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Documentation of contributions forWP3

This slide deck explains the code developed within WP3 of the AI4REALNET project.

AI4REALNET focuses on AI-based solutions for critical infrastructure systems, including 
electricity, railway, and air traffic management, where AI supports and augments human 
decision-making. 

The project develops advanced decision-making methods using supervised and 
reinforcement learning, ensuring trustworthiness, safety, resilience, and security. It 
integrates human-in-the-loop approaches and autonomous AI systems operating under 
human supervision and embedded safety rules. 

The framework is validated through six industry-driven use cases across three network 
infrastructures, addressing challenges such as decarbonization, digitalization, and 
operational resilience

http://www.enershare.eu/
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Overview

ÅT 3.1 Human-in-the-Loop Decision Making 

o RL Agent Uncertainty Quantification

o Conformal Prediction Framework

o Epistemic Uncertainty and Predicting RL Agent Failure Probability

o Failure Probability Framework

o Agent As A Service (A3S) & Trace RL

ÅT3.2 ςMulti -Objective Decision-Making

ÅT3.3 ςInteractive AI to Augment Decision-Making

o Inverse Reinforcement Learning with Risk-sensitive behavior

o Shaping AI Behavior to Operational 'Best Practices'

o Interactive Preference Learning in ATM Sectorization

o Human Learning Support

ÅT3.4 ςIntegrated Autonomous AI-driven Decision Systems

http://www.enershare.eu/
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Where to find more information in the Documentation

D3.2 ςSoftware Deliverable Chapters in the D3.1 Documentation

T3.1Human-in-the-Loop Decision Making Ch.1ς2: Human-centered AI & Joint Decision-Making Challenges

Epistemic Uncertainty and Predicting RL Agent Failure ProbabilityCh.4:Conformal Risk Assessment & Prediction Intervals

Agent-as-a-Service (A3S) & TraceRL Ch.3: Agent-as-a-Service & TraceRLGUI 

T3.2Multi-Objective Decision-Making Ch.5:Multi-Objective Decision-Making with AI

T3.3 Interactive AI / Preference Learning Ch.6:Interactive AI to Augment Decision-Making

T3.4Integrated Autonomous AI-driven Decision System Ch.7:Autonomous AI Driven-Decision Systems

http://www.enershare.eu/
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Link to the Github-Code-Repository:

https://github.com/AI4REALNET

http://www.enershare.eu/
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T3.1 ςHuman-in-the-Loop Decision Making

Leader: EnliteAI

Contributors:INESC TEC, UvA, SBB, FLAT

http://www.enershare.eu/
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Overview T3.1

Human-in-the-Loop Decision Making 

o RL Agent Uncertainty Quantification

o Conformal Prediction Framework

o Epistemic Uncertainty and Predicting RL Agent 

o Failure Probability Framework

o Agent As A Service (A3S) & Trace RL

http://www.enershare.eu/
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RLAgent Uncertainty Quantification

Contributors:INESC TEC
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Context

Motivation

Proposed methodology

AI-based assistants may produce inefficient recommendations for resolving 
power grid congestion. It is necessary to capture future grid outcomes such 
as line loadings, and its associated uncertainty.

Development of a framework:
ÅObtains line loading forecast values by simulating an RL agent action 

after injecting the grid with future load/generation values.
ÅProvides intervals of uncertainty around point forecasts of the 

forecasted line loadings using Conformal Prediction.

IkvJwd
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Conformal Prediction
Framework

ÅObtaining the forecasted state

ÅObtaining the forecasted line loadings

ÅFramework pipeline

ÅModel types

ÅRepository structure overview

ÅStarting a new experiment

ÅOutput structure

http://www.enershare.eu/


ai4realnet.eu

ai4realnet.eu
ai4realnet.eu

ai4realnet.eu

Obtaining the forecasted states

- A time-series forecaster trained as a multi-
output regressor is used to predict active and 
reactive power injections using historical 
observations and temporal variables (lagged 
features) for all loads and generators over a 1-
hour time horizon (timesteps ὸ ρȟȣȟὸ ρς).

- These forecasted values are injected into the 
grid, and a powerflow is ran to obtain the 
forecasted state of the grid.

time-series
forecaster

(HGB)

load /

generation (forecasted observation)

predicts

inject values

into the

powergrid

run powerþow

lag features

cyclic

encoding

http://www.enershare.eu/
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Obtaining the forecasted line loadings

The Conformal Prediction framework aims to provide intervals
of uncertainty around the line loadings forecasts.

To obtain the forecasted value of the line loadings, the action
ὥ that would be taken by the RL agent in the forecasted
state Ó ȿ is simulated resulting in the forecasted state ὀ ȿ.

