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AATAACGGCCCGATGAGGAAACGAACGGTCGCACT
AAGATGAGACATGTCCCGAAAGGTGCATAAGTTAT
GGACGAAAAACTTTCTTCGCCCTTTGATGTGCCCC
AGCGCGGEATGAGGATCAGCCCCCGCATTAGTTCA
ATATGCGAGCTTTCGCGLCTCGGAAAGGGCAATAAA
GCGACGGCCCCGATGAGGGGETGTTACTAGATTGGA
TGGGETGGTTCAGATCTCGGCTTACCCCCTTTATCA
ACCCTGCTACAGACTCGTTCAGAATGCTACGGATC
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Unsupervised learning patterns
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Quiz

» Why would one need clustering!?
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Hierarchical clustering
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Hierarchical clustering

Complete linkage
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Hierarchical clustering

Single linkage
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Hierarchical clustering

Average linkage
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Hierarchical clustering

Ward linkage
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Hierarchical clustering i
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Hierarchical clustering
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Partitional vs Hierarchical

Partitional clustering finds Hierarchical clustering creates a

a fixed number of clusters series of clusterings contained in
each other
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K-means
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K-means

argmincl,___,cK Z”xi — Cclosest to (i)”2
i
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K-means

argming, .. szi - Cclosest_to(i)Hz
i

 Need to find cluster centers cy.
C1 = ? ,Cy = 7 L, Cg = —
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argming, .. szi - Cclosest_to(i)Hz
i

 Need to find cluster centers cy.
C1 = ? ,Cy = 7 ,Cg = —

* Introduce latent variables (one for each x;)
a; = closest_cluster_center(i)
aq =7 , A9 =7 , A3z = =7 y vy Ap =7
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K-means

argming, .. szi - Cclosest_to(i)Hz
i

* For fixed ¢, we can find optimal a;
* For fixed a; we can find optimal cy.

* [terate to convergence.
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Fuzzy vs Hard
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Each object belongs to each
cluster with some weight
(the weight can be zero)

Slide © M.Kull,

Each object belongs to
exactly one cluster
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Gaussian Mixture Modeling

X ~ [N(uy,07) or N(py03)]

Given X, estimate u;, 0‘?
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Gaussian Mixture Modeling

X ~ [N(uy,07) or N(py03)]

Given X, estimate u;, 0?

== MLE
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Gaussian Mixture Modeling

X ~ [N(uy,07) or N(py03)]

Given X, estimate u;, 0?

= MLE
=) Expectation-Maximization (EM)
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SKLearn’s Clustering

from sklearn.cluster
import

Ward,

KMeans,

DBScan,

MeanShift,
SpectralClustering,

AffinityPropagation
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SKLearn’s Clustering A
from sklearn.cluster
import

Ward, Use feature vectors

KMeans,

DBScan,

MeanShift,

Use distance matrix
SpectralClustering,

AffinityPropagation
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Quiz

» Fuzzy clustering means that

» K-means finds a set of cluster centers, which
have the smallest

» K-means can get stuck in a local minimum
(Y/N)?
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Unsupervised learning patterns
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Canonical basis
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Alternative basis
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Alternative basis
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Linear Decomposition
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Linear Decomposition
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Linear Decomposition X
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Linear Decomposition

X = «0a1V1 -+ 04X %, + -4 X UVUm
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Linear Decomposition

X = a1V1 -+ 04X %, + -4 X UVUm

X =Va

IFI Summer School.
June 2014

—
N gy —
—

7
ENsIS ¢



}>’&
et}
I
"V
'\Oo

Y -I=

N
wn
-

Linear Decomposition

X = a1V1 -+ 04X %, + -4 X UVUm

x=Va
a ="
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Linear Decomposition B

X = a1V1 -+ 04X %, + -4 X UVUm

X =Va
a=V"x
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How do we find a good basis?
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Projection variance

AT
Pi =V X;
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Projection variance

AT
Pi =V X;

1 _
0F == (0= P)?
l
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Projection variance

AT
Pi =V X;

1 _
0F == (0= P)?
l

VY = argmax,, o,
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Pre-center data,so that p = v'x = 0
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Pre-center data,so that p = v'x = 0
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ANN .

Projection variance

AT
Pi =V X;

1 1
Op = Ez(pi)z = Ip||4
l
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Projection variance

AT
Pi =V X;
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Projection variance

Pi = vTxl
05 =
== | Xv||* = - (Xv)' (Xv)
1
= EvTXTXv = v
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Projection variance

AT
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Data covariance matrix
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Objective function

argmax, v' v

s.t.||v]]c =1
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NP

Optimization ey

argmax, v' v

s.t.||v]]c =1

Method of Lagrange multipliers...
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Optimization
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Method of Lagrange multipliers...
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Example

Xc = X — mean (X, axis=0)

Sigma = Xc.T * Xc / n

(= cov(Xc, rowvar=0))

lambdas, vs = ei1gh(Sigma)
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Example
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Example
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Principal Components Analysis

Principal components are the
eigenvectors of the covariance matrix.

V,A = eig(X)
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Principal components are the

eigenvectors of the covariance matrix.
V,A = eig(X)

For each PC, the corresponding eigenvalue
A; shows the amount of variance
explained by the component.
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Eigenvalue spectrum of X
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Principal Components Analysis i,,;“

Ost S

Data projection onto PC i:
P = XV,

Data projection onto multiple PCs:

X oroj = XV,

Data reconstruction from PC coordinates:

X ooV = X
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SKLearn’s PCA

from sklearn.decomposition

import PCA

model = PCA(n components=2)
model.fit (X)

X t = model.transform(X)

model.components [1, :]
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=1

SKLearn’s PCA

from sklearn.decomposition
import
PCA,
SparsePCA,
ProbabilisticPCA,
KernelPCA,
FFastICA,
NME',

DictionarylLearning,
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PCA: Geometric intuition

20

15 |

10 +

-10 }

-15 |

=20

-15

—-10

10

15

20

}>’&
et}
I
"V
'\OO

N R
2 I %

wv
2- | _BR N | 5
%& 1632

X ~ N(0,1)
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PCA: Geometric intuition

T 1 X~N(OU
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PCA: Geometric intuition

T 1 X~N(O

15 |
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-5 L .1'

XII
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PCA: Geometric intuition

T 1 X~N(O

5: _:._'-:' X'"=X-D-R

st ::\- : (X”)T(X”)
= (XDR)"(XDR)
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PCA: Geometric intuition

T 1 X~N(O
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PCA: Geometric intuition

T 1 X~N(O
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PCA: Geometric intuition
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PCA: Geometric intuition
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Quiz

» Principal components are of
the matrix.

» Eigenvalue spectrum shows how much
is explained by each

» If X = VAV, then
Xproj =
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