OECD Al Policy Framework &
Some Thoughts on Al

Artificial Intelligence Department, Jozef Stefan Institute

@@ Institut
® ' jozef Stefan”

o Liubliana, Slovenija

Marko Grobelnik

(Marko.Grobelnik@ijs.»i

UNESCO IRCAI

I

United Nations
Educational, Scientific and

Cultural Organization

IRCAI

: International Research Centre
«+ on Artificial Intelligence

under the auspices of UNESCO


mailto:marko.Grobelnik@ijs.si

The Context:
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OECD Al System Definition

Adopted in 2019



Name of the game:
Definition of Al
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Al Definitions from the literature
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OECD Al Definition (OECD 2019)

(adopted also by G20 and EC)

Gl y 'L &eé ai -dasedsystent thalycanOfr & givien set of
humandefined objectives, make predictions, recommendations, or
decisions influencing real or virtual environments.

It does so bwytilisingmachine and/or humaiibased inputs to:
1) perceive and/oanalysereal and/or virtual environments;

1) abstract such perceptions/analyses into models manually or
automatically; and

lll) use model Interpretations to formulate options for outcomes.
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New OECD Al System definition (O&t2@23)
(adopted by EU Al Act, G7, US NIST, Counclil of Europe)

Proposed clean text:

An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it
receives, how to generate outputs such as predictions, content, recommendations, or decisions that [can]
influence physical or virtual environments. Different Al systems vary in their levels of autonomy and
adaptiveness after deployment.

Proposed updates in blue: OECD Al System Definition from June 2019

An Al system is a machine-based system that =, for explicit or implicit
objectives, infers, from the input it receives, how to generate outputs such as predictions, content,
recommendations, or decisions that [can] influence: ¢ physical r=2! or virtual environments. Different Al
systems vary:n4 in their levels of autonomy and adaptiveness after
deployment.



Anatomy of the Al System definition (as defined by OECD)

Al System

Sensors (81)
A Machine §2)
A Human §3)

\ 4
Model Model (§8)
Construction (e.g., rules or
Algorithm (§4) == analytical
(e.g., machine function)
learning)

Model
Interpretation
=== Algorithm (§10)
(e.g., classification
or logic reasoning)

Human Interpretable
or Uninterpretable
Representation§9)

Actuators (813)
A Machine §14)
A Human §15)

Objective §5)
Performance
Measure §6)
Historical data /
memory §7)

Objective §11)

Performance
Measure §12)

Perceiving
(Percepts /
Raw Data)

Acting
(Physical or
Informational
Influence)

Environment

Environment State

A An environment has its state, not
necessarily fully observable

A An environment can change its
state with or without explicit
actions by the Al System

Environment State Observability

A Environments are real (physical,
social, mental) or artificial (e.g.,
games like chess)
Real environments are typically
too complex to be observable in i
entirety (like physical or social)
Artificial environments can be full
observable (like chess)
Environments are observable
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Al System as defined by OECD

Al System Environment

Sensors (81)
A Machine §2)
A Hum- ...

necessarily fully observable
A An environment can change its
state with or without explicit
3 actions by the Al System
Model Mot el (88) Model Environment State Observability
Construction (e.g. rules or Interpretatic 1 Lojective §11) A Environments are real (physical,
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Human Interpretable Artificial environments can be full
or Uninterpretable Actuat rs (813) observable (like chess)
Representationgd) A Macine §14) Environments are observable
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Al System as defined by OECD

Al System Environment
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Al System as defined by OECD
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An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it
receives, how to generate outputs such as predictions, content, recommendations, or decisions that [can]
| or virtual environments. Different Al systems vary in their levels of autonomy and

adaptiveness after deployment.

Al System Environment

Sensors: (§1)

Machine (§2) —
Human (§3) Perceiving Environment State

(Percepts/ * An environment has its state, not
Raw Data) necessarily fully observable
* An environment can change its
state with or without explicit
i actions by the Al System
Model Model (§8) Model Environment State Observability
Construction (e.g., rules or Interpretation Objective (§11) + Environments are real (physical,
Algorithm (§4) ™= analytical === Algorithm (§10) Y — social, mental) or artificial (e.g.,
e rochne [ Fncn o sitcaton 88 viesur 512 L =
* Real environments are typically
l too complex to be observable in its

entirety (like physical or social)
Human Interpretable * Artificial environments can be fully
or Uninterpretable Actuators: (§13) observable (Ilke Chess)
Representation (§9) *  Machine (§14) + Environments are observable

Human (§15) Actlng through ‘percepts’ in a form of raw
(Physical or data

Informational
Influence)

Objective (§5)
Performance
Measure (§6)
Historical data /
memory (§7)




An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it
receives, how to generate outputs such as predictions, content, recommgéndations, or decisions that [can]
influence physical or virtual environments. Different Al systems vary i/ their levels of autonomy and

adaptiveness after deployment.

