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Documentation of contributions foMWWP3 PN

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

AIAREALNET focuses o#aAded solutions for critical infrastructure systems, including
electricity, railway, and air traffic management, where Al supports and augments human
decisionmaking.

The project develops advanced decisimaking methods using supervised and
reinforcement learning, ensuring trustworthiness, safety, resilience, and security. It
Integrates humarn-the-loop approaches and autonomous Al systems operating under
human supervision and embedded safety rules.

The framework is validated through six industiyven use cases across three network
Infrastructures, addressing challenges such as decarbonizdtmtalization and
operational resilience
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Overview

A T 3.1 Humasin-the-Loop Decision Making
o0 RL Agent Uncertainty Quantification
o Conformal Prediction Framework
o Epistemic Uncertainty and Predicting RL Agent Failure Probability
o Failure Probability Framework
0 Agent As A Service (A3S) & Trace RL

A T3.2¢ Multi-Objective DecisiosMaking

A T3.3¢ Interactive Al to Augment DecisioMaking
o Inverse Reinforcement Learning with Regnsitive behavior
o Shaping Al Behavior to Operational 'Best Practices'
o Interactive Preference Learning in ATM Sectorization
o0 Human Learning Support

A T3.4¢ Integrated Autonomous Abriven Decision Systems
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Where to find more information in the Documentation)@\

D3.2¢ Software Deliverable

T3.1Humanin-the-Loop Decision Making

Chapters in the D3.1 Documentatic

Ch.X2: Humancentered Al & Joint Decisidviaking Challenges

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

Agentasa-Service (A3S) &aceRL

T3.2Multi-Objective DecisioiMaking
T3.3Interactive Al / Preference Learning

T3.4Integrated Autonomous Adriven Decision System
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Ch.3:Agentasa-Service &raceRIGUI

Ch.5:Multi-Objective Decisioiaking with Al
Ch.6:Interactive Al to Augment Decisidiaking

Ch.7:Autonomous Al Driveecision Systems
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Link to theGithub-CodeRepository:

[m] b2 [m]

https://github.com/AI4AREALNET
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T3.1¢ Humanin-the-Loop Decision Making

Leader:EnliteAl
Contributors:INESC TEGyA SBB, FLAT
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Overview T3.1

Humanin-the-Loop Decision Making

0 RL Agent Uncertainty Quantification

o Conformal Prediction Framework

0 Epistemic Uncertainty and Predicting RL Agent
o Failure Probability Framework

o0 Agent As A Service (A3S) & Trace RL
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RLAgent Uncertainty Quantification

Contributors: INESC TEC
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Context >©.\

Albased 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.

Proposed methodology

Development of a framework:
A Obtains line loading forecast values by simulating an RL agent action
after injecting the grid with future load/generation values.
A Provides intervals of uncertainty around point forecasts of the
forecasted line loadings using Conformal Prediction.
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A Obtaining the forecastedtate
A Obtaining the forecasted line loadings
AFramework pipeline

Conformal Prediction AModel types

Framework ARepository structure overview

A Starting a new experiment

AOutput structure
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Obtaining the forecasted states PN

cycl)ec - A time-series forecaster trained as a mullti

Lencod n|g T output regressor is used to predict active and
forecast er reactive power injections using historical
| ag f ur es HGB observations and temporal variables (lagged
. features) for all loads and generators over-a 1
predfcts hour time horizon (timesteps pB o p 4.
inject values
i nt o ne .. .
| 0dd power glti dg, - These forecasted values are injected into the

grid, and goowerflowis ran to obtain the

gener atdyhnNpowéreperwsted) _
forecasted state of the grid.
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Obtaining the forecasted line loadings PN

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

ti meries
—>»> forecast er

. e sHGB . . . .
29 Tgetures To obtain the forecasted value of the line loadings, the action
pr edlct s @ that would be taken by the RL agent in the forecasted
e e—— stateO ¢ is simulated resulting in the forecasted state .
| o4d powergrid§t+k|t

gener afiydnNyowléepeocmsted)ot

From this forecasted state s We obtain the forecasted

values of the line loadings 0 ¢
RLagent

I

Shomul U magnan The objective is that given a useefinable parameter N [rdp],
Conformal Prediction provides an interval of uncertainty
around the forecasted 0 ¢ such that:

ﬁ(xt+k|t)

forecasted

o v 6 s) p |
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Conformal Prediction framework
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The framework has a pipeline that follows
three consecutive phases

Calibration:
A Collecting the calibration dataset

Training:
Al'airy3a GKS OF
the Conformal Predictors

f AO

Testing:

A Running reatime episodes, using
Conformal Predictors to obtain
intervals of uncertainty around the
forecasted line loadings
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Model types

sl

Cali bration Training

Single model

Opponent |a
only 41i ne

Confor
Pr edi clt o

r
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/////r phase phase ?ﬁ;zzhk\\
A In the calibration phase, an opponent configuration is set,
with' P fl where' represents the set of attacked lines
AR e A R P (possibly 1), andfl represents the set of all power
lines.
A In the training phase, a single predictor is fit.
A In the testing phase, the predictor generates intervals of

uncertainty around the line loadings point forecasts. The
lines can be subjected to opponent attacks ( 1

/[:\ coniarie Ensemble of models
—————. A In the calibration phase, data is collected for each
onlyllilhe Predi]ct\ scenario, WitH! | P.
aaareagi gqreonent A Inthe training phase, a predictor is fit in each of the
pred g on scenarios.
o | A In the testing phase, the opponent can be configured to

suffer attacks il P fl, with|' | 1t All the Conformal

Predictors generate a prediction, and the wecsise

Opponent |[attacks Confor |
\@f " (rredietpr m scenario is used as a conservative estimate.
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Code Structure (Overview)

sl

A The repository contains instructions, haviREADME.mfdiles in every directory

A In theroot/ directory there needs to exist both the RL agent (egtticulum_14/)
and the forecaster (e.gHBGB_14.pKI

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

A calibration.py, training.py andtesting.pyrepresent the three main phases

A Theconformalized_models directory contains the implementation of the
conformal predictors

A An interface between the forecaster and the framework must be
implemented inside thdéorecasters/directory

A Theplotting/ directory contains the utilities for generating the plots
A Theutils/ directory contains utilities used by the pipeline
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README . md

curriculum_14 # RL Agent

curriculum_36 # RL Agent

HBGB_14.pkl # Load/generation forecasting model to be used
HBGB_36.pkl # Load/generation forecasting model to be used

requirements.txt

README . md
conformalized_models
README.md
__init__.py
vanilla.py
.. # Other models can be added
forecasters
README.md
hbgb_14.py
hbgb_36.py
.. # Other forecasters can be added
plotting
README.md
plotting_config.py
data.py
comparison_plots.py
.. # Other plotting files

utils
README .md
cache.py
data_structures.py
.. # Other util files
analysis.py
calibration.py
config.py
forecast.py
main.py
plotting_script.py
testing.py

training.py
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Starting a new experiment PN

A To start a new experience set the parametersanfig.py.
A For example:

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

A CALIB_EPISODES = 30 # Number of episodes from which we collect the calibration dataset

A TEST_EPISODES = 30 # Number of episodes to run, to observe the results

Aht'¢t! ¢cyps5Lw I bw9 { '#Drectarawherdto davie the results (.csv and plots)

A STEPS TO_RUN = 8064 # Maximum number of steps to run each episode for

A AUTO_GEN_PLOTS = True | 2 KSOGKSNI G2 dzi2YlFOGAOrtEte 3ISYSNIGS
can be later used by the plotting_script.py

A MODELS = { # Which Conformal Predictors to use

"vanilla": (True, "vanilla"),
"knn_nornt": (True, knn_nornt),
"aci". (True, ‘act'),

X # other models

} N\
A9b+yb! a9 I bf HNLY HGHERSNENVipaheyitR 6 2 E £
A other parameters.. # For example, opponent can be configured

A Navigate to thesrd directory and run:
$ python main.py x
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Results

After running the experiment, we will have the output LLSS”;:;“

alpha_0.1

— aggregated_csvs

structure on the right. e —

config.csv

— conformal_classification_aggregated.csv
i aggregated_plots

aggregated_comparison.pdf

Vanilla - Line 2: 1.2 2 ACI-Line2:12 2 o
Coverage: 97.0%, Width: 0.082, Action-influenced Coverage: 97.2% Coverage: 90.8%, Width: 0.061, Action-influenced Coverage: 90.4% — conformal_classification_aggregated.pdf

— episode_1
csvs

— config.csv

— conformal_classification.csv
— conformal_data_horizon.csv
— conformal_data.csv

— timeseries.csv

—=— Forecast —=— Forecast
] plots

—— Actual —=— Actual L
06 . 06 :
° Predlct\on.lnterval ° Pred\ctlon.lnterval all_models .pd.f
§ Agent Action § Agent Action
x  Outside Bounds x  Outside Bounds - classification
High (rho = 0.90) High (rho = 0.90)

—— Limit (rho = 0.95) --=- Limit (rho = 0.95) conformal classification.pdf

04 04 — comparison_plots.pdf

— cp_plot_like_stl.pdf

— horizon_plots.pdf

02 02 —. individual _cp_plots_like_stl
aci_experiment.pdf

knn_norm_experiment .pdf

00 o vanilla_experiment.pdf

S S S o o ® o ® ® S S S o S
S$ $ S N N N S N $ S s s & s

Example: Split CP on line €hronic 931 Example: ACI on line-Zhronic 931 i

knn_norm_cp.pdf
vanilla_cp.pdf

| episode_30

| ¢ csvs
|_l—L -
plots

-
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Results

LC_L RESULTS
- MY_EXP
-LL alpha_0.1

- aggregated_csvs

After running the experiment, we will have the output
structure on the right. [

— conformal _classification_aggregated.csv
i aggregated_plots
ComparCeveaer(agevier agesdd3®@oepi sbdes ! agsregated'com_'r?scn:pdf
— conformal _classification_aggregated.pdf
100 — episode_1
— csvs
- config.csv

