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Outline

® Social Search Engine
® Social Recommender Systems

® Social Media Analysis
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Macro Definition

® Search in

| delicious
® Shared bookmarks B

"I.

® Collaborative directories i /,

\\'L-.H_l]-:,\

Collaborative news/opinions Eﬂzm

Social Q&A sites YAHOO!, ANSWERS

etc...
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Micro Definition

Leveraging Your Social Networks for Searching
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Leveraging All Kinds of VWeb
Accounts

Linked[J. ta k>’
Gmail

by ' ole
by GO0
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Google’s Social Search

Results from people in your social circle for google bus

Google Maps Ad on Chicago Bus - Googlified
haochi - connected via Tom on digg.com
google transit chicago bus ad. Google Transit recently became available to
Chicago users and the Chicago team has been very active in ...
googlified.com/google-maps-ad-on-chicago-bus/
More results from haochi »

Google Student Blog: The Google Apps Bus stops at the beginning
3 r!'t Google Students - connected via twitter.com
WM Almost two years later, the Google App to School bus pulled into Arizona State
e University and met with over a thousand students, faculty, and staff using ..
googleforstudents.blogspot.com/2008/09/google-apps-bus-stops-at-
beginning.html
More results from Google Students »

Searches related to: google bus

tamil nadu bus google apps bus google bus routes gooqgle bus transit

Results from your social circle for seattle - BETA - My social circle - My social content
1078 photos - 17 contacts - Last photo 3 months ago

Results from people in your social circle for san francisco international airport hotel - BETA - 11y social circle - Ly social content

San Francisco Airport Hotel Burlingame California
Crowne Plaza SFO - connected via twitter.com
Qur Burlingame hotel is only 1.5 miles south of San Francisco International Airport on the
San Francisco Bay close to an array of exciting attractions. ...
1 www.sfocp.com/
More results from Crowne Plaza SFO ;
hlll.l OUUCLIOIT LO 00CIdI \.Ulllpuullg, IT VWIII I\Illg, LV IV LIl 111 OCIHO0OI1. \CI10UU \.Ulllpuullg, JCI VICC \.UIIIPULIIIg
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Google’s Social Search

C() ( /‘8[@ jesus Search

News results for jesus
Archbishop of Wales gives his Easter sermon at Llandaff Cathedral -
8 2 hours ago
“But the Easter story reminds us constantly that God, through Jesus ... She
said: “If | were to ask people on the street today 'Have you seen Jesus Christ?

WalesOnline |
Taking Up the Dr. Seuss School of Catholicism - TIME
Disturbing questions at Easter - Jamaica Gleaner

Latest results for jesus -

Jer: It's gonna be 79 today!? Matt: Jesus?

- Twitter - seconds ago

RT @alaintha: @kirstiealley happy jesus resurection day

- Twitter - seconds ago
Jesus Christ Noel, dial down the mental would you? It's Deal or No Deal, not Twin Peaks

- Twitter - seconds ago

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing 26"
& Social Networks, November 23-27,2010, Brisbane, Australia %'




Aardvark

P Ask a question and I'll find someone to answer

'Ask someone

1. Send Aardvark a question 2. Aardvark finds the 3. Get their response
perfect person to answer in a few minutes

B What's a great biking path f] My favorite is a secret trail
around Golden Gate Park? that takes vou to the beach...
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Evolution of Search

® Question
e Contents
® Machine Intelligence (Dialog systems)
People

Friends

Hybrid
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The Anatomy of A Large-Scale Social Search Engine

[D. Horowitz et al., WWW2010]
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The Anatomy of A Large-Scale Social Search Engine

[D. Horowitz et al., WWW2010]

Question

® Main components Analyzer

classifiers

Gateways
IM

® Crawler and Indexer By
iPhone
Web

® Query Analyzer - T

Routing
| Engine

1ahe]
Jodsuel |

Ranking Function mporiors Database

Web Content Users
Facebook Graph
LinkedIn Topics

U I Etc. Content
~_
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The Anatomy of A Large-Scale Social Search Engine

[D. Horowitz et al., WWW2010]

® [he model

® W/ith the topics T, the probability that user i will
successfully answer question g is defined as

p(uilq) = > p(uilt)p(tlq)

® Given a question g from user j, return a ranked list of
user i that maximizes s(ui,u;,q)

s(ui, vz, q) = pluilug) - p(uilq) = pusluy) Y~ pus|t)p(tlq)
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The Anatomy of A Large-Scale Social Search Engine

[D. Horowitz et al., WWW2010]

—

aardvark: You there? | have a question about **tennis** that | think =il Carrier 5 8:00 PM
you might be able to answer. (Type 'sure’, 'pass’, or 'busy'.) l "y to answer & alion

me: sure See an open guestion abou

P

aardvark: (From Michael B./29/M/NewYork,US)

Does anyone know which health clubs in Manhattan have tennis

courts? Or are all the good options in the other boroughs?
(Type 'pass' to skip, or 'more' for extra options.)

me: why cafes in SI

aardvark: | thought of you for Michael's question because What's a cafe in SOMA wuth1
- Michael is a friend of your friend Sally Johnson. great coffee and food and wifi
- You know a lot about **racquet sports** and **fitness** where I'd be able to sit down
- You and he have similar interests in **sports** and get some work done?
(Type 'more' or change settings at http://vark.com/a/XXXXX)

® Angela Smith /28 / F
me: Well there is always the Midtown Tennis Club on 8th ave @27th N i irend ILEDC
if you really want to stay in manhattan -- but the quality isn't great.

You'd do just as well to use the public courts in Central Park. Or
another good option is to join NYHRC or NYSC in manhattan, and
use their courts in other boroughs...

X | kniow Wi ask
aardvark: Great -- I've sent that to Michael. Thanks for the fast DO WP 9,

answer! (Type 'Michael:' followed by a message to add something, or
'more' for options.)

Figure 3: Example of Aardvark interacting with an Figure 4: Screenshot of Aardvark Answering Tab on
answerer iPhone
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The Anatomy of A Large-Scale Social Search Engine

[D. Horowitz et al., WWW2010]

websites & internet apps business research

music, movies, TV, books sports & recreation
home & cooking

"finance & investing
miscellaneous

Aardvark

technology & programming

local services

Questions Answered

travel

product reviews & help estalrants & bars 0-3min 3-6 min 6-12 min 12-30 min30min-1hr 1-4hr 4+ hr

Figure 8: Categories of questions sent to Aardvark Figure 9: Distribution of questions and answering
times.

Questions

>8 >16
Number of Topics
1 2 3 4
Answers Received

Figure 11: Distribution of percentage of users and
Figure 10: Distribution of questions and number of number of topics
answers received.
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Outline

® Social Search Engine
® Social Recommender Systems

® Social Media Analysis
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Social Recommender Systems

Introduction
Collaborative Filtering
Trust-aware Recommender Systems

Social-based Recommender Systems
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How Much Information Is on the VWeb?

