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* Parametric classifiers
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Support Vector Machines

* A supervised learning method for both classification
and regression

e Key ideas:

— Maximize the margin between classes
— Support vectors
* |dentify support vectors to form the optimal hyperplane

— Kernel trick

e Convert a non-linear problem to a linear problem in a new
transformed space
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* For classification
* Goal: Search for the best separation hyperplane

* |dea: Maximize the margin® improve generalization
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Optional: Linear SVM
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Optional: Linear SVM

To find the best hyperplane:

e 2 T S
e Maximize T = minimize §|IWI|2

e Subject to:
yWw-x; +b)=1i=1,...,n
* j.e., all the training data is correctly classified

— n: number of training samples

11



Optional: Linear SVM — Lagrange Method

* How to solve an optimization problem with
constraints?

— Lagrange method:
Find the sattel point of the following equation:

n

Z Q‘i,’(y,' (U—: y f, + b) — 1)

=1

r

1 \UH Zu y; (W - Z; + D) +Za,

- =1

—with «; > 0 being Lagrange multipliers
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Optional: Linear SVM — Lagrange Method

ol n
* — =0 — Xy @fZ:O
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e OL |
(é)_b = — Z a;y; =0

1=1
* Lagrangian Dual Problem: (Kuhn-Tucker theorem)
Instead of minimizing over w, b subject to constraints

with a, we can maximize over a subject to these
relations for w and b!
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Optional: Linear SVM — Lagrange Method

* Primal problem:

min L, =

e Dual problem

maXLD—Za,——ZZa oYy (Z; - 75)

1=1 7=1

1=1
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Support Vectors

* In most cases, a; = 0

 If a; > 0, we have so called support vectors x;

—> . . . .
 wis alinear combination of support vectors

N
W = E ad;YiXi
i=1
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Soft Margin

* |dea:
— Allow also misclassification during training

— Improve generalization
X2 X2

> x1 16 > x1



Linear SVM with Soft Margin

To find the best hyperplane:

* Minimize QHUJHQJFC Zfz

e With relaxed condltlons
yw-x;+bh)=1-¢& i=1,...,nand & >0

e C>0is apenalty to errors
— Large C means less misclassification
— Small C allows large margin
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Nonlinear Classification

e |dea:

— Transform the training data € R" into another space R™
in which the problem is linearly separable

— Then apply linear SVM to solve it

— Usuallym >n

 Example: Monom transformation
d). RZ —>R3
2
(xl'XZ) = (x1»\/_x1x2» 2)

18



Nonlinear Classification

Input Space

Feature Space
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Optional: Kernel Trick

Problem:

Tranformation of data into a higher-dimensional
space and computation there can be expensive

But: remember'

1= 1 7= 1
=> All we do with x; and x; is computing the dot
product

Kernel trick: If our transformation is a kernel, we
have: K(x,y) = d(x) - (y)
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Optional: Kernel Trick

 Kernel trick: If our transformation is a kernel, we
have: K(x,y) = ¢(x) - p(y) => it defines similarity in
our higher-dimensional feature space!

* So, the function we optimize now is:

n n T
1 _ rr o o
max ) ;-5 Y oiogyiy K(T - 7))
. ,
i=1

T i=1 =1

* =>Very efficient
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Kernel Functions: Examples

e Scalarproduct:
Kx,y)=x"-y
* Polynomial:
K(x,y)=(x-y+c)*
e Radial Basis Function (RBF)

—|lx—y|?
K(x,y)=e 202
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Multiclass SVM

|deas:

— Decompose multiclass classification problem into multiple
binary classification problems

— Use the major voting mechanism to predict the target
Methods:

— One vs. rest
* N binary classifiers
e Class with the maximum score wins

— One vs. one

N . ..
. (2) binary classifiers
e Class with maximum number of votes wins
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Different Classifiers: Examples

* Parametric classifiers
— Logistic regression
— Support vector machines (SVM)
— Neural networks (NN)
* Non-parametric classifiers
— K-nearest neighbors
— Decision trees
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A Decision Tree

Decision Tree:
Should | accept a new

job offer?

