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A brief history of Learning

Non-linear modelsLinear models

➢ Vladimir Vapnik & colleagues
➢ VC Theory (1960-1990)
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A binary classification problem
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➢ How do SVMs estimate the 
separating line?



The 3 different types of SVMs
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Which line best separates the 2 classes?

➢ Best = good generalization performance
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Maximal/Hard Margin Classifier (1)

➢ Always scale your data before using SVMs! 6



Maximal/Hard Margin Classifier (2)
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Issues with the Hard Margin Classifier

➢ Perfect separation is achievable but not desirable in presence of outliers 
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Soft Margin Classifier
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Recap: Variance-bias trade-off
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Cost parameter controls the variance-bias tradeoff

➢ Shiny example on GitHub 11

https://github.com/bblodfon/mlr3tests/tree/main/shiny-svms


Modeling non-linear relationships

x3
2 = x1

2 + x2
2

➢ Difficult to find such non-linear transformations
➢ More features added => computationally expensive

➢ Separating hyperplane exists!

Figure 14.6 from Hands-on machine learning with R. Chapman and Hall/CRC, 2019.
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How to enlarge feature space in a computationally efficient way using 
the kernel trick

Nice video to check => https://youtu.be/Q7vT0--5VII

➢ Popular kernels
○ Linear => Soft Margin 

Classifier
○ Polynomial (degree d)
○ Radial (gamma γ)
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https://youtu.be/Q7vT0--5VII


SVM with Radial Kernel vs Random Forests

Figure 14.7 from Hands-on machine learning with R. Chapman and Hall/CRC, 2019.

➢ Radial Basis Kernel
○ Most frequently used
○ Captures smooth decision 

boundaries (γ decides how 
smooth)

○ Equivalent transformation 
doesn’t exist! (enlarged space 
has infinite dimensions)
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Summary: SVMs
➢ Mainly used for classification

○ Support Vector Regression (SVRs)
○ Multiclass SVMs (one-vs-all, one-vs-one)

➢ Always guaranteed to find a global optimum
➢ SVMs attempt directly maximize generalizability (maximize margin idea)
➢ Robustness to outliers (soft margin)
➢ Flexibility in modeling nonlinear relationships (kernel trick)
➢ Slow to train on large datasets (n >> p)
➢ Only class predictions, no class probabilities!
➢ Less interpretable

○ SVM weights
○ Permutation Importance (model-agnostic)
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Thanks for your attention!
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http://tiny.cc/svm-intro

http://tiny.cc/svm-intro

