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Important Stutf

* Lectures Monday and Wednesday 12:00-1:20pm
e Recitation Tuesday 5-6pm
e Office hours Tuesday 2-4pm (Alex), TBA (Barnabas)

* Grading policy (best 3 out of 4, final exam is mandatory)
e Project (33%)
Mid project report due after midterm

e Exams: Midterm (33%) and Final (34%)
The exams without technology. You can bring a paper notebook.

e Homework (33%)]
Best 4 out of 5 homeworks. To receive points you must submit on due date in class.
No exceptions.

* Google Group hitps://groups.google.com/forum/#!forum/10-701-spring-2013-cmu

(questions, discussions, announcements)

 Homepage hitp://alex.smola.org/teaching/cmu2013-10-701/
(videos, problems, slides, timing, extra resources)
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Projects & Homework

* Don’t copy. You won't learn anything if you do.
* Teamwork is OK (encouraged) for discussions.
* For projects 3 is a good number. 2-4 are OK.

* Each member gets the same score.

e Start your projects early.

e Ask for comments and feedback on projects
Can we beat the Stanford class?

hitp://cs229.stanford.edu/projects2012.html
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Color Coding

* Really important stuff

* Regular stuff
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Feedback please

* Let Barnabas and me (or the TAs) know if you
have comments, concerns, suggestions!

This is our FIRST class at CMU.
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Basics
Problems, Statistics, Applications

Standard algorithms
Naive Bayes, Nearest Neighbors, Decision Trees, Neural Networks, Perceptron

(Generalized) Linear Models
Support Vector Classification, Regression, Novelty Detection, Kernel PCA

Theoretical Tools
Risk Minimization, Convergence Bounds, Information Theory

Probabilistic Methods
Exponential Families, Graphical Models, Dynamic Programming, Latent
Variables, Sampling

Interacting with the environment
Online Learning, Bandits, Reinforcement Learning

Scalability

Carnegie Mellon University



* Basics .
eareTsweas {or the internet

all you need
for a startup

Support Vector Classification, Reg rnel PCA
* Theoretical Tools for’ your PhD
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Collaborative Filtering
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Imitation Learning in Games

Avatar learns from
your behavior

Black & White

Lionsgate Studios
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Imitation Learning
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Cheque reading
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Autonomous Helicopter
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* Raw set of images from several cameras

* Joint layout based on image similarity
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Mesothelioma victims are entitled
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True startup story

e Startup builds exchange for ads on webpages
e Clients bid on opportunities, market takes a cut

e System gets popular
o Stutf works better if ads and pages are matched
 Programmer adds a few IF ... THEN ... ELSE clauses
(system improves)
* Programmer adds even more clauses
(system sort-of improves, ruleset is a mess)

* Programmer discovers decision trees
(lots of rules, but they work better)

* Programmer discovers boosting
(combining many trees, works even better)

e Startup is bought ...
(machine learning system is replaced entirely)

Carnegie Mellon University



Programming with Data

* Want adaptive robust and fault tolerant systems
* Rule-based implementation is (often)

o difficult (for the programmer)

* brittle (can miss many edge-cases)

* becomes a nightmare to maintain explicitly

» often doesn’t work too well (e.g. OCR)

* Usually easy to obtain examples of what we want
IF x THEN DO y

* Collect many pairs (xi, yi)
* Estimate function f such that f(xi) = yi (supervised learning)

* Detect patterns in data (unsupervised learning)
Carnegie Mellon University
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Supervised Learning y = f(x)

* Binary classification
Given x find y in {-1, 1}

* Multicategory classification often with loss
Given x find y in {1, ... k} [y, f(z))

* Regression
Given x find y in R (or RY)

* Sequence annotation
Given sequence xi ... x| find y1 ... yi

* Hierarchical Categorization (Ontology)
Given x find a point in the hierarchy of y (e.g. a tree)

 Prediction
Given x; and yt1 ... y1 find y;

Carnegie Mellon University



Binary Classification
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Multiclass Classification
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Sequence Annotation

