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. Ewaywyn otnvTN

Il. Edappoyec TN yia TNV MopoywyLtkotnta TG EPYAciog Ko
yla tov KAddo twv Mnxavikwv

lll. MEeA£ETN MEPMTWOEWV: TTPOYVWOTLKI OUVIAPNON OE EEUTIVO
E£PYOOTAOLO K.OL.

IV. Metaoxnuotiopog TN: véec popdEC Epyaciog yio Toug
Mnxavikouc




l. Eloaywyn otnv TN

Me tnv guyevikn cUBOAR KL TIEPLEXOUEVO TOU
ouvadErdou Oodwpen MNavvvakomnoulov,
Head of MagCIL, Kiplou Epeuvntn, INT — EKEDE «A»
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TU (dev) elvat Al

- Apywa (50s): “building machines that are

intelligent”



TU (bev) elval Al

- Apxwa (50s): “building machines that are intelligent”

- Edappoyeg
- Avayvwplon optAiag
- AvaAuon kal avayvwplon elovwv (Tt.x. mTpoocwna)
- Autovopa oxfiuata
- JUOTAMOTO CUCTACEWVY
- Availntnon
- Fintech epappoyec (xpnUATOOLKOVOLLLKN TEXVOAOYLQ)

- Yyela




TL (dev) elvat Al

Apxka (50s): “building machines that are intelligent”

Ti elvat vonuoouvn;

YUyxpovec epappoyec Al Sev elval paypaTIKA Kol YEVIKA “eudueic”

Ol nieploootepec eival “weak Al” SnA. AUvouv cuykekpLUEVa TtPoPARHOTA
General intelligence (Strong Al): akopa otnv Bewpla

OLeploootepeC epappoyeg “Al” eival mpaypatikd epappoyeg (Babiac)
HNXavikn¢ padnonc ML/DL (aAyoptBuot mou pabaivouv amno dedopeva)



Opoloyla

- Artificial Intelligence (Al) - Texvnt Nonpoouvn (TN)
Machine Learning (ML) - Mnxavikn MaBnon
Deep Learning (DL) - BaBua Mnxavikn Mabnon
Models - MovteAa
Data - Aebopeva

Neural Networks (NNs) - Neupwvika Atktua




Al or ML?

- Opol ou xpnotpomnotovvtal eVAAAAE

- “NMapadooiako” Al:
- KOWVOVEC TToU “A€VE O0TOUC UTTOAOYLOTEG T va
KAvouv”

- logic programming, expert systems KtA

- Toug pabaivoupue va pabouv

- TWG: ano ta dedopéva

- XapnAotepou emunmedou (OxL cupBoAa Kal
vPnAEc €vvoleg)

- €vog aAyopLlBuocg ekmaldeVeL Eva PLOVTENO ATO

to debopgva




Al or ML or DL?

- Opol ou xpnotpomnotovvtal eVAAAAE

- “NMapadooiako” Al:
- KOWVOVEC TToU “A€VE O0TOUC UTTOAOYLOTEG T va
Kavouv”

- logic programming, expert systems KtA

- Toug pabaivoupe va pabouv
- TWG: ano ta dedopéva
- XapnAotepou emunmedou (OxL cupBoAa Kal

vPnAEc €vvoleg)

- €vog aAyopLlBuocg ekmaldeVeL Eva PLOVTENO ATO

to debopgva

DEMOKRITOS



Al or ML or DL?

- OpoLmou xpnotpomnolouvtal eVOAAAE

- “Nopadooiakd” Al:
- KAVOVEG Ttou “Aéve OTOUG UTIOAOYLOTEG T va Kavouv”

- logic programming, expert systems KtA

- ML
- TouG paBaivoupe va padouv
- TwG: ano ta dsdopuéva
- xopnAotepou emutédou (0xL cUpBoAa kat UPNAEC EVVOLEC)
- évog alyoplBuog ekmalde Vel Eva HovTéNo amod ta SeSopéva
- DL

- MoA\a& bebopéva

- MeydAa povtéla

DEMOKRITOS



Al or ML or DL?