Y B

decision nodes root node

salary at least
$50,000

leaf nodes
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A Decision Tree

Decision Node _—)»Root Node

------ e

Decision Node

|
v v

v v

T — e— s— e— w— w— —

Leaf Node Leaf Node Leaf Node Decision Node
N e e e e e o I
Leaf Node Leaf Node
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How to Construct

* Features are used for splitting

— Categorical, e.g., yes or no

— Continuous features, e.g., larger or smaller than a value
* But which features?

— Build the tree using a hierarchical approach, starting
from the root node

— Maximize the information gain

* When to stop?
— Maximal tree depth (hyperparameter)
— Maximal number of features (hyperparameter)
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Pros and Cons

* Pros:
* Easy to interpret and visualize

* Can handle both numerical and categorical data
(regression and classification)

e Can handle both linear and non-linear data
e Features do not need to be scaled or normalized

* Cons:
* Risk of overfitting
* Risk of bias toward frequent classes
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Random Forest

e A combination of several decision trees

4

 ‘Random’:
— Each tree uses only a subset of the features

— Each tree has access to a subset of the training data

&
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Learning Parametric Models
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Learning = Searching for a Function

* |Image classification:

= motorbike

/t/ Ju/

* Natural language processing:
— f(This book is great!) = positive
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Supervised Learning Framework

Set of functions:
f]_; f2) sy fn pOSitive

Training: Finding the
: * . v
EE R BN The best function f* MY

Testing:

This movie is great !

Training data
(Xll yl)l (XZI y2)r
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Functions of Neural networks

Input Layer 1 Layer 2 Layer N

X1 N N/
o L}}'g‘ L}"ﬁ "
vector }):’:‘{4 }):»:45 Y2 vector
X & y

T\ B
y=f(x)=oc(W"'..oW’oc(W'x+b")+b*)...+b")
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Supervised Learning Framework

Set of functions:
f]_; f2) sy fn pOSitive

Training:

Testing:

The best function f* y = F(x)

This movie is great !

Training data
(Xll yl)l (XZI y2)r
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Which function is the best function?

* Best function means best parameters
y=f(x)=oc(W"'..oW?’oc(W'x+b)+b*)...+b")

 The function itself depends on the parameter set
J(x)=f(x,0)
0={W'.b,W2,b°,.. Wb}

e Seach the best function f*

=) Search the best parameter set 0*
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Loss or cost function

* Define a function for the trainable parameters C(9)
— C evaluates how bad a parameter set is

— The best parameter is the one that minimizes C(0)
0" =argmin C(0)
6

— C(0) is called loss function
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Empirical risk minimization

* Given a finite set of training data
* Empirical risk = average loss on this training data

CO)=— 3 e(f(x),)
‘D (x,y)

‘11) 2 c(6)

(x,y)
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One Demonstrative Example of the Loss

* First consider that 6 has only one variable

Co)
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Gradient descent

* First consider that 6 has only one variable

Co)

42

Start at somewhere ...

When the process
stops, we will get the
local minima



Gradient descent

* First consider that 6 has only one variable

CO)
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Compute dC(6,)/d 6
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Gradient descent

* First consider that 6 has only one variable

* Randomly start at g,

) * Compute dC(6,)/d 6
Ne 6, < 6, —1dC(6,)/ db)
| . * Compute dC(g,)/d 0/

'}\.’.\/\J 0, < 6, —ndC(6,))/ db|

the gradients

6, 6, 6, 0
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Gradient descent

* First consider that 6 has only one variable

* Randomly start at g,
) * Compute dC(6,)/d 6
N\ 0, < 6,-ndC6,)/do
| s * Compute dC(\9,)/d 6

Y

\"’V\J 0, < 6,~nd€(6,)/ do

Learning rate

6, 6, 6, 0
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Learning rate

 Small learning rate = extensive training time

* Big learning rate = divergence

Big learning rate Small learning rate
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Gradient descent

Gradient descent can only help to find local minima,
NOT the global minimum

Co)
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Gradient descent

Now assume that 8 has two variables

e Randomly startat 6, = :95,93]
* Compute the gradients of C(8 )at 6,

vC(6,)=|06,/06",00; /96° |
 Update the parameters:
0, =0, -noC(6,)/06'
0> =0, -noC(6.)/96°
Compute the gradientsof C(0 ) at 0,

