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Mivakag Mepiexopévav

MAaicio EniAendpevng Mdaenong




Eicaywyn BipAio8nk@v (Importing Libraries)

KUpieg Eicaywyeég

1 import numpy as np

2 import pandas as pd

3 import matplotlib.pyplot as plt

4 import seaborn as sns

5 from sklearn.datasets import fetch_openml

6 from sklearn.model_selection import train_test_split
7 from sklearn.preprocessing import StandardScaler

8 from sklearn.metrics import accuracy_score, classification_report, confusion_matrix
9 import time

10 import warnings

11 warnings.filterwarnings ('ignore')

12

13 # Opiopdg napapétpou YeudooToxactikdTntag

14 np.random. seed (42)

15 plt.style.use('seaborn-v0_8-whitegrid')

16 plt.rcParams|['figure.figsize'] = [10, 6]

17
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EmpAendépevn Maénon (Supervised Learning)

Opioudg

Aiveral ouvoro ekrnaideuonc D = {(X1, 1), - -, (Xn, ¥n)} Srou x; € R eivai 1o
S1dvuoua xapakmpIoTIKV (feature vector) kai y; € YV n enkéra (label). S1éxoG:
ekudénon ouvdprnong f: R9 — ).

Opioudg

To x@po¢ unoBéoewv (hypothesis
OpPIoCHOC space) ‘H eival To 0UvoAo SAwV Twv
Suvarwyv cuvapToewV rou UNopeEi va

Ta&ivéunon (Classification): eripAenduevn - -
€KIIABEI 0 aAyOpIBLIOG:

udénon driou Y = {cy, Ca, ..., Ck} €ival
rnenepacuévo diakpité ouvoAo. KdBe ¢y * [oauuikoi Tagivounteg:
ovoudleral kKAdon (class). f(x) = sign(w'x + b)

° Aévrpa anépaong: TUNUATkA
oraBepéc cuvapTioeis

4/85



Mivakag Mepiexopévav

YUvoho Aedopévwv MNIST & Mpoenetepyaoia



IUvolo Aedopévwv MNIST (MNIST Dataset)

Mepiypaery (Description)

To MNIST anoteAeital and yKkp1 €IKOveG 28 x 28 pixels xeipdypapwv Yneiwv (0-9).
KdBe eikdva avanapictaral wg:

* Mnrpwo X € R28x28, X; € [0, 255] (évraon pixel)
* 1 1003UVAUa WG ekTeTapévo didvuoua x € R784

®oépT1won (Loading)

mnist = fetch_openml ('mnist_784', version=1, as_frame=False)

1

2 X_full = mnist.data # shape: (70000, 784)

3 y_full = mnist.target.astype (int)

4 print (f"Dataset loaded: {X_full.shape[0]} samples, {X_full.shape[l]} features")

5
Ynueiwon
TUvolo dedopuévwv: 70.000 deiypara, 784 xapaktnpioTikd (pixels), 10 KAdoeig
Uneia 0-9).
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Onmkonoinon (Visualization)

MNIST Sample Images
Label: 5 Label: 0 Label: 4 Label: 1 Label: 9

S04
2)1]3]1

IX. 4.1: Z0volo Aedopévav MNIST
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EmAoyn YnoouvoAou (Subset Selection)

Ernoyn 5 Onmkd ‘Ouoiwv Wnoiwv
Ernnéyoupe Y = {3,5,6,8,9} — Wnopia nou poidlouv onmkd kal SUCKOAEUoUV TNV

r
Tagivounon.

1 selected_digits = [3, 5, 6, 8, 9]

2 samples_per_class = 1000 # 1000 BSelypata avd xAdon

3

4 X_list, y_list = [], []

5 for digit in selected_digits:

6 mask = y_full == digit

7 indices = np.random.choice (np.where (mask) [0], samples_per_class, replace=False)

8 X_list.append(X_full[indices])

9 y_list.append(y_full[indices])

10

11 X = np.vstack (X_list) # shape: (5000, 784)

12 y = np.hstack(y_list) # shape: (5000,)

13 print (f"Selected dataset: {X.shape[0]} samples, Classes: {selected_digits}")

14

Kivhtpo Xpriong TDA
Ta Ynoia 6 kai 9 éxouv anod pia onn (similar topology), evw t1a 3 kai 5 dev éxouv
onég. Aut n duckoAia Tagivounong eniuetal anodoTikd pécw TDA.
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Kavovikonoinon Xapakmpionkwv (Feature Normalization)

Opioudg
Kavovikonoinon Min-Max (Min-Max Normalization): yia XxapakinoIioTiK X ue eUpoG

[Xmina Xmax] ;

la nuég pixel: x € [0,255] — x € [0, 1].
Nari Kavovikonoinon;
® [loA\oi anydpiBuol (SVM, K-NN) xpnoiuonoioUv JETPIKEG AnocTACEWY
euaioBnreg oTIG KNJAKEG
® H BeAnoronoinon Baduidag (gradient-based optimization) cuykAivel Taxutepa
E KAVOVIKOMOINUEVA XAPAKTNOICTIKA

® AnoTtpénel XapaKTNPEIOTIKA e ueYANO eUpOG VA KUPIapPXoUV
Napédeiypa Kavovikonoinong:

1 X_normalized = X / 255.0 # [0,255] —> [0,1]
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Alaxwpiopdc Eknaideuong - EAéyxou (Train-Test Split)

OpIouog

BA&Bn levikémrac - EpdAua Mevikeuonc
(Generalization Error): avauevouevo opdiua
O€ MPONYOULEVWS AYVWOTEC €I00O0UG
(Oedouéva):

R(f) = Ex,y)~p[L(fX), )]
Opiouodg

AlaxwpIoud¢ eknaideuong-eA€yxou:
D= Dfroin U Dfesf/ Dfrain N Dfesf = @

VONOOAWN —

Kwdikag (80% — 20%)

X_train, X_test, y_train, y_test =
train_test_split (

X_normalized, vy,

test_size=0.2,

random_state=42,

stratify=y)
# Training set: 4000 samples
# Test set: 1000 samples
z
AlaicenTika

H eknaideuon Bupilel ueNETN
NAAQIWY BeudTwyv eEeTAOoTIKAG KAl O
€Neyxog eival oav TENKN eE€taon pe
VEEC EPWTINOEIG.
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Onmkonoinon (Visualization)

Train-Test Split (80-20)

Train (4000}

Test (1000)

Ix. 4.3: Alaxwpioudc Eknaideuonc - EAéyxou 12/85



Meiwon Alactrardoewy yia Onnikonoinon (PCA)

Kwdikag PCA

Op|O|JéC ; from sklearn.decomposition import PCA
AvéAuon Kupiwv Euviotwodv (Principal " e e = et oo o
Component Analysis — PCA): Boiokel : i
opBoywVIEG KATEUBUVOEIG LEYIONG / O 00s e e
Siakuuavong. lNa kevipapiouévo rnivaka ’
X € R™d;
Epunveia
X=UV, Z=XV,ecR™ Ta Yngia 6 kai 9 (uia onr)

ouadonoiouvral hadi, énwg kai 1a 3
Kal 5 (xwpig onég) — n ToNoAoYIKN
dopn ennpedlel TNV Karavoun!