From this forecasted state ὀ ȿwe obtain the forecasted 

values of the line loadings ”ὀ ȿ

The objective is that given a user-definable parameter ‌ᶰπȟρ, 
Conformal Prediction provides an interval of uncertainty ꜟ
around the forecasted ”ὀ ȿ such that:

ὖ” ᶰꜟ ὀ ȿ ρ ‌

time-series
forecaster

(HGB)

load /

generation (forecasted observation)

predicts

inject values

into the

powergrid

run powerþow

lag features

cyclic

encoding

(forecasted line loadings)

RL agent

simulate agent's action

http://www.enershare.eu/
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Conformal Prediction framework

The framework has a pipeline that follows
three consecutive phases

Calibration:
Å Collecting the calibration dataset

Training:
Å¦ǎƛƴƎ ǘƘŜ ŎŀƭƛōǊŀǘƛƻƴ ŘŀǘŀǎŜǘ ǘƻ άŦƛǘέ 

the Conformal Predictors

Testing:
Å Running real-time episodes, using 

Conformal Predictors to obtain 
intervals of uncertainty around the 
forecasted line loadings

Calibration
(running calibration 

data collection)

forecast load/generation

for the following  timesteps

using HGB

run power þow calculations

considering the RL agent,

obtaining 

calculate non-conformity

scores 

Training
(use calibration data to ýt

conformal predictors)

Vanilla

(per line quantiles)

Testing
(running test episodes 

in real time)

forecast load/generation

for the following  timesteps

using HGB

run power þow calculations

considering the RL agent,

obtaining 

use conformal predictors

to provide intervals of

uncertainty

 

k-NN

(adaptive with

uncertainty scalars)

ACI

(temporal adaptive

behaviour)

other models can be added..

advance the simulation step

by step collecting

http://www.enershare.eu/
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Model types

Single model
Å In the calibration phase, an opponent configuration is set, 

with ꜝṖflwhere ꜝ represents the set of attacked lines 
(possibly ꜝ )ɲ, and flrepresents the set of all power 
lines.

Å In the training phase, a single predictor is fit.
Å In the testing phase, the predictor generates intervals of 

uncertainty around the line loadings point forecasts. The 
lines can be subjected to opponent attacks (ꜝ π)

Ensemble of models
Å In the calibration phase, data is collected for each 

scenario, with ꜝ ρ.
Å In the training phase, a predictor is fit in each of the 

scenarios.
Å In the testing phase, the opponent can be configured to 

suffer attacks in ꜞ Ṗfl, with ꜞ π. All the Conformal 
Predictors generate a prediction, and the worst-case 
scenario is used as a conservative estimate.

...

Conformal

Predictor 0

Conformal

Predictor 1

Conformal

Predictor n-1

Conformal

Predictor n

Conformal

Predictor

Opponent

configuration

Calibration

phase

Single

model

Ensemble

of models
...

Opponent attacks

only line 0

Opponent attacks

only line 1

Opponent attacks

only line n-1

Opponent attacks

only line n

Training

phase

Testing

phase

Opponent

configurationpredict

Opponent

configuration

worst case

aggregation

prediction

http://www.enershare.eu/
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Code Structure (Overview)
Å The repository contains instructions, having README.mdfiles in every directory

Å In theroot/ directory there needs to exist both the RL agent (e.g., curriculum_14/)
and the forecaster (e.g., HBGB_14.pkl).

Å The framework is contained inside the src/ folder
Å config.py is the configuration file and all settings must be set there
Å main.py is the entry point for running the pipeline once config.py is set
Å plotting_script.pycan be used as a standalone script

Å calibration.py, training.py and testing.pyrepresent the three main phases

Å The conformalized_models/ directory contains the implementation of the 
conformal predictors

Å An interface between the forecaster and the framework must be
implemented inside the forecasters/directory

Å The plotting/ directory contains the utilities for generating the plots
Å The utils/ directory contains utilities used by the pipeline

http://www.enershare.eu/
http://www.enershare.eu/
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Starting a new experiment

ÅTo start a new experience set the parameters in config.py:
ÅFor example:

ÅALPHA = 0.1                                                        # Significance level. Can be a list or a single value. If it is a list, it will run an experiment 
for each alpha

ÅCALIB_EPISODES = 30                                       # Number of episodes from which we collect the calibration dataset
Å TEST_EPISODES = 30                                         # Number of episodes to run, to observe the results
Åh¦¢t¦¢ψ5Lw Ґ Ϧw9{¦[¢{κa¸ψ9·tέ              # Directory where to save the results (.csv and plots)
ÅSTEPS_TO_RUN = 8064                                    # Maximum number of steps to run each episode for
ÅAUTO_GEN_PLOTS = True І ²ƘŜǘƘŜǊ ǘƻ ŀǳǘƻƳŀǘƛŎŀƭƭȅ ƎŜƴŜǊŀǘŜ ǇƭƻǘǎΦ LŦ ǎŜǘ ǘƻ ŦŀƭǎŜΣ ƛǘ ƻƴƭȅ ƎŜƴŜǊŀǘŜǎ ΦŎǎǾΩǎ ǘƘŀǘ 

can be later used by the plotting_script.py
ÅMODELS = {                                                        # Which Conformal Predictors to use