9 54
- conformal _classification.csv

—-——- - conformal_data_horizon.csv
—9 conformal_data.csv
— timeseries.csv

- plots
It all_models.pdf

*\_L classification
- conformal_classification.pdf

N comparison_plots.pdf

Cov er(a%)e

— cp_plot_like_stl.pdf
¢ horizon_plots.pdf

i individual_cp_plots_like_stl

1 aci_experiment.pdf
) knn_norm_experiment.pdf

] vanilla_experiment.pdf

—J individual _models
Model s .
. . ] aci_cp.pdf
I Vani | |HEE kNN oral i)s e dEEE ACI D malnersycp.pdt
| vanilla_cp.pdf

Example: Coverage averaged from chronic 931 to chronic 960 2
episode_30
.plot;.
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Hugo Cardante
Ricardo Bessa
Margarida Costa
Carla Goncgalves
Pedro Ferreira
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Epistemic Uncertainty and Predicting
RLAgent Failure Probability

Contributors: INESC TEC
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Context >@\

RLagentsmight operatein highrisk stateswithout realizingit. Toensuresafety,we must
estimate epistemicand aleatoric uncertainty metricsandintegratethis information into
a classifierthat predicts if the Al agent will provide recommendationsthat solve

congestiorproblems,avoidcascadindailuresbeforethey occur

Proposed methodology

Failure prediction framework leveraging Uncertainty Quantification
(UQ)to createa selfawarenesdeature for Albasedassistants
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Proposed Methodology PN

1. Uncertainty decomposition

A Aleatoric (data):Captures stochastic variability in load and generationRésidual
Forecasting

A Epistemic (model)Detects unknown o®utof-Distributiongrid states (vi&vidential Neural
Network

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

A Trains a classifier to predict minutes aheffthe probability) the Al assistant
recommendations can avohscading failure probabilityprior to action execution

3. Final objective
A Provide and predict a confidence level of the Al assistant recommendation to prevent risky
operations in critical environments
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AObtaining the forecasting states

AObtaining the aleatoric uncertainty of
forecasting states

AObtaining the epistemic uncertainty
Failure Probability of the agent for each observation

Framework AFramework pipeline
ARepository structure overview

AStarting a new experiment

AlY >¢\ ai4realnet.eu
=1=yA\N\\I=up

linX v


http://www.enershare.eu/

Obtaining the forecasting states PN

cycl | c
e nS:: od ’i n|g e L < A A time-series forecaster trained as a multi-
—>»> forecaster output regressoris usedto predict active and
l ag f uresHGB reactive power injections using historical
observationsand temporal variables (lagged
pre dl cts features)for all loadsand generatorsover a 1-
inject values hour time horizon(timestepst+1, X, t+12).

into tfme
| o4d powergr|d§t+k|t

: A Theseforecastedvaluesare injected into the
gener atdynhnpowéerpecwsted)

grid, and a power flow is run to obtain the
forecastedstate of the grid.
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Obtaining the aleatoric uncertainty PN

)
cycling

encoding
~———

lime-series

———>»  forecaster ———» V y
' ‘ (HGB)
lag features v
Squared residuals = (y - §)2 A Squaredresiduals are computed between the
Input Features ground truth and the predictions generatedby

the previously described mean model These
residuals subsequently serve as the target
variable for training a secondary regression
time-series model, which predicts the data variance to
variance guantify the aleatoric uncertainty.

forecaster

(HGB)

Aleatoric uncertainty = sqrt(o)
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Obtaining the epistemic uncertainty of agent for
each observation >©\

Senior Agent = ——— (s, a%)
l A Epistemic  uncertainty is  quantified
S

via Knowledge  Distillation, where
an Evidential Neural Network (ENN) is

Evidential Neural optimizedto replicatethe expertpolicy of the
Network SeniorAgent

l ) I A Rather than standard softmax probabilities,

e e the network parametrizes a Dirichlet

g > Epistemic Uncertainty =K/%a |  distribution & h @ver the action space

Consequently, model ignorance is derived

analytically as the inverse of total evidence
Foncion | € 6 dzl' Y acefimgasa direct proxy for Out-of-
Training Phase Distribution(OOD)states
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Framework pipeline

| Evidontal Nourl S —T— A Objective Predictwhether a future line disconnectionwill leadto a system

failure one hour ahead usingthe currentgrid state andforecastuncertainty
A CurrentGrid State(s,)

