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How would you draw a line to separate the classes?
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Key idea: We try and find a plane that separates the classes in
feature space

Cell Shape Uniformity

Cell Size Uniformity

Tumor Class @ Benign ® Malignant

We will focus on binary classification for now and extend to multi-class problems later
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Separating hyperplanes

f(X) describes a hyperplane + visualizing for p = 2 dimensions
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f(X) > 0 for points on one side of the hyperplane @ 2 ——
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Given features X = (Xj, ...,Xp)T, assign numeric
label (Y = £ 1) based on f(X) £ 0

If Y; - f(X;) > O forall i, then f(X) = 0 describes a &
separating hyperplane.




Maximal margin classifier (MMC)

MMC = hyperplane that provides strongest separation

Among all separating hyperplanes, find the one that makes the
biggest gap or margin between the two classes.

Maximize@with respectto f = (5, ..., ﬂp)T subject to

Feature 2

T want do- drow @ dene Tl
manimices 2egorolfion froom befh.

2. y(Po+Prxy+ ...+ Px,) = Mforalli=1,...,n. 3

Recall : mw%um,w

Constraint #2 defines a (candidate) hyperplane
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Support Vectors

Points on the edge of (dashed) margins

The observations that lie on the edge of the margin are called
support vectors. These are the most critical data points; if you move
them, the hyperplane may move.

ﬁnts further from the margin have no influence on the classifier.
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Key Limitation: The MMC only works if the data is perfectly linearly

separable. What happens in the real world when classes overlap?

Feature 2
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Support Vectors in the wild

Linear Support Vector Classifier (Soft Margin)

What if the classes overlap? No separating hyperplane exists!

We can allow some observations to be on the wrong side of the margin (or even the
hyperplane). This is a "soft margin”. Introduces a trade-off:
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Feature 2

Visualizing the SVM Optimization Problem
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Feature 1

€ tells us where a point is located.

€ = 0: point is on correct side of margin

€ > 0: wrong side of margin
€ > 1: wrong side of hyperplane
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Visualizing the SVM Optimization Problem
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Support Vectors in the wild

Linear Support Vector Classifier (Soft Margin)

What if the classes overlap? No separating hyperplane exists!

We can allow some observations to be on the wrong side of the margin (or even the
hyperplane). This is a "soft margin”. Introduces a trade-off:

1. Maximize the margin width.

2. Limit the number of "margin violations”

Feature 2
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Large C: high tolerance for observations being on the

3. ¢,20and Z ¢<C How to choose C? wrong side
i=1

: little tolerance for observations being
on the wrong side.
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Tackling non-linearities using SVCs

Inner products and kernel functions (&) Lz pIo
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SVMs: more than 2 classes?
Two competing approaches

SVMs as defined work for K = 2 classes. What about K > 2 classes?
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Post-class debrief

Today we discussed...

The Core Idea: Find the Best Separating Hyperplane

Hyperplane: A line (in 2D), a plane (in 3D), or a flat subspace that separates classes.
Goal: Find the optimal hyperplane that creates the largest possible margin (gap) between the classes.

e Maximal Margin Classifier: Finds the hyperplane with the widest margin. Limitation: Only works for perfectly
linearly separable data. The points on the margin's edge are support vectors.

e Support Vector Classifier (Soft Margin): Allows some data points to be on the wrong side of the margin (or even
the hyperplane). The Cost parameter tunes the trade-off between margin width and the number of violations.

e Support Vector Machine (Non-Linear): Uses the kernel trick to create non-linear decision boundaries by implicitly
mapping features to a higher-dimensional space where they become separable.
SVMs for multi-class problems

® One-vs-One (OVO): Creates a classifier for every pair of classes.
e One-vs-All (OVA): Creates a classifier for each class against all the others.