"vanilla": (True, "vanilla"),
"knn_norm": (True, "knn_norm"),
"aci": (True, "aci"),       
Χ   # other models

}
Å9b±ψb!a9 Ґ ϦƭнǊǇƴψŎŀǎŜмпψǎŀƴŘōƻȄέ       # Grid2Op Environment
Å other parameters..                                           # For example, opponent can be configured

ÅNavigate to the src/ directory and run:
$   python main.py x

http://www.enershare.eu/
http://www.enershare.eu/
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Results

After running the experiment, we will have the output

structure on the right.

Example: Split CP on line 2 - Chronic 931 Example: ACI on line 2 - Chronic 931

http://www.enershare.eu/
http://www.enershare.eu/
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Results

After running the experiment, we will have the output

structure on the right.
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Authors Institution
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Epistemic Uncertainty and Predicting 
RLAgent Failure Probability

Contributors:INESC TEC
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Context

Motivation

Proposed methodology

RLagentsmight operatein high-riskstateswithout realizingit. Toensuresafety,we must
estimateepistemicandaleatoricuncertaintymetricsandintegratethis information into
a classifier that predicts if the AI agent will provide recommendationsthat solve
congestionproblems,avoidcascadingfailuresbeforethey occur

Failure prediction framework leveraging Uncertainty Quantification
(UQ)to createa self-awarenessfeaturefor AI-basedassistants

IkvJwd
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Proposed Methodology

1. Uncertainty decomposition
ÅAleatoric (data):Captures stochastic variability in load and generation (viaResidual 

Forecasting)

ÅEpistemic (model):Detects unknown orOut-of-Distributiongrid states (viaEvidential Neural 
Network)

2. Risk classification
ÅIntegrates uncertainty metrics with physical grid states (power flows, topology)

ÅTrains a classifier to predict minutes aheadif (the probability) the AI assistant 
recommendations can avoid cascading failure probabilityprior to action execution

3. Final objective
ÅProvide and predict a confidence level of the AI assistant recommendation to prevent risky 

operations in critical environments

http://www.enershare.eu/
http://www.enershare.eu/
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Failure Probability 
Framework

ÅObtaining the forecasting states

ÅObtaining the aleatoric uncertainty of 
forecasting states

ÅObtaining the epistemic uncertainty 
of the agent for each observation

ÅFramework pipeline

ÅRepository structure overview

ÅStarting a new experiment

http://www.enershare.eu/
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Obtaining the forecasting states

ÅA time-series forecaster trained as a multi-
output regressoris usedto predict active and
reactive power injections using historical
observationsand temporal variables (lagged
features)for all loadsand generatorsover a 1-
hour time horizon(timestepst+1,Χ, t+12).

ÅTheseforecastedvaluesare injected into the
grid, and a power flow is run to obtain the
forecastedstateof the grid.

       time-series     
       forecaster     

       (HGB)     

       load /     

       generation            (forecasted observation)     

       predicts     

       inject values     
       into the     
       powergrid     

       run powerþow     

       lag features     

       cyclic     

       encoding     

http://www.enershare.eu/
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Obtaining the aleatoric uncertainty

ÅSquaredresiduals are computed between the
ground truth and the predictions generatedby
the previously described mean model. These
residuals subsequently serve as the target
variable for training a secondary regression
model, which predicts the data variance to
quantifythe aleatoricuncertainty.

http://www.enershare.eu/
http://www.enershare.eu/
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Obtaining the epistemic uncertainty of agent for 
each observation

ÅEpistemic uncertainty is quantified
via Knowledge Distillation, where
an Evidential Neural Network (ENN) is
optimizedto replicatethe expertpolicyof the
SeniorAgent

ÅRather than standard softmax probabilities,
the network parametrizes a Dirichlet
distribution όʰύover the action space.
Consequently, model ignorance is derived
analyticallyas the inverse of total evidence
όǳҐYκңʰύΣacting as a direct proxy for Out-of-
Distribution(OOD)states

http://www.enershare.eu/
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Framework pipeline

Å Objective: Predictwhether a future line disconnectionwill lead to a system
failureonehour ahead, usingthe currentgrid stateand forecastuncertainty

