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What is Big Data?

Buzzword vs. Data-explosion trend [12]

Source: [6]



A definition for Big Data

��� �����

�	
 ���


�������

������

�������

����������������

�����

Source: Adapted from [6, 4, 11]



Big Data vs. Privacy

Big Data

Privacy

Information

Source: Based on [11]



Artificial Intelligence

Data Information Knowledge

“Knowledge from data through information”



Our vision
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What is Machine Learning?

• Machine Learning (ML) refers to a branch of the Artificial
Intelligence field.

• ML concerns to the study and construction of algorithms with
the ability to learn from the existing data:

“A machine learns to perform a task T if its performance as
measured by P increases with the experience E [1].

• Paradigms of learning:

• Supervised
• Unsupervised
• Semisupervised



Big Data and ML relation

• ML can be used to provide us with intelligent analysis of Big
Data.

• ML can contribute to every attribute of Big Data.

• ML has had to adapt to Big Data challenge:

• Becoming scalable from single-machine implementation to
cluster-of- machines implementations.

• Being able to do parallel-processing of large volumes of data.



Clustering
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Clustering algorithms

• Clustering algorithms to describe and discuss:

• K-means clustering
• Mountain clustering
• Subtractive clustering
• Fuzzy C-means (FCM) clustering
• Spectral clustering

• Assumptions:

• Number of clusters is known a priori.
• Euclidian distance is the similarity measure.



Artificial datasets
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K-means clustering I

• Input: n data points x1, x2, . . . , xn; number of clusters K .

• Output: Cluster centers c1, c2, . . . , cK ; membership matrix U.

• Steps:

1 Select randomly K data points from the dataset as cluster
centers c1, c2, . . . , cK .

2 Determine the entries uij of the membership matrix U:

uij =

{
1, ‖xj − ci‖2 6 ‖xj − cl‖2 , l 6= i
0, otherwise

3 Update the center of each cluster:

ci =
1
Ni

n∑
j=1

uijxj



K-means clustering II

4 Compute the cost function J:

J =

K∑
i=1

n∑
j=1

uij ‖xj − ci‖2

5 Repeat steps 2 to 4 until cost function J converges.



K-means clustering: Step-by-step
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K-means clustering: Sensitivity

0 0.5 1
0

0.5

1

Initial cluster centers

0 0.5 1
0

0.5

1

Result

0 0.5 1
0

0.5

1

Initial cluster centers

0 0.5 1
0

0.5

1

Result

0 0.5 1
0

0.5

1

Initial cluster centers

0 0.5 1
0

0.5

1

Result



Mountain clustering I

• Input: n data points x1, x2, . . . , xn; constants σ and β; number
of clusters K .

• Output: Cluster centers c1, c2, . . . , cK

• Steps:

1 Form grid on the data space. Let V be the set of all of the
points or nodes where the grid lines intersect each other.

2 Set i = 1. Compute the value of the mountain function mi at
each point v ∈ V as follows:

mi (v) =
n∑

j=1

exp

(
−
‖v − xj‖2

2σ2

)

where σ is an application specific constant.
3 Determine the point v at which the function mi reaches the

highest value and designate this point as the cluster center ci .



Mountain clustering II

4 Compute the value of the new mountain function mi+1 at each
point v ∈ V as follows:

mi+1 (v) = mi (v) − mi (ci) exp

(
−
‖v − ci‖2

2β2

)

where β is an application specific constant.
5 Set i = i + 1.
6 Repeat steps 3 to 5 while i 6 K .



Mountain clustering: Step-by-step (α=β=0.1)
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Mountain clustering: Grid fineness (α=β=0.1)
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Subtractive clustering I

• Input: n data points x1, x2, . . . , xn; positive radii ra and rb;
number of clusters K .

• Output: Cluster centers c1, c2, . . . , cK

• Steps:

1 Set i = 1. Calculate a density measure Di at each data point
xj as follows:

Di (xj) =

n∑
l=1

exp

(
−
‖xj − xl‖2

(ra/2)
2

)

where ra is a positive constant.
2 Find the data point xj with the hightest density measure Di and

designate it as the cluster center ci .



Subtractive clustering II

3 Calculate a new density measure Di+1 at each data point xj as
follows:

Di+1 (xj) = Di (xj) − Di (ci) exp

(
−
‖xj − ci‖2

(rb/2)
2

)

where rb is a positive constant.
4 Set i = i + 1.
5 Repeat steps 2 to 4 while i 6 K .



Subtractive clustering: Step-by-step (ra = 0.3,rb = 1.5ra)
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FCM clustering I

• Input: n data points x1, x2, . . . , xn; number of clusters c;
fuzzification parameter m.

• Output: Cluster centers c1, c2, . . . , cK ; membership matrix U.

• Steps:

1 Initialize randomly the fuzzy membership matrix U.
2 Calculate the cluster centers c1, c2, . . . , cc :

ci =

∑n
j=1 (uij)

m xj∑n
j=1 (uij)

m

3 Determine the entries uij of a new the fuzzy membership
matrix U:

uij =

[
c∑

l=1

(
‖ci − xj‖
‖cl − xj‖

)2/(m−1)
]−1



FCM clustering II

4 Compute the cost function J:

J =

c∑
i=1

n∑
j=1

(uij)
m ‖xj − ci‖2

5 Repeat steps 2 to 4 until cost function J converges.



FCM clustering: Step-by-step (m = 2)
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FCM clustering: Effect of m
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Spectral clustering I

• Input: n data points x1, x2, . . . , xn; number of k-nearest
neighbors; number of clusters K .

• Output: K clusters assignments

• Steps:

1 Create an adjacency matrix W = [wij ], i, j = 1 . . . n, for the
dataset based on the k-nearest neighbors approach.

2 Construct the degree matrix D = diag (d1, . . . , dn), where
di =

∑n
i=1 wij .

3 Compute the Laplacian matrix L = D − W .
4 Find u1,u2, . . . ,uK the first K eigenvectors of L with the

smallest eigenvalues, and form the matrix U = [u1,u2, . . . ,uK ].
5 Consider the rows of U as a new set of data poins

y1, y2, . . . , yn, and cluster them into K clusters using the
K-means algorithm.

6 Assign the original data point xi to the cluster k if and only if
the data point yi was assigned to cluster k .



Spectral clustering: Step-by-step (knn = 10)
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Spectral clustering: knn effect
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Clustering performance on Dataset B
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Deep Learning

• Emerging area of ML.

• Typically uses Artificial Neural Networks (ANN).

• It is about learning...

• with deep architectures,
• and overcoming problems of these arquitectures.



Deep Learning: Perceptron



Deep Learning: Multilayer Perceptron

Source: https://assets.toptal.io/uploads/blog/image/333/toptal-blog-image-1395721488746.png



Deep Learning: Autoencoder

Source: https://assets.toptal.io/uploads/blog/image/340/toptal-blog-image-1395769623098.png



Deep Learning: Stacked Autoencoders

Source: https://assets.toptal.io/uploads/blog/image/335/toptal-blog-image-1395721542588.png



Future work

• To implement Local Spectral Clustering (LSC) [?].

• To apply LSC on finding local community structures in large
networks.

• To attend Cornell’s Program for Research Experience:

• 2016 topic is Deep Learning
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