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Administrivia

http://www.cs.duke.edu/courses/fall15/compsci590.4/

Wed/Fri 3:05 - 4:20 PM
“Reading Course + Project”

— No exams!
— Every class based on 1 (or 2) assigned papers that students must read.

Projects: (50% of grade)

— Individual or groups of size 3-4

Assignments: (30% of grade)

— There will be 3 assignments
Class Participation: (other 20%)
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Administrivia

* Projects: (50% of grade)

— ldeas will be posted in the coming weeks

e Goals:

— Literature review
— Some original research/implementation

* Timeline (details will be posted on the website soon)
— Sep 25: Choose Project (ideas will be posted ... new ideas welcome)
— Oct 2: Project proposal (1-4 pages describing the project)
— Oct 30: Mid-project review (2-3 page report on progress)

— Nov 20: Final presentations and submission (6-10 page conference style
paper + 15minute talk)
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Why you should take this course?

* Industry, academic and government research identifies the
value of analyzing large data collections in all walks of life.

—  “What Next? A Half-Dozen Data Management Research Goals for Big
Data and Cloud”, Surajit Chaudhuri, Microsoft Research

—  “Big data: The next frontier for innovation, competition, and
productivity”, McKinsey Global Institute Report, 2011
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Why you should take this course?

Very active field and tons of interesting research.

We will read papers in:

Databases
Distributed Systems
Theory

Machine Learning
Privacy/Security
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Why you should take this course?

* Intro to research by working on a cool project
—  Read scientific papers
—  Formulate a problem
—  Perform a scientific evaluation
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Today

e Course overview

* An algorithm for sampling

Lecture 1:590.04 Fall 15 8 DUke

UNIVYERSITY



INTRODUCTION
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What is Big Data?
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VOLUME

Large amounts of data.

VELOCITY

Needs to be analyzed quickly.

VARIETY

Different types of structured
and unstructured data.

WHAT ARE THE VOLUMES OF DATA
THAT WE ARE SEEING TODAY?

30 billion pieces of content were
added to Facebook this past month
by 600 million plus users.

MzZynga

Zynga processes 1 petabyte of content
for players every day; a volume of data that is
unmatched in the social game industry.

You [l

More than 2 billion videos were
watched on YouTube... yesterday.

The average teenager sends 4,762
text messages per month.

Y

32 billion searches were performed
last month... on Twitter.

WHAT DOES THE FUTURE LOOK LIKE?

Worldwide IP traffic will
quadruple by 2015.

\\’ ;’/l" \’ 7,,.//‘ \’ ,,./"’ "\.Qf v /‘

By 2015, nearly
3 billion people
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will be online, pushing the data
created and shared to nearly
8 zettabytes.

http://visual.ly/what-big-data D I
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Everyday business i nenai s o
and consumer life
creates 2.5 quintillion et

Kev questions
Y 4 bytes of data per day. e
$3.2 billion in 2010 to $16.9

enterprises are asking
about Big Data: o1 o e

How to store and protect big data? $3.2 bilion

How to backup and restore big data?
58% of respondents expect their

How to organize and catalog the data e 4
() ¢ companies to increase spending
that you have backed upr L on server backup solutions and
How to keep costs low while other big data-related initiatives
within the next three years.

ensuring that all the critical data
is available when you need it?

— )

2012 2011 2010

2/3rds of surveyed

0 .
90 /CI) dOf tge dﬁ ta Il? the businesses. in North America
b to. o) said big data will become a
created in the last two concern for them within the
years alone. next five years.

http://visual.ly/what-big-data D I
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3 Key Trends

Increased data collection

(Shared nothing) Parallel processing frameworks on commodity
hardware

Powerful analysis techniques at both the population and
individual levels
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Big-Data impacts all aspects of our life

Web Images Video™™ News Maps more »

A
<
velociraptors L
site:imdb.com 'jurassic park”
raptors
d[DI My Yahoo! | Make Y! your homepage = Feb 23, 2 £ Hi, Michael v Enjoying the sunshine SignOut ~ Page Opsons
Web | ireges | Video | Local | Shopping | More
utal
AHOO! ——

ho ¢
sec

MY FAVORITES 4 Add TOP SEARCHES «Prev  Nexts»
SUN £9] vanoo sites > 1. Blagojevich 6. JayLeno

2w 7. Jesse Jackson Jr
" >

IOb B — 3. The Biggest Loser 8. Robert Pattinson
robr Weather (72 > 4. Oprah Winfrey 9. Casey Anthony
s|te m Finance (Dow}) » 5. Oil Prices 10. Twilight

— + More Top Searches
lear B seons ’  Sights to see before you die
big: Bl e » | Ageboromng et urtec s 10 Tonrisrgcns s IEHABEINEVVIZOIORX

F unforgettable spots that belong on - Great family desinations.

tirg | B8 oreeee > || yourlst » Pucesofimmensbenuty - Findvacaonpaciae e REINVENTING THE VEHICLE

#b1 eBay (2 > >
e o L, TR
4 ocal ‘: Rhannaatthe 10 -T.n;m r.;‘r-,( m‘c.