Å CurrentGridState(st)

o Globalload-generationbalance

o Thermalstressindicators

o Epistemic Uncertainty (ENN) -> confidence in the current state
estimation

Å FutureScenarioForecast(st+12)

o Loadandgenerationprojections

o Aleatoricuncertainty-> intrinsicvariabilityof forecasts

Å ContingencyAnalysis

o What-if disconnectionof a specificpowerline

o Failureevaluation1 hour after the contingency

Å FailureClassification

o Inputs: currentgridstate+predictiveuncertainties+disconnectedline

o Binaryoutput:

Á 0ςstableoperation

Á 1ςpredictedfailure ->alarmtriggered

http://www.enershare.eu/
http://www.enershare.eu/


ai4realnet.eu

ai4realnet.eu
ai4realnet.eu

ai4realnet.eu

Repository structure overview

Å In the grid_security_project/  root directory:

o run_pipeline.py: The main entry point. Orchestrates the full pipeline execution 
(Training -> Data Collection -> Inference.

o README.md: Documentation and setup instructions.

o agent/ : Pre-trained RL agents required for the simulation. (eg.: 
agent/network36)

o data/: 

Á Training datato forecaster models (eg.: X_train_36.npy, y_train_36.npy).

Á ENNtraining and validation datasets (eg:. senior_expert_train_36.npz e 
senior_expert_val_36.npz).

Á Training datafor risk classifier (uncertainty_disconnection_analysis.csv).

o forecasts/ : Trained load and generation forecaster models(e.g.: HGBG_36pkl).

o models/ : Stores the serialized models generated by the pipeline:

Á Aleatoric Model (eg.: models/HBGB_36_aleatoric.pkl)

Á Epistemic Model (eg.: models/enn_36.pth)

Á Risk Classifier (eg.: models/final_classifier36.pkl)

o src/ : Core implementation of the framework:

Á config.py: Configuration file and all settings must be set there.

Á train_forecast.py, training_enn.py, collect_data.py, train_classifier.py: 
pipeline core modules.

Á enn_models.py (Evidential Neural Newtork Architecture)

Á utilis.py (Feature Enginnering): utilites.

http://www.enershare.eu/
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Starting a new experiment

ÅTo start a new experience set the parameters in config.py:

ÅNavigate to the src/ directory and run:
$ python run_pipeline.py

Parameters Value Result

ACTIVE_ENV
l2rpn_case14_sandox / 
l2rpn_icaps_2021

The script loads Config14/ Config36 and the 
specific input dimension (467/1363)

TRAIN_MODE True/False
Starts/Skips the training loop and attempts 
to load the.pth and.pkl files from 
your models/directory.

TEST_SINGLE_EPISODETrue/False
The run_pipeline.py will launch one full/all 
episode(s) (scenario)to evaluate how weel 
the agent manages the grid.

http://www.enershare.eu/
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Agent As A 
Service(A3S) & 
Trace RL

ÅContext

ÅMethodology

ÅOriginal contributions

ÅOverview of the repository

ÅInterfaces & Interaction Pattern 

EnliteAI
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Context

Motivation
WP2 produced high-performing agents, but operational deployment in critical 
infrastructures requires human oversight, auditability, and safe intervention during 
rolloutτespecially when context shifts or confidence drops.

Definition

Agent-As-A-Service (A3S) is a runtime service layer that wraps an existing agent + 
simulation environment and exposes standardized endpoints to restore state, query 
ŀŎǘƛƻƴ ǎǇŀŎŜǎΣ ŀƴŘ ǎƛƳǳƭŀǘŜ άǿƘŀǘ-ƛŦέ ŦǳǘǳǊŜǎΣ ŜƴŀōƭƛƴƎ ƻǇŜǊŀǘƻǊǎ ǘƻ ƛƴǎǇŜŎǘΣ ŎƘŀƭƭŜƴƎŜΣ 
and override decisions with minimal cognitive load.
Usecases

Human-in-the-loop decision support foroperations; offline replay & audit of decisions; 
operator training via simulation-backed counterfactual exploration.

32ai4realnet.eu
ai4realnet.eu
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Methodology(Human-in-the-Loop Integration)
5ŜǎƛƎƴ ƎƻŀƭΥ άǿǊŀǇΣ ŘƻƴΩǘ ǊŜǘǊŀƛƴΦέ
A3S deliberately targets the rollout phase: taking a trained agent and turning it into a supervised, 
steerable decision-support service

Core loop (Human in the Loop):
ÅAgent proposesan action for the current state
ÅA3S exposes action space + statethrough service endpoints
ÅOperator can inspect the trajectory(replay / KPIs / renderings)
ÅOperator can override actionsat selected decision points
ÅA3S simulates forwardfrom the restored state to verify consequences
ÅUI updates with the alternative future (branch) for comparison

