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SVM Homework

Linear Kernel

Number of SV: 623

Accuracy on training set: 68.15%

Accuracy on test set: 71.28%

Precision/recall on test set: 83.82%/33.84%

Training set: 

359 spam

601 not-spam

Test set: 

1454 spam

2227 not-spam

Confusion Matrix:

Predicted class

Spam       Not Spam

True class

Spam              492           962

Not-Spam          588           1641

SVM Homework

Polynomial  Kernel (d=3)

Number of SV: 0, b = 0

Accuracy on training set: 0%

Accuracy on test set: 60.5%

Precision/recall on test set: nan%/0%

Training set: 

359 spam

561 not-spam

Test set: 

1454 spam

2227 not-spam

Confusion Matrix (test set):

Predicted class

Spam       Not Spam

True class

Spam              0 1454

Not-Spam          0 2227
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SVM Homework

Radial Basis Function  Kernel 

Number of SV: 899

Accuracy on training set: 73.37%

Accuracy on test set: 61.29%

Precision/recall on test set: 100%/1.99%

Training set: 

359 spam

561 not-spam

Test set: 

1454 spam

2227 not-spam

Confusion Matrix (test set):

Predicted class

Spam       Not Spam

True class

Spam              29           1425

Not-Spam          0 2227

• Best generalization performance? 

• Number of support vectors related to generalization 

performance? 

• Evidence of overfitting? 

• Why is precision larger than recall? 

• Why is classification accuracy on test data sometimes higher 

than on training data? 
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Clustering, part 2

Hard to evaluate if we don’t already know the correct clusters

Types of evaluation

– Unsupervised:  

• cluster cohesion (compactness)

• cluster separation (isolation

– Supervised

• How well clusters match externally supplied class labels

How to evaluate clusters produced by k-means?
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Unsupervised evaluation measures

Example:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)
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Unsupervised evaluation measures

Example:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)

µµµµ2:(1,1)

µµµµ1: (2,5)
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Unsupervised evaluation measures

Example:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)

µµµµ2:(1,1)

µµµµ1: (2,5)

321 4
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Unsupervised evaluation measures

Example:

D: (4,3)

E: (4,2)

C: (3,4)

µµµµ2:(2,2.33)

µµµµ1: (3.5,3.5)

321 4
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A: (1,3)

B: (1,2)
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Unsupervised evaluation measures

Example:

D: (4,3)

E: (4,2)

C: (3,4)

µµµµ2:(2,2.33)

µµµµ1: (3.5,3.5)

321 4
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A: (1,3)

B: (1,2)

Unsupervised evaluation measures

Example:

D: (4,3)

E: (4,2)

C: (3,4)

µµµµ2:(1,2.5)

321 4
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A: (1,3)

B: (1,2)

µµµµ1: (3.67,3)
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Unsupervised evaluation measures

Example:

D: (4,3)

E: (4,2)

C: (3,4)

µµµµ2:(1,2.5)

321 4
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A: (1,3)

B: (1,2)

µµµµ1: (3.67,3)
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Supervised evaluation measures

• Entropy:  Degree to which each cluster consists of objects of a 

single class.   

Let pij =mij/mi, where mi is the number of objects in cluster Ci , mij

is the number of objects of class j in cluster Ci , and L is the 

number of classes.   Thus pij is the probability that a member of 

cluster Ci is in class j.  
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Examples:

Assume two classes.  

Entropy?

Entropy?

• Precision:  Fraction of a cluster Ci that consists of objects of a 

specified class j. 

• Recall:  Fraction of objects of class j that are contained in 

cluster Ci .

• F-measure: Extent to which a cluster Ci contains only objects 

of a particular class j and all objects of that class. 
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Example: Assume two clusters, Ci and Cj.  

What is f(Ci , j) if pij = 0?  

Ci Cj

What is f(Ci , j) if pij = 1?

Ci Cj

What is f(Ci , j) if one half the instances in cluster i are in class j?

Ci Cj

Finding the K for K-means

(“Cluster Cardinality”)

• How to decide K?