= facebook
oy

WIKIPEDIA
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Information Overload
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Real Life Examples

Amazon.com: Social Computing, Behavioral Modeling, and Prediction: Huan Liu, John ). Salerno, Michael J. Young: Books

<|> (v

[I0 Apple Yahoo! Google Maps YouTube Wikipedia News (26)v Popularv

+ a http: //www.amazon.com/Social-Computing-Behavioral-Modeling-Prediction/ » Q~ amazon

Amazon.com: Social Comp... I

Social Computing, Behavioral Modeling, and

Prediction (Hardcover)

by Huan Liu (Editor), John J. Salerno (Editor), Michael J. Young (Editor)
Key Phrases: sodal network analysis, electronic institutions, cognitive modeling,
New York, Cambricge University Press, Virtual World (more...)

No customer reviews yet. Be the first

1o LOOK INSIDE!

Social List Price: $129.00

Computing,

;Z’E'?ri » Price: $129.00 & this item ships for FREE with Super
g Saver Shipping. Details
In Stock.

Ships from and sold by Amazon.com. Gift-wrap available.

Want it delivered Thursday, February 19? Order it in the next 14 hours

Share your own customer images g e o h
- 188 and 52 minutes, and choose One-Day Shipping at checkout. Details

Search insige this book

12 new from $95.29 4 used from $103.33

Tell the Publisher!
{ I'd like to read this book
' 1 on Kindle

Con’t have a Kindle? Get
yours here.

Quantity: ' 1

@ Add to Shopping Cart

or
Sign in to turn on 1-Click orderi
or

- Add 1o Cart with

Amazon Prime Free Trial
required. Sign up when you
check out. Learn More

More Buying Choices

16 used & new from

$95.29

Frequently Bought Together

Customers buy this book with Social Network Analysis: A Handbook by John P Scott

11438 Drire Far Rath: €174 85

Have one to sell? | Sell yours h

Add to Wish List | +

Add to Shopping List

Add to Wedding Registry

Add to Baby Registry

Share with Friend: .

ntroduction to Social Computing, Irwin King, CNhOOI: Clou

u
\v,
\—/\ “'

omputing,
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Real Life Examples

M O O Amazon.com: Social Computing, Behavioral Modeling, and Prediction: Huan Liu, John ). Salerno, Michael ). Young: Books
@ hrtp:/ /www.amazon.com/Social-Computing-Behavioral-Modeling-Prediction/ = Q~ amazon

~

- (C)w

YO IS You e e News (26) or
WMV IS TRy b A A EIUE WS PO '8 P NGO &V 7 Tt ' e

-

rC COMmM: S0CI«. DMD
A o e A et . e N s gt ' g~

Frequently Bought Together
Customers buy this book with Social Network Analysis: A Handbook by John P Scott

Price For Both: $174.85

g Add both to Cart j

LOOK INSIDE!

Add to Baby Registry

1 Share with Friendm

ustomers Who Bought This Item Also Bought

1K INSIDE! LOCK NSIDE|

COMPLEX

Five scales rating

| hate it

| don’t like it
It’s ok

. -
W

WA W

Predictably Irrational:
Hidden Forces That...

LOOK INSIDE!

Generative Social Science:

Studies in Agent-Bas... by

Seo
Joshua M. Epstein

R (S) $42.00

Editorial Reviews
Product Description

Social computing concer
reproduces the social behd

e A o e
KA KA A love k

| like it

onal systems. Behavioral modeling
wfding of behavior, patterns, and potential v

& Soc

T4 >

°
o)

O "\\\/ O "\

DU ’ 2, U U » O0Il. OUd O DU
ial Networks, November 23-27, 2010, Brisbane, Australia




Real Life Examples

amazoncom Hao's See All40 Your Account | X Cart | Your Lists & | Help | NEW
Amazon.com Product Categories 3

Your Browsing History | Recommended For You | Rate These Items | Improve Your Recommendations | Your Profile | Learn More

Today's Recommendations For You

Here's a daily sample of items recommended for you. Click here to see all recommendations. Page 1 of 25

_ E;\-:'\g !\ 3.&_’: £
o

JAGCKSON

AMAR ES COMBATIR

Invincible [v| ~ Michael Jackson In Search of Sunrise, Vol. 7: Asia Fallen [v] ~ Evanescence Amar Es Combatir | ~ Mana

Arirfricd: (880) $7.99 v| ~ D] Tiesto Arfrfri’; (2,447) $8.99 rfrfried: (55) $8.49
Srirfried; (53) $15.99
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Real Life Examples

YAaHOO! MOVIESI

My Movies: gabe ma Edit Profile

Recommendations For You

Movies in Theaters: 94059

Burn After Reading (R)
Showtimes & Tickets | Add to My Lists

Yahoo! Users: B- 4794 ratings
The Critics: B 14 reviews

£) Don't Recommend Again &7 Seen It? Rate It!

Fight Club (R)
Showtimes & Tickets | Add to My Lists

Yahoo! Users: B+ 52392 ratings
The Critics: B 12 reviews

£) Don't Recommend Again &7 Seen It? Rate It!

Vicky Cristina Barcelona (PG-13)
Showtimes & Tickets | Add to My Lists

Yahoo! Users: B 1923 ratings
The Critics: B+ 13 reviews

£} Don't Recommend Again &7 Seen It? Rate It!

Receive Recommendations by Email

Pride and Glory (R)
Showtimes & Tickets | Add to My Lists

Yahoo! Users: A- 59 ratings
The Critics:  C+ B reviews

£} Don't Recommend Again &7 Seen It? Rate It!

Lakeview Terrace (PG-13)
Showtimes & Tickets | Add to My Lists

Yahoo! Users: B 3229 ratings
The Critics: € 12 reviews

£ Don't Recommend Again &7 Seen It? Rate It!

The Duchess (PG-13)
Showtimes & Tickets | Add to My Lists

Yahoo! Users: B+ 953 ratings
The Critics:  B- 10 reviews

) Don't Recommend Again &7 Seen It? Rate It!