Al System Environment

Sensors: (§1)

Machine (§2) —
Human (§3) Perceiving Environment State

(Percepts/ * An environment has its state, not
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* An environment can change its
state with or without explicit
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Human (§15) Actlng through ‘percepts’ in a form of raw
(Physical or data
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Measure (§6)
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memory (§7)




An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it
receives, how to generate outputs such as predictions, content, recommendatioiis, or decisions that [can]
influence physical or virtual environments. Different Al systems vary in theit/ievels of autonomy and

adaptiveness after deployment.

Al System Environment

Sensors: (§1)

Machine (§2) —
Human (§3) Perceiving Environment State

(Percepts/ * An environment has its state, not
Raw Data) necessarily fully observable
* An environment can change its
state with or without explicit
i actions by the Al System
Model Model (§8) Model Environment State Observability
Construction (e.g., rules or Interpretation Objective (§11) + Environments are real (physical,
Algorithm (§4) ™= analytical === Algorithm (§10) Y — social, mental) or artificial (e.g.,
e rochne [ Fncn o sitcaton 88 viesur 512 L =
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Human Interpretable * Artificial environments can be fully
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Human (§15) Actlng through ‘percepts’ in a form of raw
(Physical or data
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Objective (§5)
Performance
Measure (§6)
Historical data /
memory (§7)




An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it
receives, how to generate outputs such as predictions, content, recommendations, or decisieiis that [can]
influence physical or virtual environments. Different Al systems vary in their levels of

adaptiveness after deployment.

Al System Environment
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Machine (§2) —
Human (§3) Perceiving Environment State
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Raw Data) necessarily fully observable
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state with or without explicit
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Influence)
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Measure (§6)
Historical data /
memory (§7)




An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it

receives, how to generate outputs such as predictions, content, recommendations, or decisions that [can]

influence physical or virtual environments. Different Al systems vary in fneir levels of autonomy and
adaptiveness after deployment.

Al System Environment
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Machine (§2) —
Human (§3) Perceiving Environment State
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Raw Data) necessarily fully observable
* An environment can change its
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An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it
receives, how to generate outputs such as predictions, content, recommendations, or decisions that [can]

influence physical or virtual environments. Different Al systems vary in their levels of autonomy and
adaptiveness after deployment.

Al System Environment

Sensors: (§1)

Machine (§2) —
Human (§3) Perceiving Environment State
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An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it
receives, how to generate outputs such as predictions, content, recommendations, or decisions that [can]
influence physical or virtual environments. Different Al systems vary in their levels of autonomy and

adaptiveness after deployment.

Al System Environment

Sensors: (§1)
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Human (§3) Perceiving Environment State

(Percepts/ * An environment has its state, not
Raw Data) necessarily fully observable
* An environment can change its
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An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it
receives, how to generate outputs such as predictions, content, recommendations, or decisions that [can]
influence physical or virtual environments. Different Al systems vary in their levels of autonomy and

adaptiveness after deployment.

Al System

Sensors: (§1)
Machine (§2) . .
o 1) Perceiving Envircrament State
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An Al system is a machine-based system that, for explicit or implicit objectives, infers, from the input it
receives, how to generate outputs such as predictions, content, recommendations, or decisions that [can]
influence physical or virtual environments. Different Al systems vary in their levels of autonomy and

adaptiveness after deployment.

