Machine learning method that integrates 
epistemic and aleatoric uncertainty, and 
indicators of power grid operational complexity, 
to predict the probability of reinforcement 
learning agent failure over future time horizons

 used to defer the “control” to humans
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AI agent failure prediction

Reference: R. Bessa, M. Costa, C. Gonçalves, P. Ferreira, “Uncertainty quantification and failure Prediction for AI-based congestion management,” submitted to SEST 2026.

Performance for one-hour ahead reinforcement learning agent failure prediction

FA – False Alarms
OVR – Oversight Rate
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Inputs Outputs

machine learning is frequently seen as a “black box”

Parameters Decisions

but, mathematical optimization can also be seen as a “black box” by a human decision-maker

especially if there is 
forecast uncertainty
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Explaining EV charging tariffs design
Explain the results of an optimization problem to a decision-maker  design of EV charging dynamic tariffs

Is feature importance really meaningful? 

Reference: C. Silva, R.J. Bessa, “Carbon-aware dynamic tariff design for electric vehicle charging stations with explainable stochastic optimization,” Applied Energy, vol. 389, pp. 125674, July 2025.
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Explaining EV charging tariffs design

imitation accuracy

Reference: T. Bessa, C. Silva, R.J. Bessa, “Explaining the optimization of dynamic tariffs for electric vehicles charging with large language models,” submitted to SEST 2026.

Global interpretability: total number of mental operations required to inspect the complete model
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Explaining EV charging tariffs design

Human-readable Explanation

Feature 
Description

Problem 
Description

LLM’s rule set

EV-Driver? CSO? Regulator?

Audience

Symbolic Rules

LLM

Reference: T. Bessa, C. Silva, R.J. Bessa, “Explaining the optimization of dynamic tariffs for electric vehicles charging with large language models,” submitted to SEST 2026.



51

Interpretable AI agent failure prediction

Reference: R. Bessa, M. Costa, C. Gonçalves, P. Ferreira, “Uncertainty quantification and failure Prediction for AI-based congestion management,” submitted to SEST 2026.

Following a contingency on line 34_35_110, the RL agent is predicted to fail if 
the maximum line loading (ρ) at t is ≥ 0.65 while the epistemic uncertainty is ≥ 
0.79, and the mean aleatoric generation uncertainty is ≤ 0.34, or if the 
forecasted reactive load at t+12 is ≥155.54 MVar and the mean aleatoric 
generation uncertainty is ≤0.34



Concluding remarks



• Interpretability (beyond explainability) is critical for real-world adoption

• Hybrid approaches (physics + data + optimization) will dominate over purely data-driven 
methods creating compound AI systems

• AI will enable faster, scalable, and more adaptive decision-making under uncertainty

• Human-AI collaboration will be key in control rooms and operational workflows

• Progress requires standardization, shared models/data, and interdisciplinary collaboration

53
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