See All Recommendations

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing
& Social Networks, November 23-27,2010, Brisbane, Australia




| Life Examples

iTunes

DEA vs, Hergin Kingpin
DEA

Search
Genius Sidebar

DEA
H Movies B More Episodes From This Season

= : - Ry ' . - Y 5 DEA, Season 1

¥ Podcasts ; . 1333 . . Reality TV
v %k Kk Vz 21 Ratings
(7 ) Applications

4 Radio \ s B | DEA vs. Herolin Kingpin

nes v ; > h | A DEA, Scason 1 $1.99 (8w
= i/ P wmn cops e

Operation Pill Grinder
ITunes Store in: No... Anthony Bourdain: No... Black Gold Cops DEA, Season 1 $1.99( 8wr )
! Purchased Season 3 Season 1 Episode 3

has nA
! Purchased o Show 1 Remaining Episode

YLISTS More From DEA

: ’ . aw ¢ "! ™ The Six Million Dol
% Cenlus o e \ 7 > - - —— > “ DEA, Season 2
J ADC on iTunes - A \ y , L & & 2%
Pink Floyd : : Season 2, £5. 1
TV Shows :

= (Tunes D)

l

l

60's Music Genius Recommendations

Musi< Videos CSl: NY Easy Money The First 48

Se s Gy <o k TR NI Preview
My Top Rated —- — —e Carrier

% % * %
Recently Played

Top 25 Most Pl [ o : A Season 3. €9, 1 $1.99 (8w )

00-Il_kim-the_ ,IQW!. ]

SMile . 1 PO American Gangster
Gangland, Season 1

50 Cent - Cues = LB BB

Acquisition SAOAN m S

Aerosmith-MTV LAW & ORDER SPECIAL VKT Noafictio

$1.99

Animals ) Scorpio
Kitchen Nightmares Law & Order Law & Order: SWU = W

Atmospher Flashpoint, Seaso
L Season 1 Season 17 Season 10 —— ‘*'p:*
Atmosphere Ov

) o) ) 8] (0] [0] [0) [0 ) o) (B [0 [0 [0 (@

$1.99 LY

l l + | || B 11 TV shows, 8.9 hours, 8.74 CB
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Real Life Examples

Songs from friends and similar people
> Play All_Fis MECTVETE

,} ¥ Yictims by The Oppressed
4°  New! Traditional Byrd69

,} ¥) Skinhead Girl by The Oppressed
4°  New! Traditional Byrd69

QA

,} ¥ violence In Our Minds by Last Resort
4°  New! Traditional Byrd69

New! Tradtional Byrd69

,} ¥ King Of The Jungle by Last Resort
A

,} ¥ Violence by The Templars
4°  New! Traditional Byrdé9

View all | invite more friends
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Basic Approaches

® Content-based Filtering
® Recommend items based on key-words

® More appropriate for information retrieval

® Collaborative Filtering (CF)
® | ook at users with similar rating styles

® | ook at similar items for each item

Underling assumption: personal tastes are correlated--
Active user will prefer those items which the similar
users prefer.

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing 1{3 :
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Framework

Items
I.
)

Un

The tasks
® Find the unknown rating?

® Which item should be recommended?
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Social Recommender Systems

Introduction
Collaborative Filtering
Trust-aware Recommender Systems

Social-based Recommender Systems

we" Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing
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Collaborative Filtering

® Memory-based (Neighborhood-based)
® User-based

® |tem-based

® Model-based
® (lustering Methods
® Bayesian Methods
® Matrix Factorization

® etcC.

4
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User-User Similarity

Q2: How to

% % select neighbors?
B ')
A target

Ql: How to measure %
the similarity?
Vi

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing ]ﬁf |
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User-based Collaborative Filtering

ltems
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User-based Collaborative Filtering

ltems
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User-based Collaborative Filtering

ltems
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User-based Collaborative Filtering

ltems
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User-based Collaborative Filtering

ltems
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User-based Collaborative Filtering

® Predict the ratings of active users based on the ratings
of similar users found in the user-item matrix

® Pearson correlation coefficient

Tg}
25
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Collaborative Filtering

® Memory-based (Neighborhood-based)
® User-based

® |tem-based

® Model-based
® (lustering Methods
® Bayesian Methods
® Matrix Factorization

® etcC.

4
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ltem-ltem Similarity

® Search for similarities among items

® [tem-ltem similarity is more stable than user-user
similarity

4
-~
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Correlation-based Methods

[Sarwar, 2001]
® Same as in user-user similarity but on item vectors

® Pearson correlation coefficient

® |Look for users who rated both items

P Zu(ruj — fj)(f’“ui — T3)
Z] \/Zu (TUJ _ 77]')2 Zu(ruz —

T )

® u:users rated both items

/. Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing 1{3 )
& Social Networks, November 23-27,2010, Brisbane, Australia




Collaborative Filtering

® Memory-based (Neighborhood-based)
® User-based

® |tem-based

® Model-based
® (lustering Methods
® Bayesian Methods
® Matrix Factorization

® etc...

4
-
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Matrix Factorization

[1.551.22 0.37 0.81 0.62
0.36 0.91 1.21 0.39 1.10
0.59 0.20 0.14 0.83 0.27 1.51
0.39 1.33 —0.43 0.70 —0.90 0.68

11.050.11 0.17 1.18 1.81 0.40 |

- 1.00
0.19
0.49

—0.40

| 1.49

—0.05 -0.24

.26

—0.86 —0.72 0.05

0.09
0.70 0.27
—1.00 0.06

0.05

1.28 0.54 —0.31 0.52
0.68 0.02 —0.61 0.70
—0.05 —0.62 0.12 0.08 0.02
—0.27 0.99 0.44

0.39
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Matrix Factorization

® Matrix Factorization in Collaborative Filtering

® TJo fit the product of two (low rank) matrices to the
observed rating matrix.

To find two latent user and item feature matrices.

To use the fitted matrix to predict the unobserved ratings.

(W . v

an/

User-specific latent \Item-specific latent
feature vector feature column vector

4
-
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Matrix Factorization

® Optimization Problem

® Given a m x n rating matrix R, to find two matrices
U = Rlx'rn andv = Ran’

R=U'V

where [ < min(m,n),is the number of factors

4
"~
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Matrix Factorization

® Models
® SVD-like Algorithm
® Regularized Matrix Factorization (RMF)
® Probabilistic Matrix Factorization (PMF)

® Non-negative Matrix Factorization (NMF)

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing .,,"G
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SVD-like Algorithm

® Minimizing

1
SIR=UV][E,

® For collaborative filtering

1= T, 2
%1’1‘1/15,;:1;[”(}{@ - U;' V;)

where [;; is the indicator function that is equal to | if
user uj rated item v; and equal to 0 otherwise.

4
-
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Regularized Matrix Factorization

® Minimize the loss based on the observed ratings with
regularization terms to avoid over-fitting problem

= Tyr\2 >\l 2 /\2 2
min o 5_:17 ij — Ui Vj) +{7HUHFA+ ?HVHFJ

Regularization terms
where A1, A2 > 0.

® The problem can be solved by simple gradient descent
algorithm.

w Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing 1{{%}
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Regularized Matrix Factorization

® Algorithm for RMF

® Not convex & local optimal
® Gradient-decent algorithm

® Gradient c%ln:nputation with randomly initialized U and V
— = Au, - Z (yij _ygj)vjl

ou, jl(i.j)eS

oL ~
aT_/lVil_ Z (yij_yij)ujl
il JI,7)esS
® Update U and V alternatively oL
e+ _ (1)
W, =W, =15
ou,,

(t+1) __ 8[4
V. g — T ———
J oyt
7 —
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Probabilistic Matrix Factorization

o PMF

® Define a conditional distribution over the observed ratings
as:

ot ol'[.