or ushrosy ,| | velore Grammys  midssorlss | invisons
E . Next »

how @ wr rimes
dor @ Shopping
can [ Facevook

NEWS  WORLD

how & ove
L — | b veuw
B @ e

Y wetnix
() wirea
BB amazon

&2 wan

& info

Other Pages
K7 Facebook Live
€] unks

W) Uvestream

Mare -
3,040,322
oeople like this
Likes See A
PPN van Ness wu
S by
‘ Tiffani Thiessen
* Shiri Appleby

SAN FRANCISCO  FINANCE

&

Everyone - Celebs on Facebook

Celebs on Facebook

What do you think Lady Gaga will wear to this year's GRAMMY
Awards on Sunday Feb 13th?
1 Fire

4

[ 3

€ 213 people ke this.

=) View all 188 comments

(% Celebs on Facebook
We've got a new frienc! Alyssa Milano shows her love for her furry friends.

See more pictures and connect with Alyssa at
ntep. / fwww. facebook.com/ AlyssaMilano

1 Love Animals

By: Alyssa Miano

%% Feedback

& - Share

¥ 599 people fike this.

= View all 50 comments

You and Celebs on Facebook

48 20 friends ske this

Y Sara Bareilles, The Colbert Repart,
Barack Obama

Recommended Pages See AY

Tubing

Lasya Pishchevskaya and 2 ather
friends like this.

o) Like

Sponsored Create an Ad
x
New LP from Vice
Records' Win Win,
featuring XXXChange,
Ghostdad, & Devin, s
out next week. Like
their page and pre
order it now.
&9 Like - 143 people like tais.

Drink Eat Play SF %
— Add your profile to get
updates on cur
upcoening Bay Area
Brew Fest, 80s Prom,
Cupcake Challenge and

&5 Like - 201 people like this.

429inspired San Francisco x
glaad & do1429 host
afterwork Open bar &

Lecture 1 :590.04 Fall 15

i
.I_.

DATA-DRIVEN JOURNALISM = PROCESS

STORY

. VISUALIZE

Wns Ly, 3600

Mowtnsiin 3 8 Swwr CEBY IS

O ee—— Y



The value in Big-Data
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The value in Big-Data ...

il ATET = 4:10 PM

{

INsTANT ECG If US healthcare were to use big data

1ANESTHESIA |1

creatively and effectively to drive efficiency

and quality, the sector could create more than

INSTANTECG.ORG , ,

$300 billion in value every year.

McKinsey Global Institute Report
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Example: Google Flu

googl e Org Flu Trends Language: [ English (United States)

Google.org home Explore flu trends around the world

Dengue Trends ) . o
fgue encs We've found that certain search terms are good indicators of flu activity. Google Flu Trends uses aggregated Google search data
Flu Trends to estimate flu activity. Learn more »

Home

[ Select country/regior l-ﬂ

How does this work?
EAQ

Flu activity
I Intense

I High

I Moderate

Low

Minimal

Download world flu activity data - Animated flu trends for Google Earth - Compare flu trends across regions in Public Data
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01:00 02:00 03:00 04:00

Pulse of the Nation:
U.S. Mood Throughout the Day inferred from Twitter

All times are Eastem Standard Time (EST) T I N
Happier

Mood Variations

06:00 8:00 0000 06:00
Time of Day Time of Day

Weekly Variations

Northeastern University :
College of Computer and Information Science * HARVARD UNIVERSITY $
Center for Complex Network Research *

16:00 15:00 14:00 13:00

s bt TR Bt S

http://www.ccs.neu.edu/home/amislove/twittermood © 201C Mislove!, Sune Jukka € J. Nie

http://www.ccs.neu.edu/home/amislove/twittermood/ I uKe
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Course Overview

We will learn strategies for handling data that is ...

large
fast

sensitive

R

partitioned

... and along the way we will learn a number of useful tricks.
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Course Overview

Strategy 1: Compute approximate answers on large data

e Sampling
— Reservoir Sampling
— Sampling with indices/Joins
— Monte Carlo method
— Markov Chains
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Course Overview

Strategy 2: Compute approximate answers on fast data

* Streaming
— Sketches
— Online Aggregation

— Online learning
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Course Overview

Strategy 3: Throw a lot of hardware at large data

» Parallel Architectures & Algorithms
— Map Reduce

— Graph processing architectures : Bulk Synchronous parallel and
asynchronous models

— (Graph connectivity, Matrix Multiplication, Belief Propagation
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Course Overview

Strategy 4: Add noise to handle sensitive data

e Computing under noise
— Differential privacy
— Histograms
— Range queries
— Sorting

Duke
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Course Overview

Strategy 5: Join partitioned data

e Joining datasets & Record Linkage
— Theta Joins: or how to optimally join two large datasets
— Clustering similar documents using minHash
— Correlation Clustering
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SAMPLING
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Why Sampling?

* Approximately compute quantities when

— Processing the entire dataset takes too long.
How many tweets mention Obama?

— Computation is intractable
Number of satisfying assignments for a DNF.

— Do not have access or expensive to get access to entire data.
How many restaurants does Google know about?
Number of users in Facebook whose birthday is today.
What fraction of the population has the flu?

