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Eioaywyn: Least Squares & Nevpwvika Aiktua

@ 16éa MpoBAnua (avtiotpo@o pofANHa)
H pebodog eAayiotwv teTpaywvwy (LS) EicoS0L MovTélo MpoBALWELC
Ko Tot Nevpwvika Aiktua (NN) z; f(x W) Ui

pnotpalovtal OepeAWSELG LOEEC.

Oa Sovpe nwe évvoleg mov ASN yvwpilovpe | 000 pemeeemmeeeeeeeeon o \
MNapotnpnoelg

Yi

Qo TNV MPOCAPHOYH, ATIOTEAOUV

>

™ B&on Twv pebddwv Mnxavikng Madnong.

@ 2toxog (LS):

EAayloTtomoinon tTwv TeTpaywvwy Twv residuals

@ Kowog otoxog

/
A

Na BPoUE TIC TIAPAUETPOUG W TIOU EACXLOTOTIOLOUV

N Sapopd PETAEL TIAPATNPNCEWY ¥Y; KOl n

npoBAégewy U; = f(x;, W). ‘ E(W) - ;1 (yi == Jc(Xia W))2




’PAMMIKH NMAAINAPOMHZH & METIZTH MNI©GANO®ANEIA

Amnd ta dedopéva otn PBEATIOTN EKTIPNON MAPANETPWY

1. AEAOMENA & T'PAMMIKO MONTEAO 3. NIOGANODANEIA (LIKELIHOOD)

[

‘Exoupe Sedopéva:

— = B+ 0 H mBavétnra va napatnericoupe 1o y;, Sedopévou x;

(xla yl)? (xia y2):'“1 (x."\-’! ?;"N) e ﬂﬂpapé'fpm\r‘ (9{]1 91}:

2 |
Mpappiké povrélo: 1 (v — %
P(¥i |zi, 00, 61) = R =
% = 0 + 012, £%% )
onou:
6y : oraBepdg pog (intercept) lMa 6Aa ta dedopéva (i = 1,..., N):
8, : khion (slope) >

Pt

MBavogdveia: MAoyapiBpkr; mBavogpaveia:
X

N
2. ©OPYBOE & MIOANOTHTA (GAUSSIAN YNOOEEH) L(6,6,) = H P(¥: | i, 6o, 61) £(6o, 61) = log L(6o, 61)

= N
- Wk —— log(2ma?)
H s (v = 3)° 2 R
Vi = Ui + € = (6 + 01x;) + ¢ d 1 = 202 L

>,

— Ym0+ 0:x YmoBEétoupe 6T kaBe mapatripnon:

YnéBeon Oopipou:
e ~ N(0,0?)

(Gaussian pe péon tpr 0
kat Siaxdpavon o?)

Apa:

Vi ~ N(?}i: 0-2)

Tupnépacpa: Emléyoupe g napapérpous (B, f1) mou kévouv ta napatnpnBévia Sedopéva va eival 6oo 1o Suvardv mio mbavd clpPwva Pe To HovIEAo.




MIOANO®ANEIA L(w) KAl METIZTH NIOANO®ANEIA

| n Av €xoupe 6edopéva

Aedopéva: (x,y), (X2,2),-- -, (Xy,v)

Movtého: ¥; = f(x;,W)

la kabe napatpnon opiCoupe v mbavotna:

p(yi ‘ Xi'aw)

e Exppalel méoco mbavo eival va
TAPATNPHOOUKE TO ; OTav TO HOVIEAO
He Tapapétpoug W OéxeTal wg eicodo
0 X;.

a H mBavogpaveia

lNa 6Aa ta dedopéva pali, n mBavopavea givar:
N
L(w) =[] ptilxiw)
i=1

To L(w) eival éva score yia Tig
TIAPAPETPOUG W: 000 peyaAltepo eival,
1600 kaAUtepa 1o poviéAo e€nyel Ta

dedopéva.
: | , mOavotnta
napagetpol _, Hovtédo —» Oedopévv
e L(w)

| Méyiotn mbavogaveia

Avalntoupe TIG TAPAPETPOUG TIOU HEYIOTOTIOIOUV
v mbavogavela:

w = argmax L(w)
w

2uviBwg ypnotpomoloUpe kat m AoyapiBpikr mbavopavela:
¢(w) =log L(w)

lMNa Gaussian 86pufo, n peylotomoinon g
mBavopdvelag eival .oodlvapn pe v

' eAayiotomoinon tou abpoiopatog TETpaywVIKWY

OQAAPATWY.

N (i - flxiw))’

i=1

@b Me amAa Aoyia: n péyiotn mbavo@avela Ppiokel TIG TIHEC TWV TAPAPETPWY W TIOU KAVOUV
ta mapatnpnuéva dedopéva 60o to duvatdv mmo mbavd clpPwva Pe To HOVTEAO.



MH TrPAMMIKA ZYZTHMATA & METIZTH NMI©ANO®ANEIA
n Ano ) Mpappikn oty Mn Mpappiky Moviehomoinon g YnoBeon Gaussian ©opufou

[pappiké poviéro Mn ypappké poviého (yevikeuan) Oewpolpe Ot kGBe mapatrjpnar y; akoAouBel
Gaussian katavopr| yopw ané my npdPheyn f(x;, w):

M-1 |
MNukvomta

US| | o fixwl=myt Y wdi(x) | e
I i ! i 1 2 A
Y (_ ) ) ,

2o 20°

® dedopéva

¢ ¢;(x): pn ypappkés ouvaptioeis Baong T —

- TNoluwvupikeg cuvaptrioel (.. 23, 1129, 802, looduvapa:

¢ [apaeiypota ¢;(x): [N YPappKo poveéro :

. o’ yvwotr kat otabepn

~ Radial Basis Functions (RBF): ¢; (x) = exp (_'}“HX - Cjﬂ?) Yi = f(xiew) € Slakipavon f(x W) Ui
i i

- Activation Functions (Neural Nets): Sigmoid, ReLU, tanh, ... ue ¢ ~N(0,0%) | * aveaputog Gaussian (npofeyn povidhoy) !

B6pupos (napampoupevn TpnA)

o M: ouvohwés apiBuog napapétpwy (Bapn w; kat bias wy)

@ Apa ta Sedopéva Bewpolvrat: Yi ~ N (f(Xaj, W) (6 2) dnAadn Gaussian katavopr| pe péon T To povtého kat Sakdpavor =




MH TPAMMIKA LYZTHMATA & METIZTH NMIOANO®ANEIA

B Méyiotn MBavogaveia (Maximum Likelihood)

Zuvohikn MiBavopaveia Apvnrikég AoyapiBpiog KAeiot) Mopen

Me ' g : .
H mbavétnta SAwv Twv Y O Merd an6 ahyeBpixols xeipiopols:
. ! Avti va peyiotonoloUpe 1o L(w),
MapatnproeEwV: ) :

e = % E(w) = % log(270?) +

€AQYITOOIOUHE TO:

n
n
L(w)= H P(y; | xi, w) E(w) = - log L(w) L Z (i — f(xi, w))*
i=1 A7
i:( u Baoiko Zupnépacpa
L] . ~ E o | AT 2 ] i g
Enedn o mpwrog opog ; 100[2 o°) Gev efaprdtal and ta w (y,- N f (K,‘ - 2 Bnhadn tou yvwatol

n ehaytoromoinon tou E(w) eival ooStvayn pe v

ehaylotonainon Tou:

Mean Squared Error (MSE).

B ZUvdeon pe Neural Networks

Ta Neural Networks: Eicodol

@ yonowonowoty pn ypappkéc
ouvaptrigel (activations) wg ¢ (X)

@ exnadedovtar ouviBug pe MSE
(1) @\a loss functions)

@ BasiZoviar oy i gihocogia

optimization:

*9 Apa: Ot apyég twv Ehayiotwv Tetpaywvwv amoteAolv tn Bewpnuikn Baon g olyxpovng Mnxavikig MéBnong!