Na onmkornioinon: k = 2.
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Onmkonoinon (Visualization)

MNIST Digits Projected to 2D via PCA

Second Principal Component

0
First Principal Component

Digit3
Digit5
Digit6
Digit8
Digit9

IX. 4.4: Meiwon Aiactrardoewv yia Onnkonoinon (PCA)




Mivakag Mepiexopévav

Mertpikég AfloAdynong



Merpikéc AEloAdynonc — Mépocg A (Evaluation Metrics — Part A)

Opioudg
Mivakag Xdyxuong (Confusion Matrix): C € RX*K ériou Cj = apiBudc deiyudrwv pe
aAnBivn eTikéra i nou NpoPAEPBNKaAV wq J.

* Alaya@vieg eyypa@éc Ci: oworéc npopréyeic (True Positives kKAdong i)

* Ek166 Siaywviou C; (i # j): opdAuara tagivéunons

Opioudg
AkpiBeia (Accuracy):

ApIBUSG owoTwv noofAéPewv > TPc

Accuracy = =
y JUVOAIKOG aplBudG rnooPAEYewV n

Mpoooxn: n akpifeia unopei va eival napaniavntikr) o€ un Icopponnuéva ouvoia
dedouévwy (imbalanced datasets).
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Merpikéc AEloAdynoncg — Mépoc B (Evaluation Metrics - Part B)

Opliouodg
AkpiBeia avé kAdon (Precision):
Precision. = lic
" TP+ FP:

AnS 6Aa 1a deiyuara rou npofAEPBnkav
WC C, MoIO MOCOOTO AVIWG AVINKEI OE C;

Oplioudg
AvékAnon (Recall):
TP.
R e = —————
ecale = Ip_ ¥ FN,

And éAa ta deiyuara rnou avrikouv o€ C,
1010 MOCOOTO EVIONIOTNKE CWOTA;

Opioudg
F1-Score:

Precision. - Recall.

Flc=2-
c Precision. + Recall.

APUOVIKOG UECOC aKpiBelac kal
avAkANONG — TIUWPEI OPIAKES TIUEG.
YUMBONIOHOG
e TP.: True Positives (0woTd wg ©)
® fP.: False Positives (AGBoG w¢ ©)

® FN.: False Negatives (¢ npoBAepBév
al\oU)
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Boneéntkég tuvapmoelg Atioadynong (Evaluation Helper Functions)

1
2
3
4
5
6
7
8
9

from sklearn.metrics import precision_score, recall_score, fl_score

results = {'Algorithm': [], 'Accuracy': [], 'Precision': [],
'Recall': [], 'Fl1-Score': [], 'Training Time (s)': []}

def print_metrics(y_true, y_pred, name):
"""Extynwon OAwv Twv peTtplkwv afiloddynong yra éva povtédro."""

acc = accuracy_score (y_true, y_pred)

prec = precision_score(y_true, y_pred, average='weighted')
rec = recall_score(y_true, y_pred, average='weighted')

f1 f1_score(y_true, y_pred, average='weighted')

print (£"\n{name} - Evaluation Metrics:")

(
print (f"Accuracy: {acc:.4f} ({acc*100:.2f}r%)")
print (f"Precision: {prec:.4f}")

print (f"Recall: {rec:.4£f}")

print (f"F1-Score: {f1:.4£f}")

return acc, prec, rec, fil
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Mivakag Mepiexopévav

ANyOpIBuol Tagivounong



K-NMAnoiéotepol leitoveg - Oempia (K-Nearest Neighbors)

Opioudg
[a epwmnua xq. €otw Ni(Xg) of k MAnoIECTEPOI YeiToveg OTo eKnaIdeutikd CUVOAO.

H npdprewn K-NN:
ymargmax 3 {1 20=

0 avyi#c
Y (xyy) ENc(xq)

Koivéc uetpikéc anoordacewv (distance metrics):
* EukAeideia: d(x,x') = ||x — X/||2
® Manhattan: d(x,x') = ||x — /||

ID16TNTEG
AlaioBnrika
“Eical o yécog 6pog 1wV k KOVIIVOTEPWV

. , L, PiAwV cou.” (Ta&ivounon pe NAeioPn@IKn
® Lazy learning: xwpig PN @Aaon UN@oPopia yerdvwy).
eknaideuong 20/85

¢ Mn-napaperpikdg (non-parametric):
XWPEIG NaPadoxEg yia Karavoun



K-NN: K@dikag & AnoteAéopara

1 from sklearn.neighbors import KNeighborsClassifier
2

3 # ExnaiBeuon K-NN pe k=5

4 knn = KNeighborsClassifier (n_neighbors=5)

5 start = time.time ()

6 knn.fit (X_train, y_train)

7 knn_time = time.time() - start

8

9 knn_pred = knn.predict (X_test)

10

1 # EXTUNWON HETPLKOV

12 knn_acc, knn_prec, knn_rec, knn_fl = print_metrics(y_test, knn_pred, 'K-NN (k=5)")
13 print (f"Training Time: {knn_time:.4f}s")

14

15 # AnoBrxeuon amoTeAEopdTwWV yla oUykpLon

16 results['Algorithm'].append ('K-NN")

17 results['Accuracy'] .append (knn_acc)

18 results['Precision'] .append (knn_prec)

19 results['Recall'].append (knn_rec)
20 results['Fl-Score'].append (knn_£1)
21 results['Training Time (s)'].append (knn_time)
22

Epunveia
O K-NN eniuyxdavel upnin andédoon (= 95-96%). Ta nepiocdtepa oPpAAuaTa
edgavifovral Jetatu onmkd duoiwv euywv: 3 < 5 Kal 3 < 8.
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Onmkonoinon (Visualization)

K-NN Confusion Matrix

175

150

125

100

16

Predicted

IX. 4.5: K-NN Confusion Matrix
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K-NN: Enidpaon ¢ Napauérpou k

YUMBIBaoudg MéoAwong — Alakupavong (Bias-Variance Tradeoff)

® MIKpS k: xapnAr néAwon (bias), unAr) diakUuavon (variance) — euaiocbnro oto
B8dpuBo

® Meydho k: unAr TOAWON, XxaunA diakUuavon — unepetoudiuvon
(over-smoothing)
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MéBodoc Aykava (Elbow Method)

MéBodog Aykwva (Elbow Method)

Yxedidloupe 10 MocooTd GPAAUATOG 1 — accuracy wg cuvApTnon Tou K.
Avalntoupe 1o onueio “aykwva” dnou 1o GPANJA OTAPATA VA PEIDVETAl CNHUAVTIKA.

