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Artificial Intelligence
for Europe

Boost the EU's technological and industrial
capacity and Al uptake across the economy

Prepare for socio-economic changes

Ensure an appropriate ethical and legal framework
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Al in EU:

O Tetbeforeimest A risk-based approach to regulation

Unacceptable risk

e.g. social scoring

High risk

€.g. recruitment, megica

Minimal or no risk
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Prohibited

Permitted subject to compliance
with Al requirements and ex-ante
conformity assessment

Permitted but subject to
information/transparency
Obligations

Permitted with no restrictions
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EU funded initiatives: ELLIS
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European Laboratory for Learning and Intelligent Systems

http://ellis.eu

* Research: ELLIS Programs & Fellows

* Governance: ELLIS society and membership
* Infrastructure: ELLIS Sites & Institutes

e Training: PhD Program




Al in Italy: vision & initiatives

Elaborata dal Gruppo di Esperti MISE sull'intelligenza artificiale

Proposte per una
Strategia italiana
per l'intelligenza artificiale

Ministero dello
sviluppo economico

National PhD Program on Al

Al Foundatiors

Human-machine interacion

andintelligent

Computats onal Intel igence

Distributed Al

boticsand

Al for Health Al for Al and Cyber U for
and Life Industry 4.0 Security Environment
Science and

Agriculture
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Al and Data
Science for
Society
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Al-H@PoliTo, Hub on Al including 100+
faculties active on foundational and applied Al

Safe and e Best Public Business Incubator in the world
Vandal Lab Secure as recognized by the World Rankings of

el Business Incubators and Accelerators
N 2019-2020 (i3p.it)
e S3M@PoliTo e |talian National PhD Programme in Atrtificial
and L saming P . . Intelligence (PhD-ALit) ~15M€
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Semantic Segmentation

road
sidewalk
building

wall

vegetation

sky

person
rider

car

truck

bus

train
motorcycle

bicycle

Crucial for Autonomous Driving

Extremely data hungry

Sensitive to change in appearance
(weather condition, light, rural / urban
environment, camera point of view)



Semantic Segmentation

road
sidewalk
= building

wall

fence
pole

vegetation

sky
person
rider
car
truck
bus
train

motorcycle

bicycle

Crucial for Autonomous Driving

Extremely data hungry
Train models on synthetic data

Sensitive to change in appearance
(weather condition, light, rural / urban
environment, camera point of view)
Solve domain adaptation



IM 1920x 1080 90° RGB, Sem, Depth 24 7 virtual cities 3 weathers S viewpoints
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Currently under submission: IEEE International Conference on Intelligent Robots and Systems, 2020

Towards Multi-Source Adaptive Semantic Segmentation
P. Russo, T. Tommasi, B. Caputo,
International Conference on Image Analysis and Processing, 2019



Incremental Class Learning

Ground Truth

Actual Objects

Step t -1

[ {person, background} |

{bike, car}

| {car, background}

{bike, person}

Image

Network after step t-1

e

Iniialize
cassnﬁers

'

Network at step t

Step t +1

-

{bike, background}

{person, car}

_> Distillation Loss

Probabilities of old
network on bike pixels

' ———

T

I—> I Gfoundtnh

Probabilities of new
network on bike pixels
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Probabilities of new
network on person pixels

Clasmcabon Loss

The background class definition
may change in time during
incremental class learning for
semantic segmentation.

We proposed a method to tackle
this issue.

Currently under submission at
IEEE Computer Vision and Pattern
Recognition Conference, 2020



Detection across domains

Source Target (test)




Detection across domains with a single target sample

Source

= A 1 Target Sample

Source Training... \ _ updated due to rotation finetuning backprop
Object
detector
Backbone finetunina...
Rotation inetuning >
classifier : B

0 920 180 270



Adaptation from synthetic to real - Our Experience
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Looking Beyond Appearances: Synthetic Training Data for Deep CNNs in Re-identification,
I. B. Barbosa, M. Cristani, B. Caputo, A. Rognhaugen, T. Theoharis,

IEEE Computer Vision and Image Understanding, 2018
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A deep representation for depth images from synthetic data,
F. M. Carlucci, P. Russo, B. Caputo
IEEE International Conference on Robotics and Automation, 2017



Self-Supervision for 3D object recognition and segmentation
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Denoise and Contrast for Category Agnostic Shape Completion.
A. Alliegro, D. Valsesia, G. Fracastoro, E. Magli, T. Tommasi

IEEE Computer Vision and Pattern Recognition Conference, 2020

Structured Domain Adaptation for 3D Keypoint Estimation
L.O. Vasconcelos, M. Mancini, D. Boscaini, B. Caputo, E. Ricci
International Conference on 3D Vision (3DV), 2019



Self-Supervision for First Person Action Recognition

Particularly challenging:
e Strong Occlusion
e (Camera Motion

As for any video-related task there are two
important informations:

e the appearance of each frame

e the frame relation: motion

Our idea: add a self-supervised task to learn
the motion together with the appearance
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Fairness Certification in
Artificial Intelligence

tatiana.tommasi@ polito.it

barbara.caputo@polito.it
p.asinari@inrim..it
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