- O o6poc“Al” Eavaepdaviotnke to 2010

- 0O 6pog Al bev moAuxpnOLUOTIOLOUTAV HETA TNV
eudavion tou to 60’s

- Axopa kat o Deep Blue (mou viknoe tov Kasparov to
97) unotiBetal Sev xpnolponolovoe Al (cUpdwva
ToUG 8Loug Toug SnuLloupyoug Tou)

- Me tnv tepaotia BeAtiwon ¢ anodoong (DL-base
otnv opAla KoL TNV €lkOVa = “€polale” va UTtApxEL
TEXVNTA Vonoouvn

-  Neplooodtepo ntnuo marketing

- OLedappoyeg Al eival ovotaotika DL/ML
edapuUoyEg

DEMOKRITOS



Al or ML or DL?




Apa Tt adopd to ML/DL

Make computers learn from data




Aedopeva

danceability speechiness

DEMOKRITOS
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Aedopeva

danceability speechiness

0.65
0.73
0.32
0.68
0.67
0.45
0.59
0.65
0.85
0.29
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0.81
0.83

0.9
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genre
hip-hop
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triphop
hip-hop
techno
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labels




Aedopeva

danceability speechiness genre
0.65 0.92 hip-hop
0.73 0.1 techno
0.32 0.5 triphop
0.68 0.78 hip-hop
0.67 0.01 techno
0.45 0.45 triphop
0.59 0.96 hip-hop
0.65 0 techno
0.85 0.8 hip-hop
0.29 0 triphop
0.34 0.1 triphop
0.81 0.1 techno
0.83 0.9 hip-hop
0.9 0.01 techno
0.55 0.43 triphop
labels

Tof

DEMOKRITOS

example
or
instance



Exmatdevon povteAou amo dedopeva

danceability speechiness genre
0.65 0.92 hip-hop
0.73 0.1 techno
0.32 0.5 triphop
0.68 0.78 hip-hop
0.67 0.01 techno
0.45 0.45 triphop .
0.59 0.96 hip-hop |:> Learr'nng
0.65 0 techno Algorlthm
0.85 0.8 hip-hop
0.29 0 triphop
0.34 0.1 triphop
0.81 0.1 techno
0.83 0.9 hip-hop
0.9 0.01 techno
0.55 0.43 triphop

labels




Exmatdevon povteAou amno dedopeva

danceability speechiness genre
0.65 0.92 hip-hop
0.73 0.1 techno
0.32 0.5 triphop
0.68 0.78 hip-hop o~
0.67 0.01 techno N E%
0.45 0.45 triphop .
0.59 0.96 hip-hop |:> Learr'nng > h_\-“,D
0.65 0 techno Algorlthm ML
0.85 0.8 hip-hop Model
0.29 0 triphop \ )
0.34 0.1 triphop
0.81 0.1 techno
0.83 0.9 hip-hop
0.9 0.01 techno
0.55 0.43 triphop

labels




Ekmatldevon povteAou amo dedopeva

danceability speechiness genre
0.65 0.92 hip-hop
0.73 0.1 techno
0.32 0.5 triphop
0.68 0.78 hip-hop o~
0.67 0.01 techno Er\
0.45 0.45 triphop EL\_“?
0.59 0.96 hip-hop
0.65 0 techno ML
0.85 0.8 hip-hop Model
0.29 0 triphop \ )
0.34 0.1 triphop
0.81 0.1 techno
0.83 0.9 hip-hop
0.9 0.01 techno
0.55 0.43 triphop

labels




Exmaidevon povtelou amo dedopeEva

danceability speechiness genre
0.65 0.92 hip-hop
0.73 0.1 techno
0.32 0.5 triphop
0.68 0.78 hip-hop o~
0.67 0.01 techno Er\
0.45 0.45 triphop EL\_“?
0.59 0.96 hip-hop
0.65 0 techno ML
0.85 0.8 hip-hop Model
0.29 0 triphop \ )
0.34 0.1 triphop
0.81 0.1 techno @
0.83 0.9 hip-hop

0.9 0.01 techno

0.55 0.43 triphop

labels




Exmatdevon povteAou amo dedopeva

danceability speechiness genre
0.65 0.92 hip-hop
0.73 0.1 techno @
0.32 0.5 triphop EUKoMAo yLa évav avBpwrto
0.68 0.78 hip-hop o~
0.67 0.01 techno Er\
0.45 0.45 triphop EL\_“?
0.59 0.96 hip-hop
0.65 0 techno ML
0.85 0.8 hip-hop Model
0.29 0 triphop \ )
0.34 0.1 triphop
0.81 0.1 techno @
0.83 0.9 hip-hop