Kpuga Enineda
(1N Ypappkég petaoynpatioe)

TWV €L000WV KAl TWV TIAPALETPWY W.

‘E¢obog

H £€oboc 7 €ival pia pn YPauMIKA ouvapTtnon



Opototntecg LSE kat DNN

Mote to DNN tauti{etal pe LSE MoV to DNN unepéyel

v 1 layer (xwpic hidden layers) kat ¢ [loAAamAa hidden layers kaL pn yPOpHIKES
YPOHULIKI EVEPYOTIOINGN = YPOUHULKO HOVTEAO EVEPYOTIONOELS = TIOAU HEYAAUTEPN EKPPAOTTIKN

v/ Me Loss = MSE: IKavoTNTa (LOVTEAOTIOINGN TIOAUTIAOKWY OXECEWV).

T
L = % Z” (s — fix;, w))z e H cuvaptnon c@alparog dev gival kuptr (MoAAG TomiKa
i=1

ehayiota) = Tto gradient descent uropei va kataAngel

(510 avtikeipevo pe to LS. O€ TOTUKO EAAXLOTO.

v Kuptétnra: MNa ypappika poviéda, o * Me olyypoveg naparhayés (SGD, Adam, kahr
CpAAuQ EVaL KUPTO = HOVADIKO TIAYKOGHLO apxikomoinan, regularization) prmopouue va mhonynBoupe
ghayio10: Gradientidescent guyiava QTIOTEAECHATIKA KAl VA ETUTUXOUUE TIOAU KaAr amnddoan.

OTO TIAYKOOLO EAAXLOTO (OTwg ato LS).

— - - -

Zupnépacpa: To LS eival 1o ypappikd, KAEOTAG AVonG 8IKNAG TEPIMTWONG. |
Ta DNN eival n pn ypaupikn YEVIKELON HE TEPACTIA EKPPATTIKN duvapun. |



OcpeAlwdn Zrowxeia Neupwvikwv AKTUwV

Neupwvag

Na to otpwpua I

() _ () _(1-1) (1)
a; —J(Z w;.” a; -I—bj )
i

. a?‘l}: EVEPYOTIOINTELG TIPONYOUEVOU OTPWHATOS rp Q
[ y . :

. wﬁi): Bapn amnod 1o otpwpa I — 1 oto !

o bﬁ” . bias

e 0(-): MNn YPAUUIK OUVAPTNON EVEPYOTIOINONG
(r..x. sigmoid, RelLU)

Shallow Neupwviké Aiktuo (1 hidden layer)

Eicodoc Hidden ‘E€odoc

- @ 0

V

e AR (2) (1) (2)
(1) (L oy (1) y=2z" = W, 3@, 5 b
a, —J( E W :r,,.,+bj ) ; ji =i j

(yia maAwvdpopunon: ypappikn ££0d0¢)

@ KaBe veupwvag unoAoyilel Tov otaBuiopevo aBpotopa twv el00dwv Tou, TIPocBETEL bias kal epappolel

MO 4N YPAUULKN CUVAPTNON EVEPYOTIOINONG.



BaOua Nevpwvika Aiktua (Deep Neural Networks)

Eicodoc Hidden Hidden Hidden ‘EZodo¢
p=) j =1 Jo= l=L-1 =1k
‘E&odo¢ (layer L)

S —- %
7 (L) (L=1) (L)
. : : \... . \ E‘;‘, y:Z(L):iji (I,L-L L ~|—bjL
. = . : :
— O O O / Q / (Ypappikn €€000¢ yia maAvopounon)

Evepyomoinon vevpwva otn otofdda [ (1 <1 < L - 1) Z16)0G ekmaidevong (turkad MSE)
1 n
€y Z () (I-1) (7) E : A\ 2
J 1=1

-1 ; ; ; ‘
a a,£ ) . EVEPYOTIOINOELS TG TponyoUuevng otolfadog (oTpipaTog) ® Y TPAYMATKA TIH OTOXOS
o w%?.l} Bapog amd tov veupwva i NG otolddag I — 1 otov veupwva j tng otolddag [ o §;: TpSBAEYN TOU SIKTUOU
3 b; : Rigs TewveUpENY. 7 SN iesaikioas | | o n : apBudg mapatnPHoEWY
o 0'() ! HN ypappikn cuvéptnon evepyomnoinong (m.x. ReLU, sigmoid, tanh)

g Ta Babid vevpwvikd diktua amoteAovvtal and TMOANEG KpupEg otoladeg (layers) moilov emtpémnouv v ekpABNoN MOAUTIAOKWY, KN YPOUHLKWY

oyéoewv ota dedopéva.



Eknawdevovtac eva BaBu Nevpwviko Aiktuo

Input X

'

Weights

Layer
(data transformation)

R

'

Weights

Layer
(data transformation)

A

Weight
update

Optimizer

Y

Predictions True targets
¥ b

N s

Loss score ]

Baowka Bpata

Forward pass: 1o input X miepva amno ta layers
Kal Tapayetat popAeyn Y

YmnoAoyilopog o@aAparog: n loss function ouykpivel

Y pe Tov mpaypatikd otdxo Y
e Backpropagation: urtoAoyilovtal ot KAIOELS Twv Bapwv

Optimizer update: ta weights evnuepwvovtal wote
va pelwvetal to loss

L

I Kopieg ‘Evvoleg

e Weights: o mapapuetpot mov pabaivel to diktuo
e Layers: diadoyikol petaoynuatiopol dedopevwy
® Loss function: petpd nooo kaAr eivat n poPAEwn

® Optimizer: aAyopiBpog evnuépwong Twv Bapwv

ZT0X0¢ TNG eKNaidevong: shayiotomnoinon tou loss
woTe ol PoBAEWELC va TTAnotalouv 000 yiveTat
TOUG TPAYHATIKOUG OTOXOUCG.

©]




Eknaidevon

n Forward Pass

H eicodog x mepvdel and 1o Olktuo

HEXPL TNV €€000 Kat uttoAoyiletal
10 0pdAua E(w).

Backward Pass
YmoAoyiCoupe ta gradients
VwE(w) pe tov kavéva aluaidag,

arod v £€0do mpog tnv gicodo.

Evhpépwon Mapapétpwv
Evnuepwvoupe ta Bapn kat biases:
— Forward pass O aAyopiBpog backpropagation entpénet

£ anodotiko unohoyiopo gradients akoua Kat
Lo ﬁvwE(W) - - -» Backward pass st -

(n: learning rate) o€ OIKTUQ € EKATOMMUPLA TIAPAUETPOUG.

KaAo BiBAilo pe tn BewpnTikn
Bishop, 2008. Pattern Recognition and Machine Learning https://www.cs.uoi.gr/~arly/courses/ml/tmp/Bishop_book.pdf Bdaon yupw aro to ML




Eknaideuon Nevpwvikou Aktuou 2 Emimédwy

Eninedo
gelcodou

20 KpuPo
eninedo

1o kpupo
eninedo

KQL KN YPAMWLKN EvepyoToinon.

Emninedo
g€odou

KaBe eminedo £papuolel YPAUMIKO PETAOXNUATIONO }

e B
o Forward pass

Jx + bU
am g ¢(Z(1))
2@ = WD) 4 $@
a® = ¢ (2®)
g = W®al® 4 p@

T

Iuvaptnm] KOOTOUG
— N Z

Ma aAwvdpounon xpnmuonmoupa ouyva MSE.

9 Backpropagation & evnpépwon Bapwv
W+ w —17n VuL(w)
b+ b—nVyL(w)

O optimizer evnuepwvel Bapn kat bias

'_yz

/

HE puBPO pabnong n.

