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e Az emberkdzpontu mesterseges intelligencia (EMMI)
e MI didhéjban és a standard MI model

e MI trendek, altalanos MI, szuperMI

e Az MI veszélyei

e EMMI megoldasok
- Bizonyithatdan joravalo MI
— Ertelmezheto MI

- Magyarazhato MI
- Federalt MI




Emberkozponti mesterséges intelligencia




HCAIM-projekt:
Mesterfokon, etikusan az MI-rol

- 60 kredites EU szintl HCAIM program  #& &

* Partnerek:

* TU Dublin, HU Utrecht,
Federico Il Napoli, BME

» + kutatointézetek

» + KKV-k

* Projekthonlapok:

> kozos: http://humancentered-ai.com/

» BME: https://hcaim.bme.hu

https://computerworld.hu/technologia/hcaim-projekt-mesterfokon-etikusan-a-mesterseges-intelligenciarol-310148.html



http://humancentered-ai.com/ 
https://hcaim.bme.hu/
https://computerworld.hu/technologia/hcaim-projekt-mesterfokon-etikusan-a-mesterseges-intelligenciarol-310148.html

Emberkozpontu MI definicidoja (és szabalyozasok)

e Al HLEG

- "The human-centric approach to Al strives to ensure that human values
are central to how Al systems are developed, deployed, used and
monitored, by ensuring respect for fundamental rights."

- A mesterséges intelligencia emberkdozponti megkozelitése arra
torekszik, hogy az alapveto jogok tiszteletben tartasa révén a
human értékek kozponti szerepet kapjanak az MI-rendszerek
fejlesztése, telepitése, hasznalata és feliigyelete soran.

e AI regulations.
— General Data Protection Regulation (GDPR): Regulation (EU) 2016/679

— Building Trust in Human Centric Artificial Intelligence: COM(2019)168
— AI regulation: COM/2021/206 finall




A HCAI értelmezés a HCAIM-ban

Beneficial Al: Al solutions for humans, societies, and mankind

Trustworthy Al: value compatibitility, understandability CLASSIC ("existential risk")

Al safety: formal methodsin systems engineering.

Personal and institutional autonomy and freedom: data security and privacy. HCAIM

HC data analysis by design: MLOps, prior knowledge, explanation, active learning, machine teachingin
cooperativeintelligence, automated data analytics.

* HC knowledge engineering: coding systems, ontologies, linked open data, summary statistics, automation
of science (life sciences). HCIl: human-computer interaction

* Improved cognitive enhancers: personal assistants in education, intelligentcitizen and costumer services,
and decision support toolsin personalized medicine.

* Improved sensorialman-machine interfaces: improved communication (speech, augmented reality) and
human-computerinteraction.

* Improved sensorimotoric man-machine cooperation: robotics, health-care assistance using wearable
electronic devices, and in automated driver assistance systems/autonomousvehicles.

* Smart devices, smartcities: |oT, sensor fusion for predictive maintenance.
Autenemousvehides




HUMANE ( )Al NET Vision Research Reports Events People Partners Community ~ Project ~

EUROPEAN NETWORK OF HUMAN-CENTERED
ARTIFICIAL INTELLIGENCE

Facilitating a European brand of trustworthy, ethical Al that enhances Human capabilities
and empowers citizens and society to effectively deal with the challenges of an
interconnected globalized world.

Challenge: Research Roadmap > § Challenge: Reports >
Result: Connecting Communities > || Result: Micro Projects >

https://www.humane-ai.eu/



https://www.humane-ai.eu/

Forrasok emberkdzpontu MI-hez

* Al25@ BME VIK

* Stuart Russel: A New Approach to Al, Budapest, 2018
e https://ai25.mit.bme.hu/en/program/russell/
e https://ai25.mit.bme.hu/hu/program/

e Stuart Russel: A Human-Centered Approach to Artificial Intelligence
* https://ucsdnews.ucsd.edu/feature/a-human-centered-approach-to-artificial-intelligence

* Mindscape
* Derek Leben on Ethics for Robots and Artificial Intelligences

e https://www.preposterousuniverse.com/podcast/2019/01/21/episode-30-derek-leben-on-ethics-for-
robots-and-artificial-intelligences/

* Human-Centered Al: Keynotes and Panel by Yoshua Bengio and Ben
Shneiderman

* https://www.youtube.com/watch?v=ucObYp -JLA



https://ai25.mit.bme.hu/en/program/russell/
https://ai25.mit.bme.hu/hu/program/
https://ucsdnews.ucsd.edu/feature/a-human-centered-approach-to-artificial-intelligence
https://www.preposterousuniverse.com/podcast/2019/01/21/episode-30-derek-leben-on-ethics-for-robots-and-artificial-intelligences/
https://www.youtube.com/watch?v=uc0bYp_-JLA

MI diohéjban és a standard MI model




What is AI?

Thinking humanly | Thinking rationally

Acting humanly Acting rationally

Stuart Russel: "standard model"
» Machines are intelligent to the extent that their actions can be expected to achieve
their objectives.

Wang, Pei. "On Defining Artificial Intelligence." Journal of Artificial General Intelligence 10.2
(2019): 1-37.
e The essence of intelligence Is the principle of adapting to the environment while working with
insufficient knowledge and resources. Accordingly, an intelligent system should rely on finite
processing capacity, work in real time, open to unexpected tasks, and learn from experience. This
working definition interprets "intelligence” as a form of "relative rationality” (Wang, 2008),

AIMA




Acting humanly: Turing Test

* Turing (1950) "Computing machinery and intelligence":
e "Can machines think?" - "Can machines behave intelligently?"
* Operational test for intelligent behavior: the Imitation Game

HUMAN
INTERROGATOR

* Predicted that by 2000, a machine might have a 30% chance of fooling a lay person for 5 minutes
* R. Kurzweil (1999):2029
* Consensus Al expert opinion (2022):~2030

AIMA



Milestones and phases in Al/ML

e ~1930: Zuse, Neumann, Turing..: ,instruction is data”:

Computer * 1943 McCulloch & Pitts: Boolean circuit model of brain

* 1950 Turing's "Computing Machinery and Intelligence"

* 1956 Dartmouth meeting: the term "Artificial Intelligence”

Computational |* 1950s Early Al programs (e.g. Newell & Simon's Logic Theorist)

complexity |, The physical symbol system hypothesis: search

Knowledge

, * 1965 Robinson's complete algorithm for logical reasoning
representation

e 1966—73 Al discovers computational complexity
* 1969—79 Early development of knowledge-based systems
* The knowledge system hypothesis: knowledge is power