Kwdikag

k_values
k_errors
for k in k_values:

knn_temp = KNeighborsClassifier (n_neighbors=k)

knn_temp.fit (X_train, y_train)

acc = accuracy_score (y_test, knn_temp.predict (X_test))
k_errors.append (1l - acc)

print (f"k={k:2d}: Accuracy={acc:.4f}, Error Rate={l-acc:.4f}")

VONO OGN WN —

Epunveia
MNa autd 1o cUvolo dedopevwy, k = 1 éwg k = 5 divouv napduoin anddoon
(=~ 95-96%) — enINéyoupe k = 5 wg Icopponia TomkAG DOUNG KAl avBekTIKOTNTAG OTO
B8opupo.
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Onmkonoinon (Visualization)

K-NN: Elbow Method for Choosing k K-NN: Effect of k on Classification Accuracy
0051 === Chosenk=5 0.957
0.050 0956
0.049 0955
g
£ oous . 0854
g 8
< s
= 0047 8 0953
= | b
3 | i
T 0046 ! = 095
g
i
0045 0951
0044 0950
0043 0949
1 3 5 7 9 " 13 15 1 3 5 7 9 " 13 15
k (Number of Neighbors) k (Number of Neighbors)

IX. 4.6: K-NN: Enidpaon ¢ Napauérpou k
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Naive Bayes: Oewpnriké Ynopadpo

Opiouodg
©ewpnua Bayes:
_ P(xly)P(y)
P(ylx) = W
OpIouodg

TaE:vounnjc Naive Bayes: urio6érel
deoueuuévn aveEapmoia (conditional
independence) xapakTnPICTIKWV
doBeiong KAdong:

d

Px|y) = [ P(xly)

=1

MpdpAeyn: y = arg max P(y=c) [, P(x|y=c)

Opioudg
Gaussian Naive Bayes: k&6e P(xj|y = c)
axkoAouBei karavour Gauss:

B (g — tje)”
2 exp( 202

271'ch Je

Plgly=c) =

Alaio8nTika

“Moia eival n mBavonta autd va eivar 3,
dedouévou nwg poidlouv 1a TUNIKA 3;”
Mapd 1NV aper| undBeon avetaptnoiag,
anodidel kahd omnv NpPdEn.
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Naive Bayes: K0dikag & AnoteAéopara

1 from sklearn.naive_bayes import GaussianNB

2

3 # ExnaiBeuon Gaussian Naive Bayes

4 nb = GaussianNB()

5 start = time.time ()

6 nb.fit (X_train, y_train)

7 nb_time = time.time() - start

8

9 nb_pred = nb.predict (X_test)

10

1 # EXTUNWON HETPLKOV

12 nb_acc, nb_prec, nb_rec, nb_fl = print_metrics(y_test, nb_pred, 'Naive Bayes')
13 print (f"Training Time: {nb_time:.4f}s (very fast!)")
14

15 # Amo®nkeucn amoTEAECPATWV

16 results['Algorithm'].append('Naive Bayes')

17 results['Accuracy'].append (nb_acc)

18

Xapaktnpiotkd Naive Bayes
* MAeovéxkmua: efaipetkd ypriyopn eknaideuon — urioAoyilel pdvo péooug kal
BIAKUPAVOEIG avA XapaKTNPEIOTIKO KAl KAAoN

* MelovéKnua: n undBeon avefaptnoiag XapaKMPIOTIKWV Orndvia IoxUel yia

pixels (yemovikd pixels cuoxertiovral)
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Onmkonoinon (Visualization)

Naive Bayes Confusion Matrix

150

125

100

I

Predicted

IX. 4.7: Naive Bayes Confusion Matrix
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Moyionikn Mahivdpdunon (Logistic Regression)

Oploudg Kwdikag
Noyiorikn MaAivépdéunon (duadikr ! from sklearn.linear_model \
s , / 2 import LogisticRegression
nepirmwon): uovreAoroiei TNV mBavornTta 3
s s » . 4 1r = i i
KAGong 1 uéow e AoyIonkng (sigmoid) 5 e,
é 6 dom_state=42)
ouvapmong: 7 St = o o)
8 lr.fit (X_train, y_train)
1 9 lr_time = time.ti@e() - start
Ply=1x) =o(Wx+b) = — propred T drprediet(test)
1 + e—(WTx+b) 12 =r;iiﬁt7ngiii2(ngzi,c lri;redr
13 'Logistic Regression')
14

MNa K kAdoeig: sofftmax noAUkAQSIKry enéEKTaon.
Onmkonoinon Luvreheotwyv (Coefficient Visualization)
K&Be kAdon éxel didvuopa Bapwv wy € R4, Avadiaudppwon oe 28 x 28
AnoKAAUMTEl MoIEG MEPIOXEG pixels CUPBANMOUY oe KABe KAJoN.

for i, digit in enumerate (selected_digits):
coef = lr.coef_[i].reshape (28, 28)
# Omtikonoinon pe cmap='RdBu' x&ékk1voBeTikd (, POAEAPVNTLIKO)

nwN —
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Onmkonoinon (Visualization)

Logistic Regression Confusion Matrix

175

150

125

100

75
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IX. 4.8: Logistic Regression Confusion Matrix
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Onmkonoinon (Visualization)

Logistic Regression Coefficients (Red=Positive, Blue=Negative)

Digit 3 Digit 5 Digit 6 Digit 8 Digit 9

B SR (R
; %E:;"' tﬁ%

IX. 4.9: LuvieAeotég Aoyiotikig MaAivdpdunong
(Kékkivo = ©€tikd, MnAe = ApvnTikd)
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Aévipa Andgpaong (Decision Trees)

Oplioudg
Opiouog Znuaocia Xapakmpiorikou (Feature
Aévipo Andpaone: avadpouikG Siauepilel Importance):
TO XWPO XAPAKTNEIOTIKWYV e SIaxXwEIoUoUG
napdAANAoUC orouc déovec. Le kGBe Imp(j) = Z ny ALt
€0WTEPIKO KOUPO: Kdupol t mou diaxwpi{ouv o€ |

(', 1) = argmin L(D;) + L(Dp) ) o

it Ynepnpooapuoyn (Overfitting)
Ta dévrpa peydhou BaBoug
anouvnuoveuouv o€ NPOoRANUATIKO