. J

@ ZT(:‘!XO(,‘: va BPOUE MOPORETPOUC TIOU EAAXIGTOTIOLOUV T0 OQPAAMA (OTE Ot TIPOBALWELS § va TIPOGEYYITOUV TIC TIPOYHOTIKES TIHES Y.




Turtot Mabnong otn Mnxavikn Maénon

(Types of Learning in Machine Learning)

o ErmuBAenopevn Mabnon
(Supervised Learning)

0 Epwtnon:

«Mmopoupe va npoPiéPoupe
TO y ano 10 X; »

= .
== Acedopéva:
' 5
* giooboL x
* YVWOTEG ETIKETEG ¥

@ Napadeiypara:
+ npofAeyn Bepuokpaciag
+ tafwopnon yahafuwy
*  QviYVEUOT] OEIOUIKWY YEYOVOTWY

@ Tumikég epyacieg:

» Regression (mahvbpopnon)

« Classification (tafwvépnon)

e Mn EmuBAentopevn Maénon
(Unsupervised Learning)

0 Epwtnon:
«YTIapyeL kpugn Sopn
ota Hedopéva; »

X2h - F6®®)
7 o gl
", 0 g 8t
s B . L
= Acdopéva: [0l8eg Il 0%,
= I
* povo eigobol x {‘,-."..‘i. . _'.-. '
« ywpig labels g b
t.-..-/‘ B
>
Xy

@ Napadeiypata:

+ Clustering SopudoplKwy EKOVWY
* Prouping CEIOPIKWY oNUATWY
o QVAaAUOT] KOWWVIKGDV SIKTOwY

Tumikég epyaoiec:
+ Clustering (opadomnoinon)

+ Dimensionality Reduction
(peiwon daoTatkoTnTag)

+ Anomaly Discovery (avixveuorn avwpaliwy)

9 Hu-EruBAentopevn Maénon
(Semi-Supervised Learning)

9 Epwtnon:
«MmopoUpe va pdBoupe
pe Aiya labels; »
X2 e
g Aedopéva:
» Miya labeled Seopéva 5.
« moAAd unlabeled Ssdopéva L e + '

@ MNapadeiypata:

* LOTPIKEG EIKOVES
« remote sensing
« geospatial mapping

N

@ MAgovékTnua:

Mewbvel To kGoToG annotation
kat aflomolei HEYAAO GYKO
pn emonpacpévwy Sedopévay.

Evioxutikn Mabnon
(Reinforcement Learning)

@

0 Epwtnon:
«MNowa evépyela peyloTomole
v avtapolpn; »

% Baowkr) 18éa:
Agent — Action — Reward

@ Napadeiypara:
« autonomous vehicles
+ robotics
+ adaptive observation systems

—_
¥

‘Evvolec-kAsidia:

+ policy (otpatnykn)
+ reward (avtapolfn)
+ environment (rmepiBaiiov)

Y, Kevipikn 18éa: To idio povtélo pmopei va aAAdéel “poAo” avdioya pe:
_\ < ) H gl S HEE: AeSopéva =P  Moviého =—P  Efobog
- 3 @ 1o Swbéowa Sedopéva @ tov opiopd g E6dou @ o learning objective / loss function A i
T i T i (i i |

(labels / xwpig labels) (tL mpoBAénoupe / avakaAUTITOUpE) (roo glval o Kpitrplo BeAtiwong)

Mabénon (Learning)




Turtot Mabnong otn Mnxavikn Maénon

ﬁm
Labeled data Model Development Model Predictions

& Training

Labels

O A T\
OAA O —-_.., 3

Test data

\A Triangle Rectangle O Circle

Rectangle

B

Semi-supervised Learning

~

Input data Model Prediction

Partial Labels
\A Triangle Rectangle

O A
OAA O - —— (O cirde
!

O Unlabeled data

)

Unlabeled data

O A

ﬂ!nsupervised Learning

Model

Results

~

AO—P— OO0

AN

ﬂainfcrcement Learning

e Environment €—

Input data

O AO —

"

Reward

Action

Prediction

A Triangle
— O Circle

Rectangle

\

/




2xedialovtag éva Zuotnua Mnxavikng Mabnong

(Designing a Machine Learning System)

— o Opiloupe to tPOPANpa (dedopéva)
~— » ZUAAEyoUpE Sedopéva amo ToV TMPAYHATIKOG KOOHO. Train Set MGBI']-GH Movtédo
(exnaibevon) (Learning) , (Model)
, . . O ahyopiBuog To povtédo €xel
Opiloupe T BéAoupe va pabou ;
G/é o piloupe K K HE : ) paBaiver amé ta TN yvwaon mov
+ AnAadi) ) ouvaptnon otoyo (target function) mou BéAoupe Aedopéva train Sedopéva £pabe
va TIpoPAETIEL TO HOVTEAO. (Npaypatikég Kdopoc)
. . o r 4 r lr._\ l
o) EruAéyouvpe to poviédo (avanapactaon)
@ ® + Mwg Ba avanmapacTiooupe TN cuvapInon A&loAoynon
mou BéAoupe va paboupe. Test Set (Evaluation)
(aBoAdymen) EXéyyoupe tnv anddoaon
o EruAéyoupe tov aAyopiBpuo pabnong ot véa (test) SeSopéva
» O aAyopiBuog pabaivel Tig tapapétpoug Tou povtéiou

and ta dedopéva eknaidsvong (train set).

» 1610 Katavopry + Aagpopetikry Katavopr X
O Kplowo: Ta dedopéva exmaidevong (train set) kat Sokuyuri (test set) Tipérmel va mpoépyovrat ané
v idla katavopr) (same distribution) pe ta dedopéva rov Ba ouvavtrioet to povtédo atny TiPEn! m /\ /\
Train Test Train Test

AV Ol KOTAVOUEG ELVOL DLAPOPETIKEG UTTAPXOLY TEXVIKEG AVCELG OTtwG TO transfer learning



TLEPWTNOELG HITOPEL VA ATIAVINOEL EVA HOVTEAO;

o

MpopAeyn (Regression)

9 Epwtnon: Mowa tpr y taptalet oto x; o ®
@ Awatdnwon: e
Y= (m ’ w)

@ Napadeiypara:
+ mipdRAeYn pwrewdTnTag doTtpou
« mpofAeyn Beppokpaciag
+ TiPAPAePn TG XPOVOTEIPAS

X: XpakmpLotikd (.x, Xpwpa, Aaunpotnta, xpovog)
y: guvexnc TN (m.x. pwiewvotnta, Bepuokpaaia)

o fuotadomoinon (Clustering)

0 Epdtnon: Moweg mapatnprioel avijkouy

: s &5
otnv idla opada; ik ....:'.' : 4 ._:
@ Avatimwon: K. - f 9o
y€{L,... K} L ,
i 1 ™ @ - ’
(ayvwoTa, ywplc eTikéTeg) & m ke «®
." c.. v lelee
; P B \eage Y
@ MNapadeiypata: et Sime= .
+ opadonoinon yahaiwv PHE MAPOHOIES IBLOTNTES Xy

+ opadomnoinon aotépwy ge aotpikols MANBuapoug
+ opadomoinon onuatwy ¥wpic yvwoTtég katnyopieg

X: XUPAKTNPLOTIKA (MY, XpWHA, GwIEwoTnTa, Hopdoioyia)
¥: opdda / ouotdda (1, ..., K) - Sev eival yVwoTEC £K TWV MPOTEPWV

|

& F
& ~

9 Ta&wopunon (Classification)

o Epwtnon: Z& mowa katnyopia avikeL 1o x;

