Boosting Decision Trees: Details

Running Adaboost on decision trees
D,: Assign uniform probabilities to training dea
Fort = 1 toNumBoostinglteration§

Sample §I/3 examples from training data with replacement,
according to distributiod, to getS

Train C4.5 on tha§ to get decision trelg,

Calculate error rate (fraction of misclassifications) of
(predictions file uses pruned tree)

CalculateD,,, for each example in the training set.

}

Output final classifier.
Test on test set.




CalculatingD,,,

D, (1) expt a,y,h (%))
Zt

Dt+l(i) =

Try boosting decision trees to recognize digit “8”

Issues: bag size, distribution of positive and negative
examples in a bag. You can experiment with different values
for these.

Optional: Try same thing to recognize “digit 8 or digit 4”

Optional: Try same thing to recognize “digit 9 vs. digit 4”
(limiting training/testing examples to instances of “4” and
55911).




Margins

After boosting forT iterations and evaluating the ensemble
classifier on the test set, calculate the margin of each exam
in the test set, and plot the cumulative margin distribution.
Do this for each boosting run (T =1, 5, 10, 50, 100). How
does the value of affect the margin distribution?

y ah(x)
margin(x, y) = t—a

Cumulative margin distribution: For each margin value
between 0 and 1 (on tkeaxis), plot the number of examples

in the test set that have margin less than or equal to this value.
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Figure 2. Cumulative margins for AdaBoost and arc-gv for
the breast cancer dataset after 500 rounds of boosting.




Any parameters or other issues I'm leaving out? All this stuff
easily automatable?

Decision-tree learning applet:

http://www.cs.ualberta.ca/~aixplore/learning/DecisionTrees/A
pplet/DecisionTreeApplet.htm




Intro to Unsupervised Learning

Reading: Chapter 12 (“Cluster Analysis”) in
I. Kononenko and M. KukaMachine Learning and
Data Mining(will be on e-reserve soon)

Supervised learning vs. unsupervised learning

» Supervised learningliscover patterns in the data that relate
data attributes with a target (class) attribute.

— These patterns are then utilized to predict the values of thg
target attribute in future data instances.

* Unsupervised learnindg he data have no target attribute.

— We want to explore the data to find some intrinsic
structures in them.
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What is Cluster Analysis ?

« Cluster: a collection of data objects
= Similar to one another within the same cluster
= Dissimilar to the objects in other clusters

« Cluster analysis
= Grouping a set of data objects into clusters

« Clustering is unsupervised classification: no
predefined classes

, - #%
'#l &&"% /I $'H % "0% & , - #%0%# !

Examples of Clustering Applications

* Marketing: Help marketers discover distinct groups in
their customer bases, and then use this knowledge to
develop targeted marketing program

* Insurance: |dentifying groups of motor insurance palicy
holders with a high average claim cost

« City-planning: Identifying groups of houses according to
their house type, value, and geographical location
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K-means algorithm

Input: k, D;
Choose k points as initial centroids (cluster centers);

Repeat the following until the stopping criterion is met:
For each data poixti D do
compute the distance frorto each centroid,;

assignx to the closest centroid;

Re-compute centroids as means of current cluster memberships
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Stopping/convergence criterion

1. no (or minimum) re-assignments of data points to different
clusters,

2. no (or minimum) change of centroids, or

3.  minimum decrease in tls&im of squared error(SSE),
k

SSE= . dist(x;m;)?
=1 J

34

Ci is thejth clusterm; is the centroid of clustet; (the
mean vector of all the data pointsQj), anddist(x, m;) is
the distance between data poirgnd centroidn;.
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« K-means demo




Example distance functions
o Letx; = (Vig, .-, Vip) @ndx; = (g, -, Vi)

— Euclidean distance:

— Manhattan (city block) distance

n
d; = ‘Viq - qu‘
g=1

Distance function for text documents

» Atext document consists of a sequence of sentarmmkgsach sentence
consists of a sequence of words.

e To simplify: a document is usually considered ag'baf words in
document clustering

— Sequence and position of words are ignored.
» Adocument is represented with a vector just likeemal data point.

» Distance between two documents is the cosine dditigée between their
corresponding feature vectors.
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Example: Image segmentation by k-means
clustering

From http://vitroz.com/Documents/Image%20Segmentation.pdf
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Learning theK in K-means

Weaknesses of k-means

» The algorithm is only applicable if theeanis defined.

— For categorical dat&-mode - the centroid is represented
by most frequent values.

* The user needs to speciy

» The algorithm is sensitive tautliers

— Quitliers are data points that are very far away from other
data points.

— Quitliers could be errors in the data recording or some
special data points with very different values.
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Weaknesses of k-means: Problems witll1
outliers

How to deal with outliers/noise in clustering?




Dealing with outliers

* One method is to remove some data points in the
clustering process that are much further away from the
centroids than other data points.

— To be safe, we may want to monitor these possible outliers ove
a few iterations and then decide to remove them.

» Another method is to perform random sampling. Since ir
sampling we only choose a small subset of the data poir
the chance of selecting an outlier is very small.

— Assign the rest of the data points to the clusters by distance or
similarity comparison, or classification

-

89### o( #3" 4

% HH#H# 7 % # #I




8 9 ### 9( #3" 4
. # # # # % #
89 ### 9( #3" 4
e (#% # # &%  #'*
"o # # - (%% # #3 - (# #41




K-means summary

Despite weaknessdsmeans is still the most popular
algorithm due to its simplicity, efficiency and

— other clustering algorithms have their own lists of
weaknesses.

No clear evidence that any other clustering algorithm perform
better in general

— although they may be more suitable for some specific type
of data or applications.

Comparing different clustering algorithms is a difficult task.
No one knows the correct clusters!
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Applications of hierarchical clustering?

Types of hierarchical clustering

* Agglomerative (bottom up) clusterint 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) clusterindt 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




Agglomerative clustering

More popular then divisive methods.

» At the beginning, each data point forms a cluster (also called
node).

* Merge nodes/clusters that have the least distance.
» Go on merging
» Eventually all nodes belong to one cluster

Example




Measuring the distance of two clusters

» Afew ways to measure distances of two clusters.
* Results in different variations of the algorithm.

— Single link

— Complete link

— Average link

— Centroids
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Average link and centroid methods
* 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 methodthe distance between two clusters is the
average distance of all pair-wise distances between the d3
points in two clustets

e Centroid methodin this method, the distance between two
clusters is the distance between their centroids




» Hierarchical clustering demo
 http://home.dei.polimi.it/matteucc/Clustering/tutorial _html/Ap
pletH.html

Cluster Evaluation: hard problem!

» The quality of a clustering is very hard to evaluate because
we do not know the correct clusters




Next time

Cluster evaluation
Finding holes
Model-based clustering: Gaussian mixture models

Expectation-Maximization algorithm