OpIouoG , , ,
fe aBud 1a dedopeva eknaideuong:

No6eia Gini: G(D) =1 - YK  p? BaBu u ne

Eviponia (Entropy): H(D) = — Yic_, Pxlog, Pe Rirain(f) < Riest(1)

32/85



Aévipa Andgaonc: Kodikac & Ynepnpooapuoyn

1
2
3
4
5
6
7
8
9

from sklearn.tree import DecisionTreeClassifier

# Exnai8euon Aévtpou Andypaong (max_depth=10

dt = DecisionTreeClassifier (max_depth=10, random_state=42)

dt.fit (X_train, y_train)

dt_pred = dt.predict (X_test)

dt_acc, dt_prec, dt_rec, dt_fl = print_metrics(y_test, dt_pred, 'Decision Tree')

# And8e1€n unepmpooappoyis yia Sidyopa Babn

depths = [3, 5, 10, 15, None]

for depth in depths:

dt_temp = DecisionTreeClassifier (max_depth=depth, random_state=42)
dt_temp.fit (X_train, y_train)

train_acc = accuracy_score(y_train, dt_temp.predict (X_train)

test_acc = accuracy_score(y_test, dt_temp.predict (X_test))

depth_str = str(depth) if depth else 'None (unrestricted)’'

print (f"Depth={depth_str}: Train={train_acc:.4f}, Test={test_acc:.4f}")

Mapampnon: Ynepnpooapuoyn

KaBwg 1o BdBog autdvertal, n akpifela eknaideuong npooeyyilel 100% evw n
aKpiBela eréyxou KopupwveTtal yUpw o1o BABog 10-15 kal OTn CUVEXeIa UEIWVETA.
AUTS eival To XapaKTNEIOTIKO CUNMTWUA UNEPNEOCAPUOYNG.
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Onmkonoinon (Visualization)

Decision Tree Confusion Matrix

160

140
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Ix. 4.10: Decision Tree Confusion Matrix
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Onmkonoinon (Visualization)

Decision Tree: Feature Importance 012

010
0.08
0.06
004
0.02

0.00

Importance

IX. 4.11: Decision Tree: Feature Importance
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Onmkonoinon (Visualization)

Decision Tree: Overfitting Demonstration

L ]

1.00 ——@— Training o
—o— Test

0.95

0.90

Accuracy

0.85

[
[

0.80

0.75

3 5 10 15 None
Max Depth

Ix. 4.12: Decision Tree: Overfitting
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Tuxaio Adoog (Random Forest)

Opliouodg
MéBodo¢ Ensemble: cuvdudlel M BacikoUc
€eKuaBnrég yia ueiwon diakuuavong:

©ewpnua
Meiwon Aiakuuavong: yia M
avefdpTnTouG ekTiunNTéC e

M . 2
Siakuuavol :
y = argmax E W ([fm(x) = C Havena
S —]

Var< Z fm> UM
Tuxaio Adooc (Random Forest): ensemble
Sévipwv and@aong, KaBe dévrpo

exnaideveral Ce: ,
AlaicenTika

“Yo@ia Tou NANBoug”: MOAG

, , , eNPPWCS dlapopeTikd dévipa
2. Tuxaio UNOCUVOAO XAPAKTNPICTIKWV: OE WN@ICouV, eEICOPEONMVIAC Ta

k&Be 6|oxwp|oluc’>, uévo /d tuxaia LELOVOUEVA CQAAUATa.
XAPAKTNPIOTIKA 37/85

1. Bootstrap deiypa: Tuxaio deiyua pe
enavdbeon



Onmkonoinon (Visualization)

Random Forest Confusion Matrix

175

150

125

100

5
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IX. 4.13: Random Forest Confusion Matrix
38/85



Tuxaio Adoog: Kodikag & Inpacia XapakmnpioTIK@QV

1 from sklearn.ensemble import RandomForestClassifier

2

3 # ExnaibSevon Tuyxalou Adooug (100 Sévtpa)

4 rf = RandomForestClassifier (n_estimators=100, random_state=42, n_jobs=-1)
5 start = time.time ()

6 rf.fit (X_train, y_train)

7 rf_time = time.time() - start

8

9 rf_pred = rf.predict (X_test)

10 rf_acc, rf_prec, rf_rec, rf_fl = print_metrics(y_test, rf_pred, 'Random Forest')
1

12 # ZUykplon povéd Sévtpo vs 8Sdoog

13 print (f"Single Decision Tree: {dt_acc:.4f}")

14 print (f"Random Forest (100 trees): {rf_acc:.4f}")

15 print (£"Improvement : {(rf_acc - dt_acc)*100:.2f}%")

16

17 # Avdxtnon onpaciag XapaxkTnploTikwv

18 rf_importance = rf.feature_importances_ # shape: (784,)

19 # AvaBiapdpywon oe (28,28) yia ontikomolinon

20

YNUacia XapakKTNEIOTIKWYV

H xapTroypdpnon onuaociag tou Tuxaiou AGooug €ival Mo OUAAr) O€ OXEON e HoVO
BEVTPO, UE KEVTPO BAPOUC OTNV KEVTPIKN NEPIOXN TNG €IKOVAG Ornou YPAPETal TO
ynoio. ‘Eva Pikpd clvoro pixels (~ 20-30) pépel To ueyaAUTEPO MEPOG TNG
NMEOBAEMIKAG I0XUOG,. 39/85



Onmkonoinon (Visualization)

Random Forest: Feature Importance Heatmap Top 20 Most Important Pixels
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IX. 4.14: Inpacia Xapakmpionk®v & Kopugaia 20 Inpavrika Pixels
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Mnxavi Aiavuopdrov YnootmipiEng (Support Vector Machine)

Opliouodg
SVM ZxAnpou MepiBwpiou (Hard-Margin
SVM): eUpeon unepeninédou rou

ueyiororolei 1o nepIBwpIo ”“2,—”:

min §||w||®> urd yi(w'x; + b) > 1
w,b

Opiouodg
SVM MaAakou lMepibwpiou (Soft-Margin
SVM) ue uetapAnréc xaAdpwong & > 0:

i 1 2
1 C ,
min 3{iw(”+ E,- &

Opliouodg
Téxvaoua Mupriva (Kernel Trick):
avrioroixion oe UPNASTEPEG
diaotdoeic uéocw ouvdapinong
nuprva k(x,x') = ($(x), $(x')).

* [pauuIKdc: k = x'x’

® RBF: k = exp(—||x — x'||?)