]
: Xot 77 1
@ Awatimwon: o7 o
I ... ® ) |r £ g -
I * 1 i ®
LA BT ® ;
yE{l,..+,K} \“. ’I‘, _;-"’:...3 |
Lot X :
S L R R L
= 2 ~ '\ p
i ; o .
@ Napadeiypara: . .... o) \\‘ .
. . i - [ B 1
+ yahatiag / dotpo [/ kBagap N Geg™® \\
+ TOMOC orjpatod (T.y. mahwdc, ——e v

ouvexng, 86pupog)

X: Yapaktnpwotka (m.y, popdodoyia, paopa, ofjpa)
y: duakpu) kamyopia (1,..., K)

e Katdatagn (Ranking)

Epditnon: Mowa emhoyr] elvat - .
o oupfati pe To X; o Yroyridia mmyr A

@ Aatdnwon: g Yroprgia nnyr B

score(z,y;) > score(z, y,) \' ) Yroridia tmyn [

Mo oupPard

@ MNapadeiypara:

» katdraén vmoPruuv mnywv
(r.x. eEwmAaviiteg)
» emAoyn kahlTepou poviehou

I 0 Yoy myn K

Myédtepo oupPatd

x: Sebopéva [ gpwtnua
y: umtoripieg eAoyég (Aota)

X

0.92

0.71

0.08

9 Aviyveuon (Detection)

aviyvevan
YEYOVHTOS

9 Epwtnon: Yndpyet yeyovdc N avwpahia;

@ Avatinwon:
P(event | x)

onfua

@ Mapadeiypata:
+ aviyveuon Baputikol KOPATog
« aviyveuan ékiapne (flare)
+ aviyveuon avwpaliag og awBnmmpa

-

Xpovos

x: xpovikn oewpa / dedopéva awbnipa / mapartrpnon
y: mBavotnta yeyovotog (0 £wg 1)

O Aiyn Anédaong

o Epwtnon: Mola evépyela mpénel va Yive;
e Awatimwon;
[§

a* = argmax U(a, x)
(48

® @

A

s

-

&

-

@ MNapaédeiypara:

* EMAOYT] EMOUEVNS TIARATIPNONG
» pUBuLoN TAsokoTiou
* Tpotepalomoinon dedopivwv

x: Tpéyovca kataotaon [ Sedopéva
a: SaBiolpeg eveépyeleg, ¥: anotéhsopa / whsAeia

Kevipikn 8€a: To idlo diktuo pumopei va aAAdéel ‘poAo’ avaAoya e o wg opiloupe Tnv £€0do y
kat 1o loss function.




The Machine Learning Pipeline

Ta dedoueva (Data)

Data Collection
v ZuM\oyr dedopEvwy amo TIPAYHATIKEC TINYEC (Sensors, satellites, logs, databases, web scraping, KAT.)
v H tolotnta twv d£dopEVwyY etNPEAlel AUECA TO TEAIKO HOVTEAO

Types of Data in ML
Preprocessing / Cleaning |
v Ataxeipton missing values (NaN)

Numerical Categorical
v  Adaipeon outliers kat BopVBouU Eﬂ"ﬂ"'f'ﬂﬁ*ﬂl Eﬂ"ﬂ'ilhlfvel
v AldpBwon acuvemelwy Kat normalization { ! i ¥
v/ Metatporr dedopEVwY o€ KATAMNAN popdn) Discrete Continuous Nominal

Y fal

Feature Engineering Jrdl e
v/ ETtiAoyr] onpavtikwy XapaktnploTikwy (features)

v/ Anploupyia vEwv peTapAnTwy aro ta dedopgva

v’ Meiwon didotaonc kat redundancy

v BeAtiwon tng amodoonc Kat YEVIKEVLONG TOU HOVTEAOU

Data Splitting

Alaxwplopog dedopevwy yla aélomiotn aéloAoynon:

v’ Training Set xpnoormoleital yla tnv EKmaidsucon Tou HOVIEAOU
v Validation Set xpnolpotoleitat yia tuning UTtEPTIAPAPETPWYV KAl TNV ETIAOYH KAAUTEPOU HOVTEAOU
v’ Test Set yla teAikn a&loAdynon os unseen dsdopEva Kal EKTiNoN TIPAYHATIKAC Yevikeuong



Tutorials / Educational Resources
*Google ML Crash Course

yla train/test split, feature engineering, overfitting.

*Scikit-Learn Tutorials

low¢ to KaAutepo practical ML resource.
*Machine Learning Mastery

E€aipetiko yia preprocessing kal pipelines.
*Towards Data Science

MoAU xpnotluo yla visual explanations.
*Kaggle Learn

Mini courses pe notebooks.

*DataCamp ML Tutorials

[MoAU kaBapad explainers.

Datasets / Practice

*Kaggle Datasets

*UCI Machine Learning Repository
KAaowka ML datasets.

*Google Dataset Search

*OpenML

[MoAU xprowpo yia benchmarking.
*EarthData NASA

[a EO / remote sensing examples.

Lecture Slides / Mavemotnuiaka Maénuata

*Stanford CS229 (Andrew Ng)

KAaolko reference.

*CMU Machine Learning Course

*Berkeley CS189

[MoAU kaAd slides yia generalization kat evaluation.

*MIT Introduction to Deep Learning

*Fast.ai Course

[MoAU povtepva ML/DL tpooeyylon.

*Feature Engineering Lecture Slides

[MToAU KaAO e181KA yLa preprocessing kal feature engineering.
*Scikit-Learn Intro Slides

[Meplexel ToAU kaBapa diagrams yua train/test transforms.

Papers / Advanced Reading

*A Critical Look at the Current Train/Test Split in Machine
Learning

[MoAU wpaio paper yla limitations tou KAaoikoU split.
*Comparative Analysis of Data Preprocessing Methods
[MoAU OXETIKO PE TIpaypatika datasets kal preprocessing
effects.



https://developers.google.com/machine-learning/crash-course
https://developers.google.com/machine-learning/crash-course
https://scikit-learn.org/1.4/tutorial/statistical_inference/index.html
https://scikit-learn.org/1.4/tutorial/statistical_inference/index.html
https://scikit-learn.org/1.4/tutorial/statistical_inference/index.html
https://scikit-learn.org/1.4/tutorial/statistical_inference/index.html
https://machinelearningmastery.com/start-here/
https://machinelearningmastery.com/start-here/
https://towardsdatascience.com/
https://towardsdatascience.com/
https://www.kaggle.com/learn
https://www.kaggle.com/learn
https://www.datacamp.com/tutorial/category/machine-learning
https://www.datacamp.com/tutorial/category/machine-learning
https://www.datacamp.com/tutorial/category/machine-learning
https://cs229.stanford.edu/main_notes.pdf
https://cs229.stanford.edu/main_notes.pdf
https://www.cs.cmu.edu/~tom/10701_sp11/
https://www.cs.cmu.edu/~tom/10701_sp11/
https://introtodeeplearning.com/
https://introtodeeplearning.com/
https://course.fast.ai/
https://course.fast.ai/
https://hpi.de/fileadmin/user_upload/fachgebiete/boettinger/documents/Kurse_WS_1920/Data_Management_for_Digital_Health/200116_Data_Preprocessing.pdf
https://hpi.de/fileadmin/user_upload/fachgebiete/boettinger/documents/Kurse_WS_1920/Data_Management_for_Digital_Health/200116_Data_Preprocessing.pdf
https://d3s.mff.cuni.cz/files/teaching/nprg067/2020/02_sklearn.pdf
https://d3s.mff.cuni.cz/files/teaching/nprg067/2020/02_sklearn.pdf
https://d3s.mff.cuni.cz/files/teaching/nprg067/2020/02_sklearn.pdf
https://d3s.mff.cuni.cz/files/teaching/nprg067/2020/02_sklearn.pdf
https://arxiv.org/abs/2106.04525
https://arxiv.org/abs/2106.04525
https://arxiv.org/abs/2106.04525
https://arxiv.org/abs/2402.14980
https://arxiv.org/abs/2402.14980
https://www.kaggle.com/datasets
https://www.kaggle.com/datasets
https://datasetsearch.research.google.com/
https://datasetsearch.research.google.com/
https://www.openml.org/
https://www.openml.org/
https://earthdata.nasa.gov/
https://earthdata.nasa.gov/
https://earthdata.nasa.gov/