* 1986- Neural networks return to popularity

Thresholdsof « 1988- Probabilistic expert systems/causality research(2000/2020<)

knowledge

1990- Kernel methods
* The ,big data” hypothesis: let the data speak
1995-2006/2009/2012 Emergence of machine learning

learnig
[}

Sistiites] * 2010< Deep learning, GPUs,

complexity * 2016<:reinforcement learning

* 2020<: human-centered/trustworthy/explainable/provably beneficial Al AIMA

general
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A bayesi paradigma

Szubjektiv valésziniiségek

lim ™2 = Jim Ba (A) = P(A)? P(A &)

N —o0 N N —o0
Bayes szabaly

p(X|Y):p(Y|X)P(X)_ p(Y | X) p(X)

p(Y) > p(Y[X)p(X)

p(Model | Data) o« p(Data| Model) p(Model)

Thomas Bayes: 1701 — 1761

Bayesi modellatlagolas

P(Xpai1| X)) x Zp(Xn+1|Model = m)p(X1.n|Model = m)p(Model = m)

Solomonoff, Ray. "Complexity-based induction systems: comparisons and convergence
theorems." IEEE transactions on Information Theory 24.4 (1978): 422-432.


http://en.wikipedia.org/wiki/Image:Thomasbayes.jpg

Bayesian decision theory
probability theory+utility theory

e Decision situation:

— Actions ai
— Outcomes Oj
— Probabilities of outcomes p(oj |ai)

— Utilities/losses of outcomes
U(o;|a)

— Maximum Expected Utility
Principle (MEU) EU (ai):ZjU(Oj |ai)p(oj |ai)

— Best action is the one with

maximum expected utility a* — arg maXi EU (ai)

Actions a; Outcomes Probabilities  Utilities, costs  Expected utilities

P(oj |ai) U(Oj)r C(ai) } EU(a,) = Z P(OJ |a|)U(OJ)
N : | |
fo)

J



MI trendek, altalanos MI és a szuperMI




Computing power: Moore’s Law
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3 um—1977
*1.5 um — 1982
1 um—1985

*800 nm—1989
*600Nnm-1994
*350nm—1995
*250 nm— 1997
*180 nm—-1999
*130nm-2001
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*65nm-—2006
*45 nm—2008
*32nm-2010
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*14nm-2014
*10nm-2017
*/ nm —~2019
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2012:single
atom transistor
(~0.1n, 1A)
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https://en.wikipedia.org/wiki/10_%C2%B5m_process
https://en.wikipedia.org/wiki/6_%C2%B5m_process
https://en.wikipedia.org/wiki/3_%C2%B5m_process
https://en.wikipedia.org/wiki/1.5_%C2%B5m_process
https://en.wikipedia.org/wiki/1_%C2%B5m_process
https://en.wikipedia.org/wiki/800_nanometer
https://en.wikipedia.org/wiki/600_nanometer
https://en.wikipedia.org/wiki/350_nanometer
https://en.wikipedia.org/wiki/250_nanometer
https://en.wikipedia.org/wiki/180_nanometer
https://en.wikipedia.org/wiki/130_nanometer
https://en.wikipedia.org/wiki/90_nanometer
https://en.wikipedia.org/wiki/65_nanometer
https://en.wikipedia.org/wiki/45_nanometer
https://en.wikipedia.org/wiki/32_nanometer
https://en.wikipedia.org/wiki/22_nanometer
https://en.wikipedia.org/wiki/14_nanometer
https://en.wikipedia.org/wiki/10_nanometer
https://en.wikipedia.org/wiki/7_nanometer

A szamitas egységnyi koltségének alakulasa

Price-Performance of Computation, 1939-2021
Best achieved price-performance in computations per second per constant dollar
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Ray Kurzweil: Singularity, Superintelligence, and Immortality (https://lexfridman.com/ray-kurzweil/)



https://lexfridman.com/ray-kurzweil/

Gépi tanulasban hasznalt szamitas mennyisége

Training compute (FLOPs) of milestone Machine Learning systems over time

Training compute (FLOPs)

Publication date

Ray Kurzweil: Singularity, Superintelligence, and Immortality (https://lexfridman.com/ray-kurzweil/)



https://lexfridman.com/ray-kurzweil/

Molekularis bioldgia adatok koltsége: Carlson's law

Productivity in DNA Synthesis and Sequencing
Using Commercially Available Instruments

= Rob Carlson, February 2013, www._synthasis. oo
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Number of biomedical publications

1 Cumdntive Number of Abstrncts.

(fqn)

'°:9oo 1910 1920 1930 1940 1950 1960
Fig. 2. CUMULATIVE NUMBER OF ABSTRACTS IN VARIOUS
SCIENTIFIC FIELDS, FROM THE BEGINNING OF THE
ABSTRACT SERVICE TO GIVEN DATE
It will be noted that after an initial period of rapid expansion to a stable

growth rate, the number of abstracts increases exponentially, doubling
in approximately 15 years.

Little Science, Big Science, by Derek J.
de Solla Price, 1963

Number of annual papers
1200000

1000000
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600000
400000

200000

1950 1960 1970 1980 1990 2000 2010

Number of patents are in the same range...
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Open knowledge

Semantic publishing

u«-\$ {:} WIKIPATHWAYS @cmue_gﬂ&ocv pmt l DrucBANK J M. Gerstein, "E-publishing on the Web: Promises,

- v o e gy e pitfalls, and payoffs for bioinformatics,"

‘ = 11 __ Bioinformatics, 1999
& ConceptWiki |{RecRelI =1l | neXtprot- || creved i

E,“e,!,“,épﬂe' M. Gerstein: Blurring the boundaries between
‘ {} ,{} {}* scientific 'papers' and biological databases,
Nature, 2001
“ Open PHACTS P. Bourne, "Will a biological database be different from a
= biological journal?,” Plos Computational Biology,

T T T 2005

[Molecularweight&formula] I Synonyms | ‘Activitytype, value, concentration M. Gerstein et al: "Structu red dlgltal abStraCt makes

[ H-Bond acceptors / donors ] I SMILES I Assay description _ text mmmg eaSy," Nature, 2007.
Polar surface area, AlogP InChl / InChikey Target organism M. Seri nghaus etal "PUthhmg perlshlng? Towards
Melting point Chemspider 1D it rindie tomorrow's information architecture,” Bmc
...and more .and more .and more Biol nfo rmati cs, 2007.