0.9 0.01 techno

0.55 0.43 triphop

labels




Ekmatdevon povtehouv amo dedopeva

A danceability speechiness Unknown
0.70 0.75 example

@ hip-hop @ techno triphop

‘ EukoAo yLa €vav avBpwrmo @
ANy )
“Meyalo speechiness - hip-hop” E%

“Kovtd ota pumAe = hip-hop” H_/D
ML
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| speechiness

Exkmatdevon povteAou amo dedopeva
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ML

“XapnAo speechiness kat PnAo

“Kovtd ota kOKKwo — techno”

Model
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techno

Unknown
example



L speechiness

Exkmatdevon povtehou amo dedopeva

Av Ntav apudAeyouevo; @
Ny )
[

@ hip-hop @ techno triphop
1.00
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Ekmaloevon povteAou armo
(LeyaAUtepa) Sedoueva

danceability speechiness emotion ... D-th feature || genre
0.65 0.92 0.2 0.2 hip-hop
0.73 0.1 0.12 0.5 techno
0.32 0.5 0.13 0.3 triphop
0.68 0.78 0.5 0.4 hip-hop H av avtiyia 2 eiyope 100 (D)
0.67 0.01 0.6 0.6 techno xapaktnplotika (features)?
0.45 0.45 0.5 0.7 triphop
0.59 0.96 0.7 0.22 hip-hop
0.65 0 0.8 0.87 techno Vi
0.85 0.8 0.4 0.21 hip-hop b O
0.29 0 0.45 0.42 triphop ~—
0.34 0.1 0.42 0.12 triphop
0.81 0.1 0.55 0.23 techno
0.83 0.9 0.21 0.41 hip-hop
0.9 0.01 0.1 0.44 techno
0.55 0.43 0.45 0.22 triphop
labels

Tof iy

DEMOKRITOS



Exmatdevon povteAou amo dedopeva

x1 x2 x3

1| 0.11| 0.31| 0.36| 0.69

2| 0.31] 0.19| 0.80| 0.10

3] 0.82| 0.16| 0.87| 0.31

4| 0.44]| 0.01] 0.54| 0.14

5| 0.63| 0.05| 0.86| 0.64

N| 0.29| 0.12| 0.51| 0.06

X (N xD) y(Nx1)

iy

DEMOKRITOS



Ekmatldevon povteAou amo dedopeva

x1 x2 x3 xD y

1| 0.11| 0.31| 0.36| 0.69| 0.04

2| 0.31] 0.19| 0.80| 0.10{ 0.12 . %
3] 0.82| 0.16| 0.87| 0.31| 0.82 |:> Learn'”g H_}D

41 0.44| 0.01] 0.54| 0.14| 0.73 Algorithm ML
Model

5| 0.63| 0.05| 0.86| 0.64| 0.49

N| 0.29| 0.12| 0.51| 0.06| 0.63

X (N xD) y(Nx1)




Exmaidevon povtelou amo dedopeva:
102 ;

1 |x2 3

ANy )
1] 0.11] 0.31| 0.36| 0.69 E
2| 0.31] 0.19| 0.80| 0.10 . %
3| 0.82]| 0.16| 0.87| 0.31 |:> Learn'”g h_‘},)
4| 0.44| 0.01| 0.54| 0.14 Algorlthm ML
5| 0.63| 0.05| 0.86| 0.64

Model

N| 0.29] 0.12| 0.51| 0.06 0. —




Ekmolloeuon LOVTEAOU OTTO OEOOMEVAL:
[1€)2;

x1 x2 x3 xD y

1} 0.11| 0.31| 0.36| 0.69| 0.04

2| 0.31] 0.19]| 0.80| 0.10| 0.12 . %
3| 0.82] 0.16| 0.87| 0.31| 0.82 |:> Lea rn I ng h_\},)
Algorithm :D e