• Naive guess:  use K that minimizes 

unsupervised evaluation measures

– Problem? 

• Other ideas? 
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Cluster cardinality 

• One method:  impose a penalty for “model complexity” (i.e., 

too many clusters):

But, how to determine λ?  Can use information-theoretic 

arguments 

– e.g., “Akaike information criterion” – see textbook – where 

λ is set to 2Mk, where M is the dimensionality of the 

vectors.  

• Many other possible methods for determining K

])([minarg min kkRSSK
k

λ+=

Model-Based Clustering

• “Discriminative” vs. “generative” models

– Discriminative model: Find a discrimination “surface” that 

separates classes. 

– Generative model:  Assume data was generated by a model 

and attempt to recover that model. 

• K-means as a “generative” model

– Model is the set of centroids

– Assumes normal distribution and “spherical” covariance
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Normal (Gaussian) distribution

• Univariate:

• Multivariate 
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Adapted from Bing Liu, UIC 

http://www.cs.uic.edu/~liub/teach/cs583-fall-05/CS583-unsupervised-learning.ppt

Hierarchical Clustering
• Produce a nested sequence of clusters, a tree, also 

called Dendrogram.
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Applications of hierarchical clustering?

Benefits:  

– Deterministic.

– Don’t need to know the number of clusters ahead of time.

– Can assign document to more than one cluster 

Disadvantages: 

– Expensive 

Adapted from CS583, Bing Liu, UIC 38

Types of hierarchical clustering

• Agglomerative (bottom up) clustering: Builds the 

dendrogram (tree) from the bottom level, and 

– merges the most similar (or nearest) pair of clusters 

– stops when all the data points are merged into a single cluster 

(i.e., the root cluster). 

• Divisive (top down) clustering: Starts with all data points 

in one cluster, the root. 

– Splits the root into a set of child clusters. Each child cluster is 

recursively divided further 

– stops when only singleton clusters of individual data points 

remain, i.e., each cluster with only a single point 



5/11/2010

20

39

Agglomerative clustering 

More popular then divisive methods.

• At the beginning, each data point forms a cluster (also called a 

node).  

• Merge nodes/clusters that have the least distance.

• Go on merging

• Eventually all nodes belong to one cluster

Adapted from CS583, Bing Liu, UIC

CS583, Bing Liu, UIC 40

Example
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Measuring the distance of two clusters

• A few ways to measure distances of two clusters; results in 

different variations of the algorithm.

– Single link

– Complete link

– Average link

– Centroids

Adapted from CS583, Bing Liu, UIC

CS583, Bing Liu, UIC
42

Single link method
• The distance between two 

clusters is the distance 

between two closest data 

points in the two clusters, 

one data point from each 

cluster. 

• Greedy

• It can find arbitrarily shaped 

clusters, but

– It may cause the undesirable 

“chain effect” by noisy points

Two natural clusters are split 

into two
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CS583, Bing Liu, UIC 43

Complete link method
• The distance between two clusters is the distance of two 

furthest data points in the two clusters. 

• Results in preference for compact clusters. 

• However, is sensitive to outliers because they are far away
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CS583, Bing Liu, UIC 45

Group-average agglomerative clustering
• Average link: A compromise between 

– the sensitivity of complete-link clustering to outliers and 

– the tendency of single-link clustering to form long chains 
that do not correspond to the intuitive notion of clusters as 
compact, spherical objects. 

– In this method, the distance between two clusters is the 
average distance of all pair-wise distances between the data 
points in two clusters. 

Centroid clustering

• Centroid method: In this method, the distance between two 

clusters is the distance between their centroids
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Examples

Single Link:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)
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Complete Link:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)

3
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Average Link:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)
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Centroid:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)
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Examples

Single Link:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)
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Complete Link:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)

3
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Average Link:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)

3
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Centroid:

A: (1,3)

B: (1,2)

D: (4,3)

E: (4,2)

C: (3,4)
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• Hierarchical clustering demo

• http://home.dei.polimi.it/matteucc/Clustering/tutorial_html/Ap

pletH.html

Divisive Clustering

• See Section 17.6