M. Seringhaus: "Manually structured digital abstracts: A

o o . scaffold for automatic text mining,” Febs Letters,
Williams, Antony J., et al. "Open PHACTS: semantic interoperability 2008.

for.drug Fhscovery. Dr.ug discovery today, 2012 D. Shotton: "Semantic publishing: the coming revolution
Dumontier, Michel, et al. "Bio2RDF release 3: a larger connected in scientific journal publishing,” Learned Publishing

network of linked data for the life sciences, EUR-WS, 2014. 2009

[OPENBEL:]Hofmann-Apitius, Martin, et al. "Towards the taxonomy of
human disease." Nature reviews. Drug discovery, 2015




Linked open data

Knowledge

Legend
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Linking Open Data cloud diagram 2017, by Andrejs Abele, John P. McCrae, Paul Buitelaar, Anja

Jentzsch and Richard Cyganiak. http://lod-cloud.net/



A jozan ész szabdlyai @GVGDI‘U

The Cyc project (1984-2016)
Goal: common sense BB i

Estimations in 1984:
* 250 000 rules

Objects

Collections

Materals

e 350 man-year Statice Actors &

State
Notural Living Change Plans & Types of
n . )
Language: Cycl iy i St Vot i
L] "
Chemis Sentient Physical Oraanizational Human Political
2 Beings Ecology Agents o lan Activitis Geography
: Human g
Physical Politics & Natons
* Arbtacts Emation Ly 8 Plants Warefare Gowve mments
. Petception Physiclogy Animals Law Business and
& Belief Conceptual & Commerce Purchasing Geopolitics
Astronomy Works 2 Shopping
Products & iterature & et Soclal Rn‘;.lx:‘;::‘n a Professions
Dot Literature i < o olession
‘ 3 Eorth & Yotz Works of Ant 2“;:‘:[4;:; Behaviour Entertainment Occupations
u r re n S a Solar Software Tavetz Tiorydey
System Vehicles, Buildings o, o o o & Social Relations Social Transportaiton avel Living

loapo vit & Logistics Communication
8 Weapont  gioctrical Devices  Language & Culture Activities E

* 239,000 concept

Domain-Specific Knowledge

° 2’ 093' OOO fa Cts {e.g., Healthcare, Computer Security, Command and Control, Mortgage Banking, ...)
Domain-Specific Facts and Data




MI piacok & pénzlgyi forrasok

Chart 1.1

Artificial Intelligence Revenue, World Markets: 2016-2025

($ Millions)
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(Source: Tractica)



Watson (2011): Jeopardy

Grand Challenge

— 1997 wins human champion G. Kasparov.
— 1999-2006<: , protein prediction
— 2011:

« Natural language processing
* Inference
« Game theory

«| Hypothesis Hypothesis and

filtering [~ ]evidence scoring,




Playing computer games (2015)

Convg\ution Convg\ution Fully cgnnecled Fully cgnnecled
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LETTER

doi:10.1038/nature14236

Human-level control through deep reinforcement
learning
Volodymyr Mnih'*, Koray K;l\‘ukuungllﬂ*‘ David ’iil\‘cr'*. Andrei A. Rusuw‘ Joel Veness', Marc G. Ii:llvm;lrc', Alex Graves',

Martin Riedmiller’, Andreas K. Fidjeland', Georg Ostrovski', Stig Petersen', Charles Beattie!, Amir Sadik', loannis Antonoglou’,
Helen King', Dharshan Kumaran', Daan Wierstra', Shane Legg' & Demis Hassabis'



Go (2017)

éu‘: AlphaGo

« Google DeepMind
* Monte Carlo tree search

« 2016:9dan
« 2017:wins against human champlon |

\

ARTICLE

Mastering the game of Go with deep
neural networks and tree search

David Silver'®, Aja Huang'*, Chris J. Maddison!, Arthur Guez!, Laurent Sifre!, George van den Driessche!,

Tulian Schrittwieser!, Ioannis Antonoglou!, Veda Panneershelvam', Marc Lanctot’, Sander Dieleman', Dominik Grewe!,
John Nham?, Nal Kalchbrenner?, Ilya Sutskever?, Timothy Lillicrap!, Madeleine Leach’, Koray Kavukeuoglu?,

Thore Graepel' & Demis Hassabis'



Walking, movements




(Real-time) translation

English (detected) v < Hungarian v Glossary

Colorless green ideas sleep furiously Szintelen zdld dtletek alszanak dihdsen

Alternatives:
Szintelen zdéld 6tletek diihésen alszanak

Szintelen zéld 6tletek alszanak diihédten

Szintelen zold otletek alszanak Grjongve

> @ B <

https://www.deepl.com/translator

Pilot Translating Earpiece

BABEL FISH

DIGESTIVE NERVE CHORD ENERGY ABSORPTION FILTER

TELEPATHIC EXCRETOR BRAIN SASIBLADDER

EXTENDABLE 5
NERVE SIGNAL UNCONSCIOUS
SENSOR 4 FREQUENCY
% DIGESTION CONSCIOUS SENSORS
GILL RAKERS  HEART FREQUENCY SENSORS

THE BABEL FISH IS SMALL, YELLOW, LEECHLIKE,
AND PROBABLY THE ODDEST THING IN THE UNIVERSE.
IT FEEDS ON BRAIN WAVE ENERGY, ABSORBING Al.

D.Adams: Galaxis utikalauz stopposoknak
Hitchhiker's Guide to the Galaxy"



https://port.hu/adatlap/film/tv/galaxis-utikalauz-stopposoknak-the-hitchhikers-guide-to-the-galaxy/movie-68250
https://www.deepl.com/translator

Autonomous driving

Piease indicate to what extent you feel concerned about the following issues

I_ EV E I_S O F Data Protection
DRIVI NG AUTO MATION Values and principles

Liability rules
Steering, Monitoring

acceleration, driving

deceleration environment

No Physical safety
automation ‘ ‘ ‘ > <O

@ @ Intellectual Property

Fall-back

performance EU competitiveness

0 Driver ‘ Q
assistance Eyes and hand on Il Strongly concerned [ |1 am neutral [ J1don’t know

I Concerned I tot concerned at all

Partial
automation

EUROPE AUTONOMOUS CAR MARKET, BY VEHICLE AUTONOMY, '000 UNITS (2014-2030)
Conditional
automation