Or

= Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing ],P:)‘ |
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Probabilistic Matrix Factorization

o PMF

® Assume zero-mean spherical Gaussian priors on user and
item feature:

O ol'(.

w’, Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing 1{{%}
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Probabilistic Matrix Factorization

o PMF

® Bayesian inference
o o,

p(U,V|R,0g,00,0v) < p(R|U,V,0r)p(Ulog)p(V]ov)

™m 7 R

= T [V (rolocwrvin.o)]

=1 17=1

™m

x [[NWil0,051) x [ [ M(V;]0, 00 1).
i=1 j=1

/. Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing 1{3 )
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Non-negative Matrix Factorization

e NMF

® Given an observed matrix Y, to find two non-negative
matrices U andV

® J[wo types of loss functions

® Squared error function

S (Ri; - ULV’
i
® Divergence
” R;;
D(R|IUTV) =) (Rijlog =7 T v — R;; + U;'V)
ij
® Solving by multiplicative updating rules

= Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing EP{;:A}
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Social Recommender Systems

Introduction
Collaborative Filtering
Trust-aware Recommender Systems

Social-based Recommender Systems

v, Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing
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Challenges

® Data sparsity problem

YAaHOO! MOVIES

My Movies: gabe ma Edit Profile

The Critics: My Grade:

7 rgi;ws A+
— Oscar-worthy
Yahoo! Users:

667 ratinas write a review

;"' VWatch the Trailer

-" - VICKY LIisuna parceiona |ro-13aj -~ e vucness |Fo-1J)

3 Showtimes & Tickets | Add to My Lists v Showtimes & Tickets | Add to My Lists
ﬂ Yahoo! Users: B 1923 ratings Yahoo! Users: B+ 953 ratings
The Critics: B+ 13 reviews P R The Critics: B~ 10 reviews

L £ A7
) Don't Recommend Again ©) Seen It? Rate It! DUCHESS ¢} Don't Recommend Again .’ Seen It? Rate It!

See All Recommendations

INtroquction to S0Cidl \“omputing, irwin Nng, Zviv cil rnw Scnool. «ioud Lomputing, Sservice \.ompuung

& Social Networks, November 23-27, 2010, Brisbane, Australia




Challenges

My Movie Ratings
y The Pursuit of Happyness (PG-13, 1 hr. 57 min.) e Finding Nemo (G, 1 hr. 40 min.)
Buy DVD | Add to My Lists Buy DVD | Add to My Lists

Yahoo! Users: B+ 38992 ratings | : Yahoo! Users: B+ 137394 ratings
The Critics: 5- 13 reviews %5 The Critics: A- 14 reviews

My Rating: A+ - ¢’ My Rating: A

My Blueberry Nights (PG-13, 1 hr. 30 min.) Cold Mountain (R, 2 hrs. 35 min.)
Buy DVD | Add to My Lists v 4 Buy DVD | Add to My Lists

Yahoo! Users: E- 756 ratings Yahoo! Users: B 38986 ratings
The Critics: =~ 7 reviews The Critics: B+ 10 reviews

My Rating: A+ ¢’ My Rating: B+

The Lord of the Rings: The Fellowship of the Ring B ! Shrek 2 (PG, 1 hr. 32 min.)
Buy DVD | Add to My Lists 2 Buy DVD | Add to My Lists

Yahoo! Users: A- 110957 ratings ' , s Yahoo! Users: B+ 150368 ratings
The Critics: A 15 reviews Y ¥ & The Critics: B 15 reviews

My Rating: A | € My Rating: B

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing
& Social Networks, November 23-27,2010, Brisbane, Australia




Number of Ratings per User

-
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R {1~
10° 10° 10° °
# of ltems Rated by Users

o

o

Extracted From Epinions.com
| 14,222 users, 754,987 items and 13,385,713 ratings
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Challenges

® Traditional recommender systems ignore the social
connections between users

\'/\'Ah\((h
one should |

y ]
chooSse!

Recommendations
from friends

b
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Social Recommendation Using
Probabilistic Matrix Factorization

[Hao Ma, et al., CIKM2008]

e, Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing Lﬁf’
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Motivations

® “Yes, there is a correlation - from social networks to
personal behavior on the web”

Parag Singla and Matthew Richardson (VWVWVV’08)

® Analyze the who talks to whom social network over 10
million people with their related search results

® People who chat with each other are more likely to share
the same or similar interests

® TJo improve the recommendation accuracy and solve the

data sparsity problem, users’ social network should be
taken into consideration

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing 19@
& Social Networks, November 23-27,2010, Brisbane, Australia %’




Problem Definition

u,

i,

.,
u,

U

Social Trust Graph User-Item Rating Matrix

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing ¢
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User-ltem Matrix Factorization

O O

m

p(R|U, YV, O'R H H [\ ( ijlg(U

=17=l

p(Ulot)=] [ N(U:l0, o51) (Vo) V10,0V 1)

i=1 1=1

R. Salakhutdinov and A. Mnih (NIPS'08) T
Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing %}3
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T [(ralo@Tv,on)]

e | j:l

p(C ,Z,O'C‘ HH N [(Czk|g U: Zk),d%)]lﬁ

i—=1 k=1

p(Uloty) = [[N(U:l0,08T) p(VIoy) = [[ N (V;
—1 7—1

p(Z|oz) = H N (Zx|0,0%1)
k=1

L(R,C,U,V.Z) =
4221’* rii—g (U3 V;)) ZZLA ch—g(Ui Zi))?
=1 j=1 i=1 k=1

A( )\\ Z y
b+ SEIVIE + 220121

ﬂ
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SoRec

Z IR UT Vi) (g(UT V) = rij)V;

m

Z Iing' (Ul Zi)(g(U Zk) — i) Zi + MU,

™

S IR (U V) (gUTVy) = rig)Us + AV,

A—3 |

s Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing l%)
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Complexity Analysis

® For the Objective Function O(prl + /)cl)—

® For Sf the complexity is O(prl + pcl)

L
vV
L
87

® For the complexity is O(prl)

® For == the complexity is O(pc!)

® |n general, the complexity of our method is linear with the
observations in these two matrices

= Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing

& Social Networks, November 23-27,2010, Brisbane, Australia .