) & ¢ w
» aa a D adE hDDr a P &
] 1 1 1 1 1 I 1 1 1 1
1,077 1127 1177 kb
% * % %
PD . P & » DB pPOP» D [ Kam| laamy |
1477 ' ' C 4227 ' ' 1277 kb
& aga B B D * = a ED g » &
] 1 1 1 1 1 1 | 1 |
1277 1,327 1,377 kb
B = gaa D O
| 1 1 1 1 1 1 1 1 1 1
1,377 1.427 1,477 kb
w w % % *
| 25 ad = < > @& D B = —
r477T ' ' © 1827 ' ' " 1.577 kb
|} 1 1 1 1 1 1 | 1 1 1
1577 1.627 1.677 kb
1677 ' ' C 4727 ' ' " 1,777 kb
w w w
0 D B P ()
1777 ' ' © 1827 ' ' " 1.877 kb
|} 1 1 1 1 1 1 1 1 1
1,877 1.927 1,977 kb
= = = = ) ¢
LRR Receptor-like TIR-NBS-LRR Retrotransposon Other STS
Kinase Disease resistance associated

glven sequence

gene finding
speech recognition
activity segmentation
named entities

Carnegie Mellon University



Ontology
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Prediction
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Unsupervised Learning

e Given data x, ask a good question ... about x or about model for x

e Clustering
Find a set of prototypes representing the data

e Principal Components
Find a subspace representing the data

e Sequence Analysis
Find a latent causal sequence for observations

* Sequence Segmentation
e Hidden Markov Model (discrete state)
e Kalman Filter (continuous state)

e Hierarchical representations

* Independent components / dictionary learning
Find (small) set of factors for observation

* Novelty detection
Find the odd one out

Carnegie Mellon University
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Principal Components
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Variance component model to account for sample structure in
genome-wide association studies, Nature Genetics 2010
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Sequence Analysis
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ilot project, Nature 2007
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Independent Components

find them

automatically

Separated
Sources

Sources Mixtures
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Novelty detection
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Some Problem types

iid = Independently Identically Distributed
Induction
e Training data (x,y) drawn iid
e Test data x drawn iid from same distribution
(not available at training time)

Transduction
Test data x available at training time (you see the exam questions early)

Semi-supervised learning
Lots of unlabeled data available at training time (past exam questions)

Covariate shift
e Training data (x,y) drawn iid from q (lecturer sets homework)
e Test data x drawn iid from p (TAs set exams)

Cotraining

Observe a number of similar problems at once
Carnegie Mellon University



Induction - Transduction
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* Induction
We only have training set. Do the best with it.

* Transduction
We have lots more problems that need to be
solved with the same method.

Carnegie Mellon University



Covariate Shift

* Problem (true story)

* Biotech startup wants to detect prostate cancer.
* Easy to get blood samples from sick patients.
* Hard to get blood samples from healthy ones.

e Solution?
e Get blood samples from male university students.
e Use them as healthy reference.
* Classifier gets 100% accuracy

* What's wrong?

Carnegie Mellon University



Cotraining and Multitask

* Multitask Learning
Use correlation between tasks for better result

* Task 1 - Detect spammy webpages
* Task 2 - Detect people’s homepages
e Task 3 - Detect adult content

e Cotraining
For many cases both sets of covariates are available

* Detect spammy webpages based on page content

* Detect spammy webpages based on user viewing
behavior

Carnegie Mellon University



Interaction with Environment

e Batch (download a book)
Observe training data (x1,y1) ... (x1,y1) then deploy

e Online (follow the class)
Observe x, predict f(x), observe y (stock market,
homework)

* Active learning (ask questions in class)
Query y for x, improve model, pick new x

e Bandits (do well at homework)
Pick arm, get reward, pick new arm (also with context)

* Reinforcement Learning (play chess, drive a car)
Take action, environment responds, take new action