Al System Environment

Sensors: (§1)

Machine (§2) —
Human (§3) Perceiving Environment State

(Percepts/ * An environment has its state, not
Raw Data) necessarily fully observable
* An environment can change its
state with or without explicit
i actions by the Al System
Model Model (§8) Model Environment State Observability
Construction (e.g., rules or Interpretation Objective (§11) + Environments are real (physical,
Algorithm (§4) ™= analytical === Algorithm (§10) Y — social, mental) or artificial (e.g.,
e rochne [ Fncn o sitcaton 88 viesur 512 L =
* Real environments are typically
l too complex to be observable in its

entirety (like physical or social)
Human Interpretable * Artificial environments can be fully

or Uninterpretable Actuators: (§13) observable (Ilke Chess)
Representation (§9) *  Machine (§14) + Environments are observable

Human (§15) Actlng through ‘percepts’ in a form of raw
(Physical or data

Informational
Influence)

Objective (§5)
Performance
Measure (§6)
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memory (§7)




Al System and relation to higher level principles

Human Accountability anc Building human capacity and

centredvalues responsibility preparing for job transition

Sensors: (§1)
Machine (§2)
Human (§3) Perceiving Environment State
(Percepts/ * An environment has its state, not
Raw Data) necessarily fully observable
An environment can change its
state with or without explicit

+ * actions by the Al System

Model Model (§8) Model Environment State Observability
Construction (e.g., rules or Interpretation Objective (§11) + Environments are real (physical,
Algorithm (§1) == analytical == Algorithm (§10) P — social, mental) or artificial (e.g.,
] e ez (12 e
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Al System and sources of various types of biases

Perception Bias

Al System Environment

Sensors: (§1)
*  Machine (§2)
*  Human (§3) Perceiving Environment State
(Percepts/ * An environment has its state, not
Raw Data) necessarily fully observable

An environment can change its

state with or without explicit

l * actions by the Al System

Model Model (§8) Model Environment State Observability
Construction (e.g., rules or Interpretation Objective (§11) « Environments are real (physical,
Algorithm (§4) === analytical =P Algorithm (§10) Performance social, mental) or artificial (e.g.,
I(:égr.r;i;nga)chine function) ger.ig(.j,g{i:(lzars:;};i‘ca]::jogr; Measure (§12) games Ii!<e chess) :
. Real environments are typically
too complex to be observable in its
entirety (like physical or social)

Human Interpretable Artificial environments can be fully
or Uninterpretable Actuators: (§13) observable (||ke Chess)

Representation (§9) *  Machine (§14) Environments are observable

0 e (L) ACtm,g through ‘percepts’ in a form of raw
(Physical or Sh

Informational
Influence)

Technical Bias

Objective (§5)
Performance
Measure (§6)
Historical data /
memory (§7)

Activation Bias



Three Levels
of Al Scaling
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Trainig and Test
Time Scaling
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Al Risk Assessment Framework

i. Design, data and models

| Source: Al in Society.

Al System Lifecycle
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OECD Al System Lifecycle

Adopted in 2019



OECD Al System Llifecycle

Data collection
and processing

e it, Verification - Denl ot v, Operation and
Planning Model bullding and validation | o O YIS monitoring

and dasign and interpretation

Source: Al in Society.




Al Risk Assessment Framework

s (] (1]

Al System P

Definition

OECD Al Principles

Adopted in 2019
https://oecd.ai/en/al-principles

Values-based principles

Inclusive growth, sustainable
development and well-being

Human-centred values and

faimess

Transparency and explainability

Robustness, security and safety

Accountability

Recommendations for policy makers

Investing in Al research and
development

Fostering a digital ecosystem for Al

Shaping an enabling policy
environment for Al

Building human capacity and
preparing for labour market
transformation

International co-operation for
trustworthy Al


https://oecd.ai/en/ai-principles

OECD Al Principles

(the only politically agreed Al document socfd4 countries)
https://oecd.ai/atprinciples

Values-based principles Recommendations for policy makers
Inclusive growth, sustainable 5 /‘} Investing in Al research and S
development and well-being uﬂﬂ% development
Human-centred values and R . . .
faimess > g@ Fostering a digital ecosystem for Al

Shaping an enabling policy S

Transparency and explainability > environment for Al

Building human capacity and

Robustness, security and safety > preparing for labour market >
transformation
- International co-operation for
@ Accountability > trustworthy Al >

Legal documenthttps://legalinstruments.oecd.org/en/instruments/OEAEGAI0449



https://oecd.ai/ai-principles
https://legalinstruments.oecd.org/en/instruments/OECD-LEGAL-0449

1.1.Inclusive growth, sustainable development and weking

Stakeholders should proactively endgage in responsible stewardship of trustworthy Al in pursuit of beneficial outcomgdd@ngkeihe planet, such as
augmenting human capabilities and enhancing creativity, advancing inclusion of Underrepresented populations, reducing smriaingender and
other inequalities, and protecting natural environments, thus invigorating inclusive growth, sustainable development ebmingell

1.2.Humancentred values and fairness

a) Al actors should respect the rule of law, human rights and democratic values, throughout the Al system lifecyclecllithe$eeadom, dignity and
autonomy, privacy and data protection, nainscrimination and equality, diversity, fairness, social justicé, and internatiaealbhgnisedabourrights.

b) To this end, Al actors should implement mechanisms and safeguards, such as capacity for human determination, thapasteajogpithe context
and consistent with the state of art.