Shallow Learning

Deep Learning

Input ; Output

XapaktnploTika
AUTOUATN EKUABNON XOPAKTNPLOTIKWY aro ta SsSopgva

I XapakTnpLoTika
'I XelpokivnTn UNXavikn XapakInpLoTIKWY

MovtéAa
A ATAA ovTEAa pe Alya ettineda

T.X. Mpappikn NaAwvdpopunon, SVM, Decision Trees m.%x. CNN, RNN, Transformers

MovtéAa
ﬁg MoAuTAOKA povTEAA e TIOAANA emtiTieda
=

e Asdopéva Aedopéva
= Amautei pikpoTEPO OYKO HedopEVWV Anaitel peyaho oyko dedopévwv
€N Epunveuvowpotnta EpunveuvoipotnTa
S Mo evKoAa epunveLoLIQ Avokohn gpunveia (black box)
@ KatdaAAnAo ywa @ KatdaAAnAo yia
Mikpd/pecaia dedopéva, Sopnuéva dedopéva, Meyaha dedopéva, pn Sopnuéva dedopéva
4tav n epUNVEVCIUOTATA Elval Kpioun (elkbveg, fxog, Keipevo)

N

Aev uidpxel pia Aveon ywa 6Aa.
H eruhoyn e€aptdatal and ta dedopeva, To MPOBANUA Kal TIC anatrioelg epappoyngc.

‘J Tupnépaocpa



NMwcg EmAgyoupe 1o KatdAAnAo Movtélo;

scikit-learn
algorithm cheat-sheet

classification

NOT
WORKING

get
more
data

NOT
WORKING

NO

regression

YES NO

Text
Data

NOT

YES

<100K

NO
>50
YES samples
samples
predicting a
ves | category
YES

do you have
labeled
NO data

NO,

<100K vES
samples
YES
predicting a ¥
quantity

just
looking %%
predicting
structure

NOT
WORKING

few features
should be
important

number of
categories
known

YES

YES

samples

NO

clustering

NO

NOT
WORKING

oT
WORKING

YES
<10K : : :
e dimensionality

reduction




A Brief History of Al with Deep Learning

First First ; Second Second Third
Golden Age Dark Age Golden Age Dark Age Golden Age
Pl === smmmmmsscmmmmsssmss s e ————— B e e L L L L P e e E B P
Birth AlexNet DeepSeek-R1
of Al Backpropagation SVMs 2012 2025
19cg  ADALINE OR 1986 1995 ! Transformer o1 1
i 4 :::_'._ J I';..
Artificial  Turing 1 1959 Problem  Neocognitron 4 oy 2017 HNEEE 2024
Neuron Test |Perceptron 1969 1380 UAT cnn Initialization 5PT3 4 GPT-4V
1943 1950 1957 1989 1998 2006 2020 2023

1940 1950 1970 1980 2000 2010 2020

McCulloch-Pitts  Rosenblatt ~ Widrow-Hoff Rumelhart, Hintonetal.  LeCun  Hinton-Ruslan Krizhevsky et al. Vaswani

X1 Inputs  Weights Mot inpit Activabion OR XOR e
T tle : e —— e [0
Xz T . funenian funeran 1" .’ 1’ . AT \___.__:._. _a oy famann ;--:ﬁu”;‘*.'-" - ) \\Tl\, W v N e 1 ™
b e Rt L T i s e H. % i 3 " =1 Y |
X3 - g R S‘ e 'E. =& — rr A [N ..._T \ x \\_l _i-\:]i. vival
Xn l,‘_|_’. F " B . '!" ) r— rr_ f‘r . flh Ry | "I:I;-:'
e Y A -\:\I S \ e SN POSATTYA
(o= t . o @ § FUERSREOR) LS N[0 - ] = w & gs
—. : e i . A proarml [FURNER Y LY ! 8 ;
- I--' - - > 1 T ...“. ,§¢, .:.‘:. .g‘-} - P [ 1 \\-_.'g:-\ - !:.,\_‘:- = \ = !\___:1 L




2YNEAIKTIKA NEYPQNIKA AIKTYA (CNNSs)

Ta CNNs eival eldikd oxedlacpéva yia dedopéva oe HopPr) TIAEYUATOC, OTIWG Ol EIKOVEG.

Eicodocg TuveEAEN RelLU Pooling NMARpw¢ Zuvdedepivo Softmax
(Ewkova) (E€aywyn Xapakinplotikwy) (Mn NpappikotnTa) (Meiwon Awaotdocewv) (Ta&wvépunon) (E€obog)

Mata 0.05

iJ:

ZKUAoGg 0.90

Autokivnto 0.03

MouAl 0.02

r--"{ Torukr eEaywyr Kowd Bdpn AvaAloiwto oe E€alpetiki anédoon
I 1

L_—J XOpaKTINPLOTIKWY (A\tyotepeg mapduestpot) METATOTIOELG

o€ £1KOveC & Bivieo




H MPA=H THX XYNEAIZHX (CONVOLUTION)

o O nupnvag (kernel) «yAlotpd» navw otnv eikova. Kabe popd, urtoAoyidetal To otabuiopevo dBpolopa Twv OTOLXEIWY Kal
TapAyeTal pia véa T oto Xaptn xapaktnplotikwy (feature map).

Ewova e1o0680u Mupnvag (Kernel) Xaptng XapakTnpLoTIKWV YmoAoyiopog mpwtng B€ong
(6 x 6) (2x2) (5x5) R — . : : ISR AN
B : _ 100 1 0 1 0
r Bl ! ! |
- o G R 2 1 0 | . | @ . - | = | { .E
L e o) j! i -1/0|3|0 Lo 1] 0| -1] |
PO | TR B T o e i e
ek ER Y 1] o of2]1]1]0] Adpocya: 14040+ (=0
| 1 | = |2|o]o]o]f1
O | 1 2 1 1 0 =1 _ _ _. _ € ; :
- T | e | | TOLXELO-TIPOG-OTOXELD TIOAAATIAQCLOGHGS
1[0 - N L Il = -1 - 1 Il _1 | TuviMEn = ZtaBuiopévo GBpolopa
o-f p@l | ald| 1 -1 ' 0|0

e Baoika onpeia

- ; O mupnrvag HETaKLVELTAL . ; ; ;

I = | s—— : A * MoAAamAactacudg oToIXElO-TIPOG-OTOoLXEIO KaL GBpolon.
R : He Bripa (stride) = 1

I

b Névw oTnV £lkévVa + AvixveUgl TOTIKA poTiBa (T, OKUEG, YWVIES, UPEC).

» AlagopeTIKOL TIUPNVESG — SIAPOPETIKA XAPUKTINPLOTIKA.

» To péyeBoC TOU XAPTN XAPAKTNPLOTIKWY EQpTATAL ATO:
TO HEYEBOG TNG ElKOVAC, ToV Mupnva, To stride kat to padding.

‘Of Inuavtiko: To padding (mpooBrikn undevikwv yipw and trv ekova) ehéyxel To péyeboc tou xaptn efddou
=, kat fonBa otn Swatripnon twy mAnpodoplwy oTa Juvopda.