Carnegie Mellon University



test

fraining

data

NS Nt~ =~ (T8 ™ O
~LrvLinwNo -3 n

N+ UIN—NoenNND
TINNTIDNOIM—\g

Carnegie Mellon University

QrQ'a~dar~% MY
—~ T ~bL NI IFYD
TN Y WO QO N

DO~~~ T% Q0o
LEXTO~w s MW
VWAND— &~ LMW




4 SE

£l =) k1 -

Carnegie Mellon University



Bandits

* Choose an option
* See what happens (get reward)
* Update model

* Choose next option

_L9),

Carnegie Mellon University



Reinforcement Learning

* Take action Hasuetal
e Environment reacts 222222121

* Observe stuff
* Update model

* Repeat

environment (cooperative, adversary, doesn’t care)
memory (goldfish, elephant)
state space (tic tac toe, chess, car)

Carnegie Mellon University



Discriminative vs. Generative

(mainly relevant for supervised models)

* Discriminative Models

* Estimate y|x directly

e Often better convergence + simpler solutions
* Generative models

 Estimate joint distribution over (x,y)

* Use conditional probability to infer y| x

e Often more intuitive

* Easier to add prior knowledge

Carnegie Mellon University



Discriminative

* Only care about estimating the conditional
probabilities

* Very good when underlying distribution of data is
really complicated (e.g. texts, images, movies)

Carnegie Mellon University



Generative

Model observations (x,y) first
Then infer p(y| x)

Good for missing variables, better diagnostics

Easy to add prior knowledge about data

Carnegie Mellon University
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* Table lookup
For previously seen instance remember label

* Nearest neighbor
* Pick label of most similar neighbor
* Slight improvement - use k-nearest neighloors
* For regression average - T e
* Really useful baseline! . - \

* Easy to implement for
small amounts of data. Why?

-

Carnegie Mellon University



1-Nearest Neighbor

3

Carnegie Mellon University



4-Nearest Neighbors

Carnegie Mellon University



4-Nearest Neighbors Sign

Carnegie Mellon University



It we get more data

1 Nearest Neighbor
e Converges to perfect solution if clear separation
* Twice the minimal error rate 2p(1-p) for noisy problems
* k-Nearest Neighbor
* Converges to perfect solution if clear separation (but needs more data)
* Converges to minimal error min(p, 1-p) for noisy problems if k increases

Carnegie Mellon University



Observations x, labels y
Minimize squared distance
* Linear function

>
f(z) = ax +b (?a[...]:O:in(a:m—Fb—yi)
i=1
.1 m
minimize —(az; +b—vy;)° 0
a.b 2:12 8b[...]—0—2(axi+b—y)
i=1

Carnegie Mellon University



Linear Regression

e Optimization Problem

flz) = <a r) + b= (w,(z,1))

mmlmlze E (w, Z;) 2

* Solving it
0= Ziﬁz(<w,@> — ;) <= Z T _T W = Zyzfz
1=1 1=1

only requires a matrix inversion.

Carnegie Mellon University



Nonlinear Regression

e Linear model f(x) = {(w, (1,x))

e Quadratic model f(z) = (w, (:—7%552»

e Cubic model f(x) = (w, (f-,$,$2,$3)>
* Nonlinear model f(z) = (w, ¢(x))

Carnegie Mellon University



Linear Regression

e Optimization Problem

f(ZE) — <a733> + b= <w7 (QZ‘, 1)>

m

1
minimize Z §(<w, T;) — ?/z')Q

w
1=1

* Solving it
0= Ziﬁz(<w,@> — ;) <= Z T _T W = Zyzfz
1=1 1=1

only requires a matrix inversion.

Carnegie Mellon University



Nonlinear Regression

e Optimization Problem

min}umize Z §(<w, d(x;)) — yi)2

1=1

* Solving it

m

> @) (w, ¢(x:)) — yi) =

1=1

1

Z d(z;)p(x;) "

only requires a matrix inversion.