1.3.Transparency andxplainability

Al Actors should commit to transparency and responsible disclosure regarding Al systems. To this end, they should promgialnmé@rmation,
appropriate to the context, and consistent with the state of art:

I. to foster a general understanding of Al systems,
ii. to make stakeholders aware of their interactions with Al systems, including in the workplace,
lii. to enable those affected by an Al system to understand the outcome, and,

Iv. to enable those adversely affected by an Al system to challenge its outcome based on plain dodiadsystand informatio on the factors, and
the logic that served as the basis for thé prediction, recommendation or decision.

1.4.Robustness, security and safety

a) Al systems should be robust, secure and safe throughout their entire lifecycle so that, in conditions of normal esebferese or misuse, or other
adverse conditions, they function appropriately and do not pose unreasonable safety risk.

R) To this end, Al actors should ensure traceability, including in relgtign to datasets, processes and decisions mgtie Ausystem lifecycle, to
SylrotsS lylteaAra 2F UKS !'L aeausSyQa 2dzuO2YSa YR Nbad®ag.aSa U2

c) Al actors should, based on their roles, the context, and their ability to act, appIY a systematic risk management appawdcphase of the Al
system lifecycle on a continuous basis to address risks related to Al'systems, including privacy, digital securityd bedsty an

1.5.Accountability

Al actors should be accountable for the proper functioning of Al systems and for the respect of the above principles) asedotes, the context,
and consistent with the state of art.
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OECD Al System Classification

Adopted in 2022
https://oecd.ai/en/classification



https://oecd.ai/en/classification

- Provenance, collection, dynamic nature

OECD framework for the

classification of Al on propretaryetey (R
- Appropriateness and quality

systems

Al actors include data collectors & processorg

e LIS

___________________________________________________________

Top level CONTEXT ™
dimensions | T —
include a numbe 'gdtt”'fttt srodel
of sub - Scale & maturity

dimensions = e nc
equipped with I N |
measurable _ _
indicators sl il

- Combining tasks and action
- Core application areas (computer visieta)

- Model characteristics
- Model building
(symbolic, machine
learning, hybrid)

\- Model inferencing / use

—_——————

- Users of the system
- Impacted stakeholders
- Optionality & redress

& - Human rights, incl. privacy
- Wellbeing & environment
- Displacement potential

Al actors includsystem operators .
y P Actors include endsers !

-

Al actors include system integrators




OECD. Al

Policy Observatory

Linking the classification & Al system lifecycle actors
=
dimensions 4 Planet & Input & Output

Actors End-users & System Data collectors Developers System

I« F(cA stakeholders operators & processors & modellers integrators

e e e e e e i Rty Bl ey Sty Kol Rty Bl |

Use or are Plan . Operate Collect ' Build :  Build ,
impact by | &design ! & monitor {& process data; &use ! &validate

_____________________________________________________________________________________________________




OECD framework for the classification of Al systems
Al System Lifecycle

Actors include data collectors
& processors

Collect & process
data

PEOPLE & \]
_ . PLANET Build & use
l Plan & design ‘ model
it Use or Lot
r =N ;

Operate & ‘ Actors include end-users Verify & validate
& stakeholders

)
T

galelylide]y

Actors include system | Actors include
operators : p*m.fnpers & madeffers_

Deploy

Actors include system
integrators




Using the framework for health technology assessment

Clinical liability
Current use
Changes to data flows
Local deployment factors

Local performance

End-user training
End-user well being
End-user/patient autonomy
Consent
Communication strategies

The
Alan Turing
Institute

Input description

PATIENTS, |
STAKEHOLDERS !
& PLANET

UNIVERSITYOF
BIRMINGHAM

Model reporting
Training data reporting
Performance in different

groups
Handling outlier data
Harm
Autonomy

Output description

Post deployment change
management plan

Benchmarking
Oversight committees




Example 1: Crediscoring Al systems ﬁq_ECbD.AI
Policy Observatory

Selected criteria:

ASystem userg Amateur (bank employee) | Dl
AOptionality ¢ Cannot opt out - reomes - Kool
AHuman rights impact Yes e

ASector of deploymentFinancial system (e.g., banking, insuran -
ACritical functionc Critical function/activity (availability of financial services, inclusion)
AData collectionc Human (set of rules) and automated sources (e.g. profiles, loan payments)
ARights: Mix of proprietary and public data

Ad L RS Y U Acbflerd p&sanhilidénéfidble data

AModel buildingce.g., statistical/hybrid model; learns from provided data, augmented b
human knowledge

AModel evolutionc Can evolve during operation
ASystem task Forecasting: uses past & existing behavior to predict future outcomes
ALevel of action autonomy Medium (human orthe-loop)



OECD. Al

Policy Observatory

Example 2: GR3, text generation ib

Selected criteria:

Caveat: general purpose Al I%Xstem so nearly all resPonses depend on the
specific application context! Medical advice, content filtereative writingX

ASystem users Primary users are amateur

Almpacted stakeholders workers, consumers -
ASector of deployment Information & communication e ———— m o
ACritical functioncNore ~— [eNEE puner
AData collectionc Human sources (text strings) -
ARightSc Largely public data sources (some proprietary)

AModel building¢ Learn from provided data

AModel evolution ¢ Evolution during operation

ASystem task; Goatdriven optimization, Reasoning with knowledge structures, interaction
support, recognitionpersonalisation

ALevel of action autonomy Low autonomy [human action required e.g., to use
generated text]




Al Risk Assessment Framework

Unaccept
able risk

High risk

Al System Lifecycle

2
=]

pod

©

2

[
wv
o
o
>
=
°
o
<
o
o
i
o

Al System
Definition

Minimal risk

Risk levels

OECD Al Risk Assessment

Xg2N] Ay LINPRINBAaA



OECD Risk assessment framework:
categorization of uses of Al in the draft EU Al Act

Unacceptable risk

. i Prohibited
e.g. social scoring

Permitted subject to compliance
High risk with Al requirements and ex-ante
e.g. recruitment, medical conformity assessment
*Not mutually devices
exclusive

‘Transparency’ risk Permitted but subject to
‘Impersonation’ (bots) information/transparency
obligations

Minimal or no risk Permitted with no restrictions
' n European |
' Commission
@)y
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OECD Al Policy Observatory

Near realtime observation of the evolution of Al across 12 dimensions
https://oecd.ai/



RealTime Technology Watch |

ca journey of an innovatién
AGho/5 1L t2f )\h@pes//oleaalall)SNJZI uzNJes 0

e el

AMain objectives of the use case are to build a platform to respond on
guestions related to the global innovation ecosystem in the area of Al

ATo understand the evolution of Al?

ATo detect impactful innovations early in the process?

Ac2 LINBRAOG o6KIG é6Aff 0SS WGiKS YySEG o
A. dZAft RAY3 1} WGKS RAIAGEIET GoAy 27F |

AThe basic premise is that ideas and innovations which will impact our
ivesinthenextsan e SI NRA INB It NBIF Re Ayd


https://oecd.ai/

OECD Al Policy Observatory narrative:

Tracking an innovation across many stages of the ecosystem

AAn innovatiorspotted in the academic worl¥

AXprojectsare started around the innovation (publicly funded, open source)
AXNB & S ND K S NAnfomnalliR BsuSdhe2indS/atiin
AXOKS Ayy2pmatenied 2y IS0 a

AXcompaniesare established around the innovation

AX O2 Y LJ vV ikvBsimerdsQassibly in several rounds

AXAY @SalaYSyida Kobmsketisypply ateSdgniasd sigle)
AXmarketreacts on the quality of innovation

AXeducationintroduces new courses

AXperception& interest from expert and broad audiences
AXmediastarts publishing about the innovation and companies
AXincidentshappen to show weaknesses to be treated
AXpoliciesare formulated on international and national level



OECD Al Policy Observatory (oecd.ai) data source:

A Academic worldc Microsoft Academic GrapfpenAlex SCOPUS (~200M, ~1M per month)
AProjectsc/ hwS5L{kb{CkX o0BmMnniuvX DAUIl dzo O6Y9o0na I
A Informally discussiong, StackOverflow.com forums

A Patents¢ Microsoft Academic Graph

A Companieg; Orbis Dun & Bradstreet

A Investmentsc Pregin.com (>20k investments)