Curertsise | L:‘E.,g.gi‘e" BN o Globalload-generationbalance

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

Total Load Active Power \ 4 . .
_ Cm_wlasj,mw estimation
Total Load Reactive Power forecaster
Total Generator Active Power (HGB) A F utu re Sce n a_”d:O recaS(SHlZ)
Hoato-Generation Rato vy o Loadandgenerationprojections
Maximum linp copachy Power Load Foracastna : : o -
Average e capaciy o e b 0 Aleatoricuncertainty->intrinsicvariability of forecasts
Operaing near ermy s Pawor of Genersior Foreeasing. - A ContingencyAnalysis

o What-if disconnectiorof a specificpowerline
o Failureevaluationl hour after the contingency

HGB Classfr A FailureClassification
el ek 2 Ao o Inputs currentgrid state + predictiveuncertainties+ disconnectedine
0 Binaryoutput:
A 0 ¢ stableoperation
A 1 ¢ predictedfailure ->alarmtriggered

Alarm: yes or no?
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Repositorystructure overview

./ grid_security_project

A Inthe grid_security _project root directory:

o0 run_pipelinepy: Themain entry point. Orchestrateghe full pipeline execution
(Training-> DataCollection-> Inference

— agents # Pre-trained Grid20p agent
-~ network36

— data # Generated datasets

READMEHENd: Documentatiorand setupinstructions . . . )
uncertalnty_dlsconnect 1on_ana1y31s .CsSVv
agent: Pre-trained RL agents required for the simulation (eg: N Xotrain 56.upy
agentnetwork36) .
y-train_36.npy
o data/: H,
B o ) ) i forecasts # Forecaster model
A Trainingdatato forecastermodels(eg: X_train_36.npy,y_train_36.npy). Lp HBGB_36.. pkl
A ENNTtraining and validation datasets(eg. senior_expert_train36.npz e | 0  models # Serialized pipeline outputs
senior_expert_val36.np2). " enn_36.pth # Epistemic (ENN)
A Trainingdatafor risk classifier(uncertainty _disconnection_analysisy). | 8 enn.data # ENN datasets

; senior_expert_train 12rpn_icaps_2021_small.npz

forecastg : Trainedload andgenerationforecastermodelge.g.: HGBG36pkI).
modeld : Storesthe serializednodelsgeneratedby the pipeline
A AleatoricModel (eg: model$HBGB 36 _aleatoricpkl)
A EpistemicModel (eg: modelgenn_36.pth)
A RiskClassifiefleg.: modelgfinal_classifieB6.pkI)
0 srd: Coreimplementationof the framework | contip gy i AR, RS
A config.py: Configuratiorfile andall settingsmustbe setthere. LN ammodie.py SEI A e
A

train_forecastpy, training_ennpy, collect_datapy, train_classifierpy: ™ train classifier.py
pipelinecoremodules N

. . . — train forecast.py
enn_modelspy (EvidentialNeuralNewtork Architecture .
_ —9 training enn.py
utilis.py (FeatureEnginnering utilites. | B sy e sngiasening

e senior_expert_val_12rpn_icaps_2021_small.npz
- HBGB_36_aleatoric.pkl # Aleatoric model
"y final classifier36.pkl # Risk classifier

— src # Core modules

— collect_data.py

> >

) run_pipeline.py
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Starting a new experiment PN

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

ACTIVE ENV |2rpn_casel4 sandox / The script loads Configl4/ Config36 and tl
- |2rpn_icaps_ 2021 specific input dimension (467/1363)
Starts/Skips the training loop and attempts
TRAIN_MODE True/False to load the.pth and.pklfiles from

your models/directory.

The run_pipeline.py will launch one full/all

TEST _SINGLE_EPISt True/False episode(s) (scenariad evaluate how weel
the agent manages the grid.

A Navigate to thesrd directory and run
$ python run_pipeline.py
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Margarida Costa
Ricardo Bessa
Carla Gongcalves
Pedro Ferreira

Aﬂ4>$\

REALNET

aidrealnet.eu @@

INESC TEC
INESC TEC
INESC TEC
INESC TEC

£W4>e\

REALNET


http://www.enershare.eu/

AContext

AMethodology

AOQriginal contributions
AOverview of theepository
Alnterfaces & Interaction Pattern

Agent As A
Servicg(A3S) &

Trace RL

EnliteAl
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Cantext PN

WP2 produced higpherforming agents, but operational deployment in critical
Infrastructures requires human oversight, auditability, and safe intervention during
rolloutt especially when context shifts or confidence drops.

' Definition

AgentAsA-Service (A3S) Is a runtime service layer that wraps an existing agent +
simulation environment and exposes standardized endpoints to restore state, query
FOlA2Y &Ll OSazZ-AFYRTHAVABR IS Sy RE Gy I 2LIST
and override decisions with minimal cognitive load.