VC(6,)=|06/136",06; 106"

w— 6, =6,-nvC,)
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In Practice
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Build a Machine Learning Model

Al S A

A task

Preparing datasets

A model

A cost/loss function

An optimization procedure
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Build a Machine Learning Model

N O e

A task

Preparing datasets

A model

A cost/loss function

An optimization procedure
Output analysis
Deployment
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Learning Recipe

e Split the data in three parts

Validation Evaluation

Training Data

Data Data

Used for training and Used for monitoring Don‘t touch it
monitoring the performance and till the deadline
the performance tuning hyperparameters
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Learning Recipe

Good results
on the
training data

Modify the
training code

Good results Yes
on the cross
validation data

Prevent
overfitting
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Outline

e Models
* Learning
* Features
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Machine Learning Pipeline

Mapping
from
features

Features
Most

complex

features

Mapping
from
features
Features
Hand-
designed
program

Mapping
from
features

Features

Features

i Simplest

features

Learned
Features

designed
program

CIaSS|]caI ML Modern DL
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The Curse Of Dimensionality

* Many machine learning problems become
exceedingly difficult when the number of

dimensions of the feature space is high
* The number of possible configurations of features is
much larger than the number of training examples

— Think of k-nearest neighbors regression when testing on
a new data point

— |f the feature space is large, it isn't easy to find training
examples associated with this new data point
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Feature Selection
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Feature Selection

e Select a subset of relevant features
* Motivation:

— Features are redundant or irrelevant (noises)

* Advantages:

— To avoid the curse of dimensionality

— To simplify the models and make them more
understandable

— To shorten the training time
— To improve the generalization of the models
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Methods for Features Selection

* Wrapper methods, e.g.
— Greedy forward selection

— Greedy backward elimination

* Filter methods, e.g.
— Correlation based
— Mutual information based

* Embedded methods, e.g.

— Random forests
— LASSO methods
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Wrapper Methods

Feature Possible Subsets of Bed Classifiers |
Selection all the Features

\

e Use the classifier to estimate the relevance of the features

* Pros:
— Selected features are optimal for classification

* Cons:
— Time consuming
— Overfitting problem

All Features
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Filter Methods

All A Subset of
—_— i —_— Classifiers —_—
Features Filter all the
Features

e Evaluate the features independent from the classifiers
* |Individual ranking based on statistical test

* Pros:
— Robust against overfitting

e Cons:
— It could miss the most effective features
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Filter Methods - Examples

* Removing low variance features:

— Remove all features whose variance doesn‘t meet some
threshold

— By default: Removes all zero-variance features, i.e.,
features that have the same value in all samples

64



Embedded Methods

* Combine wrapper and filter methods

* |Integration of feature selection as a part of the
model construction, e.g., LASSO methods

e LASSO methods:

—introduce an additional penalty term based on
the absolute values of the coefficients (L1-norm)

— During training, irrelevant features will obtain a
regression coefficient close to 0

—In other words, features with positive regression
coefficients are automatically selected
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Feature Extraction or Construction
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Feature Extraction or Construction

* Transform the feature space to satisfy a set of
predefined criteria

* |tis not necessarily the same as dimensionality
reduction

— |t can be used for dimensionality reduction
* Two popular methods:

— Principal component analysis (PCA)
— Linear discriminative analysis (LDA)
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PCA

* Goal: A new space in which the transformation to
this space causes the least information lost

X2 4 22 A
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PCA

 |dea: learn a transformation so that the axes of the
new space have the maximum variances

X2 4 22 A
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PCA

* Can be used to reduce the dimensionality by
removing dimensions with smallest variances

X2 A 22 A
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PCA

* This method is linear and unsupervised

X2 4 Zz A
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LDA
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LDA
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LDA




LDA




LDA

e Minimize the variance within classes and maximize
the distance between classes

X21 Z




LDA

* Linear, supervised







Q&A?

Thanks for listening!
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