4| 0.44]| 0.01| 0.54| 0.14] 0.73 ML

Model

5| 0.63| 0.05| 0.86| 0.64| 0.49

N| 0.29| 0.12| 0.51| 0.06| 0.63

X (N xD) y(Nx1)




Eknmaltdevon povtehov amo dedopeva:
102 :

x1 x2 x3 xD y

1} 0.11| 0.31| 0.36| 0.69| 0.04

ﬂx

2| 0.31]| 0.19| 0.80| 0.10| 0.12 a

3| 0.82] 0.16| 0.87| 0.31| 0.82 |:> Learning h_\},)
Algorithm :D e

4| 0.44]| 0.01| 0.54| 0.14] 0.73 ML

Model
./

5| 0.63| 0.05| 0.86| 0.64| 0.49

N| 0.29| 0.12| 0.51| 0.06| 0.63

X (N xD) y(Nx1)




EKTIALOEVON LOVTEAOU ATTO OEOOUEVA:
[1€)2 ;

x1 x2 x3 xD y

1} 0.11| 0.31| 0.36| 0.69| 0.04

ﬂx

2| 0.31]| 0.19| 0.80| 0.10| 0.12 a

3] 0.82| 0.16| 0.87| 0.31| 0.82 |:> I—earning h_\},)

4| 0.44]| 0.01| 0.54| 0.14] 0.73 Algorlthm ML

5| 0.63| 0.05| 0.86| 0.64| 0.49
— | Model |

N| 0.29| 0.12| 0.51| 0.06| 0.63

X (N xD) y(Nx1)




Exmaidevon povtehov amo dedopeva:
10>

x1 x2 x3 xD y

1] 0.11] 0.31| 0.36] 0.69] 0.04

2§ 0.31| 0.19| 0.80| 0.10| 0.12 . %
3] 0.82| 0.16| 0.87| 0.31| 0.82 |:> Learnlng H_}D

41 0.44| 0.01] 0.54| 0.14| 0.73 Algorithm ML
Model

5| 0.63| 0.05| 0.86| 0.64| 0.49

N| 0.29| 0.12| 0.51| 0.06| 0.63

X (N xD) y(Nx1)




Exmaidevon povtelou amo dedopeva:
[1€)2

x1 x2 x3 xD y
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3| 0.82] 0.16| 0.87| 0.31| 0.82 |:> Lea rn I ng h_\},)
Algorithm :> e
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N| 0.29| 0.12| 0.51| 0.06| 0.63

X (N xD) y(Nx1)




Exmaidevon povtelou amo dedopeva:
102 ;
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Exmatldevon povteAou amo dedopeva:
102 :

x1 x2 x3 xD y

1] 0.11] 0.31| 0.36] 0.69] 0.04

ﬂx

2§ 0.31]| 0.19| 0.80| 0.10| 0.12 a

3] 0.82| 0.16| 0.87| 0.31| 0.82 |:> Learning h_\},)

4| 0.44]| 0.01| 0.54| 0.14] 0.73 Algorlthm ML

5| 0.63| 0.05| 0.86| 0.64| 0.49
— | Model |
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EKTTOLOEVON LOVTEAOU ATTO OEOOUEVAL:
[1€)2;

x1 x2 x3 xD

i—E’%H

2§ 0.31] 0.19| 0.80| 0.10| 0.12
3} 0.82| 0.16| 0.87| 0.31| 0.82 [:::i> Learning Ei;? :
4] 0.44| 0.01| 0.54| 0.14| 0.73 Algorlthm ML

5§ 0.63| 0.05| 0.86| 0.64| 0.49

1) 0.11| 0.31| 0.36| 0.69| 0.04

Model
./

N} 0.29| 0.12| 0.51| 0.06| 0.63

X (N xD) y(Nx1)
MéxpL 0 adyoplOuoc va “6el” oA
o Sedopéva (evOexOoUEVWC TLIOANEC
$opeg)




Exmaidevon povtelou amo dedopeva:
10>

x1 x2 x3

1| 0.11| 0.31| 0.36| 0.69

N
:> Learning h‘}?

