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2. Machine Learning (ML)

2.1. Supervised Learning

2.2. Unsupervised Learning

2.3. Semi-Supervised & Self-Supervised Learning

2.4. Reinforcement Learning (RL)

2.5. Probabilistic & Bayesian Learning

2.6. Graph-based Learning

2.7. Representation Learning

2.8. Federated, Online & Data Stream Learning

\ / Machine Learning (ML)

.1. Supervised Learning

Machine Learning

Types
Unsupervised Semi-supervised
Learning Learning
: Limited Categorical
No Target Variable Target Variable
Clustering Association Classification Clustering
Customer Market Basket Fraud Lane- Finding
Segmentation Analysis Detection on GPS Data

Reinforcement

Learning
I
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Categorical No Target
Target Variable Variable
Classification Control
Optimized Driverless

Marketing Cars
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Machine Learning

Types
Single .
g ensemble Deep Reinforcement
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Non-NN NN Bagging Boosting Stacking Model-Free Model-Based Deep
LR, DT, NB . .
el Perceptron, Adaboost, StackingClassi FNN, CNN, Q-Learning,
o, KN Hebbian, RF, Extra GBM, fier, Super GNN, RNN, SARSA, DVT‘LfiéV'CTS' oan, PO,
! ! Elman, ... T Xgboost, ... Learner, ... GAN, AE, ... REINFORCE, ... IEEL oo T

Self-supervised Learning, Graphical Models, and Probabilistic ML?! Maybe Later!



—

Single Shallow Non-NN -
* Supervised SUPCIEREN
. DT '°"°‘; e
. NB
SRR LS lmod (o SG0 5 K
v 1oy 10 g9 coiilo
* Liner Regression gs"""’ dS-.'.*")f)

* Unsupervised
* K-Means

* DBSCAN :DBSCAN

‘K-Means



R

Single
(Shallow)

,—I—

Single Shallow Non-NN

LR, DT, NB,
SVM, KNN, K-
Means, DPC,

e Supervised o als 1 Vg wliol y3 0318 (G il ol S 3
T Jlosia| (2 yiion b comz 1 S g 2 ool s Jloil 0 pd @ s i

NB J

KNN Wiz 0010 s 1 diged ¢ ;90 H ez 2 1S ot (9 iS00 5 K

SVM oS 5B S aiges 1y 5 S30 3 5 abiold i b 50 ks 1y locilin 510 0 iilo

Liner Regression o0 1y bla gaon 5l & 900 ‘ssdml.é Oy oS Ao [RZES ,o|..\5 G‘o& UW;)

e Unsupervised
e K-Means it s 001 3l (aSileo adgs 35150 95,18 Blai 35 po op yiSu0 35 4 abati » (K-Mleans

* DBSCAN bl 451y bl 1y baiss sawiis :DBSCAN



x2 O 0 Single
-— (Shallow)
° ° ° °
e ® Non-NN
Ingle snallow Non- '
Support Vectors (Class -1) - LR, DT, NB,
SVM, KNN, K-
x2 o o Means, DPC,
. e e °
*S d :
upervise -
° DT Support Vectors (Class -1) Support Vectors (Class +1) x1
* NB . -
Iteration: 7 2
24 w0
. 0 0
* KNN N
ol 2 ® g
2 =
* SVM ] g
X
k=5 1% o .
o ® -
3x 8
* Li R [ y 8
INer hegression 2
Predict : : A 8 .
. = T T T
PY U d @ = 155 160 165 170 175 180 185 190
nsupervise
) K_ IVI Outlook | Temp | Humidity | Windy Play?
eans o - _ |
Outlook | Temp | Humidity | Windy Play? query: Rainy Cool High TRUE 2w ‘
> Rainy Hot High False. No ‘ Play No 3/5 1/4 4/7 3/6 e
[ ] D B S CA N Rainy Hot High True. No ‘ Play Yes 2/5 3/4 3/7 3/6 N
Overcast Hot High False. Yes \
B C ™y Sunny Mild High False. Yes N
“ HR > hry Sunny Cool Normal False. Yes query: Rainy Cool High TRUE Multiply \
HR < hrg Sunny Cool | Normal | True. No PlayNo  0.60%  0.25%  0.57%  0.50% 0.0000000004286
‘ux? A Overcast Cool Normal True. Yes Play Yes 0.40% 0.75% 0.43% 0.50% 0.0000000006429 Yes 60.0%
- A BR < bry - BR > bryf Rainy Mild High False. No
= _é: - Rainy Cool Normal False. Yes
E ¥ Ix" BR < bry x Sunny Mild Normal False. Yes
2 H Rainy Mild Normal True. Yes
br br: BR > br, Overcast Mild High True. Yes
breathing r:te (BR; x Overcast Hot Normal False. Yes
Sunny Mild High True. No




Bias

OB amthen

Hasty Generalization Fallecy

& - - - - = & --
!La.w.y Jlgpddwmudg ANECDOTAL EVIDENCE
ISNT VALID. NES \T \87 T ONCE
USED AN ANECDOTE AS
Population EVIDENCE, AND LATER
YT TURNED QLT T

WAS RICHT./

Sample




Variance

0.8 1

0.7 1

0.4 1

0.1




S——
——

Bias & Variance m e s

lL.ow Bias Low Variance [‘Ilgh Bias Low Variance - LJ”JL.’.)‘S 9 wle.l.?

9y B g SuSly
Caordlg 4y G Joo

low bias high bias
o A A
§ fa(x) fo(x)
3
Low Bias High Variance High Bias High Variance 5
g 7®) 5(x)
W=
s
>
5
=

=




Bias & Variance

Underfitting Just right Overfitting

* High training error * Training error slightly « Very low training error

Symptoms | « Training etror clos to test lower than test error « Training error much
error lower than test error

+ High bias » High variance
Regression
illustration

Classification

illustration
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Bias & Variance
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Underfitting Just right Overfitting

* High training error * Training error slightly « Very low training error

Symptoms | « Training etror clos to test lower than test error « Training error much
error lower than test error

+ High bias » High variance
Regression
illustration

Classification

illustration
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Bias & Variance
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Split 1
Split 2
Split3
Split 4

Split 5

Cross Validation

Final evaluation {

All Data
Training data Test data
Fold1 || Fold2 || Fold3 || Fold4 || Folds |
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
) > Finding Parameters
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold5 | /

Test data
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k-fold CV

Stratified k-fold CV

Leave-One-Out CV (LOOCV)

Repeated k-fold CV

Hold-out (train/validation/test split)
Time-series (forward chaining/ rolling-origin) CV
Nested CV

Monte Carlo (Random) CV / ShuffleSplit

Group k-fold CV
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Ensemble Models

* Ensemble Strategies
* Bagging
* Boosting
e Stacking
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Ensemble Models

* Ensemble Strategies

* Bagging (bootstrap aggregating)

* Boosting
e Stacking
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ensemble

Ensemble Models
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Ensemble Models
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Ensemble Models
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ensemble

Ensemble Models

RF, Extra Adaboost, StackingClassi
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Ensemble Models

* Ensemble Strategies

* Bagging
* Boosting
 Stacking
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Ensemble Models

* Ensemble Strategies
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ensemble

Ensemble Models

RF, Extra Adaboost, StackingClassi
s GBM, fier, Super
o Xgboost, ... Learner, ...

 Ensemble Strategies Bagging, Boosting, Stacking

Boosting
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Ensemble Models (NN

* Ensemble Strategies

ensemble
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