Implementation pattern:
ÅBackend service hosts the agent + environment, exposed via lightweight IPC (Redis-based)
ÅConfiguration via YAML/Hydra to swap environments/agents without code changes
ÅFrontend connects to backend for interactive what-if rollouts and action overrides

33ai4realnet.eu
ai4realnet.eu
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Originalcontribution

34

мύ !о{Υ {ǘŀƴŘŀǊŘƛȊŜŘ άŀƎŜƴǘ ǿǊŀǇǇŜǊέ ŦƻǊ ǎǳǇŜǊǾƛǎŜŘ ŘŜǇƭƻȅƳŜƴǘ
Transforms WP2 agents into a service-oriented componentusable by operator tools, simulators, and 
dashboardsτwithout touching training code.

2) Simulation-backed interpretability (not static XAI)
Instead of explaining a single action post-hoc, A3S supports interactive validation:
άWhat happens if we take action B instead of A?έ τanswered by live rollout simulation.

3) Autonomy-level tuning at runtime
Supports a continuum from:

ÅŀǳǘƻƴƻƳƻǳǎ ǊŜŎƻƳƳŜƴŘŀǘƛƻƴǎ Ҧ ǎǳǇŜǊǾƛǎŜŘ ƳƻŘŜ Ҧ ƻǇŜǊŀǘƻǊ ƻǾŜǊǊƛŘŜ Ҧ ǎƛƳǳƭŀǘƛƻƴ-only validation.

4) TraceRLintegration for human-centered inspection
TraceRLoperationalizes A3S through:

Å Trajectory trees (branching futures)
Å Visual inspection of decision blocks
Å Action override & re-computationfrom the UI

ai4realnet.eu
ai4realnet.eu
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Originalcontribution
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Overview of repositorystructure

Two main deliverables inside one repo:
Å A3S backend(Task 3.1): restore/simulate/action-space service for live rollout supervision
Å TraceRL(Task 2.3): trajectory recording + Dash visualization + branching what-if analysis

36ai4realnet.eu
ai4realnet.eu

agent - as- a- service - trace - rl /
ςω ÁÇÅÎÔ- as- a- service/ # A3S backend (agent + env as a service)
ο υω agent_as_a_service /
ο ςω ÃÏÎÆƳ # Hydra YAML configs (env/agent/container/wrappers)
ο υω src / # service runner / container logic
ςω ÔÒÁÃÅ- rl / # TraceRL (trajectory + visualization + HITL UI)
ο ςω ÓÃÒÉÐÔÓƳ # trajectory collector (e.g., Gym demo)
ο υω trace_rl /
ο υω ÁÐÐƳ # Dash application (UI), connects to backend
ςω ÁÓÓÅÔÓƳ # images / examples used in docs & UI
ςω environment.yml # conda env (Dash, Gymnasium, Flatland, Torch, etc.)
ςω pyproject.toml # packaging (trace_rl + agent_as_a_service)
υω ÒÅÁÄÍÅƚÍÄ # setup + end - to - end workflow
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A3S Interfaces & Interaction Pattern

Minimal endpoint set enabling HITL:
ÅRestoreҦ ƧǳƳǇ ǘƻ ŀƴȅ ǇǊƛƻǊ ŘŜŎƛǎƛƻƴ Ǉƻƛƴǘ όǊŜǇƭŀȅ κ ŀǳŘƛǘύ
ÅGet action spaceҦ ƳŀƪŜ ƻǇŜǊŀǘƻǊ ŎƘƻƛŎŜǎ ŜȄǇƭƛŎƛǘ ϧ ǾŀƭƛŘ
ÅSimulateҦ ǾŜǊƛŦȅ ŎƻƴǎŜǉǳŜƴŎŜǎ ōŜŦƻǊŜ ŎƻƳƳƛǘǘƛƴƎ όŎƻǳƴǘŜǊŦŀŎǘǳŀƭ ǎŀŦŜǘȅ ŎƘŜŎƪύ

Human cognitive load principle:
Åshow onlythe information needed to decide (current state, feasible actions, 

predicted outcomes),
ÅŜƴŀōƭŜ Ŧŀǎǘ ōǊŀƴŎƘƛƴƎ όάǘǊȅ ƻǇǘƛƻƴ ! Ǿǎ .έύ ƛƴǎǘŜŀŘ of deep model introspection.