§ Usecases

Humanin-the-loop decision support fooperations; offline replay & audit of decisions;
operator training via simulatichacked counterfactual exploration.
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Methodology (Humanin-the-Loop Integration) >

5SaAdy A2 fY GoNILIE R2y Q0 NBUIONI AY PE
A3S deliberately targetde rollout phase takingatrained agent and turning it inta supervised,
steerable decisioisupport service

Core loop (Human in the Loop):

A Agent proposesan action for the current state

A A3S exposesction space + statthrough service endpoints

A Operator carinspect the trajectory(replay / KPIs / renderings)

A Operator caroverride actionsat selected decision points

A A3Ssimulates forwardfrom the restored state to verify consequences
A Ul updates with thalternative future (branch) for comparison

Implementation pattern:

A Backend service hosts the agent + environment, exposed via lightweight 1P Ghidedi}
A Configuration via YAML/Hydra to swap environments/agents without code changes
A Frontend connects to backend for interactive wiifatollouts and action overrides
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Originalcontribution PN

MO !o{Y {0GFYRINRAT SR alF 3Syid &N LLISNE F2N adzZISNWDA &SR
Transforms WP2 agents into a serviogented componentusable by operator tools, simulators, and
dashboards without touching training code.

2) Simulationbacked interpretability (not static XAl)
Instead of explaining a single action pbsic, A3S supports interactive validation:
OWhat happens if we take action B instead of A?answered by live rollout simulation.

3) Autonomylevel tuning at runtime

Supports a continuum from:A o i o R X
Al dzizy2Y2dza NBO2YYSYRIGA2Yy A [ &dzLJS NDpryydidatvre RS My 2 LIS

4) TraceRlintegration for humancentered inspection
TraceRloperationalizes A3S through:

A Trajectory trees (branching futures)

A Visual inspection of decision blocks

A Action override &e-computationfrom the Ul
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Originalcontribution

Agent-as-a-service (A3S) | D Configurable with YAML files

core endpoints

Simulation
: environment

Real

restore environment

. : simulate S
; e e Y] ]
: : @
Al Agent get_action_space —
w y
» >

A

H

H
extensions M

Actor
uncertainty performance historical \ /
predictor monitor case retrieval
A
Persistent
Storage
endpoints ‘
<<endpoint>> <<endpoint>> <<endpoint>>
restore simulate get_action_space
+ initial_state: bytes + n_steps: int

+ actions: list[ActionType]
+ return_state_KPIs_to_user: bool

+ max_n_images: Optional[int]

-> return: Optional[dict[str, any]]

If required, it returns a dictionary with
events and KPIs

-> return: list[dict[str, any]]

One dict per timestep with all events,
KPIs and rendered state (if required)

-> return: ActionSpace

It returns the action space of the environment

Al >¢\
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Overviewof repository structure

Twomaindeliverables inside one repo:
A A3S backendTask 3.1): restore/simulate/actiespace service for live rollout supervision
A TraceRl(Task 2.3): trajectory recording + Dash visualization + branchingifvemetlysis

agent - as- a- service -trace -rl /

¢ w A Gdsladservice/ # A3S backend (agent + env as a service)

O UL wagent_as a_service /

0 cw Al 1 EY # Hydra YAML configs (env/agent/container/wrappers)
0 L wsrc/ # service runner / container logic

cw OGAAA # TraceRL (trajectory + visualization + HITL Ul)

o cw OAOEDOOY # trajectory collector (e.g., Gym demo)

o UL wirace_rl /

0 Lw ADPDY # Dash application (Ul), connects to backend

cw AOOAOOY # images / examples used in docs & Ul

¢ wenvironment.yml # conda env (Dash, Gymnasium, Flatland, Torch, etc.)
¢ wpyproject.toml # packaging (trace_rl + agent_as_a_service)

vw OAAAIT At 1 A # setup + end - to - end workflow
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A3S Interfaces & Interaction Pattern >$\

Minimal endpoint set enabling HITL

A Restordh 2dzYLJ 02 lyeé LINA2NI RSOA&aA2y LRAYUO O6NBLX I
A Getactionspac€h YIF 1S 2LISNJ (i2NJ OK2A0Sa SELX AOAlG 9 Ol
A Simulatelrh GSNAFeé O2yaSljdzsSyO0oSa o0ST2NBE O2YYAUUAyY3

Human cognitive load principle
A showonlythe information needed to decide (current state, feasible actions,

predicted outcomes),
ASylrotS Flaid o0N}yOKAYd&dedpmodéBntrogpediichzy | G&a . €0

TraceRIUI connection - o -
A connecttoo  OT SYR Ih 4SSt SO0 RSOAaA2Z2Y o0f201 M 2ISNNJ
branches
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Link tothe repository >$\