Disadvantages of SoRec

® | ack of interpretability

® Does not reflect the real-
world recommendation
process

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing ]f’ij‘f’
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Learning to Recommend with Social Trust Ensemble

[Hao Ma, et al., SIGIR2009]

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing ]f’ij‘f’
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| st Motivation

| 7/
evolutionary
Road

WINNER OF 1l ACADEMY AWARDS* %
INCLUDING BEST MICTURE
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| st Motivation

AFISEORIER G

"o s "

~

N TREATRES EVIATUWHIRE JUNE 2% DXPEREXE ITNiMA X
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| st Motivation

e Users have their own characteristics, and they have
different tastes on different items, such as movies,
books, music, articles, food, etc.

vi
-

o

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing 19@
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2"d Motivation

Where to have

dinner? Ag| %w)
@ Very

Che
elicious
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2"d Motivation

e Users can be easily influenced by the friends they
trust, and prefer their friends’ recommendations.

Where to have

dinner? / %\

Ask ﬁ) Very GoocL)
Ask
% Chea Delicious

,Nz::/ Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing L}
N—— & Social Networks, November 23-27,2010, Brisbane, Australia




Motivations

® Users have their own characteristics, and they have
different tastes on different items, such as movies, books,
music, articles, food, etc.

® Users can be easily influenced by the friends they trust,
and prefer their friends’ recommendations.

® One user’s final decision is the balance between his/her
own taste and his/her trusted friends’ favors.

/. Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing 1{3 :
& Social Networks, November 23-27,2010, Brisbane, Australia




User-ltem Matrix Factorization

O O

v, V.

m T

p(RIUV,o%) =TT TI [\ ( ilg(l

y=17=l

p(Ulot) =[N (U0, o3 T)

=1

[R. Salakhutdinoy, et al., NIPS2008]
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Recommendations by Trusted Friends

O 0'(_.

p(R|S,U,V,0%) =

m T

H H N | Rijlg( Z SiUi V;), 05
)

=1 =1 keT (2
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Recommendation with Social Trust Ensemble

O

ke 1(1)
p={T(i)

m T

LI L[NV Risla(alUi Vi + (1 = @) Yy Sl V), 0

=1 =1 ke (1)

o
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Recommendation with Social Trust Ensemble

E(R:S UV

m

__ijjlj s ((1[#1"‘]_'_(1_“ Z Szkr ‘ ))

d

i=1 j=1 keT (2)

A A - —
+—l &+ S-IVIE, (15)

d

) p » | _ o
.()(L —;.Z[”q(n{ ]+(l_(|)z ‘S‘ék(—'k(‘j)‘)
(
keT (i) ()E m = T 2
— = I U; | 1 — S Uz V.
((/(n( (1 —a) Z S,,\( — Rij) (')\J Z 34 (a J+( () Z kUi V)

=1 keT (i)
’\!-T(I)

X (9(aU; Vi + (1 — @)y  SiUx V;) — Rij)
(1 —a) Z Z[m(/’ (al T\ i+ (1 —a) ZS”‘[ Vi) ’-'Ezf:('l)

peEB(i) 3= keT (p)

x (aU; + (1 — SiUx ) + AvVj,
((/(n( (1 — ) Z SprUj Tl ) — Rp;)SpiV; (a ( ) Z Uk ) vV;

2 keT (i)
keT (p)

-{-/\1:('.,.
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Complexity

® |n general, the complexity of this method is linear with
the observations the user-item matrix

4
-
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Epinions Dataset

® 51,670 users who rated 83,509 items with totally
631,064 ratings

® Rating Density 0.015%

® The total number of issued trust statements is 511,799

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing ]ﬁf |
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Metrics

® Mean Absolute Error and Root Mean Square Error

. e
D i |Tid — il

\T
f'\/
!'\/
.

o o 7"1'.,-- 2
RMSE = \/Z’ul( : i)

j — T
N
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Comparisons

Table I1I: Performance Comparisons (A Smaller MAE or RMSE Value
Means a Better Performance)

Data

Training

Metric

Dimensionality = 5

UserMean

ItemMean

NMF

PMF

Trust

SoRec

RSTE

90%

MAE

0.9134

0.9768

0.8738

0.8676

0.9054

0.8442

0.8377

RMSE

1.1688

1.2375

1.1649

1.1575

1.1959

1.1333

1.1109

80%

MAE

0.9285

0.9913

0.8975

0.8951

0.9221

0.8638

0.8594

RMSE

1.1817

1.2584

1.1861

1.1826

1.2140

1.1530

1.1346

Data

Training

Metrics

Dimensionality

= 10

UserMean

ItemMean

NMF

PMF

Trust

SoRec

RSTE

90%

MAE

0.9134

0.9768

0.8712

0.8651

0.9039

0.8404

0.8367

RMSE

1.1688

1.2375

1.1621

1.1544

1.1917

1.1293

1.1094

80%

MAE

0.9285

0.9913

0.8951

0.8886

0.9215

0.8580

0.8537

RMSE

1.1817

1.2584

1.1832

1.1760

1.2132

1.1492

1.1256

NMF --- D. D. Lee and H. S. Seung (Nature 1999)
PMF --- R. Salakhutdinov and A. Mnih (NIPS 2008)
SoRec --- H. Ma, H.Yang, M. R. Lyu and I. King (CIKM 2008)
Trust, RSTE --- H. Ma, I. King and M. R. Lyu (SIGIR 2009)
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Performance on Different Users

® Group all the users based on the number of observed
ratings in the training data

® 6 classes:“| — 107,11 — 207,21 — 40”,“4] — 80”,“81 —
I60”,“> I60”,

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing .,,"G
& Social Networks, November 23-27, 2010, Brisbane, Australia




Performance on Different Users

2x 10'4

Number of Test Ratings
. @)

O
4

1-10 11-20 21-40 41-80 81-160 >160
Number of Observed Ratings

(a) Distribution of Testing Data (90% as
Training Data)

Dimensionality = 10 Dimensionality = 10

= Trust
-&-NMF
—— PMF
~O~SoRec
-©-RASTE |

C'715-10 11-20 21-40 41-80 81-‘153 >160 1'({5—10 11;20 21-40 41‘-80 81-160 >160
Number of Observed Ratings Number of Observed Ratings
(b) MAE Comparison on Different User (c¢) RMSE Comparison on Different User
Rating Scales (90% as Training Data) Rating Scales (90% as Training Data)
Introduction to Social Computing, Irwin King, 2010 EIl PhD School: Cloud Computing, Service Computing

& Social Networks, November 23-27, 2010, Brisbane, Australia




Impact of Parameter Alpha

80% as Training Data

90% as Training Data
09‘4 v v L T T 1 24 T L T T T L T

0'820 01 02 03 04 0506 07 08 09 1 1‘10 01 02 03 04 0506 07 08 09 1
Values of a Values of o

80% as Training Data 80% as Training Data

0 1.12

840 01020304 050607 08 09 1 0 01 020304 050607 0809 1
Values of i Values of

Impact of Parameter o (Dimensionality = 10)
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MAE and RMSE Changes with Iterations