TraceRLUI connection:
Åconnect to ōŀŎƪŜƴŘ Ҧ ǎŜƭŜŎǘ ŘŜŎƛǎƛƻƴ ōƭƻŎƪ Ҧ ƻǾŜǊǊƛŘŜ Ҧ ǎƛƳǳƭŀǘŜ Ҧ ŎƻƳǇŀǊŜ 

branches.
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Link to repository:https://github.com/AI4REALNET/agent-as-a-service-trace-rl
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T3.2 ςMulti -Objective Decision-Making 

Leader: UKassel

Contributors:IRTSX, FHG, FLAT
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Context

Motivation
Competing objectives in complex network operations
require a dynamic assessment of a situation by human 
operators. As a result, the relative importance (weight) of 
objectives is not known a priori, and might change in real
time. 

Strategy

The strategy to adaptto multi-objective environments is to create an ensemble of 
policiesthat collectively define a pareto front, allowing the human operator to choose 
an action out of a list of optimal strategies based on his assessment of the relative 
importance of objectives.

Usecases

Successfully implemented in the electrical grid domain; plans to implement in the Air 
Traffic domain (BlueSky)
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Methodology (1/2)

ÅMain goal: develop an ensemble of policiesto 
accommodate any linear combination of weighted 
objectives

ÅOptimistic Linear Support Algorithm:
ÅTrain on a scalarized objective(linear weights assigned to each 

objective)

ÅStart with extreme scenarios: 
Åw0 = 1, w1 = 0

Åw0 = 0, w1 = 1

ÅIteratively identify corner weights, find optimal policy at those 
points to efficiently expand convex coverage set

ÅSet of policies and weights defines the pareto front
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W1 = 0

W0 = 0
W1 = 1

Corner weight wc
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New corner weights

Improvement of

convex hull

First iteration
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Methodology (2/2)

ÅDetermination of Pareto Front:
Deep Optimistic Linear Support (DOL) algorithm
ÅGeneral algorithm, domain agnostic

ÅCode implementation on GitHub

ÅEnvironment:
Integrates with the MORL-Baselines toolkit

ÅAgents and training:
ÅAgent-agnostic, example implementations shown 

with Multi-objective PPO algorithm
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 ŀƛпǊŜŀƭƴŜǘψƳƻǊƭ
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 ǎŜǘǳǇΦǇȅ

Code Structure, Status and Plans

Current Version
ÅDomain-agnostic package: ai4realnet-morl

ÅExample implementation for Grid2Op:
grid2op-ai4realnet-morl

Status and Plans
ÅImplementation carried out 

for Grid2Op Environment

ÅWork in progress to implement
in BlueSky environment
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T3.3 ςInteractive AI to Augment Decision-Making

Leader: TUD

Contributors:POLIMI, UvA, FHNW, SBB, FLATLAND
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Overview 3.3

Interactive AI to Augment Decision-Making

o Inverse Reinforcement Learning with Risk-sensitive behavior

o Shaping AI Behavior to Operational 'Best Practices'

o Interactive Preference Learning in ATM Sectorization

o Human Learning Support
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Inverse 
Reinforcement 
Learning with Risk-
sensitive behavior

ÅContext

ÅMethodology

ÅOriginal contributions

ÅOverview of the repository

ÅExperiments

POLIMI
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Context

Motivation
Humans commonly engage in risk-sensitive behaviors in the presence of stochasticity, but 
no algorithm in the literature allows to learn their utility function, whose knowledge would     
allow predictive and descriptive applications on their behaviors

Definition

The utility function of an agent represents its risk attitude, and formally represents its 
valuation for money or goods at stake

Usecases

Knowing the utility of an agent allows predicting its behavior for instance in games but 
also in financial applications
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Methodology

ÅMain idea = Assume the human expert takes optimal risk-sensitive decisions based on a 
utility function in a known Markov Decision Process.

Collect large  
number of  

samples from the  
environment and 

the expert

Use maximum 
likelihood estimators 

for the quantities 
(e.g., occupancy 

measure) at stake

Perform projected 
subgradientdescent to 

obtain a good utility 
function
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Originalcontribution

51

ǒ Algorithm #1 | CATY-UL

Short description: Classify input utilities as compatible or not

Contribution: First provably efficient algorithm of this kind

Implemented features: Tabular MDPs

ǒ Algorithm #2 | TRACTOR-UL

Short description: Extract a meaningful utility from expert demonstrations

Contribution: Projected subgradientdescent-based algorithm

Implemented features: Tabular MDPs
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Overview of repositorystructure

The code is composed of two main files:

ǒ algorithm.py containing implementations of CATY-UL and TRACTOR-UL

ǒ environment.py for simulations in tabular MDPs

A description of how to use the code is provided in the README.
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Experiments

Two main experiments:

ǒ Experiment 1: Test on true human demonstrations 

provided by 15 colleagues in the lab the amount of non-

Markovianityexhibited.

