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The feature vector for the i-th training sample.
y(i)' The label for the i-th training sample (+1 or —1).
The normal vector to the hyperplane.
The bias term (intercept) of the hyperplane.
|fﬂ" The norm of the vector f, ensuring normalization.
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from sklearn
from sklearn
from sklearn
from sklearn

# Generate a
X
# Train-test

# Create and

e dl> Jleo

svm import SVC
datasets_import n
model_selection import
metrics import

11 SVM Hard.py: J; 6

synthetic dataset
# Convert labels to {-1, 1}
split

train the hard-margin SVM.
SVC 'linear’

# Evaluate the model

precision

1.ee
1.ee

accuracy
macro avg

recall fl-score

1.00 .ee
1.00 .ee

.00
.00

support

6
9

15
15

weighted avg .00 15

Soft Computing 13
Hard-Margin SVM Decision Boundary (Margin: 0.85)
O Support Vectors -
34 —— Decision Boundary /,'
——- Margin +1 =
—=-- Margin -1
2 9
1
~N
g
s 0
&
-1
-2
”
—34-”
—2 =1 0 1 2
Feature 1
Formula of the decision boundary: ©.81 * x1 + -0.86 * x2 + ©.11 = @
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Kernel Equation Use Case
, .
Linear K =xx Linearly separable
, data
o2
RBF:Radial K — o 7||x X

Non-linearly

Basis Function separable data

Polynomial K = (]/x,x'—}—r)d Polynomial feature
relationships

Neural network-like
transformations

sigmoid K = tanh(y(x.x")+r)

Soft Computing

Oluidey 18 52 (ol 557

Pros
Simple, fast,

interpretable

Highly flexible

Flexible,
interpretable

Flexible

S5 ls
Cons

Limited to linear
relationships

Can overfit with
large y

High-degree
polynomials may
overfit

Less robust than
RBF
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Many SVM packages already have built-in multi-class classification functionality.
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One-vs-Rest (OVR): For K classes, train K binary classifiers.

Advantages: Simple to implement and Efficient when K is small.
Disadvantages: Overlaps in decision boundaries can occur and less effective for
imbalanced classes.

One-vs-One (OvO): For K classes, train K(K-1)/2 binary classifiers.

Advantages: Often performs better than OvR and More granular decision boundaries.
Disadvantages:Computationally expensive for large K, due to many classifiers.

Direct Multi-Class SVM (All-vs-All):
*A single optimization problem is formulated to classify multiple classes.
*This approach solves a large optimization problem for all classes simultaneously.
*Less commonly used due to computational complexity.

Soft Computing 21
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11 SVM Soft.py: ;6

g Eunction to train, evaluate, and plot SVM for different kernels
e
# Train the SVM model with a specific kernel

# Predict and calculate accuracy
# Plot decision boundary

# Test the function with different kernels

Soft Computing 22
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Feature 2

p 5 ddlo Jlio

Linear Kernel SVM (Accuracy: 0.87)

5 QO Support Vectors
25
4
0 28
3 20
2
15
10
v 1
-1 5
-2
] 1

Feature 1 Predicted label

True label

-

Kernel: linear, C: 1.8, Degree: 3, Gamma: ©.5
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Feature 2

-1
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’
px
K=e

Rbf Kernel SVM (Accuracy: 0.85)

(O Support Vectors
[} 26
1
-4 -3 -2 -1 0 1 2 3 4 0 1

Feature 1 Predicted label
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Feature 2

Py dwl> Jlo
K =(yxx'+r)

Poly Kernel SVM (Accuracy: 0.73)

5 (O Support Vectors

True label

Feature 1

Predicted label

poly, C: 1.9, Degree: 3, Gamma: scale, Coef@ (r

Soft Computing
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Feature 2
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K =tanh(y(x.x")+r)

Sigmoid Kernel SVM (Accuracy: 0.72)

O Support Vectors

True label

-3 =2 =1 0 1 2 3
Feature 1

Predicted label
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