Dimensionality = 10 Dimensionality = 10
— 1.95

——RSTE0=0 | —;—RS'TEa;O _
——RSTE 0.=0.4 1971 ——RSTE o = 04
——RSTE =07 1.45F —~—RSTE 0 =0.7]

—+—RSTEa=1 [ 14}

ul 135} |

RE
1.5}

12|

1.15}

D

08 20 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
lterations lterations

90% as Training Data
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Further Discussion of SoRec

® Improving Recommender Systems Using Social Tags

O-I' ] O-T GT O-I'

O

MovielLens Dataset

/1,567 users, 10,68 movies,
10,000,054 ratings, 95,580 tags

s;:-{ Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing = 5
— & Social Networks, November 23-27,2010, Brisbane, Australia
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Further Discussion of SoRec

e MAE

Table V: MAE comparison with other approaches on MovieLens dataset

(A smaller MAE value means a better performance)

Methods

80% Training

50% Training

30% Training

10% Training

User Mean

0.7686

0.7710

0.7742

0.8234

[tem Mean

0.7379

0.7389

0.7399

0.7484

5D

SVD

0.6390

0.6547

0.6707

0.7448

PMF

0.6325

0.6542

0.6698

0.7430

SoRecUser

0.6209

0.6419

0.6607

0.7040

SoRecltem

0.6199

0.6407

0.6395

0.7026

SVD

0.6386

0.6534

0.6693

0.7431

PMF

0.6312

0.6530

0.6683

0.7417

SoRecUser

0.6197

0.6408

0.6595

0.7028

SoRecltem

0.6187

0.6395

0.6584

0.7016

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing
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Further Discussion of SoRec

e RMSE

Table VI: RMSE comparison with other approaches on MovieLens
dataset (A smaller RMSE value means a better performance)

Methods

80% Training

50% Training

30% Training

10% Training

User Mean

0.9779

0.9816

0.9869

1.1587

[tem Mean

0.9440

0.9463

0.9505

0.9851

5D

SVD

0.8327

0.8524

0.8743

0.9892

PMF

0.8310

0.8582

0.8758

0.9698

SoRecUser

0.8121

0.8384

0.8604

0.9042

SoRecltem

0.8112

0.8370

0.8591

0.9033

SVD

0.8312

0.8509

0.8728

0.9878

PMF

0.8295

0.8569

0.8743

0.9681

SoRecUser

0.8110

0.8372

0.8593

0.9034

SoRecltem

0.8097

0.8359

0.8578

0.9019

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing
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Further Discussion of RSTE

® Relationship with Neighborhood-based methods

O e The trusted friends are actually the
explicit neighbors

e We can easily apply this method to
include implicit neighbors

e Using PCC to calculate similar users
for every user

4
"~
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What We Cannot Model Using SoRec and RSTE!?

® Propagation of trust

® Distrust

® x-

&>~ Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing = K
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Recommend with Social Distrust

[Hao Ma, et al., RecSys2009]

A"-

;‘,_,f{ Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing l{‘\:
| & Social Networks, November 23-27,2010, Brisbane, Australia <

.

Ta\i‘;
25




Distrust

® Users’ distrust relations can be interpreted as the
“dissimilar” relations

® On the web, user U, distrusts user Uy indicates that user U,
disagrees with most of the opinions issued by user U..

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing ],P:)‘ |
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Distrust

; P seinn
min Lp(R, S, U,
U.V

& , 7112
(— S B dl U g = U d||F )

112
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® Users’ trust relations can be interpreted as the “similar”
relations

® On the web, user U, trusts user U; indicates that user U,
agrees with most of the opinions issued by user U..
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Trust

111111 — E E Sy | o

7,_1 te T+ (1)

L2 n

T 7V 1 i oo
Ill}l‘l/lﬁf[(}? ,U,V) ES‘S‘[ —g(U; V;))

_—
7=1

o
1—=1

T 112
~ U3

)\U )\V
Hl HF T =

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing wt%/}
& Social Networks, November 23-27,2010, Brisbane, Australia %'




Trust Propagation

@@é\ -
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Distrust Propagation?
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Experiments

® Dataset - Epinions

® | 31,580 users, 755,137 items, 13,430,209 ratings

® /|7, 129 trust relations, 123,670 distrust relations

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing ¢
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Data Statistics

Table 1: Statistics of User-Item Rating Matrix of
Epinions

Statistics User [tem
Min. Num. of Ratings 1
Max. Num. of Ratings | 162169
Avg. Num. of Ratings | 102.07

Table 2: Statistics of Trust Network of Epinions
Statistics | Trust per User | Be Trusted per User

Max. Num. 2070 3338
Avg. Num. 5.45 B 45

Table 3: Statistics of Distrust Network of Epinions
Statistics | Distrust per User | Be Distrusted per User

Max. Num. 1562 540

Avg. Num. 0.94 0.94
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Experiments

Traning Data | Dimensionality
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Impact of Parameters

5% as Trainng Data, Dmensonality = 10 10% as Tranng Data. Dimensionality = 10 20% as Training Data, Dmensionality = 10
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(a) 5% as Training Data (b) 10% as Training Data (c) 20% as Training Data

Figure 6: Impact of Parameter o

Alpha = 0.0] will get the best performance!
Parameter beta basically shares the same trend!
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Social Recommender Systems

Introduction
Collaborative Filtering
Trust-aware Recommender Systems

Social-based Recommender Systems
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Comparison

® T[rust-aware ® Social-based
Recommender Recommender
systems Systems

® TJrust network ® Social friend network,
mutual relations

® Trust relations can be Friends are very
treated as “‘similar” divers, and may have
relations different tastes

® [ew dataset available Lots of web sites have
onh the web social network
implementation
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Outline

Introduction
Social Search Engine
Social Recommender Systems

Social Media Analysis
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Social Media Analysis

Social Media Ranking
Tag Recommendation
News Recommendation
User Recommendation

Twitter-powered Recommendation
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Social Media Ranking

® Pulse Rank - OneRiot
® Reddit Algorithm
® Digg Algorithm

® Google’s Page Rank
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Pulse Rank - OneRiot

® A realtime web search engine, which archives and makes
searchable news, videos and blogs being discussed on
the web, ordered to reflect current social relevance.

N OneRiot

Trending Topics:

< . s+ WA/ at the iDad Rows sianivian? NWINDEM Tha TAr N AMaet Watrhaot
. Parody Asks: What is the iPad Revolutionizing? [VIDEO ¢ Top 10 Most Watched
Mah Saripe Anreds OO T™h A nnde A e \War
TR, Web Seres, March 2 e Appie-AdoDe Va
£\ —
— 1 . ANt elkir ? thie Aol tha Ardrle oy # 8 aa - a s
you GanN 1 SKID pAst This POS eogdsarethatyoure a ac err
N L erar A € A see aniine e arrract than wasl
witlerer. # 3SSUM S COITE v ul
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Pulse Rank - OneRiot

® “Pulse Rank” algorithm looks at dozens of factors that
give “weight” to certain results

® Freshness:|s the most recently published content
necessarily the most relevant?