ǒ Experiment 2: Run TRACTOR-UL on synthetic data on 

various MDPs to assess its computational and sample 

complexities in practice.
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Shaping AI
Behavior to 
Operational 
'Best Practices'

ÅContext

ÅMethodology

ÅOriginal contributions

ÅOverview of the repository

TUDTUD
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RL learning & behavior shaping

Motivation

Developed Functions

Accelerate learning and demonstrated RL behavior to operationally acceptable performance 
using an augmented RL architecture.

Action Shielding: during training and/or operation, shield all unsafe actions from the RL agent.
Human Feedback: during training, humans shape the RL policy using pairwise or single episoderatings.
Expert Demonstrations: during training, a heuristic algorithm modeled after human expertise shapes the RL 
policy by imitating the "expert" while allowing exploration.

Use cases

Applicable to Air Traffic Management (ATM) flow management use case (BlueSky)
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Context: Aircraft conflict resolution in 2D

The goal is to avoid violating the minimum allowed separation of 5 NM between the two aircraft, 
while minimizing the route and heading deviation from the original trajectory, and minimize the 
number of (heading and/or speed) maneuvers taken. The resolution maneuver should be aligned 
ǿƛǘƘ ƻǇŜǊŀǘƛƻƴŀƭ ΨōŜǎǘ ǇǊŀŎǘƛŎŜǎΩ ǘƻ ŦƻǎǘŜǊ ƘƛƎƘ ŀŎŎŜǇǘŀƴŎŜ ŀƳƻƴƎ ŀƛǊ ǘǊŀŦŦƛŎ ŎƻƴǘǊƻƭƭŜǊǎΦ

original route
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Methodology: Q-learning with function approximation

Action-value 
function

Feature vector

Q-learning 
update

L2 regularization factorLearning rate

ὗίȟὥ ἿἩ‰ί

‰ί ὨȟὨȟÓÉÎ—ÒÅÌȟÃÏÓ—ÒÅÌȟὨ#0!ȟὸ#0!ȟίȟί᷆ȟÓÉÎ—ÏÒÉÇȟÃÏÓ—ÏÒÉÇȟρ

‏ ὶ ‎ÍÁØὗί ȟὥ ὗίȟὥ

ἿἩᴺἿἩ ‏ꜚ‌ ί ‗ἿἩ
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Original contributions: RL behavior shaping architecture

A single RL architecture with pre-selection (pre-
shielding) action filter, human feedback and learning 
from demonstrations, enabling the evaluation of 
each technique both individually and in combination.

Together, these mechanisms reduce the effective 
exploration burden, improvesample efficiency, and 
help the learned policy converge toward solutions 
that are both performant and consistent with 
established operational practices.
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Original contributions: Human Feedback

A

B

Ἷ ᴺἿ ‌ ᶯὗὃ ᶯὗὄ

If ὃis preferred over ὄ:

Ἷ ᴺἿ ‌ ᶯὗὄ ᶯὗὃ

If ὄis preferred over ὃ:
Ἷ ᴺἿ ‌ Ὑ ὗί ‰ί

Human rating ὶɴ ρȟςȟσȟτȟυmapped to scalar Ὑᶰ ρȟρ:

(‌ is feedback gain)
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hǊƛƎƛƴŀƭ ŎƻƴǘǊƛōǳǘƛƻƴǎΥ άŜȄǇŜǊǘέ ƎǳƛŘŀƴŎŜ

A rule-based Velocity Obstacle (VO) formulation is used to 
generate control actions that place the relative velocity of the 
controlled aircraft outside the collision cone (i.e., the velocity 
obstacle) induced by the intruder's protected zone, thereby 
providing guidance signals for the learning agent. As a rule, 
candidate maneuvers are further constrained to ensure a 
fixed pass-behindgeometry, which is commonly aimed for by 
experthuman controllers.

ἿἩἼἏᴺἿἩἼἏ ‌ ὗ ὗίȟὥ ‰ί

target to exceed the value of the best competing action by at least a margin gap άὗ  ÍÁØװὗίȟὥ άװ

with:

Q-function weight update:

ὗίȟὥ ŎǳǊǊŜƴǘ ŜǎǘƛƳŀǘŜ ƻŦ Ƙƻǿ ƎƻƻŘ ǘƘŜ άŜȄǇŜǊǘΩǎέ ŀŎǘƛƻƴ ὥ is in state ί
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Original contributions: Interactive demonstrator

Real-time monitoring of RL training 
process (trajectories, rewards, success)

Live feature relevance plot during 
training for explainability

Traceability log and debug view for 
inspecting RL decisions

Switch between modes (human 
feedback and automatic RL)

Modify settings to inspect impact on 
RL behavior and training process

Expert demonstrations via well-known 
!¢/ ōŜǎǘ ǇǊŀŎǘƛŎŜ όάǇŀǎǎ ōŜƘƛƴŘέύ 

Standalone JavaScript/HTML application (runs in the browser, no external libraries needed)
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Overview of the repository

JavaScript/ HTML 
source

Documentation
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Interactive 
Preference 
Learning in ATM 
Sectorization

ÅContext

ÅMethodology

ÅOriginal contributions

ÅOverview of the repository

TUD
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Real-time interactive learning

Motivation

Developed Functions

Due to scarcity of labeled human data in many domains, develop an interactive solution assistant 
supporting operators in real time while learning preferences from domain expert annotations.