Algorithm

2| 0.31] 0.19| 0.80| 0.10

3] 0.82| 0.16| 0.87| 0.31

4| 0.44]| 0.01| 0.54| 0.14 ML
5] 0.63| 0.05| 0.86| 0.64
Model
___/

N| 0.29| 0.12| 0.51| 0.06

X (N xD) y(Nx1)

Meplkol aAyoplBpuot:
LogisticRegression, k-NearestNeighbors, Naive Bayes
Classifier, Support Vector Machines, Decision Trees,

Random Forrest ....




Deep Learning

Speechiness,
Danceability
+ class labels




Deep Learning

Speechiness,

Danceability :> [ Learning

+ class labels Algorithm

~

)

3

2
ML
Model




Deep Learning

- 2TIC TIEPLOOOTEPEC TEPUMTWOELC OV EEpouE 1N OeV UmopoU e eUKOAQ va
UTTOAOYLOOULE TOL XOPOKTNPLOTIKA - TU.X.“speechiness” or “danceability”

- ‘Exoupe “yOpa” mAnpodopia (raw) i xapnAou emumedou 1.x. EVEPYELQ
ONMOTOC

Raw signal 3

+class labels [ | f€aming i, o
ML

Algorithm
J

Model
-/




Deep Learning

2TIC TTEPIOOOTEPEC TTEPITITWOEIC OEV EEPOUE ] OEV UTTOPOUME EUKOAQ va
UTTOAOYIOOUJE Ta XapaKTNPIOTIKA - TT1.X.“speechiness” or “danceability”

‘Exoupue “xupa” TTAnpogopia (raw) i XapnAou eTTITTEOOU TT.X. EVEPYEIQ OIUATOC

TN

Raw signal Deep h
+ class labels :> Learning
Algorithm )

Model
MoAAd bebopeva ! \ cae /




Deep Learning: Nwc;

- Ta BaBid veupwvika diktua (deep neural networks) éxouv moANamAd enineda

(layers) urmteUBuva yla tnv e€aywyn dtadopetikol tumou mAnpodopiag

- Ta layers “avakaAUTtouv” xapaKTnELOTIKA oo ta data

- Aev umapyetl avaykn yia features!

‘ Neuron (wparams)

B layer

3.
==

0200000

020000

0000

00|

hiphop
triphop

techno



. ’
Deep Learning: lNwc;
- Ta BaBid veupwvika diktua (deep neural networks) éxouv moANamAd enineda
(layers) urmteUBuva yla tnv e€aywyn dtadopetikol tumou mAnpodopiag
- Ta layers “avakaAUTtouv” xapaKTnELOTIKA oo ta data

- Aev UTIAPXEL avayKn yla featlures! _ output

‘ Nneuron (wparams) F
B layer | [>

yers

hiphop
triphop

techno

o000

Yy
' o000@

|e00®

/




Deep Learning: Nwc;
- Ta eowteplka layers avakaAvmntouy features

- Ekatoppupla mapapETPOUC TPOoG ekmaidevon - nmapa moAAa dedopeval

output

yers

‘

ﬂoo:oo;
\(o;io}

hiphop
triphop

techno

o000

. Neuron (wparams) I
[:}Iayer $[>

020000

-




Il. Epappoyec TN

47



[TapaywyLlkotnTo OTNV £pyacia

e AuTOpOQTOTIOLNON EPYACLWV POUTIVOC

o Wndolomoinon, katnyopLomoinon Kol avAKTNOon TIEPLEXOLLEVOU

o Metaypadrn cuvavINCEWV

o Autopatn €éaywyn nep\nPewv amo moAAanAd eyypada n
TTOAULECLKA apXELL

o [poPAen KaTtavaAwong EVEPYELAC, VEPOU KATT yLaL KAAUTEPO

OLKOVOULKO TIPOYPOLLULOATIOUO

Mnyn: TN yia Wnouakn Kawvotopia, Ntévia KaveAhomoUAou, EKEDE «A»




ChatGPT Engineer?

e YTOPYXEL,

o YmapyeL ociyoupa 1o Prompt Engineering!




Prompt Engineering

e MrmopoUpe va BEATLWOOUUE TO ATTOTEAECUA XWPLC VOl
aAAAou e To POVTEAD

o lNwc;

o [lapEXOVTOC CUYKEKPLULEVN YVWON KOL EUTIEPLOTATWHEVN
nieplypadn

e Xpnolpomolwvtac Ae€eLc kat opoAoyiec mov odnyouv o€
KaAutepn amodoon

e Alvovtog nopadelypoto oo To EMBUUNTO ATTOTEAECUOL




Al & Engineering: a perfect match!