¢ Domain Authority: An article about Obama on New
York Times should weight higher than the article on my blog.

® People Authority:Who is sharing this link on the social
web!?

® Acceleration:ls this page increasing in hotness or
decreasing in hotness!

From http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
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http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/

Reddit Algorithm

® Reddit is a social news website on which users can post links
to content on the Internet. Other users may then vote the
posted links up or down, causing them to become more or less
prominent on the reddit home page.

0
> =
reddlt what's hot | new controversial top saved

...a nearby resident phoned police to report what was happening in the field below their house and
took photographs.

Because | feel like getting zero or hundreds of down votes before I go to bed tonight. Apple = AOL for
Hipsters.

?-

Imi I ordered a pizza from Papa John's and asked for extra peppers.

[ think I judged those pilots a bit too quickly.

Is it just me, or is Tyler Perry REALLY fucking annoying?
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Reddit Algorithm

® Time differences
t.=A—B

e Differences of the up votes and down votes
r=U—D

p— f — .
’ —01 ;f§<8 boafr <

® Ranking functions
yt

45000

From http://uggedal.com/reddit.cf.algorithm.png
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Digg Algorithm

® A social news website made for people to discover and
share content from anywhere on the Internet, by

submitting links and stories, and voting and commenting
on submitted links and stories

f Connect with Facebook Join Digg = About | Login

News, Images, Videos

138 Millions of Sea Turtles Killed Accidentally?

Millions, not thousands, of sea turtles have been unintentionally killed by fishing operations in the last

20 years, a new report says

(3 digg popular 30 min ago

133 I Top 20 Soccer WAGs (Gallery)

illustr: If there's any sport where the wives and girlfriend (WAG) culture takes on a life of its own,
then it would be soccer,

pular 30 min ago

The Next Generation News Reader Application

Delivered by The New York Times, it's the portable, versatile news reader for PC, Mac and

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing
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Digg Algorithm

The rapidity of the votes

If you get 40-50 votes (no matter what users digg) in the first 30 minutes, you're
probably on the frontpage.

The rank of the users that vote the article
The highest it is on the top list, the better.

The number of comments, and the positive diggs that

each article receives
If you have a lot of negative rated comments that can hurt more then help actually.

The number of buries your story gets

The submitted / promoted stories ratio of the users
that vote

If 12-14 users with at least a 70% ratio, vote your article, you can make the frontpage
much easier.

From httg) :/lwww.seopedia.org/tips-tri ia)- i -digg-algorithm-unofficial- a,%[ , 077
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How Google Ranks Tweets

Latest results for jesus -

Jer: It's gonna be 79 today!? Matt: Jesus?

- Twitter - seconds ago

RT @alaintha: @kirstiealley happy jesus resurection day

" - Twitter - seconds ago

Jesus Christ Noel, dial down the mental would you? It's Deal or No Deal, not Twin Peaks

- Iwitter - seconds ago

Latest results for iphone os4 -

iPhone OS 4 Event: By The Numbers
Distimo Blog — iPhone OS 4 Event: By The Numbers - distimo.com

- Twitter - 2 minutes ago

Finally awake. Seems like iPhone 0S4 has gripped the world. Oh, and Justin Whats-
his-face is still a trending topic.

- Twitter - 4 minutes ago

iChat video with front facing camera evidence mounts in iPhone OS ...

N A L.an Faewd ccnababh .ttt caw cecali.alillea Mle cccc AN A PNV daiialaccc cwecdaiii Baw
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How Google Ranks Tweets

® The key is to identify “reputed followers”
® You earn reputation,and then you give reputation

® One user following another in social media is analogous
to one page linking to another on the Web. Both are a
form of recommendation

® Page Rank on follow graph

, , érom http://www.technologyreview.com/web/24353/?a=f , , 2
Introduction to Social Computing, Trwin King, 2 chool: Cloud Computing, Service Computing £¢

& Social Networks, November 23-27, 2010, Brisbane, Australia



http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/

Social Media Analysis

Social Media Ranking
Tag Recommendation
News Recommendation
User Recommendation

Twitter-powered Recommendation
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Why Users Tag?

® Tagging means something specific to the user
® |t is easy -- anyone can do it

® Finding things on the Internet

® Serendipitous discovery

® |t is social

® New ways to share and discover

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing .,,"G
& Social Networks, November 23-27, 2010, Brisbane, Australia




Why need Tag Recommendation!

® User tags contain noises

® Automating the tagging process

® Assisting users to tag

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing .,,"G
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Flickr Tag Recommendation based on Collective

Knowledge
[B. Sigurbjornsson, et al., WWW2008]

I Unclassified M Location  Artefact or Object @ Person or Group M Action or Event | Time M Other

Figure 3: Most frequent WordNet categories for
Flickr tags.
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Flickr Tag Recommendation based on Collective
Knowledg[e

B. Sigurbjornsson, et al., WWW2008]

User-defined Tags Candidate Tags Recommended Tags

Gaudi
Spain
Catalunya
architecture
church

[

Sagrada Familia Sagrada Familia:
Barcelona Barcelona

Gaudi

Spain

architecture
Catalunya

church

[

Tag
Aggregation & Ranking

Barcelona:
Spain
Gaudi
2006

, — Catalunya
- Europe
travel

Tag
Co-occurence

|

Figure 4: System overview of the tag recommendation process.
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Flickr Tag Recommendation based on Collective
Knowledg[e

B. Sigurbjornsson, et al., WWW2008]

- Tag |
i Co-occurence -

® Define the Tag Co-occurrence between two tags to be

the number of photos where both tags are used in the
same annotation

® Symmetric measure: Jaccard Coefficient

_tinty)

J(ti,tj) . — ‘t' Ut'|
1 J

® Asymmetric measure:

P(tj |th) =

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing V,,"r:
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Flickr Tag Recommendation based on Collective
Knowledg[e

B. Sigurbjornsson, et al., WWW2008]

Tag: Eiffel Tower Symmetric Measure:
x Tour Eiffel

Elf.fel Good at identifying
Seine equivalent tags

La Tour Eiffel
Paris

Aymmetric Measure:
Paris

France

: Good at suggesting
TOUIT Eiffel diverse tags
Eiffel

Europe
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Flickr Tag Recommendation based on Collective
Knowledg[e

B. Sigurbjornsson, et al., WWW2008]

® Aggregation g

Aggregation & Ranking

® Vote

® The voting strategy computes a score for each candidate tag ¢

vote(u, c) = ! e e Oy
10 otherwise

A score is therefore computed as

score(c) := Z vote(u, c)
uelU
® Sum

® The summing strategy sums over the co-occurrence values of the
tags

score(c) 1= Z (P(clu) ,if ce Cy)
uelU
where P(c|u) calculates the asymmetric co-occurrence values, and

u is the user defined tags
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Social Media Analysis

Social Media Ranking
Tag Recommendation
News Recommendation
User Recommendation

Twitter-powered Recommendation
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Google News Recommendation

Top Stories

Silence held across Poland for deceased president
ABC Online - 2 hours ago

Solemnly standing to attention as sirens wailed, Poles fell silent across the country Sunday

as they mourned President Lech Kaczynski and top officials killed in a fiery air crash in
Russia.