CNNs 2THN TNPA=H

'ﬂ Mapadewypa oe Python (TensorFlow / Keras) Mou xpnotpomnowouvtal ta CNNs;

import tensorflow as tf
from tensorflow.keras import layers, models

Ta&wvounon Ewkovwy
(r.x. yata ] okUAOK)

'y

model = models.Sequential([

layers.Conv2D(32, (3,3), activation='relu',
input_shape=(128,128,3)), Ld, (TL.X. EVTOTILOHOG avBpwTIWY)

layers.MaxPooling2D((2,2)),

layers.Conv2D(64, (3,3), activation='relu'),

layers.MaxPooling2D((2,2)),

layers.Flatten(),

layers.Dense(128, activation='relu'),

layers.Dense(10, activation='softmax')

4
J

=i Avixveuon AVTIKELHEVWV

Tunuatomoinon Ewkovag
(T.X. LaTPIKEG ELKOVEG)

Autovoun Oénynon

1) (avtiAnwn meptBaiiovtoc)

# Compile kat skmaideuon

model.compile(optimizer="'adam',
loss="'categorical_crossentropy',
metrics=[ 'accuracy'])

latpikn Anewkovion
(T.x. avixveuon Ooykwv)

+ D B

... KOl TTIOAAG AAAa!

@/' Ta CNNs paBaivouv mAouola xapakinplotikd anevbeiag and ta dedopéva,
ME EAAXLOTN XELPOKLVNTN OoXedLao.



>21 AEloAdynon MovtéAwv (Model Evaluation)

ot véa, aBéata dedopéva. Z1oxog eival va dlaopaAicoupe OTL To povTéAo Sev amopvnuovevel Ta Sedopéva ekmaidevang,

O/ H afloAéynon poviéhwy gival n diadikacia pe tnv omoid eAEYYXOUUE TIO0O KaAd amodidel éva poviédo pnyavikng pébnonc
OAAG YEVIKEUEL CWOTA OF VEEC TIEPUTTWOELG.

3&‘ 1. EmkUpwon pe Aractaupovpevr AEloAoynon (Cross-Validation)

Mé£Bobot ou ypnotpomolovpe yia vo afloAoyrooupe Tnv andédoor) Tou HOVTEAOU KOl VO PEWWOOUUE TOV KIVBUVO UTIEPTIPOCAPUOYIS.

o Holdout Method (Awaipeon o Train/Test) o K-Fold Cross-Validation (K-mrruyta Emkiopwon)
* Ta dedopéva ywpidovral o cUvoho eknaibeuorg MopeGayIa 1K= 5 * Ta debopéva xwpidovtar oe k pépn (folds).
e kot guvoro Sokuprig (ouvriBuwg 7:3 1 8:2). + KaBe fold xpnowonoteitat pia popd wc test set
5 * To povrého ekmaibedetal oto train set Fold 1 - Kol 1o unoAomna k-1 wg train set.
kan aflohoysital oo test set. e O pécog dpog wv embdoewy Sivel o afidmoTn
| Foud:2 - EKTIpNOT.
- from sklearn.model_selection import train_test_split Fold 3 - : 2
- from sklearn.datasets import load_iris from sklearn.model_selection impert KFold, cross_val_score
= Fold 4 - from sklearn.tree import DecisionTreeClassifier
80% e iri iri
iris = load_iris() " - -
% Wiie 451 aata, cirisutaraen Fold 5 - model = DecisionTreeClassifier()
* . 3 ;
g dokipn kfold = KFold(n_splits=5, shuffle=True, random_state=42)
Emcttﬁsum (Test Set) X_train, X_test, y_train, y_test = train_test_split( . Test Set (1 fold) K N
(Train Set) X, vy, test_size=0.20, random_state=42) Train Set (K-1 folds) scores = cross_val_score(model, X, y, cv=kfold)
)
print({"Cross-validation scores:", scores)
print("Training set size:", len(X_train)) print(“Average CV Score:", scores.mean())
e print("Testing set size:", len(X_test)) T
@ Méte To xpnoyuonowUpE; '@' Méte To XproiHoTOIOUME; 2
Efob Efobog:
Orav éxoupe apretd bedopéva kal Béhoupe 000¢: Otav 1a debopéva eivan Aiya f BéAoupe o e "
T e o St o 5 Trelitig Set sife: 129 otoBepr exctiunon T c Tou - Cross-validation scores: [1. il @.93333333 9.93333333 ©.93333333)

. : Average CV Score: @, 96020030900200892
Testing set size: 3@

TuvABelg MeTpikég / Axpifeva-(Accuracy) Ar.cpnﬂsm (Precision) A’:-"C(Khl]('.lq (Recall) ' ' - F1-Sc ore g
Af10AGYNo Y Floouait BrarsmnpoElEE. a I Méoa and ta BeTikd niou poBhédape Mooa ané ta npaypankd Betkéd & | & Suvdudde Precision kot Recall
ynong : eival mpaypaTikd BeTika. KatapEpape va Bpoupe. Ot Uia 1.0oppOTNUEVT HETPIKI.



Metpikeg A&loAoynong yia MpoBAnpata Ta&ivopnong

o YrioAoylopég Metpikwv

oA

o~ O petpikeg agloAoynong pag Bonbolv va TIOCOTIKOTIOWCOUME TNV anodoon evog povteAou Taglvopnong
oe dedopéva mou dev £xel Eavadel (test set).

Por Doprwon & Awaywplopog o Exknaisuon MovtéAou e MpoPAeyerg

A&loAoynong

Doprwvoups To dataset Exrnaibetoupe 10 poviého

_)

kat to Staywpifoupe oe
train (80%) kau test (20%).

(r.x. Decision Tree Classifier)
oto training set.

AxpiBeia (Accuracy) AxpiBeia @sukwy (Precision)
Mocootd cwotwv NpoBAEYewy

oTO TUVOAO.

And ta éeiypata mou npoBAEdpBnkav
Betikd, mooa fjtav oviwe Betikd.

TP + TN
TP+ TN + FP + FN

TP
TP + FP

Accuracy = Precision =

TP: True Positives (Zwotd Qetikd)

TN: True Negatives (Zwotd ApvnTikd) EoudZe oty opdémta
FP: False Positives (Weubwg Getixd) @ 6 " ofA&pe
FN: False Negatives (Weudwc Apvntika) e G

Mivakag Zuyyxuong (Confusion Matrix)

Nivakag mou deiyvel Tig owotég kal AavBaopévee mpofAépelg ava kAaon.

Predicted
Positive Negative

o

.E * O Saywwvieg TWHESG Eival ol owoTEG MpofAEYELS.
_ % TP FN , , : ,
© g * O ektog Siaywviou TpEG eivar oL AaBog
g o nipoPAgYeig.
< =

& FP | TN

=z

TPR (Recall)

To povtého mpofAénel YToAOYILOUME HETPLKES OTIWG

= TG KAQOELS yla TO - H accuracy, precision, recall,
test set. EII:I F1 score, confusion matrix,
AUC-ROC.
Avakinon (Recall) F1 Score

Ané ta mpaypatikd Betika delypara,
néga avayvwplotnkav cwatd.

©

Apuovikog YEooC OpOocg TNg precision
kat tng recall.

TP
TP + FN

Precision x Recall

Recall = — P

Fi =
Precision + Recall

Eotadel otnv kahun
SAwv Twv BETIKWV.

E€woopponel precision
kail recall og pia Tipn.

©

KauroAn ROC & AUC

H kapnuin ROC Seiyvel tnv ikavotnta S1akplone tou poviéhou petafl kAagewy,

T -
e * TPR = 09 (True Positive Rate)
TP + FN
2 FP i
. « FPR = ————— (False Positive Rate)
FP + TN

* AUC: Epfado katw and tnv kaunoin ROC.
1-0 * Tég: 0.5 = tuyaio povrédo, 1 = TéAelo poviédo.
FPR (1 - Specificity) * Qoo peyaditepo 1o AUC, té00 kaAlTepo TO povTEAD.

