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How to Evaluate Al Systems?
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Ethics Guidelines for TrustworthycXDverview

Humancentric approach: Al as a means, not an end

INDEPENDENT

Trustworthy Al as our foundational ambition, with three components HiGH-LEVEL EXPERT GROUP ON
ARTIFICIAL INTELLIGENCE
Lawful Al Ethical Al Robust Al Xk
* ¥
*
: * 5k
Three levels of abstraction
L . ETHICS GUIDELINES
from principles to requirements to assessment FOR TRUSEN TRV
(Chapter I) (Chapter II) list (Chapter IlI)

Ilo“ LNKOPINGS — https://ec.europa.eu/digitaisinglemarket/en/news/ethicsquidelinestrustworthy-ai
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Ethics Guidelines for Trustworthyc®Principles

4 Ethical Principles based on fundamental rights

Respect for Prevention of Fairness Explicability
human harm
autonomy
Augment, complement Safe and secure. Equal and just Transparent, open
and empower humans Protect physical and distribution of with capabilities and
mental integrity. benefits and costs. purposes, explanations

Ilo“ UNKOPINGS hittps://ec.europa.eu/digitalsinglemarket/en/news/ethicsquidelinestrustworthy-ai
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A risk-based approach

Unacceptable risk

e.g. social scoring ——  Prohibited

Permitted subject to compliance

High risk with Al requirements and ex-ante
[ e e.g. recruitment, medical conformity assessment
I *Not mutua"y j devices
I exclusive g g
————m e e mm a4 ‘Transparency’ risk Permitted but subject to
‘Impersonation’ (bots) —— information/transparency
obligations
Minimal ornorislkk  —— Permitted with no restrictions
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Requirements for high-risk Al systems 2
(Title [ll, Chapter 2)

Establish and
implement risk
management
system

&

in light of the
intended

purpose of the
Al system

Use high-quality training, validation and testing data (relevant, representative etc.)

Draw up technical documentation & set up logging capabilities (traceability & auditability) >

Ensure appropriate degree of transparency and provide users with information on capabilities
and limitations of the system & how to use it

Ensure robustness, accuracy and cybersecurity

Ensure human oversight (measures built into the system and/or to be implemented by users)>
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/ TAILOR Vision P

Develop the scientific
foundations forTrustworthy Al

Integrating learningoptimisation
and reasoning

realisingthe European Vision of
humancentered trustworthy Al.
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Boosting Capacity to Tackle Major Scientific Challeng/es

AA core networkof outstanding Al research centres and major European
companies (partners) plusechanisms for extendinghe network
(network members and connectivity fund) to be adaptive and inclusive.

AFivevirtual research environmentso address thenmajor scientific
challengegequired to achieve Trustworthy Al supportedAlbased
network collaboration tools

AStrategicresearch and innovatioroadmapto drive the longterm
scientific visioncombined withbottom-up coordinated actions
collaboratively addressing specific research questions.

This project is funded by the EC
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Human and Computational Thinking
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Figure 1: A Comparison of System 1 and System 2 Thinking

System 1
“Fast”

DEFINING CHARACTERISTICS
Unconscious
Effortless
Automatic

WITHOUT self-awareness or control
“What you see is all there is.”

ROLE

Assesses the situation
Delivers updates

System 2
“Slow”

DEFINING CHARACTERISTICS
Deliberate and conscious
Effortful
Controlled mental process

WITH self-awareness or control
Logical and skeptical

ROLE

Seeks new/missing information
Makes decisions

This project is funded by the EC
under H2020 ICG48

Fredrik Heintz, 20221-02 ELLIIT WS on Hybrid Al

THINKING,

Bacaaaas—
DANIEL

KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS
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TAILOR Basic Research Program P

WP 3 Trustworthy Al ; x > \
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WP 4 Paradigms & Representations
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Reasoning and
Learning Group

KR

w Temporal logics
w Stream reasoning

w Verification and
validation

6 PhD students

STIFTELSEN
MARCUS OCH AMALIA
WALLENBERGS
MINNESFOND

L ‘ VINNOVA
w Gaussian Processe MAS NFFP / UDI

. GPs) e
2 Postdocs ( : w Utilitarian ELLIIT
1 Researchengineer w%e:g;atlvenodels combinatorial <
| assignment @
w Synthetic data w Multi-agent RL
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Research Overview

Learning generative models based on trajectory data

Probabillistic logical reasoning over observed and predicted
trajectories

Utilitarian Combinatorial Assignment
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Collaborative Unmanned Aircraft: Systems

A principled approach to building collaborative

intelligent autonomous systems for complex missic

ns.
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Motion Pattern Recognition

Generalized Motion Pattern Model

A Based on Gaussian processes

Trajectories

Motion P

A Generative auteencoder

Multi -task
A Oneclass classification
(anomaly detection)

A Multi-class classificatia

A Predict continuation
A Predict sequence

A Temporallyalign

trajectories

Observations Mean 2 U

Transition

: Selldlel Motion Patterns
Motion Pattern Motion Patterns ‘




Learning generative models based on trajectory data

[Tiger and Heintz IV 2018, Tiger and Heintz FUSION 2015, Tiger and Heintz STAIRS 2014]

Slow down

Acceleration
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Learning generative models based on trajectory data

[Tiger and Heintz IV 2018, Tiger and Heintz FUSION 2015, Tiger and Heintz STAIRS 2014]
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Learning generative models based on trajectory data

[Tiger and Heintz IV 2018, Tiger and Heintz FUSION 2015, Tiger and Heintz STAIRS 2014]

Local likelihood for each activity

i I L i i |
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Activity with maximum local likelihood