* MoAUWVUNIKSG: k = (X'X' + ¢)9
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Onmkonoinon (Visualization)

SVM Confusion Matrix
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IXx. 4.15: SVM Confusion Matrix
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SVM: Ko dikag & AnoteAéopara

VN AWN —

from sklearn.svm import SVC

# ExnaiSevon SVM pe nupnva RBE

svm = SVC(kernel='rbf', random_state=42)
start = time.time ()

svm.fit (X_train, y_train)

svm_time = time.time() - start

svm_pred = svm.predict (X_test)
svm_acc, svm_prec, svm_rec, svm_fl = print_metrics(y_test, svm_pred, 'SVM')
print (f"Training Time: {svm_time:.4f}s")

# Amo®nkeucn amoTEAECPATWV
results['Algorithm'].append('SVM")
results['Accuracy'].append (svm_acc)
results['Precision'].append (svm_prec)
results['Recall'].append (svm_rec)
results['Fl-Score'] .append(svm_£1)
results['Training Time (s)'].append(svm_time)

Epunveia

To SVM e nuprjva RBF enimuyxdvel kopugaia andédoon oe autd 1o CUVOAO
dedopévwv. H ava-khaon avdiuon deixvel Fl1-scores 94-98%, ue 1o Ynoeio 8 (duo
onég - dlakpir TonoAoyia) va enmuyxavel Tic uPnAdTepeg BaBuoAoyieg.
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Mivakag Mepiexopévav

YUykpion MovtéAwv



IUykpion MoviéAwv (Model Comparison)

Mivakag Xuvoyng Andédoong

comparison_df = pd.DataFrame (results)
comparison_df = comparison_df.sort_values('Accuracy', ascending=False)
print (comparison_df.to_string(index=False))

BwWN —

AAySpiBuoc Accuracy Precision Recall F1-Score
SVM (RBF) ~ 0.97 ~097 ~097 =0.97
Random Forest ~ 0.96 ~ 096 =~0.96 =0.96
K-NN (k = 5) ~ 0.96 ~096 ~096 =0.96
Logistic Regression =~ 0.91 ~091 ~091 =091
Decision Tree ~ (.88 ~ 088 ~0.838 =~0.88
Naive Bayes ~ 0.78 ~ 079 =078 =0.78
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Onmkonoinon (Visualization)
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IX. 4.16: LZ0ykpion MoviéAwv
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0dnydg Emidoync AAyopiBuou (Algorithm Selection Guidelines)

Kpmplia ErmAoyng

Kpimplo KaAurepn Emidoyn

Yynhdtepn akpiBeia SVM, Random Forest

TaxUrepn eknaideuon Naive Bayes

Epunveuciudtta (interpretability) Decision Tree, Logistic Regression
INUacia XapaKTNPICTIKWV Random Forest, Decision Tree
Mn-ypauuikd dpia and@acng SVM (RBF), Random Forest
Meydha dedopéva Logistic Regression, Naive Bayes

Kevtpikd Xuunépacua

Aev undpxel KABOAKA “kaAUTepog” alyopiBuog (No Free Lunch Theorem). H

enioyn efaptdaral and 1 euUon Twv 3edouéVwyY, TOUG UNOAOYIOTIKOUG NOPOUG KAl

TIG ekACTOTE ANAITACEIG,. 47/85



Mivakag Mepiexopévav

AvAAUON ZNUACIAC XApaKTNEICTIKWYV



IUyKpion Inpaciag Xapakmpionk®v (Feature Importance

Comparison)

AvAAuon yia Tpia JovTENQ

1 # Logistic Regression: pécog 6pog amdAuTng TLPNG OUVTEAEOoTWV avd pixel
2 lr_imp = np.abs(lr.coef_) .mean (axis=0) # shape: (784,)

3

4 # Decision Tree: evowpatwpévn onupacia

5 dt_importance = dt.feature_importances_ # shape: (784,)

6

7 # Random Forest: péoog 6pog onupaciag avd Sévtpo

8 rf_importance = rf.feature_importances_ # shape: (784,)

9

10 # EmikdAuyn onpavtikdtepwv pixels oe Selypata

1 importance_mask = rf_importance.reshape (28, 28) > np.percentile(rf_importance, 90)
12 # Ta xo6kkiva pixels: xopuwaio 10% oe onpacia

13
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Onmkonoinon (Visualization)

Feature Importance Comparison Across Models
Decision Tree Random Forest

Logistic Regression

IX. 4.17: L0ykpion Tpiodv MoviéAwv
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Onmkonoinon (Visualization)

Top 10% Important Pixels (Red) Overlaid on Digits
Digit 3 Digit 5 Digit 6 Digit 8 Digit 9

S s)lvls

Ix. 4.18: Kopugaia 10% Inuavnkav Pixels (Kkkivo) EmkaAuppévo ota Wnoia
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Baoikd Eupiuara

YUvoyn Baoikwv Eupnudrwv

¢ Kevipiki eotiaon: Aa Ta oviéNa CURPWVOUV TI N KEVIPIKY neploxr) (dnou
ypdageTtal To Pngio) pé€pel TN ueyaAutepn nAnpo@opia. Fwvieg kal Akpeg
(MaAUPO POVTO) CUUBANOUV ENAXICTA.

* Ala@opég HovIéAwV: n Logistic Regression karavépuel opaid, 1o Decision Tree
eival apaid, To Random Forest divel ouaAy xapToypdpnon.

* AIoKPITEG NEPIOXEG: CNUAVTIKA pixels avTioToixoUv o€ NepIoxég drnou Ta Yngia
SlaPEpouV — MeEPIOXES BpdxwV (6, 8, 9) kal kKaunuUAeg (3, 5).
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Baoikd Tupnepdopara

Baoikd ruunepdouara
1. EmPAendpevn pdbnon anarrei: diaxwpioud eknaideuonc/eNéyxou,
ouaAonoinon, afloAdynon UE CWOTEG HETPIKEG,
2. Xapakmpionkd dedopévwv KaBopilouv Tov alydépiBpo: Ta pixels MNIST
éxouv ouoxerioelg — To Naive Bayes unogépel, 1a SVM/RF eudokiuouv.
3. Ynepnpooappoyn eAéyxeral e nepiopiopd NOAUNAOKOTNTAG (BdBog dévipou,
regularization).

4. AvAAuon onuaciac XapakmpIoTIKWV anokaAUmrel noia pixels “pAénouv” 1a
MOVTEAQ.
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Iuvdeon Me TDA

YUvdeon ue TDA

H avdiuon onuaciag pixel unovoei o1l Ta YOVIEAQ AVAKAAUMTOUV EUUECWG
TONOAOYIKA XAPAKINEIGTIKA (Bpdxol, onég). H TDA unopei va eEdyel pntd autd ta
XAPOAKTNPEIOTIKA KAl VA TA XPNOIWonoINocel we €icodo OToug napandvw Ta&livounTeg.