W = Z ?Jz@b(%)
i=1

Carnegie Mellon University



Pseudocode (degree 4)

Training
phi xx = [xx.74, xx."3, xx.72, xx, 1.0 + 0.0 * xx];

w = (yy' * phi_xx) / (phi_xx' * phi_xx);
Testing

phi x = [x.74, x.73, x.72, %x, 1.0 + 0.0 * x];

y = phi x * w';

Carnegie Mellon University



Regression (d=1)




Regression (d=2)




Regression (d=3)
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Regression (d=6)
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Regression (d=8)
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Regression (d=9)
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Nonlinear Regression

warning: matrix singular to machine precision, rcond = 5.8676e-19

warning: attempting to find minimum norm solution

warning: matrix singular to machine precision, rcond = 5.8676le-19
warning: attempting to find minimum norm solution

warning: dgelsd: rank deficient 8x8 matrix, rank = 7

warning: matrix singular to machine precision, rcond = 1.10156e-21

warning: attempting to find minimum norm solution

warning: matrix singular to machine precision, rcond 1.10145e-21
warning: attempting to find minimum norm solution

warning: dgelsd: rank deficient 9x9 matrix, rank = 6

warning: matrix singular to machine precision, rcond = 2.16217e-26
warning: attempting to find minimum norm solution
warning: matrix singular to machine precision, rcond = 1.66008e-26

warning: attempting to find minimum norm solution

warning: dgelsd: rank deficient 10x10 matrix, rank = 5

Carnegie Mellon University



Nonlinear Regression

warning:
warning:
warning:
warning:

warning:

warning:

wani

g:
rnyng:

warning:

warning:
warning:
warning:
warning:

warning:

matrix singular to machine

attempting to find minimum
matrix singular to machine
attempting to find minimum
dgelsd:

matrix singular to machine

attemptlng to
o i

d:
matrix singular to machine

rank deficient 8x8

ind minimum

rank deficient 9x9

attempting to find minimum
matrix singular to machine
attempting to find minimum
dgelsd:

OesS: 1l

rank deficient 10x10 matrix,

precision, rcond
norm solution
precision, rcond

norm solution

matrix, rank = 7
precision, rcond
norm s@lgtion

matrix, rank

precision, rcond
norm solution
precision, rcond
norm solution

rank =

5.8676e-19

5.86761e-19
1. 10156e 21
®

2.16217e-26

1.66008e-26
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Model Selection

* Underfitting
(model is too simple to explain data)

* Overfitting
(model is too complicated to learn from data)

* E.g.too many parameters

* Insufficient confidence to estimate parameter
(failed matrix inverse)

» Often training error decreases nonetheless

* Model selection
Need to quantify model complexity vs. data

* This course - algorithms, model selection, questions

Carnegie Mellon University
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Big Data
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Internet
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Data - User generated content

flickr

e  Webpages (content, graph)

. Clicks (ad, page, social)

. Users (OpenlID, FB Connect)

J e-mails (Hotmail, YIMail, Gmail)

. Photos, Movies (Flickr, YouTube, Vimeo ...)
e  Cookies / tracking info (see Ghostery)

. Installed apps (Android market etc.)

. Location (Latitude, Loopt, Foursquared)

. User generated content (Wikipedia & co)
e  Ads (display, text, DoubleClick, Yahoo)

. Comments (Disqus, Facebook)

. Reviews (Yelp, YlLocal)

e Third party features (e.g. Experian)

. Social connections (LinkedIn, Facebook)
. Purchase decisions (Netflix, Amazon)

. Instant Messages (YIM, Skype, Gtalk) D I S Q U S

Search terms (Google, Bing)

Timestamp (everything)
J News articles (BBC, NYTimes, YINews)
. Blog posts (Tumblr, Wordpress)

. Microblogs (Twitter, Jaiku, Meme) > ‘I B images, AOb Videq\?e{omjn U'I'e

arnegi niversity



Data - User generated content

flickr

*  Webpages (content, graph)

. Clicks (ad, page, social)

. Users (OpenlID, FB Connégt}

J e-mails (Hotmail, YIMail, Gt

. Photos, Movies (Flickr, YouTube, Vimeo )
e  Cookies / tracking info (see Ghostery)

. Installed apps (Android market etc.)