Linkto repository:https://github.com/Al4REALNET/agerdis-a-servicetrace-rl
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Alberto Castagna EnliteAl
Anton Fuxjaeger EnliteAl
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T3.2¢ Multi-Objective DecisiofMaking

Leader:UKassel
Contributors: IRTSX, FHG, FLAT
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Cmtext >$\

. . B Al Agent Suggestions:
Motivation Overall monetary cos Adiont o

Action 2

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

time. Network (N-1) insecurity Acton complesity

The strategy to adapb multi-objective environments is to create amsemble of
policiesthat collectively define gareto 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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Initialization

Methodology (1/2) :
G
s
AMain goal: develop aansemble of policieso 5
accommodate any linear combination of weighted E
O bJ eCtiveS Corner weightv,
. . . . . |
A Optimistic Linear Support Algorithm: o o M
A Train on sscalarized objectivélinear weights assigned to each W, =0 W, = 1-We W, =1
objective) First iteration
A Start with extreme scenarios:
A Wy = 1, W= 0 & Improvement of
A Wwo=0,w=1 E convex hull/
R . . . . . g I
A lteratively identify corner weights, find optimal policy at those s g,
points to efficiently expandonvex coverage set 5
.. : : £
A Set of policies and weights defines thareto front @
New corner weights
Wy=1 =
QIEL'A>L%ET aidrealnet.eu @@ W,;=0 wlzg
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Methodology (2/2)

ADetermination of Pareto Front:
Deep Optimistic Linear Support (DOL) algorith
A General algorithm, domain agnostic
A Code implementation on GitHub

AEnvironment:
Integrates with the MORBaselines toolkit

AAgents and training:

A Agentagnostic, example implementations shown
with Multi-objective PPO algorithm

sl

Generate weight vectors with
priorities (w, q)

(w.q)

{ DOL [

[

Select w with g0x

)

MOPPO Training and Evaluation

r
St

Action azyq
P | Agent(w) MOEnv. |ii

R,
R, = {R{,R7.R{} |<—

rammamnmms

l"l?,w

i| Iteration

H 1}
: =

Is V Pareto optimal? )

JYY

Add V,wto CCS

Fig. 1: Schematic of the proposed MORL approach with deep

optimistic linear support.
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Code Structure, Status and Plans >©.\

— allrealnet_morl

— agent

— MO_BaselineAgents.py
L— MO_PPO.py

— envs

— CustomGymEnv.py

— EnvSetup.py

— GridRewards.py

— utils

— Dataloader.py

— MO_PPO_train_utils.py
— gym_eval.py

— wrapper

— olsepy

— ols_DOL.py main executable
— scripts

L— plot_morl_figures.py

— README . md

— requirements.txt

— setup.py

AlY >$'\

REALNET

Current Version
A Domainagnostic packageii4realnetmorl

A Example implementation for Grid20p:
grid2op-ai4realnetmorl

Status and Plans
A Implementation carried out % |
rid20p

for Grid20p Environment

A Work in progress to implement
In BlueSky environment

=)

o O
7

@ BlueSky
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MohamedHassouna UKassel
EduardoVilches UKassel
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T3.3¢ Interactive Al to Augment DecisiciMaking

Leader:TUD
Contributors:POLIMIUVA FHNW, SBELATLAND
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Overview 3.3

Interactive Al to Augment Decisidviaking

0 Inverse Reinforcement Learning with Rsgnsitive behavior
o Shaping Al Behavior to Operational 'Best Practices'

0 Interactive Preference Learning in ATM Sectorization

0 Human Learning Support
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| nverse AContext
Reinforcement AMethodology
Learning with Risk AQriginal contributions

sensitive behavior AOverview of the repository
AExperiments

POLIMI
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Cantext PN

Humans commonly engage in as&nsitive behaviors in the presence of stochasticity, but
no algorithm in the literature allows to learn their utility function, whose knowledge would
allow predictive and descriptivapplications 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

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

paceN

AMain idea= Assume the human expert takes optimal f&asitive decisions based on a
utility function in a known Markov Decision Process.

-

-

Collectlarge
number of
samplesfromthe
environment and
the expert

~

/

/~ Usemaximum
likelihood estimators
for the quantities

(e.g., occupancy

AH4>$\

REALNET

\_ measure) at stake )
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Performprojected
subgradientdescentto
obtain a good utility
function

J



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

Originalcontribution

0 Algorithm#1| CATYUL
Short descriptionClassify input utilities as compatible or not

Contribution: Firstprovably efficient algorithm of this kind
Implementedfeatures: Tabular MDPs

0 Algorithm#2| TRACTORL
Short descriptionExtract a meaningful utility from expert demonstrations

Contribution: Projectedsubgradientdescentbased algorithm
Implementedfeatures: Tabular MDPs
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Overviewof repository structure

Thecodeiscomposedof two main files:

0 algorithm.py containing implementations of CATX. and TRACTQR

0 environment.pyfor simulations in tabular MDPs

A description of howo use thecodeis providedin the README.