High
automation

e Full
automation
2014 2015 2016 2017 2018 2019 2020 2021 2023 2025 2030

Bl s<mi-Autonomous [ Fuly Autonemous

Sources: EPRS, European Commission europarl.eu
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Artistic style

« Gatys, L.A., Ecker, A.S. and Bethge, M., 2015. A neural
algorithm of artistic style arxiv preprlnt arX|v 1508 06576.

e Stable diffusion

https://hugdingface.co/spaces/stabilityai/stable-diffusion



https://huggingface.co/spaces/stabilityai/stable-diffusion

Digital arts and design

COURTESY JASON M. ALLEN

https://edition.cnn.com/2022/09/03/tech/ai-art-fair-winner-controversy/index.html
https://edition.cnn.com/style/article/ai-architecture-manas-bhatia/index.html 32
https://www.midjourney.com/home/



https://edition.cnn.com/2022/09/03/tech/ai-art-fair-winner-controversy/index.html
https://edition.cnn.com/style/article/ai-architecture-manas-bhatia/index.html
https://www.midjourney.com/home/

Automated discovery

= Langley, P. (1978). Bacon: A general discovery system.

u...

...

= R.D.King etal.: The Automation of Science, Science, 2009

=Sparkes, Andrew, et al.: Towards Robot Scientists for autonomous scientific
discovery, 2010

ﬂl"]f— nl _ o
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* Chemical intuition A t I ' I t

* Combinational approaches u O a I n g
* Molecular modelling

* De novo methods

drug discovery

Design Synthesis
= Hypothesis Test = _ -
Automated drug dLscovery facility
a
Learning Assay |- L ’ g
Induction T/
* Chemical intuition
* feam intelligence S
* (O)SAR modelling V) &
* Machine learning o
Design cycle , O
Active learning with microfluidics
b uildin raction
Elocli hgtel ___ LEMS —— Eolletctor

Microreactor

|

Computer
model

|

Feedback
«————  Assay

—_— Reformatting

Schneider, Gisbert. "Automating drug discovery." Nature Reviews Drug
Discovery 17.2 (2018): 97.



De novo molecular design

Autoencoder
HO NH, . HO NH,
HO HO
Input Encoder Latent Space Decoder Reconstructed
Molecule Neural Network Continuous numerical Neural Network Molecule

representation
Variational autoencoder

HO NH, — D) . HO NH,
HO E::::;} @ HO

Input Encoder Reparametrization Latent Space
Molecule Neural Network Sample point

Decoder Reconstructed
Continuous numerical Meural Network Molecule
representation

Blaschke, T., Olivecrona, M., Engkvist, O., Bajorath, J. and Chen, H., 2018.

Application of generative autoencoder in de novo molecular design. Molecular
informatics, 37(1-2), p.1700123.
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AlphaFold (2020)

\ N terminus

Median Cocr.m.s.d.g5 (A)

AlphaFold Experiment AlphaFold Experiment

DODONOODDOTNMO AlphaFold Experiment
(89 ggg ggg gg Eﬁ gg;&; g r.m.s.d.g; = 0.8A; TM-score = 0.93 r.m.s.d. = 0.59 A within 8A of Zn r.m.s.d.gs = 2.2A; TM-score = 0.96

- —— (Gt t XLEEE) M 1er4tt ) High
",/-_ _._,> f@ T1111 ?\‘ —MSA_ —p confidence
| S e Dttt | TP "‘“’“’ N ~ @
databas: J—. L & (s.ne) I~
ol L S'?LT;?_ T |
MSA
Structure )
Ten Evoformer o' f
@_f_f_t —< (48 blocks) module _— ‘ﬁ‘ |
Input sequence (8 blocks) ‘». m
, N}
N o S 3D structure
re)
Templates \
\ :{ « Recycling (three times) ]

Jumper, John, et al. "Highly accurate protein structure prediction

with AlphaFold." Nature 596.7873 (2021): 583-589.



Mathematical discovery/creativity

Generate data

iX@) = 1

Train supervised model

Find patterns via attribution
Interrogate f

Hypothesize
3f: fiX(2)) ~ Yiz) X@, Y@),p, @
A A \
I \
| \\
' \
\\ %
\\ \\\
\\ S Alter sampling
N “~<._ distribution .-
S T e T
~
\\ v
~ 4
s\\ ,’

Rl Reformulate hypothesis ,/”

~a
-
- o
- L
e ———————

B Mathematician steps

B Computational steps
z: Knot

Conjecture candidate f

Prove theorem

Volume

X(z): Geometric invariants

Chern-Simons Meridional translation

Y(z): Algebraic invariants
Jones polynomial

&

2.0299

2.8281

3.1640

0.7381 +0.8831i

-0.7237 + 1.0160/

Signature
0 2t +1-t+12
-2 t-+28 -t +t5- 16
0 2t 42 -2t+2-B 4+t
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Davies, Alex, et al. "Advancing mathematics by guiding human intuition with Al." Nature 600.7887 (2021): 70-74.



Black-box modeling of human judgement

A B

Please select option A or B. X Historical

* Previous ¢ QOurs
Earning a Bonus. At the end of the experiment, o 3 vtﬂi >
one reward will be selected at random from all ety o L s ,’,’Jﬁ“
the rewards you earned during the experiment. ﬁt‘.}‘ L . ,j-"’} ,1_-i.m
A fixed proportion (10%) of this value will be ;"Jn’ ] 5 fe';" N f-_‘*‘:;. e
paid to you as your perfarmance bonus for the ,.ﬁ'” Sa el P e )\* ""b
task. If the sampled reward is negative, your -ﬁ-%‘ - o 'f* [t
bonus is set to $0.00. b &‘* o

16 with certainty

C ": "“. E . T R . f%& %
']: with probabil | i‘j' 2 Ejﬁ gt ‘é‘.l*' -\! i g "—"i' 'r : #’hﬂ !
wEL R TR

£

In this trial, you chose B and gained 50
Had you chosen A, you would have gained 16

Theory Class (e.g., Expected Utility)

P(A) x exp{z u(z;) pi}

P(A)

All
Functions

Peterson, Joshua C., et al. "Using large-scale experiments and machine learning to discover
theories of human decision-making." Science 372.6547 (2021): 1209-1214.