. Location (Latitude, Loopt, Foursquared)

. User generated content (Wikipedia & co)
e  Ads (display, text, DoubleClick, Yahoo)

. Comments (Disqus, Facebook)

. Reviews (Yelp, YlLocal)

e Third party features (e.g. Experian)

. Social connections (LinkedIn, Facebook)
. Purchase decisions (Netflix, Amazon)

. Instant Messages (YIM, Skype, Gtalk) D I S Q U S

Search terms (Google, Bing)

Timestamp (everything)
J News articles (BBC, NYTimes, YINews)
. Blog posts (Tumblr, Wordpress)

. Microblogs (Twitter, Jaiku, Meme) > ‘I B imqges, AOb Vid%{omjn U'I'e

arnegi niversity



SECTOR

Discrete manufacturing
Government
Communications/Media
Process manufacturing
Banking

Health-care providers
Securities/Investment services
Professional services

Retail

“For firms with more than 1,000 employees

DATA STORED IN THE U.S., IN PETABYTES (2009)

PETABYTES

0 200 400 600 800 1,000  PERFIRM’
- 1 1 N 0.94
| IS | SE— | 128
) | (S S 175
| 0.81
R | A 1.89
 E— 0.36
F— 378
[ 0.27
] 0.68

Source: McKinsey Global Institute analysis of data from IDC (data stored) and U.S. Dept. of Labor

we need Big Learning

Carnegie Mellon University



e  Webpages (content, graph)

. Clicks (ad, page, social)

. Users (OpenlID, FB Connect)

J e-mails (Hotmail, YIMail, Gmail)

. Photos, Movies (Flickr, YouTube, Vimeo ...)
e  Cookies / tracking info (see Ghostery)

. Installed apps (Android market etc.)

. Location (Latitude, Loopt, Foursquared)

. User generated content (Wikipedia & co)
e  Ads (display, text, DoubleClick, Yahoo)

. Comments (Disqus, Facebook)

. Reviews (Yelp, YlLocal)

e Third party features (e.g. Experian)

. Social connections (LinkedIn, Facebook)
. Purchase decisions (Netflix, Amazon)

. Instant Messages (YIM, Skype, Gtalk)
e  Search terms (Google, Bing)

Timestamp (everything)
J News articles (BBC, NYTimes, YINews)
. Blog posts (Tumblr, Wordpress)

. Microblogs (Twitter, Jaiku, Meme) > ] O B USGFU I we b pCI g eS

Carnegie Mellon University



The Web for S100k/month

Webpages (content, graph)

Clicks (ad, page, social)

Users (OpenlID, FB Connect)

e-mails (Hotmail, YIMail, Gmail)

Photos, Movies (Flickr, YouTube, Vimeo ...)
Cookies / tracking info (see Ghostery)
Installed apps (Android market etc.)
Location (Latitude, Loopt, Foursquared)
User generated content (Wikipedia & co)
Ads (display, text, DoubleClick, Yahoo)
Comments (Disqus, Facebook)

Reviews (Yelp, YlLocal)

Third party features (e.g. Experian)
Social connections (LinkedIn, Facebook)
Purchase decisions (Netflix, Amazon)
Instant Messages (YIM, Skype, Gtalk)
Search terms (Google, Bing)

Timestamp (everything)

News articles (BBC, NYTimes, YINews)
Blog posts (Tumblr, Wordpress)
Microblogs (Twitter, Jaiku, Meme)

* 10 billion pages
(this is a small subset, maybe 10%)
10k/page = 100TB
($10k for disks or EBS 1 month )

e 1000 machines
10ms/page = 1 day
afford 1-10 MIP/page
($20k on EC2 for 0.68S/h)

e 10 Gbit link
($10k/month via ISP or EC2)

e 1 day for raw data
 300ms/page roundtrip
* 1000 servers for 1 month

(§70k on EC2 for 0.085S/h)

Carnegie Mellon University



Data - Identity & Graph

*  Webpages (content, graph)

. Clicks (ad, page, social)

. Users (OpenlID, FB Connect)

J e-mails (Hotmail, YIMail, Gmail)

. Photos, Movies (Flickr, YouTube, Vimeo ...)
. Cookies / tracking info (see Ghostery)

. Installed apps (Android market etc.)