AlY >¢\ aidrealnet.eu
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Experiments

Two main experiments:

0

O«

Experiment 1Test on true human demonstrations
provided by 15 colleagues in the lab the amount of-non
Markovianityexhibited.

Experiment 2Run TRACT@R. on synthetic data on
various MDPs to assess its computational and sample
complexities in practice.
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ShapingAl
Behavior to
Operational

'Best Practices’

TUD

Aﬂ4>$\
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AOverview of the repository
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RL learning & behavior shaping PN

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

Developed Functions

Action Shieldingduringtraining and/or operationshield all unsafe actions from the RL agent

Human Feedbaclduring training, humans shape the RL policy using pairwise or single e pasioays.

Expert Demonstrationsduring training, a heuristic algorithm modeled after human expertise shapes the |
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

GAOK 2LISNY GA2YIFE WwWoSad LINFOIAOSEAQ (2 F2a04SN) KAIK |

original route

conflict geometry action space

AIL|>$'\ ai4realnet.eu @@

REALNET


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

Methodology: QGlearning with function approximation >e.\

Action-value

Y o Y ird ‘ 0 ’
function O MW Tu%dl)

Feature vector %i ) [QﬁQﬁO EH A T-9 A% ghox ghi hi- hO B¢ OFE&Q:—@ d Iﬁp];
Qlearning 1 1 1T A®I hd ) 0@ hd)

update N N , N
TN Ty 107 @) )

— =l

Learning rate 2 regularization factor
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Original contributions: RL behavior shaping architectty@.\

A single RL architecture with pselection (pre
Human Feedback

. e~ shielding) action filter, human feedback and learnin
(pair-wise preferences / ratings via HMI) . . . )
from demonstrations, enabling the evaluation of
| dq action set 1 each technique both individually and in combinatior
(pairwise) episodes / trajectones
ratings . )
Together, these mechanisms reduce the effective
Action Shield Environment exploration burden, improveample efficiency, and
fepREEs e (2D conflict simulator) help the learned policy converge toward solutions
3 that are both performant and consistent with
(S ) safe/pruned St A . ) .
Asate(St)  Cionset l established operational practices.
I States and reward I;
RL Agent < (St, St+1,7¢) D Xpert :
(Q-learning + linear emqnstratlon
function approximation) at (heuristic, rule-based)
: J
ag
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Original contributions:Human Feedback PN

Mode: | Pairwise preference (Avs B) v Mode: \ Single-episode rating (1-5) v

/

x
Test greedy policy Debug: OFF Run (rating) Test greedy policy Debug: OFF
Comparisons: 0 Episodes rated: 0 (avg- n/a)  Avg R(50): n/a  Status: awaiting preference (A vs B) Comparisons: 0 Episodes rated: 0 (avg: n/a)  Avg R(50): n/a  Status: awaiting rating (1-5)
Which solution is better? Rate this solution (1 = unacceptable, 5 = excellent):
Abetter B better About same / unclear 1 2 3 4 5

A Y VN Ve

If O is preferred oveD: Human rating ¥ plioltlv mapped to scalaiy™ [ pip]:

TN (0@ 0(8)) TN (Y B@) %)

If 6 is preferred oven: . :
( is feedback gain)

TNT (v 0@) no0(@©)
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hNAIAYFE O2ydNAGdziA2ySN ¢

.’ntruder *
hY
aircraft \

, protected
B ‘: zone
!’l
!
Ve ./

Pass in front of
intruder

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

Q-function weight update: ~ reE——p e 4+
Va exit
g g 1 (00 0 b))% ) o
with:
0 | A@ Ghd 1 & target to exceed the value of the best competing action by at least a margia gap

~

0(i ) OdzNNByYy(d SaidAYriS 27 KéasindatdR (KS GSELISNI Qa¢é
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Original contributions: Interactive demonstrator s