Sz(k, széles és altalanos/emberszint(i Ml

* Diverse Al solutions
e Vision, robotics, natural language processing (NLP),...
« Recommendation systems: what to read, buy, listen,...
* Industry 4.0: planning, production, testing, logistics
 Self-driving cars
* Automatedscientific discovery systems

* AG| tests e Unification of AGI
e The Turing Test (Turing) e Unified definition
e The Coffee Test (Wozniak)

* Unified measure
* The Robot College Student Test (Goertzel) e Unified framework
* The Employment Test (Nilsson)

* The flat pack furniture test (Severyns) A A A




Forrasok emberszintl MI-hez

* AGI Society (Artificial General Intelligence, AGI)
* http://www.agi-society.org/

 AGI conferences 2008..

* https://en.wikipedia.org/wiki/Conference on Artificial General Intelligence
e 2008: AGI-08 Workshop on the Sociocultural, Ethical and Futurological
Implications of Artificial General Intelligence
* http://agi-conf.org/2008/workshop/
* http://agi-conf.org/2019/



http://www.agi-society.org/
https://en.wikipedia.org/wiki/Conference_on_Artificial_General_Intelligence
http://agi-conf.org/2008/workshop/
http://agi-conf.org/2019/

Intelligence explosion

,Let an ultraintelligent machine be defined as a machine that can far
surpass all the intellectual activities of any man however clever. Since
the design of machines is one of these intellectual activities, an
ultraintelligent machine could design even better machines; there
would then unquestionably be an ‘intelligence explosion,” and the
intelligence of man would be left far behind. Thus the first
ultraintelligent machine is the last invention that man need ever make,

provided that the machine is docile enough to tell us how to keep it
under control.” Good (1965),



https://en.wikipedia.org/wiki/Intelligence_explosion

Superintelligence and technological singularity

Expert consensual prediction for
date of Turing-test:

* 1999:

* 20%: never
* 80%: 100y

* 2020:
* 2042

* 2020:
* 2030

Timeline to artificial intelligence

System capability

(ASI)

duration

Now Takeoff (~2075)
(~2045)

MNote: Al is artificial intelligence, ASlis artificial superintelligence, and AGI is artificial general intelligence,
Sources: WaltButWhy.com, Nick Bostrom, Superintelligence: Paths, Dangers, Strategies; AT. Kearney analysis

Kurzweil, Ray. The singularity is near: When humans transcend biology. Penguin, 2005.
Nick Bostrom: Superintelligence: Paths, Dangers, Strategies. Oxford University Press, Oxford, 2014

Time



Az MI* igérete
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Russell, Stuart: New Al, AI25@BME VIK 2018

Russell, Stuart. Human compatible: Artificial intelligence and the problem of

control. Penguin, 2019.

45 2022. 10. 12.




Egzisztencialis veszélyek az emberiségre

Az emberiség kihalasaval (foldi élet...modern civilizacid eltlinésével)
fenyegetod egzisztencialis veszelyek

Kozmikus katasztrofa (aszteroida, napkitores,..)

Klimavaltozas

Eroforrasok kimeriilése

Nuklearis haboru

szuperMI?

Superintelligence

« A.Turing(1951): "turning off the power"

* N.Wiener (1964): "In the past, a partial and inadequate view of human
purpose has been relatively innocuous only because it has been accompanied
by technical limitations."

« S.Hawking, Bill Gates, Elon Musk... (2015): Research Priorities for

Robust and Beneficial Artificial Intelligence: An Open Letter
46 2022. 10. 12.




S 75
b A‘%Q 2

&) Az MI* egzisztencialis veszélye: ellenérvek

Sokfelék

« Nem aktualis/rémisztgetés/szenzaciohajhaszas
« Nem felligyelt tanulas megszokottak az MI-ben
» Onjavitd/boosting MI technikak elterjedtek

» Standard mérnoki biztonsagi keretek kezelik

« Elonyodk-nagyobbak, mint hatranyok

« Jobb elsonek magunknak létrehozni

» Lekorlatozhatdsag

» Kikapcsolasi lehetdség (Switch-off)

Russell, Stuart. Human compatible: Artificial intelligence and the
problem of control. Penguin, 2019.

47 2022. 10. 12.




Mar megvalosult Ml veszélyek

1. Politikai befolyasolas
2. Informacios buborék
3. Valoszerl hamis hirek/informacio (deep fake)
4. T3 Imi polarizaltsa U st
ars Eflc-la mi polariza tsag Digitalis kozossegi platformok:
5. Digitalis fliggesek Marshall Mcluhan (1964): "Th dium is th "
6. Mentalis betegségek (testképzavarok) arshat riciunan ( ): "The medium is the message
. : A ! « Social Dilemma (2020)
7. Jovedelmi egyenlotlensegek " . : :
8. Okologiai labnyor  "What I want people to know is that everything they e
Y ‘o L : oing online is being watched, is being tracked, is being
?O valtozo (leromio?) kognitlv kepessegek measured" (Former Executive of Twitter, Jeff Seibert)

« "It's not about the technology being the existential
threat. It's the technology’s ability to bring out the
worst in society being the existential threat. (Tristan
Harris)

« Nem javasol, hanem befolyasol
==> Az MI technologiak mar egzisztencialis veszélyt
jelentenek! (szuperMI elérése nélkiil is)

48 2022. 10. 12.




Az M| és EMMI etikai kihivasai

Lethal autonomous weapons

Privacy: surveillance (cameras), cybersecurity
Fairness and bias, fairness principles
Polarization and segmentation in the society (information bubble)
Fake news, deep fake

Digital addiction and Al (internet, gaming,...)
Social credit systems

Trustand transparency

Human compatible Al (on values)

Al Safety

The future of work

Robot rights, patents

Russell, S. J., and Peter Norvig.
"Artificial Intelligence: A Modern
Approach, 4th, Global ed." (2022).

e viselkedést kell tervezni
o nincs konszenzus \

nz h k.. I'
MI k-n' 7 ]

—

Technoldgiai
bezartsagot
okozunk?

Mesterséges
személyt hozunk

o olyasmi mint a
nevelés kérdései

e felmerill az Ml jogainak | létre?

kérdése

e kontrollvesztés félelme \

(konkrét MI megoldas

e az Ml kénnyen és gyorsan
terjed (szoftver-szeri,
\ halézaton is mikadik) ;
e  konnyii fiiggelmi viszonyba
kerllni !
e nehéz lehet lecserélni
e kontrollvesztés félelme (az
ipari trendek felett)

J

4

felett)

AN

e Az Ml jobb,
ST olcsébb, stb. mint
szlintetiink meg? az ember
9 Munkahelyeket

veszélyeztet

/

[Réadas: adatvédelmi kérdések, kihalas, stb. J

Héder Mihaly: Az emberkdzpontu mesterséges intelligencia
etikai kérdései (HTE 2022. szeptember 29.)