A Job marketc LinkedIn.con{supply side) and Adzuna.com (demand side)

AMarketc, K22 CAYlIYyOS>T . f22Y0SNHX X

A Educationc StudyPortals.com (~3000 universities, English courses only)

A Perception¢ Google Trends & Twitter

A Media ¢ EventRegistry.org (1M news per day)

A Incidentsc database in construction (>1000) based on IncidentDatabase.ai

A Policiesg¢ OECD global policies database (oecd.ai) (~1000 docs on Al)



Cascading influence of an innovation
otansorflow: SEIl YLJX S
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Cascading influence of an innovation
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Almpact of an innovation
to the ecosystem
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Production of Al research over years

Year: - - ) , Resume  Publications Per Capita cumulative

2001

Y-axis: = GDP Per Capita ¥ Quality Rankings: | Include All § Download Download As Image
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Mote: the number of Al publications in a country per year is given by the size of its bubble. The ‘cumulative” option displays aggregate results since 1980. Please see methodological note for mare
nformation.

Source of data: Microsoft Academic Graph for bibliometrics; World Bank and OECD national accounts data for GDP and GDP per capita; World Bank and United Mations Population Division for
population; and UNESCO for

Please cifte as: QECD.AI{2020), visualisations powered by JSI using data from MAG, accessed on 1/4/2020, www.oecd.ai

expenditura

https://oecd-aiobservatory.ijs.si/dashboards/Al/Index?visualization=ReseaMAGCountries-ai-publicationsvs-gdp-per-capitaby-country%2&egion%2&n-time



https://oecd-aiobservatory.ijs.si/dashboards/AI/Index?visualization=Research---MAG-Countries--ai-publications-vs-gdp-per-capita-by-country,-region,-in-time
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Al Research per institution

number of Al Research Publication

6500

X . Chinese Academy of Sciences

X . Tsinghua University

X . Shanghai Jiao Tong University

X . Massachusetts Institute of Technology
X . Stanford University

X . University of Michigan

X . Max Planck Society

X . Zhejiang University

X . Harvard University

X . Carnegie Mellon University



Al Research collaboration between institutions
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Trends Iin Al subtopics over time
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Betweencountry
Al skills migration

hour
Lnited Araéeépnwa
Ireland
Canada
Singapore
Methérlands
ermany
Switzerland
Australia
. Japan
Saudé.&ra
we
Norway
Finland
) “Austria
United Kinadom
atar
Cyprus
Thailand
Unlteg %Tates
elgium
Czech Republlc
MNew Zealand
France
enmar
Drtuga
pain

Huncti_?w

Losing Al talent

Gaining Al talent

ndopeﬂa
srae
orea

oland
—Ir:mg K::mg (China)
Eﬁlom Ia

Ina
taly

Rormania
eXICO.

alaysia
Chinése Taipei
Argentina
Brazil
outh Africa
regce
Ukraine
India
Viet Mam
url-ze;

Pazlstaﬂ
Bangladesh
lran”
Tunisia
Venezuela



Top Al skills
worldwide

@ Machine Learning

© Artificial Intelligence (Al)

o Data Structures
o Deep Learning

© \LP

© TensorFlow

© Pandas

@ Neural Networks

@ Keras

@ OpenCV

@ Artificial Neural Networks

@ PyTorch

@ Reinforcement Learning



VC Investments in Al worldwide
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VC Investments per country
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40,000 —
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X . China
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X . Canada
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VC Investments per Al sector
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X Mobility & autonomous vehicles

X . Medias, social platforms and marketing
X . Healthcare, drugs and biotechnology

X . IT infrastructure 8 hosting

X . Business processes and support services
X . Financial and insurance services

X . Hardware (robots, IT, sensors, etc.)

X . Digital security

X . Logisitics, wholesale and retail



Some of the lessons learned fron
OECD Al Policy making



Normative vs technical indicators

International & . EU, OECD, CoE, UN, ...
Human Rights . S

National Law recommendations

A I_I,I]Igh Ie\f,]elan?w IO | Normative Al framework:
the methodo ogica Constraints, recommendations, guidelines
approach on
bridging the gap. | -
between normative VAN E.g.: accountability, human centricity, fairness, transparency,
SyStemS (On the top) oral, Lega explainability, robustness, security, safety, criticality, ...

on how an Al system should behave
Philosophical,

and technical Al concepts
ts)ystems (on the
ottom).
) Measurablel E.g.: accuracy, precision/recall, ROC/AUC, stat. significance,
A The gap appearS quant. & qual. anonymization, speed, storage, application, industry sector, ...

