IV. Hoe Zijn Ze zo Ver Geraaki?




IV.1. Hardware




IV.1.a. Wet van Moore (1965)

het aantal fransistors in IC's verdubbelt elke 18/24 maanden

nu stilaan fysische grenzen aan het benaderen

120 Years of Moore’s Law
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IV.1.b. Processing

nieuwe en snellere processoren

CPU: central
processing unit

B Predictions per sec

Googleis using Al to design chips that will

GPU: graphical accelerate Al
DrocessinA tinit o n

Ti
A New Chip Cluster Will Make Massive Al Models Possible

p Cerebras says its technology can run a neural network with 120 trillion connections—a hundred times what's achievable today.

FPGA: field program- - |
mable gate arrays Will Quantum Computing Define The
IPU: infelligence Future OfAI”

processing unit
neuromorphic chips



IV.1.c. Processing met xG

Mobile communications: from 1G to 5G 5G

%"h Year 2020-2030
5 G /M Standards

Technology digftal
Bandwidth Ubiquitous connectivity
Datarates Fiber-ike experience

Generation Device Specifications

1 hr HD movie in 6 seconds

1G
Year_early 805
Standards AMPS, TACS
Technology Anaiog
Bandwidth
Data rates

2G
Year 1991
Standards GSM, GPRS, EDGE
Technology Digtal
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Data rates < 80 - 100 Kbit/s
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5G is about Communication, Storage, Processing...




IV.1.c. loT “on the edge”

IoT

(Internet

Edge Al
use case

In-home smarl cameras
can recognize thal a

person(s) has entered an

area

NEST 1Q cameras,

adWSs Deeplens

(1999)

On-device facial recognition

and object recognition,

where user data doesn't

leave the device
neural engine

g\u Al processor
- v

HUAWEI

Instantaneous driving
decisions
W~
' custom
Al chip

- - -
»

Vision for baby
monitors, drones,
robots, and other
devices that can
respond 10 situations
without internet
connection
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IV.1.d. Opslag

veel snellere en betere opslagmogelijkheden: in the cloud (1996)

_mu
wiramazon

Q¥ webservices

a

Google Cloud

Sharing

Kno\vvlgdge /
& Skills

Microsoft
Azure




’% . .
Il il mm= {
mE i
i ma = §

Data-driven

'3 & m

IV.2. Data




IV.2.a. Input: Big Data

Just having Big Data
is of no use unless we
can turn it into value

The size of the data

The speed at
which the data
is generated

The trustworthiness
of the data in terms
of accuracy

The different
types of data

Williom Bruce
Cameron:

“Not everything
that can be
counted
counts, and not
everything that
counts can be
counted.”



IV.2.b. “The Unreasonable Effectiveness
of Data”
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Our Behaviour in This Pandemic Has Seriously
Confused Al Machine Learning Systems




IV.2.b. “The Unreasonable Effectiveness
of Data”

AVOID BIAS [ R g
NEXT EXIT & ‘ - '




IV.2.c. Jammerlijk Geval van Bias

CODED B1AS

clideo.com

TED (2016) How I'm fighting bias in algorithms - Joy Buolamwini



IV.2.c. Jammerlijk Geval van Bias

Futurism (2017) This ‘Racist’ soap dispenser at Facebook offices does not work for black people



IV.2.d. Data + Noise

Panda or Gibbon?




IV.2.d. Data + Noise

school bus (1.00) Perturbation guacamole (0.98)




IV.2.d. Ethiek: Respect voor Waarden

D|g|d8 dCITIﬂg app met gene’rische Technology drives our societies but Ethics defines them
iInformatie: als op basis van DNA-
analyse er mogelikheid bestaat tot
erfelijke genetische ziekte, wordt
persoon niet voorgesteld

1) verantwoord: geen enkel risico:
bescherming van mensen en
maatschappij primordiaadl

2) onverantwoord: zelf keuze
kunnen maken en kinderen zijn

Voor goede genen, swipe naar
geen noodzakelik gevolg & 8 s SWIP

rechts

3) Cond "loneel . O p | eg g en van Een datingapp met DNA-profielen is nog geen nazipraktijk, maar
. . e . Lode Lauwaert, Massimiliano Simons en Mauritz Kelchtermans
IN-vitro-fertilisatie en embryo- hebben wel veel vragen.
selectie




IV.3. Soffware




IV.3.a. Througput: Algorithmes

ALGORITHMS @, .9

=
@ Algorithm

Raw Data




IV.3.b. Throughput: Machine Learning &

(o

Deep Learning

Artificial Intelligence

°

Machine Learning

Deep Learning

ARTIFICIAL INTELLIGENCE

A technique which enables machines
to mimic human behaviour

MACHINE LEARNING

Subset of Al technique which use
statistical methods to enable machines
to improve with experience

DEEP LEARNING

Subset of ML which make the
computation of multi-layer neural
network feasible
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IV.3.b. Throughput: Machine Learning &
Deep Learning

Hidden layers

Input layer Output layer

Deep and Wide




IV.3.c. Data-gestuurde Algoritmes

* Labeled data
* Direct feedback
« Predict outcome/future

. Learning

Know-how

ement

« No labels
* No feedback
* “Find hidden structure”

I'm not a robot




IV.3.c. Data-gestuurde Algoritmes

LESSONSWORTHSHARING

TED-Ed (2022) How to get better at video games, according to babies - Brian Christian




IV.3.d. Data-gestuurde Algoritmes

Per capita cheese consumed
Correlates with Normal Distribution

Number of people who died by 0.40
becoming tangled in their bedsheets
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IV.3.e. Output: Voorspellingen voor
Aanbevelingen, Opties, Beslissingen

Analytic Value Escalator

How can we
make it happen?

. Prescriptive
happen? Analytics
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IV.3.e. Output: Voorspellingen voor
Aanbevelingen, Opties, Beslissingen

Human-in-the-loop
Machine Learning
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IV.3.f. Output: Voorspellingen voor
Aanbevelingen, Opties, Beslissingen
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IV.3.f. Output: Voorspellingen voor
Aanbevelingen, Opties, Beslissingen

_ 1 LOOKALIKE
e AUDIENCE
- 21

NN

CUSTOM AT\

AUDIENCE TYNLYA

Getest: tot vijf keer meer pastinaak
verkocht in Eeklo na gerichte
advertentiecampagne op Facebook



IV.3.f. Output: Voorspellingen voor
Aanbevelingen, Opties, Beslissingen

.3 t;:e\?/ohraetyyo()lrlvyzﬂ?ttit.“ | SHIPMENT
- amazoncom |\ TRANSIT

] — BEFORE ——
YOU BUY THE PRODUCT

Shipping-before-shopping in plaats van shopping-before-shipping




IV.3.9. Waarom Nood aan Opvolging?

Schaal en snelheid Speed and scale
Machine-gestuurd MACWINE NRINEN
Ondoorzichtig: wie, wat, hoe? Opacity
Normen en Waarden? Values & Norms

, Decision Making And
Beslissingen gedelegeerd Delegation of Authority
Automatisch/Autonoom AULOTOUEES

versus
Automatic
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