Tuunmépacpa: Kapia petpikn and pévn tne Sev apkei. H owoty emhoyn petpiknic eEaptatal and 1o mpdPAnua kat 1o kéotog Twv Aabwv (FP vs FN).



yla va PHETPNOOUME TNV akpifeta twv ipoBAEPewv.

o Mean Absolute Error (MAE)

Méoo amdiuto opdipa petafl Tpaypatikwy Kat TipoBAETIOUEVWY TIIWV.
1 &
MAE= = ) |yi—3il
i=1
¥i : Npaypatkn Tpn
Vi : MpoPAenépevn Tpn

n : AplBuéc Seypdrwv

Mikpdtepn T — KaAUTepeg MPOPALYPELS.

@

Root Mean Squared Error (RMSE)
Tetpaywwvikn pida tou MSE.

1 ¢ 2
RMSE'=. f=8') o= )
i=1

* Enavagépel to opdhpa otnv apykr khipaka g petafintg otodyou.
* [ e0koAn gpunveia andé to MSE.
* Muwkpdtepn TIHr — KAAUTEPEG TIPOPAEYPELS.

_‘ '_ Zupnépacpu: Ogo pikpotepn elval n Tipn Twv HETPLIKWY TRAAIATOG
i *  (MAE, MSE, RMSE, MAPE), téo0 kahitepn eival n antédoan tou povtédou nahwdpdunong.

Metpikég AEloAdynong ya MpoPAnpata MaAwvépopnong (Regression)

Ta poviéAa maAwvdpounong TpoPAEovy ouvexeilg TIHES (TLX. Beppokpacia). XpnoIHOTIOIOUUE METPLKEG CPAANATOG

e Mean Squared Error (MSE)

Méoo tetpaywviké opdipa petall mpaypatikwy Kal TpoPAETIOPEVGWY TIHWV.
1 n
~ 32
MSE = — Y (yi = 91)
n ¢
i=1
+ Tetpaywvilel ta opdhpata — Sivel peyalitepn Paplinta oe peyala opaiparta.

* Xpnowomnoleital guxvd we ouvapTnon anwlelac.

o Mean Absolute Percentage Error (MAPE)
Exkgppalel 1o opdhpa wg mooootod ¢ MPAyMAtikng THAS.

mape = 120 He
n Yi

n
i=1

* [éoo «ektogr eival ol ipofAéYelg os MooooTlaioug dpoug.
* Xpnowo ot emxepnuatikda npofAnuata (m.y. mpoBieyn nwAnoewv).

* EuaioBnto 6tav oL mpaypatikés TipéG lval TIOAS Kovtd oto undév.

ZUVOTITIKA:
MSE — Tipwpel peydha cpdiuata
MAPE — oe mooooto (%)

MAE — e0koAn gpunveia |

RMSE — gtnv idwa povada pétpnong |



‘Eva armAo nopadelypa cUVEALKTIKWY SikTtuwv (1/3)

HHHH R R R AR R
HiHE KERAS IMPLEMENTATION i

t o # A. CUSTOM NETWORK 1/2

import numpy as np

from keras.datasets import cifarle

from keras.models import Sequential

from keras.layers import Conv2D, MaxPooling2D, Flatten, Dense, Dropout
from keras.optimizers import Adam

from keras.utils import to_categorical

# Load CIFAR-10 dataset
(x_train, y_train), (x_test, y test) = cifarl@.load_data()

# Normalize pixel values to the range [0, 1]

x_train = x_train.astype('float32') / 255

x_test = x _test.astype('float32') / 255

print('x _train',x_train.shape)

# Convert class vectors to binary class matrices

# The y_train and y_test variables initially contain integer values that represent class labels (e.g., ©, 1, 2, ..., 9 if there are 10 classes).
# The function to_categorical(y_train, num_classes) converts each label into a binary matrix (one-hot vector) of length num_classes.
print(y_train.shape)

print(y_test.shape)

num_classes = 18

y_train = to_categorical(y_train, num_classes)

y_test = to_categorical(y_test, num_classes)

print('one_hot_encodded', y_train.shape)
print('one_hot_encodded', y_test.shape)

TNV 7 W

—




‘Eva armAo nopadelypa cUVEALKTIKWY SIKTUwV (2/3)

o # Build custom CNN model

#iH###H MAXPOOLING

Before Pooling (4x4 feature map):
[[1, 3, 2, 1],

[4, 6, 5, 2],
[3, 7, 9, 8],
[2, 4, 6, 5]]

After MaxPooling2D(pool_size=(2,2)):

[[6, 51,

[7, 911

It takes the maximum value from each 2x2 block.

H oH H oH H OH K H H

#iHHHHHE DROPOUT
#The model randomly "drops" some neurons (i.e., sets their output to @) at each forward pass.
#Dropout is mainly used to prevent overfitting and improve generalization in deep learning models.

#iHHHHEE SOF TMAX
# softmax activation function Logits are the raw output values of the last layer in a neural network before applying softmax.
#To convert these logits into probabilities, we use the softmax function.

model = Sequential([
Conv2D(32, (3, 3), activation='relu', input_shape=(32, 32, 3)),
MaxPooling2D((2, 2)),
Conv2D(64, (3, 3), activation='relu'),
MaxPooling2D((2, 2)),
Conv2D(128, (3, 3), activation='relu'),
MaxPooling2D( (2, 2)),
Flatten(),
Dense(256, activation='relu'),
Dropout(©.5),
Dense(num_classes, activation='softmax’




‘Eva amAo nopadelypa cUVEALKTIKWY SIKTUwV (3/3)

# Compile the model

model . compile(optimizer=Adam(), loss='categorical crossentropy', metrics=["'accuracy'])

# Train the model
history = model.fit(x_train, y train, batch_size=128, epochs=1, validation_split=0.2)

# Evaluate the model
test loss, test acc = model.evaluate(x test, y test)
print('\nTest accuracy:', test_acc)




O PyTorch

=
Pandas r 'ﬁ NumPy

Bf olotly matpt:tiib

1" TensorFlow

) 4 Keras @ python

. | i MNatural Language Analyses

with NLTK

+ 4 H @] @@ is a free, cloud-based platform that lets you write and
S 4 ~ execute Python code directly in your web browser.

python



Traditional Machine Learning vs Geometric Machine Learning

Euclidean data

Non-Euclidean data

Time series

Points

Grided image

Meshes

Point clouds

) Structure =
Adjacency matrix
A e RNxN
— " ° 7 | Anadjacency matrixis a
’ S I square grid (or 2D array)
' ° ' ' used to represent a graph
0 0 1 1 mathematically

Hidden layer

Hidden layer

RelLU

Graph Neural Networks & Geometric Deep Learning



Correlation vs Causation and the role of interconnected systems

[ Correlation ] [ Causation ] [ Interconnected systems ]
A " — X(t) 7 Solar / 1
L
. W @ —_ Y(t) (Confounder) Space Weather
> o‘/ ° =
k) . .;/ >
== L ] I.”.“ . E G et.
.E o o 5 b g el BB » | Atmosphere
g /% o k| X - Response
L
,*f' . 8 (Cause) I I
T >
Variable X Fime 5 rf- ;
. urrace
i | [ P(Y1doC) #P(Y %) | Lithosphers/ |- o sutsoo/
® Association between variables Geochemistry ol &
® Does not reveal direction or mechanism ® Focuses on cause-effect relationships
" ACCOL{”tS for cqnfounders, interventions, Observed links may emerge through indirect
[ A Correlation # causation J and directionality pathways across coupled subsystems.
( = )
Causal learning ideas
O/C\ 1. Structural o0 2 Borifeuniir 3. Temporal causal 4. Interventions & L 5. Domain
% ? Causal Models ol discovery (e.g. lagged | counterfactual knowledge /
O« o (SCMs) & DAGs dependencies, | reasoning U, physics-informed
00 PCMCUGranger) ' constraints
N J

In complex Earth and environmental systems, causal learning helps move from
observed associations to interpretable mechanisms.