Mode: |Automatic RL (Q-learning) v
Diocamcs o e sy o T LD AR S Settings Readtime monitoring of RL training
e Ao . Shielding enabled process (trajectories, rewards, succes
Maneuvers: 2/20 () Speed control
Conflict: NO .
s oo s - O Expart demos (tain RL) Live feature relevance plot during
- 8015 v Avg reward (last 50 episodes) Show trajectories ini i ili
Sheiding: oM ’ training for explainability
CPA horizon: 300 s L‘earning rate (a):
VO demos: @ - 0,02
4 CPARorizon (9 Traceability log and debug view for
orizon (s): . . . .
300 | Inspecting RL decisions
dr-eature importance (RMS, signed) Human feedback gain:
e - 1.0 Switch between modes (human
o - | Demonstration gain: f db k d t t RL
cromT — 06 eedback and automatic RL)
av: = -18kt ekt & +1ekt E%Eﬁg:::i: - Conﬂidﬂgleﬂg—e (deg): o g . .
‘ - : e L Modify settings to inspect impact on
StopAuto  Gofast  Testgreedypolcy  Debug: ON Trajectory Auto Finished. S| | Max 170 RL behavior and training process
LoS: NO, (Changes apply immediately to
Comparisons: 0 Episodes rated: 0 (avg: n/a)  Avg R(50): 9.00  Status: running trajectory Auto E‘E:g?eji::i; ggit- 15 56 new episodes.)
Maneuvers: 2/20, ’ Expert demonstrations via wethown
Total reward: 36.41, Save agent oA o o
shielding: O l'¢/ o0Sau LINF OuA(
Automatic RL episode: 2120. Total reward: 36.41, £=0.015, . Load agent
Shielding=0N. =

Standalone JavaScript/HTML application (runs in the browser, no external libraries needed)
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Overview of the repository S
JavaScriptHTML
source \
— .

[ README.md

|11 CDRTrainer.html

Documentation

[0 README 35 GPL-3.0 license

CDRTrainer: 2D Aircraft Conflict Resolution —
Reinforcement Learning Demonstrator

edu.nl/phngn
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Clark Borst TUD
Giulia Leto TUD
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Interactive
Preference
Learning in ATM

Sectorization

TUD

Aﬂ4>$\
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AContext

AMethodology

AOQriginal contributions
AOverview of the repository
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Realtime interactive learning PN

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.

Developed Functions

Humanin-the-loop optimization framework via interactive evolutionary computatmusing mult
objective adaptations of a Covariance Matrix Adaptation Evolutionary StrategiesESMfgorithm
¢ allowing human operators to revise, accept, reject, nudge and steer optimizations in preferred
directions,while a Kernel Density Estimatidirased 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 >©.\

58y I YAO ! ANALI OS a{céhihiopsNdstrutturingadiairspasd sectorg that ensures efficient
allocation of scarce resources (e.g., Air Traffic Controllers) considering operational, economic and ecological
OZyauN)Ayua AY 020K Y2YAYIt | @tBL,2018NA I 60t S | ANJ U NJ T

~

(Human Roleflow and capacity manager

Objectives:
A Keep predicted controller workload within acceptable bounds (min/mak)
A Balance predicted workload across sectors (low standard deviation)
A Minimize the number of handover points (coordination workload)

Operationalconstraints:

Number of airspace sectors equal the number of available controllers
Ensure convex airspace sectors

Sectors should not be too small

Avoid route crossings too close to sector boundaries

Ensure sufficient route lengths within sectors

Avoid route segments to coincide with sector vertices

Avoid shallow crossing angles between routes and sector boundaries

- J
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Methodology: environment modelling

A Trajectory 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 spge

A Workload prediction (weighted) sum of complexity (CX) factors

0 wdNumber of route crossings

0 wdNumber of coordination points (= rou&rspace crossings)

-

0 odNumber of predicted flights per sector, per time slice - W0

0 awdNumber of predicted conflicts per sector, per time slice

X

A Convex sector geometry  |.

Voronoi partitioning
C2 NIl dzy SQa&

Number of centers = number

of available controllers

-’

{32
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Methodology: interactive optimization PN

A Multi -objective optimization minimize cost functiofOehd using Covariance Matrix Adaptation
Evolutionary Strategies (CM&S) with random scalarization between two competing objectives:

F(x,t) = J(x) — a(t) R(x,1) < 'Y(el0): learned
A preference reward

'd \
wstdfstd + whandoffsfhandoffs + )\P(X) — task

: traint

A Human guidance constains

A Injection: replace or bias the CMBS mean with usesrovided centers;

A Preferenceshaping: reward or penalize regions of the search space kemgl mode| Rierme(x = Zu exp[

A Restarting soft or hard reinitialization around a preferred layout.

IX—XLH ]

A Supervised metdearning of kernel parameters

A Dynamically adjust (using gradient) how strongly and how broadly human feedback shapes the
optimization (reward) landscape;

A Learn from historical feedback: more coheréntinfluence sharpeng, faster convergence near regions
aligned with human preference.

A Continual learning
A Preserve learned preferences between sessions for continuity and cumulative learning
A Learn to generalize between sessions (and airspaces) as long as human feedback remains consistent
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Original contributions: HMI PN

HMI for interactive optimization & preference learning

Interactive Evolutionary
Computing via CMAS

Human steering of a mutti
objective optimization problem

Interactive Pareto Frontier to
record humanrpreferred weights

Understanding impact of
hyperparameters & settings

Observe and intervene
optimization process step by step

Record preferred solutions as
labelled samples for metiearning

Standalone, fully integrated
environment, enabling controlled
humanin-the-loop experiments
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