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What /s machine learning?
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— Model ; : |
eee Train Set | Could be as simple as curve fitting!
eoo Test Set e

Epoch = 100

Typical applications In general:
e Classification

* Regression

 Dimensionality reduction

e Control
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Why Machine Learning?

Think about a simple decision tree:

Is the minimum systolic blood
pressure over past 24 Hr > 917

No
if blood pressure > 91:

| if age > 62.5:
Is sinus tachycardia present? Low Risk if sinus tach:

else:
High Risk else:



What /s machine learning?

Traditional programming

Input —» | Knowledge base & rules
Computation | —» Results Expert systems
Program —» Human input

Machine learning

Inpl-'t - . Features and result
Desired Computation | —® Program | ‘Decision’ system
— Limited human input

result


https://academic.oup.com/jamia/article-abstract/1/6/439/712679

Fla. Pa. Ohio N.C. Va. Wis. Colo. lowa Nev. N.H.

/0% Dem. BZ% Dam h4% Ren. 66% Dem. 96% Dam G~ % Dem. 6% Dem. 63% Rep. 65% Dam. R(% Dem.
Clinton has 693 ways to win Trump has 315 ways to win
If Clintoan wins Florida... If Trump wins Florida. ..

We probably don’t want to do code a complex decision tree by hands...
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ARTIFICIAL
INTELLIGENCE

Any technique that enables

computers to mimic
human behavior
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Al vs ML vs DL

Credit: Alexander Amini/MIT



Categories of machine learning

Learn from the labels Detect patterns in the data Learn from mistakes
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Categories of machine learning

Supervised Unsupervised Reinforcement

Classification Clustering Discrete

Naive bayes K-means Markov decision process

Support vector machine K-medoids Deep Q Network

Decision tree A2C

Random forest Dimensionality reduction A3C

K-Nearest Neighbor PCA

Logistic regression SVD Continuous

DDPG

Regression NAF

Linear

Generalized

... and many more... This list is iIncomplete!
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Linear Regression

Fit at iteration 18
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Ilteratively Optimizing the parameters in a
linear function

y=f(x) =wx+>b
Such that

L(y,y)

Reaches a minimum value.
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Classification: k-Nearest Neighbor

... Is a classification algorithm

... based on a voting process

Image source: Wikipedia
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Classification: Decision Tree @ Random Forest
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Classification: Logistic Regression

Logistic sigmoid function

P(x) =

I +e7X

Probability|output

—6 —4 —2 0 2 4 6

... IS a binary classification algorithm, not a regression algorithm
... Gives the probability of each class
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KMeans Iteration: 10

K-means clustering

Total Within Cluster Sum of Squares: 30379
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Support Vector Machine

... Is a classification algorithm

... does not provide
probabillities, but only output
class identities.
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... aims to find an optimal way
(perpendicular to the support
vector) to separate different
classes
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Animation source: GitHub.com/carefree0910
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http://GitHub.com/carefree0910

What is the machine actually learning?

Machine learning is an optimisation process



Learning: Optimizing the loss function

Objective: minimize the difference between predicted value the actual value

N
AN\ 2
LW, b) = — ; (y; = 9;) W, =W —aVZW,Db)
Initial
et Weight

! Gradient

,I,/

; High Learning Rate
Incremental /]

Low Learning Rate
>tep \ ’W1

| v
' \ d
! 2

' ‘41—._. - l‘ '_t;(:‘s:
’ “ 'o' L 1‘ "0
l.’ ‘)‘/ ‘\‘ ‘l' 'g .i. '0‘
I ’ 3 “ (_/":-;' FJ “ '0'
—/ Minimum COSt “s(——-—_—:’" “
Derivative of Cost .

17

Parameter ¢ Parameter ¢



A few more terms...

Train Validation Test

]

A A ny
Optimization of w
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The bias-variance tradeoff

The lower the losses, the better? Not really.

Values - Values

Time




What if the problem is more complicated?
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What if the problem is not so simple?
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Possible solutions:
- map into another space (kernel trick)
- Add more layers (deep learning)



Y Label

Kernel Trick

Data projected to R™2 (nonseparable)
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Data in R™3 (separable)
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