. Location (Latitude, Loopt, Foursquared)

. User generated content (Wikipedia & co)
e  Ads (display, text, DoubleClick, Yahoo)

. Comments (Disqus, Facebook)

. Reviews (Yelp, YlLocal)

e Third party features (e.g. Experian)

. Social connections (LinkedIn, Facebook)

. Purchase decisions (Netflix, Amazon)

. Instant Messages (YIM, Skype, Gtalk)

e  Search terms (Google, Bing) M !
Timestamp (everything)

. News articles (BBC, NYTimes, YINews) \'
. Blog posts (Tumblr, Wordpress)

. Microblogs (Twitter, Jaiku, Meme) ‘I OOM ‘I ri'l

Carnegle l&?lon University



Crawling Twitter for S10k

. Webpages (content, graph) ° 3OOM users

. Clicks (ad, page, social) .

. Users (OpenlD, FB Connect) e Per user 300 querleS/h

J e-mails (Hotmail, YIMail, Gmail)

o Photos, Movies (Flickr, YouTube, Vimeo ...) ° ] OO edges/query

. Cookies / tracking info (see Ghostery) o ] OO edgeS/CICCOUI'“'

. Installed apps (Android market etc.) )

. Location (Latitude, Loopt, Foursquared) ¢ Need 100 mGChlneS fOI' 2 Weeks

. User generated content (Wikipedia & co)

. Ads (display, text, DoubleClick, Yahoo) (CI'GWI It af 10 querles/s)

. Comments (Disqus, Facebook) ® Tweel's

. Reviews (Yelp, YlLocal) .

e  Third party features (e.g. Experian) ° |n||nks

. Social connections (LinkedIn, Facebook) o .

J Purchase decisions (Netflix, Amazon) OUHInkS

* Instant Messages (YIM, Skype, Gtalk) e (Cost

e  Search terms (Google, Bing)

+  Timestamp (everything) o $3k for computers on EC2

. News articles (BBC, NYTimes, Y!News) o « .
. Blog posts (Tumblr, Wordpress Similar for network & storage

. Microblogs (Twitter, Jaiku, Meme) o Need 10'( user ke)’S

Carnegie Mellon University



Data - Messages

. Webpages (content, graph) N\ J Windows Live .
. Clicks (ad, page, social) . HOtma Il
. Users (OpenlID, FB Connect)

J e-mails (Hotmail, YIMail, Gmail)

. Photos, Movies (Flickr, YouTube, Vimeo ...)
. Cookies / tracking info (see Ghostery)

. Installed apps (Android market etc.)

. Location (Latitude, Loopt, Foursquared)

. User generated content (Wikipedia & co)
e  Ads (display, text, DoubleClick, Yahoo)

. Comments (Disqus, Facebook)

. Reviews (Yelp, YlLocal)

e Third party features (e.g. Experian)

. Social connections (LinkedIn, Facebook)
. Purchase decisions (Netflix, Amazon)

. Instant Messages (YIM, Skype, Gtalk)

e  Search terms (Google, Bing)

IO W

. Timestamp (everything)

° News articles (BBC, NYTimes, Y!News) > ] B teth

. Blog posts (Tumblr, Wordpress)
. Microblogs (Twitter, Jaiku, Meme)

Carnegie Mellon University



Data - Messages

*  Webpages (content, graph) NG J Windows Live -
. Clicks (ad, page, social) o | HOtmall
. Users (OpenlID, FB Connect)

J e-mails (Hotmail, YIMail, Gmail)

. Photos, Movies (Flickr, YouTube, Vimeo ...)
e  Cookies / tracking info (see Ghostery)

. Installed apps (Android market etc.)