Elvek egy etikus (EM)MI-hez

Ensure safety
Establish accountability
Ensure fairness

Uphold human rights and values Emberiesség: "deference to humans"

Respect privacy Ertelmezhet8ség: interpretability/understandability
Reflect diversity/inclusion Magyarazhatdsag: explainability

Promote collaboration Federaltsag: autonomous collective intelligence

Avoid concentration of power

Provide transparency

Acknowledge legal/policy implications
Limit harmful uses of Al

Contemplate implications for employment

Russell, S. J., and Peter Norvig. "Atrtificial Intelligence: A Modern
Approach, 4th, Global ed." (2022).



Emberkozponti MI: az emberi értékekhez igazodo MI




Uj MI definicio egy bizonyithatéan joravalé MI-hez

e Az emberek olyan meértékben intelligensek, amennyire cselekedeteik varhatoan
elérik céljaikat.

e A gépek olyan mértékben intelligensek, amennyire cselekedeteik varhatoan elérik
céljaikat.

e A gépek olyan mértékben joravaloak, amennyire cselekedeteik varhatoan
elérik ceéljainkat.

Russell, Stuart: New Al, AIR25@BME VIK, 2018

Russell, Stuart. Human compatible: Artificial intelligence and the problem of
control. Penguin, 20109.




Harom alapelv az emberhez igazodo MI-hez

1. A robot egyetlen célja, hogy maximalizalja az
emberi preferenciak megvalosulasat.

2. A robot kezdetben nem tudja, hogy mik ezek a
preferenciak.

3. Az emberi preferenciakrol a legjobb
informacioforras az emberi viselkedés

Russell, Stuart: New Al, AIR25@BME VIK, 2018

Russell, Stuart. Human compatible: Artificial intelligence and the problem of
control. Penguin, 20109.




EMMI mint Nash-egyensiuly

e Egy (p,s) allapotban p gemkapocs és s kapocs van.
e Az emberi jutalom 6p + (1-8)s és 6=0,49
e A robotnak egyenletes priorja van a 6 ertéekre a [0,1]-en.

Ember

Robot

[2,0]

ZD\

[90,0]

[1,1] [0,2]

ZD\

[50,50]  [0,90]

Russell, Stuart: New Al, AI25@BME VIK, 2018
Russell, Stuart. Human compatible. Artificial intelligence and the problem of

control. Penguin, 20109.

[1,1] optimalis



Az "off-switch" modell

Robot
switch self off
%
7% _ 3
Y AT 0
Ember(iseg) |
(konszenzus U?, . Harsanyi!) go ahea switch robot off
U=20
Robot
act Tétel: a robotnak pozitiv varhaté
hasznossaga van arra, hogy hagyja magat
Z kikapcsolni.

Tétel: a robot bizonyithatdan jéravalo

Lehetséges problémak: inkonzisztens/zajos/rosszindulatu ember, korlatos MI reprezentacio




Tovabbi informacio értéke

Vezessik be a kdvetkezo jeldlést:

- Evidenciak (biztos ismeretek): £

Akciok: a, legjobb akcio £ esetében: «

Kimenetelek: S;

Potencialis tovabbi evidencia: £; lehetseges ertekei ey

EU = max Y; U(S;) P(Si|E, a
Legjobb akcid tovabbi ejkmellett. Clej

IL[ ( (]'.}/‘ ‘ /L /_/ =y }/) — ]'l T‘ { /’( S. ‘IL / — ; ./'/,)

Tovabbi evidencia értéke: Varhatd hasznossagok kiilonbozosége

VPIg(E;) = (2 P(E; =ej|E)EU (o,

— ¢ }./'.')j) = ﬁ[v((tif)

Russell, S. J., and Peter Norvig. "Atrtificial Intelligence: A Modern Approach, 4th, Global ed." (2022).




Osztalyozas bizonytalansaggal

Ha a loss bizonytalan és elutasitas is lehetséges, teljes bayesi predikcio segithet.

Tudasmérnokség

Eloszlas predikcio

Adatmérnokség

d‘r_ Bayes haldzatok _I Be";ffcti .
aJSzaklrodanm [>

&2 :D ) {11
@ % [> Neuralis [>

=Y Sos halozatok -

Regresszic

Antal, P., Fannes, G., Timmerman, D., Moreau, Y. and De Moor, B., 2003. Bayesian

applications of belief networks and multilayer perceptrons for ovarian tumor classification
with rejection. Artificial intelligence in medicine, 29(1-2), pp.39-60.

57

2022. 10. 12.



Emberkozponti MI: értelmezhetoség




u , |

&) Modellek leképzése és transzformacidja

Célok

« Modellek egyszerUsitése/felskalazasa

A priori informaciok bevitele

Regularizacio

Szamitasi komplexitas csbkkentese (ido, energia)
Ertelmezhetdseg (verifikacio, validacio, auditalas)

TxL(0) = argmi,n

Antal, P., Fannes, G., Verrelst, H., De Moor, B. and Vandewalle, J., 2000.Incorporation of prior knowledgein black-
box models: comparison of transformation methods from Bayesian networkto multilayer perceptrons. In Proc.
of the Workshop on Fusion of Domain Knowledge with Data for Decision Support, The Sixteenth Conference on
59 Uncertaintyin Artificial Intelligence (pp. 7-12). 2022. 10. 12.




Bayesian mapping between black-box and
white-box models

Bayesian Network Prior

1.BN parameter generation by independent Dirichlet sampling, BN parameter / \
. generatlon
2.Data generation E;

BN parameter samples

*Forward sampling =>i.i.d. (joint distributions)
«Computing the output class probabilities E> geif;fion
conditioned only on the sampled input values (PPTC) Data samples

with class probabilities

=> less sample, higher accuracy
3.MLP training E> Multi layer Perceptron @

(MLP) training

«Scaled Conjugate Gradient with weight decay =>fast, automatic TR { rh'l'n Hl" f

optimization method for complex models samples i .I' Al ﬂ
=>penalty standardize the behavior of optimization I RRTHIREY l
producing smoother and more concentrated sampling for E> ey

density estimation esti:ilrﬁion -‘ 'j
-Stucking detection based on the distribution of training error of priorover MLP | ,

- . . . par ameters i
4.Prior density estimation over MLP parameter space @
«Estimation by symmetry elimination and clustering k
gi[j: pprior = Z aiN(“wz;)
i=l

5.Bayesian inference using derived informative prior and data
Antal, P., Fannes, G., Verrelst, H., De Moor, B. and Vandewalle, J., 2000.Incorporation of prior knowledgein black-
box models: comparisonof transformation methods from Bayesian networkto multilayer perceptrons. In Proc.
of the Workshop on Fusion of Domain Knowledge with Data for Decision Support, The Sixteenth Conference on
Uncertaintyin Artificial Intelligence (pp. 7-12).