KUplieg Eicaywyéeg

import numpy as np

import gudhi as gd

import gudhi.representations
import matplotlib.pyplot as plt

BN WN —

54/85



Mivakag Mepiexopévav

TpoxIEC AUVANIKWV LUCTNUATWY



Tooxi€g Auvapik@v tuotnudrwv (Orbits of Dynamical Systems)

Meplypapr] Luotuarog (System Description)
XpnoigonoioUpe duvauikd cUoTnua nou eEaptdaral and napdueTpo r > 0:

X1 = Xn + rYn(1 — yn)

(mod 1)

Ynt1 = ¥Yn + Xnr1(1 — Xpy1) (mod 1)

Ma SIAPOPETIKES TINEG I, N TPOXIA euPavilel SIaPOPETIKE TONOAOYIKH Soun.

Mapaywyry Népoug Inueiwv
num_pts = 1000
X = np.empty ([num_pts, 2])
X, y = np.random.uniform(), np.random.uniform/()
for i in range (num_pts) :

[i,0] + r*x[i,1]*(1-X[i,11)) %
[i,1] + r*x*(1-x)) % 1.

OOV®ENOCO DA WN—

BaoiknA Maparmpnon

MNa r = 3.5: 10 VEPOG @aiveral Tuxaio.
Ma r = 4.1: epgavileral onn oro
KEVIPO — ONPAVTIKO TOMOAOYIKO
XaPAKTNPEIOTIKS. H Tiur r kaBopilel Tnv
TornoAoyial
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Onmkonoinon (Visualization)
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Napaywyn Alaypaupdrev Emuovig (Computing Persistence

Diagrams)

Alpha @Atpdpiocua ue GUDHI

1 # Kataokeun Alpha oupnA£€ypatog kal UmoAoylopodG EmLPOVIIG
2 acX = gd.AlphaComplex (points=X) .create_simplex_tree ()
3 dgmX = acX.persistence ()

4

5 # omtikomoinon Siaypdppatog emipovig

6 gd.plot_persistence_diagram (dgmX)

7

8 # DeUtepo véyoc onpelwv (r=4.1 éxel Tomoloyial)

9 r=4.1

10 Y = np.empty ([num_pts, 2])

11 %, y = np.random.uniform(), np.random.uniform/()

12 for i in range (num_pts) :

13 Y[i,:] = [x, y]

14 x = (Y[i,0] + r*Y[i,1]*(1-Y[i,1])) % 1.

15 y = (Y[i,1] + r*x*(1-x)) % 1.

16

17 acY = gd.AlphaComplex (points=Y) .create_simplex_tree ()
18 dgmY = acY.persistence()

LUykpion: MNa r = 3.5: TUxaio Vé@og, xwpic éviova TornoAoyIKA XaPaKTNEIOTIKA OTO
didypauua enuovng. MNa r= 4.1: eppaving onn ot didotaon 1, unodnAwvel
SakTUAIo 61N Sour) TNG TPOXIAG,. 58/85



Onmkonoinon (Visualization)

Persistence diagram
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IX. 4.20: Napaywyn Alaypduuarog Empovig
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Mivakag Mepiexopévav

Avanapaoctdaocelc Alaypapudrwy Enipovig



Tonio Emipovi g (Persistence Landscape)

XN DA WN —

Opioudg
To ronio empovn¢ (persistence landscape) Aaupdverai:
1. Mepiorpo@r) Tou diaypduuarog enipoviig kard —r /4 (n diaywviog yivera
d&ovac x)
2. ToroBétnon oKNVIKWv ouvaprnoewv (tent functions) oe kd6e onueio

3. To k-00716 Tonio (landscape) eival n k-loot) yeyaiurepn miun JETA&U SAwV Twv
OKNVIKWV OUVAPTNOEWV

4. Merarponn oe didvuoua e delyuaroAnyia oe ouoiduop@a onueia tou déova
X

Kodikag

LS gd.representations.Landscape (resolution=1000)

L LS.fit_transform([acX.persistence_intervals_in_dimension(1)])

# L[0] éxeur upnkoc 3000 (3 womia x 1000 onpeta)

# Omtixomnoinon:

plt.plot (L[0][:1000]) # ol Tonio

plt.plot (L[0][1000:2000]) # o2 Tomio

plt.plot (L[0][2000:3000]) # o3 Tonio

plt.title("Landscape") 6]/85



Onmkonoinon (Visualization)
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IX. 4.21: Napaywyn Toniou Empovig
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IiAouéra Empovn¢ (Persistence Silhouette)

Opioudg

H odouéra empovn¢ (persistence silhouette) anoreAei napaiiayri rou toriou:
AauBdver oraBuIouévo HEoo Spo TwV OKNVIKWV CUVAPTACEWV avri Tou k-looToU
uéyiorou. KaBe oknvikr) cuvdprnon ora8uileral avaAoya ue v andéoracn Tou
avrioroixou onueiou and m diaywvio.

Kwdikag

# Ztdbpion: teTtpdywvo Tng emipovng (death — birth) "1

SH = gd.representations.Silhouette (

resolution=1000,

weight=lambda x: np.power (x[1]-x[0], 1)

)

sh = SH.fit_transform([acX.persistence_intervals_in_dimension(1)])
plt.plot (sh([0])

plt.title("Silhouette")

VNN WN —
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Onmkonoinon (Visualization)
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IX. 4.22: Napaywyn LIAouérag Empovig
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Eikéva Enipovng (Persistence Image)

Opioudg
H eixdva emuovrig (persistence image) Aaupdverai:
1. Mepiorpo@n kard —x /4
2. Kévrpwon MNkaouoiavwyv ouvapTioewyv o€ KABe onueio (oTtaBuicuéves ano
MAPAUETOIK CUVAPTNON — OUVNBWG TETPAYWVO andotacnc and 1 diaywvio)
3. ABpoion SAwv Twv Nkaouoiavwy — divel 2A cuvdptnon
4. Pixelization oe edva (rasterization)

Kwdikag

PI = gd.representations.PersistenceImage (

1

2 bandwidth=1le-4,

3 weight=lambda x: x[1]**2, # tetpaywvo death

4 im_range=[0, .004, 0, .004],

5 resolution=[100, 100] # 100x100 pixels

6 )

7 pi = PI.fit_transform([acX.persistence_intervals_in_dimension(1)])
8 # pi[0] shape: (10000,) -- avaSiapdpypwon ce (100,100)

9
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Onmkonoinon (Visualization)

Persistence Image

0 M) 10 (71} A

Ix. 4.23: Napaywyn Eikévag Empovig
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EmnAéov MéBodoi Avanapdaoctaonc (Additional Representations)

