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Discriminating Fisher's iris data by using the petal areas

The Iris Dataset contains four features (length and width of sepals and petals) of 50 samples of
three species of Iris (Iris setosa, Iris virginica and Iris versicolor). These measures were used to
create a linear discriminant model to classify the species. The dataset is often used in data

mining, classification and clustering examples and to test algorithms.

Fisher (1936) Iris Data
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Iris Data (red=setosa,green=versicolor,blue=virginica)
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If we are going to do some machine learning — we had better get serious about what
does learning mean?

-Supervised discrete output (labels) Classification
-Supervised continuous output Regression

-Unsupervised discrete output (labels — cluster analysis)
-Unsupervised continuous output (ROM, manifold learning, density estimation)

Learning functions?
Learning structure?
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https://files.realpython.com/media/centroids_iterations.247379590275.gif
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lllustration of K-means algorithm from [Bishop 2006]



Kmeans Convergence
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Kmeans takes an alternating optimization approach, each step is guaranteed to
decrease the objective — thus guaranteed to converge

[Slide from Alan Fern]



K-Means

 An iterative clustering
algorithm

— Initialize: Pick K random
points as cluster centers

— Alternate:

1. Assign data points tog
closest cluster center

2. Change the cluster
center to the average
of its assigned points

— Stop when no points’

assW&ehange



K-Means

* An iterative clustering
algorithm

— Initialize: Pick K random
points as cluster centers

— Alternate:

1. Assign data points to
closest cluster center

2. Change the cluster
center to the average
of its assigned points

— Stop when no points’
assignments change
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K-means not able to properly cluster




Changing the features (distance function) @7

can help
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Example: K-Means for Segmentation . \-

K=2 K=3




Image segmentation
Goal: Break up the image into meaningful or
perceptually similar regions

M J"




Clustering gene
expression data

Eisen et al, PNAS 1998
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Proceedings of the UGC Sponsored National Conference on Advanced Networking and Applications,
27t March 2015

Brain Tumor Detection and Identification Using

K-Means Clustering Technique
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Department of Computer Science, SAAS College, Ramanathapuram, Email: malapraba@gmail.com
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Medical imaging — cancer tissue
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Fig (2): Comparison between Normal Blood and Leukemia



So that’s it for the time being with unsupervised learning, a few clustering methods — mostly kmeans,

But in your book are other interesting clustering methods in 5.4, 5.5, including tree methods and also
Gaussian Mixture models that are very popular.

Later we will also develop a spectral clustering method that is very general and powerful.

Also in unsupervised learning later we will do “manifold learning”.

But for now.....

We transition to supervised learning
15tin 5.6 we will cover Fischer’s Linear Discriminant (LDA)
2" in 5.7 on to support vector machines (SVM)

Then Chapter 6 a grandly popular method — artificial neural nets.
P,



Supervised Learning — Cat or Dog?




To distinguish cat’s from dogs — first it will be more efficient if we choose good (efficient) features.

(a) (b)

(c) (d)

Wavelets then PCA (SVD) will work well.
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Fischer’s Linear Discriminant Analysis LDA

[ ~

(a) : (b)
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LDA - is a supervised learning problem of type — classification. Assumption — the data are Gaussian within class.

Suppose two classes of observations have means i, f1; and covariances X, X1 . Then the linear
combination of features @ Z will have means @ f; and variances W' i for i = 0, 1. Fisher defined the
separation between these two distributions to be the ratio of the variance between the classes to the variance
within the classes:
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within W Xiw+w Yow  w (B +X)w
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the scatter matrices for between-class Ss and within-class Sw data
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Support Vector Machines (SVM) =5.7L. .5 c . —
Then ..
Nonlinear (kernelized) SVM (KSVML — gﬂ[j\ B g(,l/\ 0 '<0 r $S; ‘

/-—

Wide Margin Decision Hyperplane for
Supervised - Learning Classification

First a linear binary classification — decision boundary/hyperplane

black sheep

white sheep
N

T

sheep dog "y




o Instance space: x € X (|X| = n data points)
= Binary or real-valued feature vector x of word occurrences
= d features (words + other things, d~100,000+)
o Class:y € Y
= y: Spam (+1), Ham (-1)

Viagra Learning The
1 0 1
0 1 1

0 0] 0] 0 1 1
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Primal Problem:

minimize: £(z,s) = z||w||? — Y1 sayi(wlz; + b) + Y0 si
such that: s; > 0, V4

Dual Problem:

maximize: Lp(z,s) = Z L5l =g Z ! iy 5Jyzy](:c;r T5)
using: w = ) .| Si¥i%i, and D> - ;| S;y; = 0



The amazing Kernel trick — nonlinear SVM through a kernel and all dot products in the high dimensional space
Done through a kerekl function

— © [ 5 RT

Now, we define a kernel K : X x X — R, which can take different forms such

as:
 Linear kernel: K (z J =T T L

Kﬂ—(/\-e/( 5
w===¢ Polynomial kemel: K (z,%) = (;cT” )d é— E o & —

~|I2 — WL SL([ - 4 m,,.;Lrt C
* Gaussian RBF: K (z,7) = e~ §¢ g zc @ J
/ Consider the ‘polynomial kernel, for d = 2, X =" R%then we have: f 05 . Sem; -pegm

"-

v, ~A( " (/{>§:c,u,(,+'
K(z,z2) = (:L'fl?—lfél)d — < C ) ) ekl ch(jf,

I
- = (331531+3323~32+1)2 — b )=k L ¥) )
= mlml + 2:1312131 + 2299 + T1T1X2T9 —I— 1 A é’:éf
[ — g—

which interestingly can be re-written in terms of dot product.
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which interestingly can be re-written in terms of dot product:
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¢:R? > R®

¢(w1’x2) = (¢1(3§1,$2),¢2($1,$2),-..,¢6($1,$2)) ot tte K:R*xR? > R 7 [
C—— g— S— \ ::.: ° ¢ . .'.-._.::.. -~ -
where ¢ : X — H.

2iimn R

Note that X = R2 is the domain, and ? is the Hilbert space, which is (in

machine learning literature) the feature space, and a set of features ¢;, Vi, is
called dictionary.

C—

A major theme in machine learning is that sometimes things actually get
easier in higher dimensions !!!.
* A linear plane in high dimensional feature space H, may be a nonlin-
ear curves in the domain space. -
* H is a plane, with calcultis with dot products is legit.




The following, we introduce Mercer’s theorem, which generalizes spectral
decomposition theorem. — K ; f

w/ﬂ

Theorem 5.5.1 — Mercer’s Theorem— 5«2&;@ eef 7Fu;ﬂ~r A\ %cm/

.Let K € L2(X x X ?dzdZ < oo) such that T : Ly(X) — sﬂ( U
Lo(X) T)dZ 1s positive definite. If ¢; € L2(X ) is V-
— - e .2 g
. . . S pw =20
a normalized elgean with eigenvalues 0 < A\, < A9 < -+ - < Ay, Then
R : r+ X  d
- -
= > 2™
K(2,8) =Y Niti(2)9i(F) (5.20) e,
= e CLo )W) = Nedle | =
for almost every (x,Z). Where N3, = dim(#), and the convergance of K (z, %)
is absolute.

Mercer’s theorem itself is a generalization of the result that any symmetric positive-
semidefinite matrix is the Gramian matrix of a set of vectors.
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