Automated Project Planning and Design

e Al algorithms can analyze project requirements, site conditions, and

historical data to generate optimized construction plans and designs.

e Machine learning models can assist in creating accurate cost estimates,

scheduling tasks and identifying potential risks.

e Virtual reality (VR) and augmented reality (AR) technologies can be
integrated with Al to visualize and simulate construction projects before

actual implementation.

October

/ 2023




Quality Control and Safety

e Computer vision and image recognition algorithms can analyze visual
data to identify defects, safety hazards, and compliance issues on

construction sites.

e Al-enabled monitoring systems can detect and alert workers to potential
safety risks, such as unauthorized access, falls, or equipment

malfunctions.

e Natural language processing (NLP) algorithms can process and analyze
text data from inspection reports, ensuring compliance with regulations

and standards.




Smart Building Management

e Al-based systems can optimize energy usage in buildings, leading

to energy efficiency and cost savings.

e Intelligent building automation systems can analyze occupancy

patterns and adjust environmental conditions accordingly.

e Al algorithms can predict and detect equipment failures, enabling

proactive maintenance and reducing downtime.
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Case #1: Predictive Maintenance

e Overview: Siemens employs Al in its manufacturing facilities, particularly in its
Amberg Electronics Plant in Germany, a global benchmark for smart factories. The
factory uses Al algorithms to process sensor data from machines and production

lines in real-time.
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Case #1: Predictive Maintenance

e How It Works:

o Machines are equipped with loT sensors that collect data
on temperature, vibration, and other performance
indicators.

- Al models analyze this data to predict potential failures

before they occur, enabling timely maintenance.




Case #1: Predictive Maintenance

e Impact:
o Reduced machine downtime by up to 30%.
- Lowered maintenance costs by shifting from scheduled
maintenance to condition-based strategies.
- Improved production reliability and efficiency, achieving a

99% automation rate in processes.




Intermission: to hype or not to hype?
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Case #1: Predictive Maintenance
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Case #2: Digital Twins

e Overview: GE uses Al-powered digital twins—virtual models that
replicate the behavior and performance of physical assets like jet engines,

gas turbines, and manufacturing equipment.
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Case #2: Digital Twins

e How It Works:

o Real-time data from sensors installed on physical
machines is fed into the digital twin.

o Al analyzes this data to predict wear and tear,
optimize operational parameters, and simulate

scenarios to improve decision-making.




Case #2: Digital Twins

e |Impact:
o Enhanced equipment uptime and reliability by predicting
failures before they happen.
o Significant cost savings through optimized maintenance and
reduced unscheduled downtime.
o In one application, GE improved the fuel efficiency of gas

turbines by 3%, saving millions in operational costs annually.
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Source: Canva’s Al
Image Generator
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Al Integration Engineer

Role: Design and integrate Al systems into existing

industrial processes, ensuring compatibility with legacy systems

and optimal performance.

0]
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Skills:
Knowledge of Al frameworks (TensorFlow, PyTorch).
Understanding of loT and industrial automation.

Systems engineering and integration expertise.



NeEol poAot (2/3)

Digital Twin Specialist
. Role: Develop and maintain digital twins—virtual replicas
of physical systems—for real-time monitoring, simulation, and

optimization.

. Skills:
0 Experience in simulation software (Ansys, MATLAB).
0 Data modeling and analytics.

0 Expertise in sensor data integration.




NeEol poAot (3/3)

Al Quality Assurance Engineer

Role: Test and validate Al models and systems to ensure

they meet accuracy, reliability, and safety standards in

engineering contexts.
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Skills:
Testing frameworks and debugging tools.
Knowledge of Al ethics and bias detection.

Experience with QA methodologies and standards.
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Why Al tools matter for Engineers?

e Problem solving and optimization

e Industry Relevance

o Efficient Prototyping and Development
o Interdisciplinary Collaboration

o Innovation Opportunities

“Learn the (Al) tools”!
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Contact info: Dimitris M. Kyriazanos
email: dkyri@iit.demokritos.gr
office: +30 2106503150
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