AlaBécoiueg MéBodol oto gudhi.representations
e KaunuAn Betti (Betti Curve): puetpd Tov apiBud {wviavmv XapakTNPIOTIKWV O
KABe TIUr Tou QIATPOU
* Miyadikd NoAu@vupo (Complex Polynomial): xaptoypd@non o€ Xxwpo
MOAUWVULIWV
¢ TonoMoyiké AiGvuoua (Topological Vector): cupnieon n\npogopiag ce
d1Advuoua oTaBepoU UAKOUG

Koivé MAaioio scikit-learn
‘ONeg ol uéBodol akohouBouv 1o API Tou scikit-learn: fit (), transform(),
fit_transform().Autd enmpénel anpdCKOMN EVOWHATWON UE UNXAVIKNA

pdenon.
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Mivakag Mepiexopévav

Mupriveg Alaypauudtwy Enuovig



NMupnveg Alaypappdrov Emuovig (Persistence Diagram Kernels)

Opioudg
‘Evac nuprivag (kernel) k déxetal {evyoc diaypauudiwv D, D' kai eniotoégel
neayuanko apibud wore:

k(D,D) = (2(D), 2(D'))

yia kdroiov unovoouuevo xapo Hilbert (implicit Hilbert space) H kai ouvexr
ouvdpomon ® : D — H.
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Onmkonoinon (Visualization)

Persistence diagram
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IX. 4.24: Aidypappa Empoviig
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Onmkonoinon (Visualization)
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IX. 4.25: Enideign Opoloyiag Aedopévav
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AiaBéoipol NMupnveg & Baoikd MAeovéknua

AlaBéoiuol Muprjveg oto GUDHI

¢ Sliced Wasserstein Kernel (SW): Baciouévog oe npopoAég Wasserstein

* Persistence Weighted Gaussian Kernel (PWG): octaBuicuéveg Nkaouoiavég oe
XWPEO dIayPAUNATWY

® Persistence Scale Space Kernel (PSS): stable multi-scale kernel
* Persistence Fisher Kernel (PF): Baciouévog ce andkNion Fisher

M\eovéktnua

MoANoi arydpiBuol (SVM, kernel PCA) anaimolv uévo {euyapwid ecwtepikA
yivéueva. Me Toug nupriveg, NNopoUle va Toug epapudoouue aneudeiag oe
Siaypduuara enipovig!
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YnoAoyiouog Nupnvwv & Anootrdcewv (Computing Kernels &

Distances)

1 # Persistence Weighted Gaussian Kernel
2 PWG = gd.representations.PersistenceWeightedGaussianKernel (
3 bandwidth=0.01, kernel_approx=None,
4 weight=lambda x: np.arctan(np.power (x[1], 1)))
5 PWG.fit ([acX.persistence_intervals_in_dimension(1)])
6 pwg = PWG.transform([acY.persistence_intervals_in_dimension(1)])
7 print ("PWG kernel is " + str(pwgl[0][0]))
8
9 # Persistence Scale Space Kernel
10 PSS = gd.representations.PersistenceScaleSpaceKernel (bandwidth=1.)
11 PSS.fit ([acX.persistence_intervals_in_dimension(1)])
12 pss = PSS.transform([acY.persistence_intervals_in_dimension(1)])
13
14 # Persistence Fisher Kernel
15 PF = gd.representations.PersistenceFisherKernel (
16 bandwidth_fisher=.001, bandwidth=.001, kernel_approx=None)
17 PF.fit ([acX.persistence_intervals_in_dimension(1)])
18
19 # Sliced Wasserstein Kernel
20 SW = gd.representations.SlicedWassersteinKernel (bandwidth=.1, num_directions=100)
21 SW.fit ([acX.persistence_intervals_in_dimension(1)])
22
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Anoortdoelc Bottleneck & Wasserstein

1
2
3
4
5
6
7
8
9

# Anbéotacn Bottleneck péow( gudhi.representations)

BD = gd.representations.BottleneckDistance (epsilon=.001

BD.fit ([acX.persistence_intervals_in_dimension(1)])

bd = BD.transform([acY.persistence_intervals_in_dimension(1)])
print ("Bottleneck distance is " + str(bd[0][0]))

# Anodotacn Wasserstein

WD = gd.representations.WassersteinDistance (internal_p=2, order=2)
WD.fit ([acX.persistence_intervals_in_dimension(1)])

wd = WD.transform([acY.persistence_intervals_in_dimension(1)])
print ("Wasserstein distance is " + str(wd[0][0]))

SRR
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IUykpion Me8odwv

Yuvonmkog Mivakag MeBddwv

MéBodog Tonog Napapérpoc

Persistence Landscape (LS) Vectorization resolution

Silhouette (SH) Vectorization resolution, weight
Persistence Image (PI) Vectorization bandwidth, resolution
Sliced Wasserstein (SW) Kernel bandwidth, num_ directions
PWG Kernel bandwidth, weight
Bottleneck (BD) Distance epsilon

Wasserstein (WD) Distance internal_p, order
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Mivakag Mepiexopévav

OMNokANpwueEvN MNpocéyyion



Anpioupyia NARpoug Zuvérou Aedopévwy (Full Dataset Generation)

5 KA\doelg — AlapopeTikeg TINEG r

1 num_diag_per_class = 10 # DAiaypdppata avd xAdon

2 dgms, labs = [], []

3

4 for idx, radius in enumerate([2.5, 3.5, 4., 4.1, 4.3]1):
5 for _ in range (num_diag_per_class):

6 labs.append (idx)

7 X = np.empty ([num_pts, 2])

8 X, y = np.random.uniform(), np.random.uniform()

9 for i in range (num_pts) :

10 X[i,:] = [x, Y]

11 x = (X[1,0] + radius * X[i,1] * (1-X[i,1])) % 1.

12 y = (X[i,1] + radius * x * (1-x)) % 1.