Emberkozponta MI: magyarazatgeneralas




Al for evidence-based medicine

Studiesc” Experts iterature

JQuantitative
models

Classification Probability prediction Credible region

International Ovarian Tumor Analysis (IOTA, Dirk Timmerman)

P. Antal, G. Fannes, D. Timmerman, Y. Moreau, B. De Moor: Bayesian Applications of
62 Belief Networks and Multilayer Perceptrons for Ovarian Tumor Classification with
Rejection, Artificial Intelligence in Medicine, vol. 29, pp 39-60, 2003




Dontési (naiv) halézat ("idiot Bayes network")

[y P(Betegség) - b
0 Nincs Van
0 0.3 0.7

[ fixed row height [ | sample size/probability

. =l x | T
[y P(Teszt1|Betegség) Dontes
(Betegséq) Normal Alacsony Magas
(Nincs) 0.55 0.45 0.0
an 0.05 0.45 0.5
(van) mHasznosség(Betegség, Ds.. — & “
[_] fixed row height [_] sample size/probability Déntés
Cancel o Nincs Van
v B
g Nincs| 0 -100
® Van |-5 10

[ | fixed row height matrix view




Bayes-halozatok

Valoszinlsegi grafos modell
- csomopont — véletlen valtozok
- ¢l - kozvetlen fliiggés/ (oksagi kapcsolat)
— lokalis valoszinlségi modellek

Harom értelmezés @

(=] 7 P(M) z o
Kvaniitafv Olksag
P(M,0,D,S,T) = eloszlés ’ moaell
P(M)P(O|M)P(D|O,M)P(S | D)P(T | S, MIDEE! Foop] |
‘ “
Fliggetlensegeak

graffos reprezentalass
Mp={Ip1(X1;Y1lZ1),...}

64



Flggetlenséqi
statisztikai
< § tesztek M
Passziv Megfigyelési ~ Flggdségi
megfigyeld adat modell

»
»

Megismerhetéség hatara
passziv megfigyelésekbol

Indukcio oksagra

———— —
[ —

p Minden D
— lehetséges minimalis ) — Oksagi kapcsolatok
\ V4 - 7
~. Oksagi magyarazat _ .~ rendszere

—y —
N e o ==

Megfigyeléseket magyarazo
minimalis oksagi modellek
k6zos tulajdonsagai

»

Ockham borotvajatszamitasi kapacitas
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Semantically enriched evidence-based models

0.Juni-s[1.;1.Jmulti[2.;2.)multi-s[3.;3.)solid[4.:4.)

i
1. multilocular with solid component (a

multilooular cyst with o measurable solid
t at least one papillary

Antal, P, Mészaros, T., De Moor, B., & Dobrowiecki, T. (2001). Annotated
Bayesian Networks: a tool to integrate textual and probabilistic medical
knowledge. In Proceedings 14th IEEE Symposium on Computer-Based
Medical Systems. CBMS 2001 (pp. 177-182). 1EEE.
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Most probable annotated causal explanations

Decision network
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Antal, P, De Moor, B., Timmerman, D., Mészaros, T., & Dobrowiecki, T.
(2002). Domain knowledge based information retrieval language: an
application of annotated Bayesian networks in ovarian cancer domain. In
Proceedings of 15th IEEE Symposium on Computer-Based Medical

Systems (CBMS 2002) (pp. 213-218). IEEE.




A dontéestamogatas tipusai

Valészinliségszamitas, statisztika Okozatisag

Diagnosztika Beavatkozas?

Optimalis cselekvés? Mi lett volna, ha...?

68

Dontéselmélet Intelligens érvelés




A dontéstamogatas tipusai

Diagnosztikai kdvetkeztetés

— P(Diagnozis|Passziv megfigyelések)
Optimalis informaciogyjtés

- P(Diagnozis|megfigyelések, Uj megfigyelés)
— Tovabbi informacio hasznossaga

Terapias kovetkeztetes

- P(Kimenetel|Medfigyelés, Beavatkozas)
— Terapia hatasa

Optimalis dontés

— Maximalis hasznossagu (elérhetd) beavatkozas megvalasztasa

Kontrafaktualis kovetkeztetes

- P(ElképzeltKimenetel|Megfigyelés, Beavatkozas,Kimenetel, ElképzeltBeavatkozas)

69



A megmagyarazhato MI szintjei

Valoszinuségszamitas Oksagi kutatas
Statisztika
Flggetlensegek rendszere Oksagi felfedezés
Kovetkeztetes, asszociativ predikcio Oksagi kovetkeztetés
Legvaldszinlbb magyarazat Kisérlettervezés
Dontéselmélet Intelligens érvelés
Dontési halozatok Kontrafaktualis ervelées
Optimalis dontés
Szekvencialis dontések
Meger6sitéses tanulas
70




Online hirdetési példa

user_intent « —| query x ad_inventory v

/ M b
SCOW
slate s prices c

clicks y »>revenue z

Bottou, L., Peters, J., Quihonero-Candela, J., Charles, D.X., Chickering, D.M,,
Portugaly, E., Ray, D., Simard, P. and Snelson, E., 2013. Counterfactual Reasoning
and Learning Systems: The Example of Computational Advertising. Journal of
Machine Learning Research, 1411).
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Kontrafaktualis igazsagossag

lgazsagos, ha védett informacié explicit médon nem hasznalt a déntésben.

Definition 1 (Fairness Through Unawareness (FTU)). An algorithm is fair so long as any protected
attributes A are not explicitly used in the decision-making process.

lgazsagos, ha védett informacié nem befolyasolja a dontést.