. Location (Latitude, Loopt, Foursquared)

. User generated content (Wikipedia & co)
e  Ads (display, text, DoubleClick, Yahoo)

. Comments (Disqus, Facebook)

. Reviews (Yelp, YlLocal)

e Third party features (e.g. Experian)

. Social connections (LinkedIn, Facebook)
. Purchase decisions (Netflix, Amazon)

. Instant Messages (YIM, Skype, Gtalk)
e  Search terms (Google, Bing)

IO W

. Timestamp (everything)

° News articles (BBC, NYTimes, Y!News) > ] B teth

. Blog posts (Tumblr, Wordpress)
. Microblogs (Twitter, Jaiku, Meme)

impossible without NDA



Data - User Tracking

Webpages (content, graph)
Clicks (ad, page, social)

Users (OpenlID, FB Connect)
e-mails (Hotmail, YIMail, Gmail)

Photos, Movies (Flickr, YouTube, Vimeo ...)
Cookies / tracking info (see Ghostery)

Installed apps (Android market etc.)

Location (Latitude, Loopt, Foursquared)

User generated content (Wikipedia & co)
Ads (display, text, DoubleClick, Yahoo)

Comments (Disqus, Facebook)
Reviews (Yelp, YlLocal)
Third party features (e.g. Experian)

Social connections (LinkedIn, Facebook)

Purchase decisions (Netflix, Amazon)
Instant Messages (YIM, Skype, Gtalk)
Search terms (Google, Bing)
Timestamp (everything)

News articles (BBC, NYTimes, YINews)

Blog posts (Tumblr, Wordpress)
Microblogs (Twitter, Jaiku, Meme)

Affluents
Boomer Men

Boomer Women

Men 18-34
Men 18-439
Millennials
Online Dads
Online Moms
Women 18-34
Women 18-49
US Demographics

INDEX

63% Male 129

37% Female :

1% 3-12

11% 1317 g

30% 18-34 -1 32

30% 35-49 1 107

18% 50+ r

46% Cauc. ,

7%  Afr. Am. ;

40%  Asian - 4 6

5% Hisp. :

1% Other

75%
25%

14%
21%
19%
45%

33%
38%

30%

" Ghostery found
the following:
eyeReturn Marketing moreinfo
http:/ivoken.eyereturn.com/pix 7283605

Facebook Connect more info
http://connect.facebook.neten_US/a..

Google +1 more info
https ://apis.google.comvis/plusone.js

Google Analytics more info
http/Awww .google-analytics.com/ga.js

NetRatings SiteC... more info
http/isecure-au.imrwor idwide.comiv...

http://secure-us.imrworldwide.comvc.

Quantcast more info
http://fedge.quantserve.comiguant.js

Updated Sep 10, 2011 » Next: Sep 21, 2011 by SAM PDT

INDEX

No Kids 0-17 B 126
Has Kids 0-17 :

$0-30k
$30-60k
$60-100k

$100k+ B

No College

College
Grad. Sch.

—0c

Internet Average

alex.smola.org
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Data - User Tracking

e  Webpages (content, graph) Privacy Information =
y Clicks (ad, page, social) Privacy Policy:
. Users (OpenlID, FB Connect)
J e-mails (Hotmail, YIMail, Gmail)
. Photos, Movies (Flickr, YouTube, Vimeo ...) | |

. . . Anonymous (browser type, location, page views), Pseudonymous (IP address,
. Cookies / tracking info (see Ghostery) "actions taken")

http://www.facebook.com/policy.php

Data Collected:

. Installed apps (Android market etc.) Data Sharing:

° Location (Latitude, Loopt, Foursquared) Data is shared with third parties. «
(]

User generated content (Wikipedia & co) _
Data Retention:

Ads (display, text, DoubleClick, Yahoo)
Data is deleted from backup storage after 90 days.

e  Comments (Disqus, Facebook)

*  Reviews (Yelp, Yllocal) Privacy Information =

e  Third party features (e.g. Experian)
Privacy Policy:

. Social connections (LinkedIn, Facebook)

o Purchase decisions (Netﬂix, Amazon) http://www.google.com/intl/en/priv...

. Instant Messages (YIM, Skype, Gtalk) Data Collected:

° Search terms (Google, Bing) Ano‘nyn‘nous :jadgerving domains. browser type., den‘logz;raphics. language
. . settings. page views, time/date). Pseudonymous (IP address)

Timestamp (everything)

. News articles (BBC, NYTimes, Y!News) pals Sharing:

o B|og posts (Tumbh-l Wordpress) Anonymous data is shared with third parties. «

. Microblogs (Twitter, Jaiku, Meme) Data Retention:

Undisclosed «
varnegie ivienon University



(implicit) Labels

no Labels

Not just a new look.
A new outlook.