13 ac = gd.AlphaComplex (points=X) .create_simplex_tree (max_alpha_square=1lel2)
14 dgm = ac.persistence()

15 dgms . append (ac.persistence_intervals_in_dimension (1))
16

Aoun Zuvolou Aedopévwv

5 kANAceig x 10 diaypdupara = 50 diaypduuara eniovng CUVONKA. KaBe kKAAon
AVTIOTOIXEl € DIAPOPETIKN TIUN 1 (DIAPOPETIKr) TOMOAOYIKN dour TEoXIAC).
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Alaxwpiopdc Eknaideuong - EAéyxou (Train-Test Split)

CEHE_FilaE = 0.2
perm = np.random.permutation (len (labs))
limit = int (test_size * len(labs))

test_sub, train_sub perm[:limit], perm[limit:]
train_labs = np.array(labs) [train_sub]
test_labs = np.array (labs) [test_sub]
train_dgms = [dgms[i] for i in train_sub]
test_dgms = [dgms[i] for i in test_sub]

OOVENOCUDAWN—

YUvBeon LuvOAwvV

¢ Exnaideunikd: 80% — 40 diaypduuara
e EAéyxou: 20% - 10 diaypduuara
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OAokAnpwpuévn Npooéyyion Méow Scikit-Learn

Y14d1a — BAuara
H npooéyyion doueital wg egng:
1. DiagramSelector: efaywyr onueiwv ye NeENEPACPEVES CUVIETAYUEVEG
(non-essential points)
2. DiagramScaler: KANudkwon f Jn oto povadiaio TETpdywvo
3. TDA (Avanapdoraon): vectorization rj kermnel method ue GUDHI
4. Estimator (Ta€ivountc): ahydpiBuog taivéunong scikit-leam

Baoikr) Aoun MNpocéyyiong

from sklearn.preprocessing import MinMaxScaler
from sklearn.pipeline import Pipeline
from sklearn.svm import SVC

pipe = Pipeline ([

("Separator", gd.representations.DiagramSelector (limit=np.inf, point_type="finite")),
("Scaler", gd.representations.DiagramScaler (scalers=[([0,1], MinMaxScaler())])),
("TDA", gd.representations.PersistenceImage()),

("Estimator", SVC())

1)

OOV®NOCU DA WN—
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NMAéypa Napapérpwv (Parameter Grid)

1 param = [

12 # Sliced Wasserstein kernel SVM

13 {"Scaler__use": [False],

14 "TDA": [gd.representations.SlicedWassersteinKernel ()],

15 "TDA__bandwidth": [0.1, 1.0], "TDA_ num_directions": [20],

16 "Estimator": [SVC (kernel="precomputed", gamma="auto")]},

17

18 # Persistence Weighted Gaussian kernel SVM

19 {"Scaler__use": [Falsel,

20 "TDA": [gd.representations.PersistenceWeightedGaussianKernel()],
21 "TDA_ bandwidth": [0.1, 0.01],

22 "TDA__weight": [lambda x: np.arctan(x[1]-x[0])],

23 "Estimator": [SVC (kernel="precomputed", gamma="auto")]},

24

25 # Persistence Image + SVM

26 {"Scaler_ use": [True],

27 "TDA": [gd.representations.PersistenceImage ()],

28 "TDA__resolution": [[5,5], [6,6]], "TDA__ bandwidth": [0.01, 0.1, 1.0, 10.0],
29 "Estimator": [SVC() 1},

30

31 # Persistence Landscape + Random Forest

32 {"Scaler__use": [True],

33 "TDA": [gd.representations.Landscape ()], "TDA__resolution": [100],
34 "Estimator": [RandomForestClassifier ()]},

35

36 # Bottleneck Distance + K-NN

37 {"Scaler__use": [Falsel,

38 "TDA": [gd.representations.BottleneckDistance ()], "TDA__epsilon": [0.1],
39 "Estimator": [KNeighborsClassifier (metric="precomputed")]}

40 ]
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Alactaupoupevn EnikUpwon & AnoreAéopara (Cross-Validation &

Results)

GridSearchCV - 3-fold Cross-Validation

from sklearn.model_selection import GridSearchCV

1

2

3 model = GridSearchCV(pipe, param, cv=3)

4

5 # Exnai8euon -- pnopei va apyel e18iké&( k-NN + Bottleneck)

6 model = model.fit (train_dgms, train_labs)

7

8 # BEATLOTEC NAPAPETPOL

9 print (model.best_params_)

10

1 # AZioAdynon

12 print ("Train accuracy = " + str(model.score(train_dgms, train_labs)))
13 print ("Test accuracy = " + str(model.score(test_dgms, test_labs)))
14

Anotélecua

Random Forest + Persistence Landscape avédeite tnv kaAUtepn anddoon yia autd
TO MIKPS OUvVoAo dedouévwy. AkpiBela enéyxou ~ 70% — agidhoyo yia udNG 50
dlaypduuara eknaideuong! H anddoon BeATiveTal oNUAVTIKA e JeyalUtepa

oUvoAa JedoPEVWV. 81/85



Epunveia AnoteAeoudiwv (Interpretation of Results)

YUMBOUAEG MpakTikAG Epapuoyng
Mari Random Forest + Landscape; ® Xprion GridSearchCV yia

autéuaTn BeAtiotonoinon

¢ To Tonio emuovAG napéxel orabepn, UMEPNAPALETOwY

nAoUoia avanapdoTtacn NG TONOAOYIKNAG

BOAC G MOAANASE KNLAKES ® Apxikd dokiuaote Persistence

Image + SVM (kahr) icopponia

e To Tuxaio AGcog ekueTANeUETa TaxiTrac/anédoonc)

anorehecuarnkd noAudidorara

Siavuopara (1000 onueia avd tonio) * Na epappoyec Npayuarikou

xpovou: Silhouette 1| Betti Curve

* loxupdG ouvBUaoUAG via HIKPA cUvola (raxuTepoN)

5eS0uéVmV e NOAUSIACTATEG

QVaANapacTacec * Anoguyn k-NN + Bottleneck ce

peyAia cUvola (UMNOAOYIOTIKA
akpIBS)
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Mivakag Mepiexopévav

Yuvoyn



IUvoyn Evvoi@v (Summary of Concepts)

e Supervised Learning: MNIST, preprocessing, frain-test split, PCA

* Mertpikég: accuracy, precision, recall, F1-score, confusion matrix

* AAyépiBuor: K-NN, Naive Bayes, Logistic Regression, Decision Trees, Random
Forest, SVM

e Inuacia XapakmpPIoTIKAV: KEVIPIKF €0TIaon o€ pixels — unovooUuevn

TOMOAOYIK MANPOPOPIa

TPOXIEG SUVAMIKDV CUCTNHATAV WG YEVVATRIA SIAYPAUNATWVY EMUOVAG

Avanapaotdoeig: Landscape, Silhouette, Persistence Image

NMupnveg: SW, PWG, PSS, PF — yia kernel-SVM

OAokAnpwpévn Npooéyyion Méow Scikit-Learn + GridSearchCV yia

autdéuaTtn enioyn Pedddou

Kevrpikéd Mrjvupa
H TDA napéxel pn1é€c TONOAOYIKEC avanapactacels dedouévwy Nou unopouv va
eVowuaTwBoUV NARPWE o€ NAPAdoCIaKoUS aAYOPIBOUG UNXAVIKAG HABNoNG.
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YLAG EUXAPIoTW Bepud yia TNV MPOocoxr oag!

Epwtnoeic;

[TANEIIZTHMIO

Y ITATPON
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