Unexplained intervals

0 0.1 0.2 0.3 0.4 0.5 0.6 07 0.8 0.9 1

Explained intervals (Amnbiguous:RED, Non-ambiguous:BLUE)
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Learning generative models based on trajectory data

[Tiger and Heintz IV 2018, Tiger and Heintz FUSION 2015, Tiger and Heintz STAIRS 2014]
Flow Field

450 r

State-of-the-art Flow Field approach

400 ¢

(Pxpy) = V2, vy

With two GP modelled latent functions:

300 r

[vx vy] = [fvx(px: py) ﬁuy(pxr py)] 5 250 |
200 }
Proposed Inverse Mapping approach 150 ; :

(px:py)_)f_)pxﬁpyrvx;vy 100" 5

With five GP modelled latent functions:
[px 2y] = [£0r @ £, @)
o »] = [ ® £,@)
T = fe(Px Dy)

where t € [0 1] is parametrized time
(motion pattern progression)

350 |

Models flow, spatial extent, spatial locality and motion progression.
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Inverse Mapping Approach
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Probabillistic Predictive Stream Reasoning

[Tiger and Heintz TIME 2016, 1JAR 2020]

&

pv
> R

Pr(collision now) = 0.0... Pr(collision soon) = 0.5

collision: false Pr(collision) = Q Pr(collision) = Q1

Reasoning ovelncertainty Reasoning ovePredictions

Mattias Tiger and Fredrikeintz. 2020.
IncrementalReasoning irProbabilisticSignal Tempordlogic
International Journabf ApproximateReasoningl19.325¢352. Elsevier.
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Probabillistic Predictive Stream Reasoning

[Tiger and Heintz TIME 2016, IJAR 2020]
Altitude
[meters]
] A
always(altitude, > 3) L \
trllfe LK%%QE)
always(Pr(altitudeyo 5 00 % Bl®hcho »—2
false 5
always(Pr(altitude,o 5 o0 X 1
Relative time to estimate  Relative time to estimate from
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Probabilistic logical reasoning over observed and predicted trajectories
[Tiger and Heintz TIME 2016, IJAR 2020]

A Probabilistic Reasoning g 8 B
A Is the UAV inside the Hity-zone? Uncertainty /r ! /r
collision: false Pr(collision) = Pr(collision) = &4
A Anticipatory
A Will the UAV be colliding in the near future? Reasoning )%
over
Predictions % %
Pr(collision now) = 0.0 Pr(collision soon) = 0.5

A Introspective Estimatedstate (now)
Reasoning

A Is the prediction similar to the realization? about
Predictions

Predictedstate

Estimatedstate
(when predicting)




Introspective Motion Planning and Control N\
Challenges Our Approach

Learn modelf execution
variations from action sequences

What isnormal behavior?

Monitor executionswith respect

Is the robotbehaving normally to models during deployment

Usemodels with explicit uncertainty
guantification for tight safetybounds

Safe but not task effective?

Arelearned modelssafe to use? « Monitormoceiswith respect fo

executions during deployment

[9] M. Tiger, et alEnhancing Lattic8ased Motion Planning With Introspective Learning and ReasdEiBg. Robotics and Automation Letters 6.3 (2021):-4382.



Example ARobotics Stack and Simulation Environment

DJI Matrice 100

A 4

LoweFlevel
controller

Controlled
System

A A A A

AAssumptions
Asafety requirements
Aother requirements

State Estimator

Runtime
Verification

OctoMap

3DEXxploration
Planner

Coverage
PathPlanner

Monitoring
and Learning

StaticObstacles

DJI M100
Simulator

o/ I

+ A NIi dzt f

18y 42 NA

LS

Virtual LIDAR |

"“ 3D scanned
nr, 4 environment
Collision cS>f Gganso,
detection weden.

<

WASP research
arena for public
safety (WARAPS)
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Coverage Path Planning for Road Sweeping

Motion Planning Application:

3 D EXp | 0] ra’[iO n P I ann | n g | Cove I’ag@ath P I ann | n g Large-scale, complex geometry, multi-floor,

slopes, uneven ground, non-trivial space division

Domain adaptation

A Mapping
A Inspection
A Search for anomalies

[6] M. Selin, M. Tiger, D. Duberg, F. Heintz and P. Jerisfigtient autonomous exploration planning of largmale 3D environmentdEEE Robotics and Automation Letters 4.2 (2019):-1808.
[7] D. Engelson, M. Tiger and F. Heitaverage Path Planning in Laiggale Multifloor Urban Environments with Applications to Autonomous Road SweéBEf ICRA (2022). (Submitted)



Many Publications Related to Different Components

Motion Planning

Receding-Horizon Lattice-based Motion Planning with
Dynamic Obstacle Avoidance

Ok Anderson'”, Okkar Ljungavise™, Manias Tiger', Dasiel Axchill®, Fredrik

wh
y

Obstacle

geometry

Trajectory Planning

Perception

Fly-to(x)

g lattice Planner

Trajectory Tracking
Controller (NMPC)

DT API ROS sensor
DIl Matrice 100 state X messages
DT API [Pt N
{
control rel. u* I | —_—— -
| | / 3
| | |
—ty! |
I I I
I I |
| | ~ #
A "/ Environment

3D Exploration

RuntimeVerification

Efficient Autonomous Exploration Planning of
Large Scale 3D-Environments
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4, Manias

Fredrik Heins', Patric Jensiel:

Contents fats avsilsble ot

International Journal of Approximate Reasoning

Incremental reasoning in probabilistic Signal Temporal Logic )
Mattias Tiger *, Fredrik Heintz -

1. mntmauction
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Intelligent Agent
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1L PROBLEM DESC

Runtime
Verification

Altitude
[meters]

Motion Pattern
Recognition

Online Sparse Gaussian Process Regression for
Trajectory Modeling

Mattias
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