Search Flights

Continue to continental.com

. Click feedback

¥ We have World Peace: Ron Artest

(g name change
t

' The former Ron Artest's ballvhooed switch to Metta World Peace is

Email
corvars —spon 3~ J 12 - J 0 -

@ FROM SUBJECT

Taqs

3D wallpapers download

Create A Unique Blogging Website

Celebrities Wallpaper

* Editorial data is very
expensive! Do not use!

! Yahoo! FINAL NOTICE: Delicious has a new owner. What thi...

Graphs

Document collections

Series of quakes hit off Japan disaster zone Arr - 19 mu

. »'2,‘T|:1u;[ 6-magnitude undersea quake and a series of aftershocks hi
Japan's Honshu island Saturday, not far from the area ravaged by a ht
and tsunami, geologists said. More »

Emall/IM/Dlscussmns

Caroline 7
I'm ugly. :/ Like if you dissagree.
& 15 people like this.

% Ale]andro Umm what if you agree?
m - Like - ¢b 8 people

Query stream

machine learning 1.00 data mining 365

n\.
0 [ [
|20|(J4 | i IZZJlin | i | ZIJlIJ-S ‘ 2007 2008 2009 | 23I1CJ | | 2|()11| llverSlt §



Many more sources

_ oSt per Megabase of DNA Sequence

$1500
$1400
$1300
$1200
$1100
$1000
$200
$200
$700
$600
$500
$400
$300
s200 ﬂm S
$100 Institute
&

JAJSJAJSJIAISJIAJSJIAISIAISIAJSIAISJIAJSIAISIAISJAY
1993 19%6 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006

Moore's Law

0 - 6.29 megapixels

92 - 5.1 megapixels . . . . o

14 megapixels  hitp://keithwiley.com/mindRamblings/digitalCameras.shtml
2 megqapixels
2 megapixels

- B

personalized sensors



http://keithwiley.com/mindRamblings/digitalCameras.shtml
http://keithwiley.com/mindRamblings/digitalCameras.shtml

Many more sources

$1500 .
$1400 \ oSt per Megabase of DNA Sequence

$1300
$1200
$1100

$1000 :
$200 'i : ' ‘ . Moore's Law

$200
$700
$600
$500
$400
$300

T . gl Natioral H
- - I ational Human
$200 ® — - "“ ““ I Genome Research
$«| oo Institute
$0 genome.gov/sequencingcosts

JAJSJAJSJIAISJIAJSJIAISIAISIAJSIAISJIAJSIAISIAISJAY
1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005

- - - - v
......

I - 5.29 megapixels
92 - 5.1 megapixels
14 megapixels  hitp://keithwiley.com/mindRamblings/digitalCamerc
2 megqapixels
2 megapixels

- O
‘:,' o

personalized sensors


http://keithwiley.com/mindRamblings/digitalCameras.shtml
http://keithwiley.com/mindRamblings/digitalCameras.shtml

Further material

* Machine learning tutorial

hitp://alex.smola.org/teaching/

cmu2013-10-701/papers/intro_chapter.pdf
* Machine Learning (Tom Mitchell’s book)
* Machine Learning Summer Schools

hitp://mlss.cc (lots of videos there)

e Coursera ML intro (more like the 601 class)

https://www.coursera.org/course/ml

Carnegie Mellon University


http://alex.smola.org/teaching/cmu2013-10-701/papers/intro_chapter.pdf
http://alex.smola.org/teaching/cmu2013-10-701/papers/intro_chapter.pdf
http://alex.smola.org/teaching/cmu2013-10-701/papers/intro_chapter.pdf
http://alex.smola.org/teaching/cmu2013-10-701/papers/intro_chapter.pdf
http://mlss.cc
http://mlss.cc
https://www.coursera.org/course/ml
https://www.coursera.org/course/ml