Duke
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Zero-One Estimator Theorem

Input: A universe of items U (e.g., all tweets)
A subset G (e.g., tweets mentioning Obama)

Goal: Estimate u= |G|/| U]

Algorithm:

* Pick N samples from U {x1, x2, ..., XN}
* For each sample, letYi=1if xi € G.

e OQutput:Y=2Yi/N

Theorem: Let £ < 1.5. If N> (1/u) (3 In(2/6)/€?), then
Pr[(1-€) pu<Y < (1+&)u] > 1-6
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Zero-One Estimator Theorem

Algorithm:

* Pick N samples from U {x1, x2, ..., XN}
 For each sample, letYi=1if xi € G.

e OQOutput:Y=2Yi/N

Theorem: Let £ < 1.5. If N > (1/u) (3 In(2/8)/€?), then
Pri(1-€) u<Y < (1+&)pn] > 1-6

Proof: Homework
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Estimating multiple properties

* Suppose there are ‘m’ subsets of interest G1, G2, ..., Gm
* Goal: Estimate pi = |Gi|/|U]| for all i

* How many samples do we need?
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Estimating multiple properties

Suppose there are ‘m’ subsets of interest G1, G2, ..., Gm
Goal: Estimate pi = |Gi|/|U]| for all i

How many samples do we need?

Answer: N > (3/pe?) (In m +In(2/6)), where p = min, pi
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Simple Random Sample

* Given a table of size N, pick a subset of n rows, such that each
subset of n rows is equally likely.

 How to sample n rows?

e .. ifwedon’t know N?
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Reservoir Sampling

Highlights:
* Make one pass over the data

* Maintain a reservoir of n records.

* After reading t rows, the reservoir is a simple random sample of
the first t rows.

Duke
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Reservoir Sampling (vitter Acm Toms ‘85)

Algorithm R:
e |nitialize reservoir to the first n rows.

 Forthe (t+1)trow R,

— Pick a random number m between 1 and t+1

— If m <= n, then replace the mt" row in the reservoir with R
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Proof
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Proof

If N=n, then P [ row is in sample] = 1. Hence, reservoir contains
all the rows in the table.

Suppose for N = t, the reservoir is a simple random sample.
That is, each row has n/t chance of appearing in the sample.

For N = t+1.:
— (t+1)st row is included in the sample with probability n/(t+1)

— Any other row:
P[ row is in reservoir] = P[ row is in reservoir after t steps]* P[ row is not

replaced]
Duke

=n/t * (1-1/(t+1)) = n/(t+1)
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Complexity

Running time: O(N)
Number of calls to random number generator: O(N)

Expected number of elements that may appear in the reservoir:

n+2Ntn/(t+1) =n(1+Hy-H.)=n(1+In(N/n))

Is there a way to sample faster? in time O( n(1 + In(N/n) )) ??
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Faster algorithm

Algorithm R skips over (does not insert into reservoir) a number
of records (N - n(1 + In(N/n)) )

At any step t, let S(n,t) denote the number of rows skipped by the
Algorithm R.

— Involved O(S) time and O(S) calls to the random number generator.

P[S(n,t)=s]="7
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Faster algorithm

 Atanystept, let S(n,t) denote the number of rows skipped by the
Algorithm R.

e P[S(n,t)=s]="forallt<x<=t+s, row x was not inserted into
reservoir, but row t+s+1 is inserted.

={1-n/(t+1) } x {1 — n/(t+2)} x ... x {1-n/(t+s)} x n/(t+s+1)

 We can derive expression for CDF:
P[S(n,t) <=s]=1—(t/t+s+1)(t-1/t+s)(t-2/t+s-1) ... (t-n+1/t+5-n+2)
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Faster Algorithm

Algorithm X
* |nitialize reservoir with first n rows.

e After seeing t rows, randomly sample a skip s = S(n,t) from the
CDF

* Pick a number m between 1 and n
 Replace the mth row in the reservoir with the (t+s+1)st row.

e Sett=t+s+1
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Faster Algorithm

Algorithm X

Initialize reservoir with first n rows.

After seeing t rows, randomly sample a skip s = S(n,t) from the

CDF

— Pick a random U between 0 and 1
— Find the minimum s such that P[ S(n,t) <= s] <= 1-U

Pick a number m between 1 and n

Replace the mth row in the reservoir with the (t+s+1)st row.

Sett=t+s+1

Lecture 1 :590.04 Fall 15
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Algorithm X

* Running time:
Each skip takes O(s) time to compute
Total time = sum of all the skips = O(N)

* Expected number of calls to the random number generator
= 2 * expected number of rows in the reservoir

= O(n(1 + In(N/n))) optimal!

See paper for algorithm which has optimal runtime
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Summary

Sampling is an important technique for computation when data is
too large, or the computation is intractable, or if access to data is
limited.

Reservoir sampling techniques allow computing a sample even
without knowledge of the size of the data.
— Also can do weighted sampling [Efraimidis, Spirakis IPL 2006]

Very useful for sampling from streams (e.g., twitter stream)
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