Indicators

between the
abstract concepts
used in normative
documents and
technical indicators
measurable from a
technical system. Al System

Methodological Offline Testing Online Monitoring
Review Review Review
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Technical triggers of
Al & human rights



Al Systems vs. Human Capabilities wnere we are

(Evolution of Al systems related to human skills) (basic human skills)
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{ ! [ ~"° 1
-’g ' Human Level Performance f / y human Sk|“S)
N 02 /
© &
S Handwriting o /
£ -0.4 Recognition
w
O
: !
©
= |
5 0.6 Natural
= L A I
Q gnguag ) Genera
Understanding 4
Speech Languagge
—0.8 1 Recognition Model
Image Evgluation &
Regognition Math
~1.0 - & /Reasoning
2000 2004 2008 2012 2016 2020 2024

Year

https://www.gov.uk/government/publications/internationascientificreport-on-the-safety-of-advancedai



https://www.gov.uk/government/publications/international-scientific-report-on-the-safety-of-advanced-ai

(Some of) the basic properties of Al systems
which could endanger human rights

AManaging large scale of complexity (recursive Al agents) o
AXdzaAy3d GKS aoltsS 2F RFOGal Ay GKS aixl s 27
A Humans cannot manage complexity beyond certain scale
ABlackbox models / lack of transparency
AXadza Gl ofS FT2N YI OKAY
Al dzYl ya R2y Qi KIF @S TS
ASpeed of inferencing

A Surpassing humans in reaction time
A The Speed of computers increases ~4 times per year

AAutonomous Decisiora I { Ay 3 o1 dzY | ¥y
AXRdzS G2 YAaltA3IyYSYyld 2F Kd

AUnclear accountability - o
AXGKS OKIFAY 2F &adl {SK2f RSNA

ARobustness ) S )
AX!'L aeaidsSvya Nl y2i0 LISNFSOU F'yR Aa KI NR

"M Uy




(Un)KnowAUn)Knowns,
Model Representation vs. Phenomena Discovery

Phenomena Discovery
—

Human Interpretable

machine)

Human Uninterpretable

optimize the solution)

Model Representation

Phenomena
Knownto Humans

(what people already
know, but want to model
and understand)

Traditional Statistics,

(providecby anumanto am Yo [[ife]t- 1WAV} Wels|[e:

Reasoning
Modern Al (after 2010),

(eceiice o)tz enllalznier Deep NeuraNetworks,

Transformers,
Reinforcement Learning

X{0KAA

g 2 dzf R

Phenomena
Unknownto Humans
(what people typically
R2Yy Qi (Y26

Advanced Statistical
Methods, Unsupervised A
(e.g. anomaly detection)

Al to come, e.g., Al with
omultihopE NBF azy Ay 3:
OnlineReinforcement

Learning \

Ffft2¢ G2 NBI OK &

relations and reach insights far from what humanity knows tod:
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Speed of computers:
computers are ~4 times
faster every year

Alf computers will be expectedly
much faster in the near future, what

can we dO W|th SUCh CapaCity? "Moore's Law, In its best days, would have
7 I =L 2 S delivered 100x in a decade," Huang explained.
AX g KI U ki dZ)/ RI Y S y ul t "By coming up with new processors, new
could be addressed and what systems, new interconnects, new frameworks

and algorithms and working with data
scientists, Al researchers on new models,
across that entire span, we've made large
language model processing a million times
faster."

consequences this could have?

https://siepr.stanford.edu/news/nvidiasensenhuangincrediblefuture-ai

https://www.youtube.com/watch?v=cEq8cOx7UZk



https://siepr.stanford.edu/news/nvidias-jensen-huang-incredible-future-ai
https://www.youtube.com/watch?v=cEg8cOx7UZk

(Near to Mid-)future Al challenges

1.

Advanced reasoning capabilitige reach
(un)known (un)known knowledge

. Why GenAl/LLMs works at all?

Pay

Lyi'J NP Ii/\dztfd)k\/lp’dﬁlsi(é( 62 NBEIFGS
with human understandable world

Large(recursive) Al ageninfrastructures
with autonomous emergent behaviors

Integrating newdata modalities (types of
data) beyond the usual ones