Traditional Machine Learning vs Simulation-Based Inference (SBI)

Prediction from labeled data vs Bayesian inference from simulations

1. Traditional Machine Learning 2. Simulation-Based Inference (SBI)

ini ] Neural network / | f ) . N (s i
Trar?;tng c)iata ?::;?ierlu} &I’) / Pradiction | Prior p(8) | Simulator | Simulated data | Inference network Posterior
4 w ¥ 0, ‘ x~ p(x|0) estimate

|
A A i

o | P 31 L | Y@

%% ﬁ;@ﬁﬂ%ﬂ-«\»
( e Common examples i T )

Train on simulated pairs (8;, x;)

q4(0 | x) ~ p(6 | x)
¢* = arg n‘;in I—Z log qq,(G,- | I,-]:|

Learn: y = f,(x)

Train by minimizing a loss:

Goal: infer the posterior

p(xohs | 9} p(ﬂ)
P(xobs)

; 1 )
Regression: MSE = Z (i — 9:)°

Classification: p(0 | xops) =

w* = arg min Z L(y;, ¥;)
v i Cross-entropy = — Z log p(y; | xi;, w)

L

Input: labeled real data e Input: simulations + prior knowledge

- f - ~ o @Goal: predict outputs y from inputs x e Goal: infer unknown parameters 6
w > e Output: a point prediction or class probability e Output: posterior distribution with uncertainty
e o0 « Typical question: “Given x, what is y?” = T TR . Ty[.)ical question: “Given observed data x?bs,
. ) P - which parameters 6 could have generated it?”

= . = —

L

Main difference

Traditional ML learns x — y
for prediction.

Traditional ML uses labeled data; SBI uses
simulations when the likelihood is difficult

or unavailable.

SBI learns x — p(@ | x)
for parameter inference.

‘ 3

SBI is not just prediction — it is Bayesian inference powered by simulations and neural networks.

= = S




Simulation-Based Inference (SBI)

Bayesian inference with simulations and neural networks

b

™ ™\
o The Goal P e Classical Bayesian idea
2
A
We observe data x,,,, and : Simulat
. — viator | —p q-====- X
want to infer the unknown (or model) obs
parameters @ that generated it. : - parameters simulated data observed data
-'_ _______________________ » 91 ‘\-_; _4-‘_/
posterior: p(6 | Xps) Bayesian inference
L J " infer p(0 | Xops)
X
€© How SBI works
Train an inference ; .
o Sample parameters 9 Run the simulator network o Givetiieirealiohsravion Xy,
from a prior learns
6 ~ p(0) x ~ p(x]6) posterior / likelihood / ratio Approximate posterior
R d¢ (9 | xohs)
l ::1-;‘ :.C":' ’ 4 ra >
B i -
- Wl —
prior over parameters simulated datasets ingasmed par_ameter
uncertainty
J

@ Why SBl s useful

Works when

'w the likelihood is
hard or impossible

to write down

Common methods

After training,

inference is fast o ’ .
(amortized ¢ SNLE = Neural Likelihood Estimation
inference)

¢ SNPE = Neural Posterior Estimation

Uses realistic II Handles limited
simulations ﬁ‘ and noisy data

« SNRE = Neural Ratio Estimation

A

|6€eg amo papers


https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy
https://github.com/smsharma/awesome-neural-sbi#cosmology-astrophysics-and-astronomy

® We know the governing physics
(e.g. ODEs/PDEs, conservation laws,
boundary/initial conditions).

® The neural network approximates
the solution: i(x,t; @).

® Training is guided by both observed
data and the physical equations.

The network outputs the solution approximation i (x, t; 8).

Physics-Informed Neural Networks (PINNs)

Learning from data while enforcing known physical equations

1) Key ldea 2) From the physical equation to the residual

Y

A

How derivatives are obtained and used

o Known physical equation

[ Nu(x,t)] = 0 J

N: differential operator (e.g., PDE/ODE)

Automatic
Differentiation

Network output
i(x,t; 8)

______________

Rphys(xr t) = N[ﬁ(x, t; 9)] | (Residual)

o .JI

If the network respects the known physics, [
the residual should be close to zero.

- Automatic differentiation computes spatial/temporal derivatives
of il and inserts them into the operator ' to form the residual.

o Network approximation an i N[-]
A ! at : (Differential
[ u(x,t; 0) ‘ L E= i | Operator) |
Neural network with parameters : : : ; i ’
o Physics residual i gl i . o
: y L 9x2 [ Rph},s(x,t) '

3) Training loss

‘, L — )'-dataﬁdata T f]‘;;m.-.wf',um--.w & AbcLbc ]

Data lass Physics loss BC/IC loss

they also learn by satisfying the

1 . b 1 2
gt Y — qy0bs = . o : . sy g
e N E ‘u(x‘ () —uP| Lonys N, E ‘R:ﬂm (x;, LJ]l Ly, : boundary/initial condition loss known physncal laws.
L s

Fit to observed data Enforce the physical equation Enforce boundary/initial conditions

Unlike traditional neural networks,
PINNs do not learn only from data —

@ Why PINNs?

Uses prior physical knowledge
to guide learning.

Produces physically
consistent solutions.

Helps when data are limited
or expensive to obtain.

v

=
=
=




Physics-Informed Neural Networks (PINNs)

8" (t) + 266 (t) + wi0(t) = 0 } Pendulum equation

H(tﬂ) = "9{] .. -
H’(Eﬂ) _ Fﬂ} Initial conditions

Ppred,

Additional measurement data (optional)

N
1
Lpatal@) == ¥ |Borea(tii @) = Breas ()|
N

= Automatic fml

: Differemtiation

_I_
Boundary/Initial Conditions (optional)

z

1 £ 1|4
Leonas(o) = 3 Iﬁpn‘d (ty: o) = ﬂ'.;.l + 3 Eepfﬂd'(tn: a) = g

+

O pred— Differential Equation
o 1 wh |02 3 i
s Lpnystes () =+ ‘—zﬂpm(mﬂ} + 28— Oprealte; ) + @§Bprea (tii o)
NN(t; o) *’; o 2

Algorithm =3
@ < | L{ﬂ-) = LPJ!J-'S!'EE(Hj + L{j‘ﬂuﬁg(ﬂ-] + Lﬂﬂtﬂ(ﬂ}

9~/

PINN = neural network trained to fit data and satisfy a known equation




NEURAL OPERATORS

From classical neural networks to neural operators

. s o i et iy R b
Classical Neural Networks . Wx+b |
Learn a function y = f(x) R s o Output:
i—a feature vector x : : _ label / value y
g e N X1 ( i : »
o g : ® *2 —>»| Linear layer ‘—b Non-linearity —>»> ® @ ¢ —» Y2
® o o © x-n \ y.m
¢ 9 © 0]
e o © Input and output are finite-dimensional vectors.

z | Output:
Neural Operators : f k(x,y)a(y)dy + W(a)(x) + b(x) : solution function u
Learn an operator u = G(a) T T

Input: | l high
function a ' "'|
Integral / B
st Sty o —> 000 —>
L/\/\_/ a(x) o lager | Non-linearity ‘ i
' g low

a
>

© Input and output are functions / fields.

g =
Main idea: a standard neural network learns
@ pointwise mappings x — y, while a neural

operator learns mappings between functions

o Neural operators output functions, not just numbers or labels.

o They learn mappings between function spaces (e.g. initial condition -> solution field).

o They are useful for PDEs, surrogate modeling, and scientific machine learning. a(:) = u(-).




Thank you
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