Human-in-the-loop optimization framework via interactive evolutionary computation ςusing multi-
objective adaptations of a Covariance Matrix Adaptation Evolutionary Strategies (CMS-ES) algorithm 
ςallowing human operators to revise, accept, reject, nudge and steer optimizations in preferred 
directions,while a Kernel Density Estimation-based meta learner learns from human annotations. 

Use cases

Applicable to Air Traffic Management (ATM) sectorization use case
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Context: ATM use case on sectorization
5ȅƴŀƳƛŎ !ƛǊǎǇŀŎŜ {ŜŎǘƻǊƛȊŀǘƛƻƴ ό5!{ύΥ άa continuous restructuring of airspace sectors that ensures efficient 
allocation of scarce resources (e.g., Air Traffic Controllers) considering operational, economic and ecological 
ŎƻƴǎǘǊŀƛƴǘǎ ƛƴ ōƻǘƘ ƴƻƳƛƴŀƭ ŀƴŘ ǾŀǊƛŀōƭŜ ŀƛǊ ǘǊŀŦŦƛŎ ŎƻƴŘƛǘƛƻƴǎΦέ όDŜǊŘŜǎ et al., 2018)

Human Role: flow and capacity manager

Objectives:
Å Keep predicted controller workload within acceptable bounds (min/max)

Å Balance predicted workload across sectors (low standard deviation)

Å Minimize the number of handover points (coordination workload)

Operational constraints:
Å Number of airspace sectors equal the number of available controllers

Å Ensure convex airspace sectors

Å Sectors should not be too small

Å Avoid route crossings too close to sector boundaries

Å Ensure sufficient route lengths within sectors

Å Avoid route segments to coincide with sector vertices

Å Avoid shallow crossing angles between routes and sector boundaries

sector
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Methodology: environment modelling

ÅTrajectory generation:
Interpolation of flight plan data (geometric calculations)

Historical flight data (distributions on FIR airspace entry/exit times)

Incorporate trajectory uncertainty (uncertainty distributions on position, arrival times and flight speed)

ÅWorkload prediction: (weighted) sum of complexity (CX) factors

ὅὢȡNumber of route crossings

ὅὢȡNumber of coordination points (= route-airspace crossings)

ὅὢȡNumber of predicted flights per sector, per time slice

ὅὢȡNumber of predicted conflicts per sector, per time slice

Χ

ÅConvex sector geometry:
Voronoi partitioning

CƻǊǘǳƴŜΩǎ ŀƭƎƻǊƛǘƘƳ όŦŀǎǘΗύ

Number of centers = number 
of available controllers 

ὡὒ ύɇὅὢ (ύ from literature) 
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Methodology: interactive optimization
ÅMulti -objective optimization: minimize cost function Ὂ●ȟὸusing Covariance Matrix Adaptation 

Evolutionary Strategies (CMA-ES) with random scalarization between two competing objectives:

ÅHuman guidance:
ÅInjection: replace or bias the CMA-ES mean with user-provided centers;
ÅPreferenceshaping: reward or penalize regions of the search space using kernel model;

ÅRestarting: soft or hard reinitialization around a preferred layout.

ÅSupervised meta-learning of kernel parameters: 
ÅDynamically adjust (using gradient) how strongly and how broadly human feedback shapes the 

optimization (reward) landscape;
ÅLearn from historical feedback: more coherent Ą influence sharpens Ą faster convergence near regions 

aligned with human preference.

ÅContinual learning:
ÅPreserve learned preferences between sessions for continuity and cumulative learning

ÅLearn to generalize between sessions (and airspaces) as long as human feedback remains consistent

Ὑ●ȟὸ: learned 
preference reward

task 
constraints
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Original contributions: HMI

HMI for interactive optimization & preference learning 
Interactive Evolutionary 
Computing via CMA-ES

Human steering of a multi-
objective optimization problem

Interactive Pareto Frontier to 
record human-preferred weights

Observe and intervene 
optimization process step by step

Record preferred solutions as 
labelled samples for meta-learning

Standalone, fully integrated 
environment, enabling controlled 
human-in-the-loop experiments

Understanding impact of 
hyperparameters & settings
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