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What to do with Data

We get a lot of data from and the data can affect:

e Agriculture
e Education
e Healthcare
Public Policy

Transportation

Anything else that you can think of.



What to do with this (these) data

How do we store this data?
What can we infer from this data?
Can we make decisions from this data?

Example: Twitter receives 6000 tweets per second which
amounts to 500 million tweets per day with a storage
requirement of 640 gigabytes. How big should be your RAM
to analyze this data?

We have finite time. We want quick - linear - sublinear.

We have finite memory. Limited sample size.



What to expect from this class?

e Develop algorithms to deal with such data deluge
1. Space and time efficient
2. With approximation guarantees é/‘
3. With parallel processing
e This is a theoretical course with emphasis on reasoning, proofs
and analysis
1. Relevant applications
2. Coding exercises
3. limited emphasis on software tools





What is the scope for this class?

This course is broadly divided into four topics that dominate
foundations of data science.

e Dimensionality Reduction
1. Singular Value Decomposition
2. Rank-k approximation
3. Principal Component Analysis
4. Pagerank and other eigenanalysis based algorithms

e Sampling, Hashing, Streaming and Distributed Computing

1. Data Streaming, Heavy Hitters, Count-Min sketch
2. Locality Sensitive Hashing
3. MapReduce





What is the scope for this class?

e Clustering
1. k-means Clustering, k-center, k-median
2. Graph Clustering, Spectral Clustering
3. Community Detection

e Optimization and Machine Learning

1. The Perceptron Algorithm

2. Support Vector Machines

3. Gradient Descent and Stochastic Gradient Descent
4. Convex Optimization



The Top 10 Algorithms of the Century

https://www.computer.org/csdl/mags/cs/2000/01/c1022.html

e Metropolis Algorithm for Monte Carlo

e Simplex Method for Linear Programming

e Krylov Subspace lteration Methods

e The Decompositional Approach to Matrix Computations
e The Fortran Optimizing Compiler

e QR Algorithm for Computing Eigenvalues

e Quicksort Algorithm for Sorting

e Fast Fourier Transform

e Integer Relation Detection

e Fast Multipole Method


https://www.computer.org/csdl/mags/cs/2000/01/c1022.html
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Test yourself and see if you are fit

Do you know what is an eigenvector?

Do you know what is the Bayes' Rule in conditional
probability?

Do you know what is a greedy algorithm? What is
divide-and-conquer?

Prerequisites for this class: Mathematical Maturity and Basic
Knowledge of Algorithms and Probability



Course webpage

For the workings of the class, let us check:
http://mazumdar.ucsd.edu/courses/AFDS/DSC190AFDS . html


http://mazumdar.ucsd.edu/courses/AFDS/DSC190AFDS.html

Dimensionality reduction and Singular Value
\ Decomposition wmﬁ
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Data sometimes reside in a lower dimensional space.

R
picture from mmds.org


mmds.org



Dimensionality reduction and Singular Value
Decomposition

There may not even be a linear model. Out of our scope for now.

picture from (40 Must know questions to test a data scientist )

https://www.analyticsvidhya.com/blog/2017/03/questions-dimensionality-reduction-data-scientist/
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Dimensionality reduction why care?

Discover important features in data/Remove useless features,
noise

Find correlation among data
Data interpretation and visualization

Easier storage and processing






Singular Value Decomposition

We want to find the ‘best low-rank approximatio} to data in
a well-defined sense.

Data: A and n X d matrix.
Say, n: number of images, d : number of pixel values per
images

Find the best-fitting k-dimensional subspace o << d

it s
‘best’: minimize the squared error from the points to the
subspace
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Singular Value Decomposition

First, we find the best fitting line
Then, we find the best-fitting line perpendicular to the first

Then, we find the best-fitting line perpendicular to the first
two

Find the best-fitting line perpendicular to the first k — 1

When k is the rank of the matrix, we get the singular value
decomposition of the matrix.



Singular Value Decomposition

. columns are the best fitting lines

U:

rows are the projection of rows of A towards those lines
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Singular Value Decomposition
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Singular values and Eigenvalues
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Therefore, singular values are eigenvalues of AT A.





Finding the singular vectors

The first singular vector v1: the best fit line. 4
Minimize the error = Maximize the projection
Projection of a; to v = (a;, v).
VA =
n
vy = arg maxz [(a;, v)|? = arg max || Av||3
v 4 y — v
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The first singular value

di1 =o01(A) = max |Av||2
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The second singular vector

e A orthogonal vector to vy, i.e.,
(vi,v) =0.

We write: v_Lv;.

e The greedy approach:

vz = arg max |Av|2
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The greedy algorithm

e The greedy approach: Weokim €

v, =arg max |Av||2
vivLl(vi,va,..,v,_1)

A) = ma Av|lz.
O'r( ) V:VL(Vl,VQ),(...,V,_l)H ”2

e The greedy approach gives the best solution.





SVD Example: movie rating

A contrived example from mmds . org
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Two genres: Sci-fi and Romance

can you find the gender-bias in contrived machine learning examples?


mmds.org



SVD Example: movie rating
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The singular vectors: Genres (concepts)





SVD Example: movie rating

Dimensionality reduction:
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A rank-2 approximation