Definition 2 (Individual Fairness (IF)). An algorithm is fair if it gives similar predictions to similar
individuals. Formally, given a metric d(-,-), if individuals i and j are similar under this metric (i.e.,

d(i, j) is small) then their predictions should be similar: ?(X @), AW ~ lA/(X (), AW)),

lgazsagos, ha védett informacio elképzelt vilagokban sem befolyasolja a dontést.
Definition 5 (Counterfactual fairness). Predictor Y is counterfactually fair if under any context
X =xand A = q,
P(?Aea (U) =Y ‘ X :.’II,A:{’I) - P(?Aea’(U) =Y ‘ X=rA= (I), (1)

for all y and for any value o' attainable by A.

Kusner, M.J., Loftus, J., Russell, C. and Silva, R., 2017. Counterfactual
fairness. Advances in neural information processing systems, 30.
Baer, B.R., Gilbert, D.E. and Wells, M.T., 2020. Fairness criteria through the lens of

72 directed acyclic graphs. In The Oxford Handbook of Ethics of Al
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Challenge: learning from multiple data sets

el 7,

4

&

Classifications  Probability predictions
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Credible regions



Meta-analysis

AL
H
a

M mﬂ Challenges:
g = « Statistics
Data set; )
L/JL 37 | V4 M « Privacy
& Statistics

Statistics y
Statistic Statistics
~Aggregated
statistics

g

Classifications  Probability predictions  Credible regions

Evidence-based medicine: The Cochrane (Collaboration)
75 https://www.cochrane.org/



https://www.cochrane.org/

Learning from pooled data

[ JlmnTl hallenges:
M 37 ] « Data harmonization
& [oa]l
N 1

Privacy
o = » Centralized storage cost
M » Centralized computation cost

« Communication cost
4L

Classifications  Probability predictions  Credible regions
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IOTA: a multi-centric study

Non-invasive diagnostics of ovarian cancer, 1998

International Ovarian Tumor Analysis (IOTA, http://www.iotagroup.org/)
1

A

| v \a

scystem

> Manual quality ,//////g/ﬂ//

checks

v

Data analyeis

<; Multiple partners as data sources

Formalized
I0TE Protocol

Aerts, S., Antal, P, Timmerman, D., De Moor, B. and Moreau, Y., 2002, June. Web-based data
collection for uterine adnexal tumors: a case study. In Proceedings of 15th IEEE Symposium on
Computer-Based Medical Systems (CBMS 2002) (pp. 282-287). 1EEE.
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Federated learning from
multiple local data sets

IIIZ)ata sety
. I Data set
Separation of data and model/learning L/ Loca A L@jﬁ

1. Data is harmonized Y &lea ;‘I’g::nq‘n‘)de' (&
2. Stays at the institutes/individuals 'éjca' ModeT : Local model
3. Model updates are communicated earning &learning
4, Using privacy-preserving techniques Updateﬁ

Global model

Konecny, J., McMahan, B. and Ramage, D., 2015. Federated optimization: Distributed optimization
beyond the datacenter.
Konecny, J., McMahan, H.B., Ramage, D. and Richtarik, P, 2016. Federated optimization: Distributed

machine learning for on-device intelligence.
McMahan, H.B., Moore, E., Ramage, D. and Hampson, S., 2016. Communication-efficient learning of

deep networks from decentralized data.
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Federated learning (FL): a definition

Federated learning is a machine learning setting where
multiple entities (clients) collaborate in solving a machine
learning problem, under the coordination of a central server
or service provider. Each client’s raw data is stored locally
and not exchanged or transferred; instead, focused updates
intended for immediate aggregation are used to achieve the

learning objective.

Kairouz, Peter, et al. "Advances and open problems in federated learning." arXiv preprint arXiv:1912.04977 (2019).
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Federated learning: exact parameter averaging

Parameters: aggregated relative frequencies

1 averaging server
A (federated averaging, fedAVG)
! \
. . . . L
Local relative frequencies ™ Local relative frequenC/es( /

Partners (1..L)
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[y P(Betegséeg) -0 -
- & W4 0 Nincs Van
Naiv Bayes halozat ) 3 o7
[] fixed row height [ | sample size/probability
[y P(Teszt1|Betegséq) - O Cancel
.(Betegség) Normal Alacsony Magas |
(Nincs) 0.55 045 0.0
(Van) 0.05 045 0.5

[_] fixed row height [_] sample size/probability

0K Cancel

P(Betegség=van)~N(Betegség=van)/N

P(T1=Normal/B=van)~N(T1=Normal,B=van)/N(B=van)

Multinomialis eloszlashoz a szamlalok e/égséges statisztikak.




Federated learning: exact parameter learning

Parameters: exact global counters (relative frequencies)

T

| summing/averaging server
! |

f f

N counters N(7\ counters
f

(e |

Partners (1..L)
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Privacy-preserving federated learning

Parameters: aggregated relative frequencies

T
| Secure sum server
| \
Encrypted counters Encrypted counters
t f
N counters N/, counters

f

(e |

Partners (1..L)
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Privacy-preserving federated learning

Parameters: aggregated relative frequencies

T
| Secure sum server
[ \
Encrypted counters Encrypted counters
t f
[differential privacy perturbation] [differential privacy perturbation]
N counters ik counters
Optional virtual/pseudo-counts t

reflecting priors!
\ W ............ W |

Partners (1..L)
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Data stays at the owner

— privacy

— maintainance
Computation stays at the owner

— limited overhead: server+communication

Method stays at the owner
- settings ("hyperparametrization")

The global model is based on
- "all" data,
— "all" compute power,
- "all" local fine tunings

at the partners.

86

Advantages and challenges

Data harmonization
- throughout the lifecycle(!)

Communication cost

— limiting factor for compute power
Heterogenous (non-iid) data sets:
— partner specific vs. global model

Privacy of local data sets
— selection of non-optimal/useless statistical models

Security and valorization of the global model
— evaluation of contribution from the partners



Osszefoglalas

e Az MI veszelyes (és egyre veszelyesebbé valo) eszkoz, de
e |ehetséges bizonyithatoan joravalo MI
- emberhez igazodas preferenciak rogzitese nelkll
e |ehetseges egzotikus modellek értelmezése (5
- Bayesi leképzések révén | \
e |ehetseges intelligens magyarazat
- akar megfigyelési adatbol tanult oksagi modellekkel

e lehetséges autonomiat megorzo egyiittes tanulas
— akar erzékeny adatok és megbizhatatlan kornyezet esetén

azaz az EMMI lehetséges ;-), csupan "Okosabban kéne élni"