+ Video: Bells and sirens sound in memory of Polish plane crash victims RT The e l -

Polish president's body flown home Aljazeera.net . () k )8 ( n e WS
BBC News - Xinhua - The Guardian - Jewish Teleqraphm Agency - Wikipedia: Lech Kaczynski

all 5,904 news articles » Email this s

Hundreds wounded, 20 killed in Thailand protests
ABC Online - Mark Wilacy - 2 hours ago )
The Thai government demes that soldiers fired live bullets into crowds of protesters (Reuters §

: Sukree Sukplang) At least 20 people are dead and more than 800 are wounded in Thailand
after violent clashes between opposition .. .

+ Video: Thai political crisis turns deadly gm Al .
Political Standoff in Bangkok Intensifies New Yo Recommended »
Times Online - Reuters - The Associated Press -
Wikipedia: National United Front of Democracy/
all 2,174 news articles » ail this story

Pink Preview: Microsoft's Mystery Event
PC World - Paul Suarez - Apr 10, 2010
_ Artwork: Chip TaylorEarlier this week Microsoft sent out invitations for a "mystery event"

that will take place in San Francisco on Monday.
Will iPhone 4.0 derail Microsoft's phone plans? CNET

How iPhone OS destroys Windows Phone 7 without even shipping Ars Technica
ABC News - TopNews United States Omon Kid - Fone Arena (blog)
all 83 news articles » : g

Staycation Specials: Zip Ilne for free in San Francisco
San Jose Mercury News - Ann Tatko-Peterson - 8 hours ago
Ride on an urban zip line for free dunng the British Columbia Expenence in San

similar to the popular urban zip line offered to tourists ...
Reliving the highs of the Vancouver games CNET
Zip line offers bird's-eye view of city UPl.com
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News Recommendation

® Online news reading has become very popular

® Web provides access to news articles from millions of
sources around the world

® Key challenge: help users find the articles that are
interesting to read

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing v,,"i
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Personalized News Recommendation Based on Click

Behavior . Liu, et al., 1UI2008]

® News click logs analysis

e Data

® Google News, over |2-month period, from 2007/07/01 to
2008/06/30

Randomly sampled 16,848 users from users who made at least 10
clicks per month

Users are from more than 10 different countries and regions

= Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing EP{;:A}
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Personalized News Recommendation Based on Click

Behavior [J. Liu, et al., 1U12008]
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Figure 2. Interest distribution of US users over time Figure 3. Change of interests in sports news over time
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Personalized News Recommendation Based on Click
Behavior

[J. Liu, et al., IUI2008]

® (Observations

® The news interests of individual users do change over time

® The click distributions of the general public reflect the news
trend, which correspond to the big news events

There exists different news trends in different locations

To a certain extent, the individual user’s news interests
correspond with the news trend in the location that the users
belongs to

Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing
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Personalized News Recommendation Based on Click

Behavior . Liu, et al., 1UI2008]

® Bayesian Framework for User Interest Prediction

® Predicting user’s genuine news interest

® For a specific time period t in the past, the genuine interest of a user in
topic category ¢ is modeled as

p' (click | category = c;)

® Using Bayesian rule

interest’ (category =c;) = pt (click | category = ¢;)

B p' (category = c; | click) p' (click)

p' (category = ¢;)

4
-~
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Personalized News Recommendation Based on Click
Behavior [ Liu, et al., 1U12008]
® Bayesian Framework for User Interest Prediction

® Combining predictions of past time periods
> (N " xinterest' (category = cl-))
>N
Z{Nt y p' (categatrjy =c; | click)pt(click)j
p’ (category = c;)
>N

N'is the total number of clicks by the user in time period t

interest(category = c;) =

5 . .
® Assume p (click) is a constant, then we get
interest(category = c; )

p' (category = c; | click)
X
p' (category = ¢;)

, >, N
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Personalized News Recommendation Based on Click

Behavior . Liu, et al., 1UI2008]

® Bayesian Framework for User Interest Prediction

® Predicting user’s current news interest

® Use the click distribution of the general public i |n a short current time
period (e.g. in the past hour), represented as p (categorjy = c; ), by using
Bayesian rule:

po (category = c; | click)

B pO (click | category = c;) pO (category =c;)
p(click)

Estimate po(click | category = c;) with genuine interests interest(category = c;)
pO (category = c; | click)

interest(category = c; ) pO (category = c;)
p(click)

oC

" (category = c; | click)

po(category:cl-)xzt N x P

2N
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Personalized News Recommendation Based on Click

Behavior . Liu, et al., 1UI2008]

® Bayesian Framework for User Interest Prediction

® Predicting user’s current news interest

® Adding a set of virtual clicks G, which is set to be 10 in the system. It can
be regarded as a smooth factor.

pO (category = c; | click)

. p'(category =c; | click) N

po(category:cl-)x Zt N’ x G

p' (category =c;)
> N'+G

4
-
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Personalized News Recommendation Based on Click

Behavior . Liu, et al., 1UI2008]

® Live traffic experiment

® Experiments conducted on a fraction (about 10,000 users)
of the live traffic at Google News

Users were randomly assigned to a control group and a test
group. Two groups have the same size

Control group uses old recommendation algorithm, while
the test group uses the proposed recommendation
algorithm
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Personalized News Recommendation Based on Click
Behavior
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Social Media Analysis

Social Media Ranking
Tag Recommendation
News Recommendation
User Recommendation

Twitter-powered Recommendation
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User Recommendation

® Facebook Service - People You May Know
- Based on “friend-of-a-friend” approach

facebook

3, Suggestions

Add people you know as friends and become a fan of public profiles you like.

Xuemiao Xu Xie Yongming X Dony Xu

Add as friend

Cai Junpu
Add as friend

Teng Li
Add as friend

Tristan Ruoli Dai

Add as friend

Wu-Jun Li
Add as friend

Add as friend

Ye Tian
Add as friend

Zhang Lei
Add as friend

BFU
Become a Fan

Kun Zhang
Add as friend

B’ 4 F e S
RS A
. TS
-
Ay
"‘. : .

Add as friend

Xiaoqging Yang
Add as friend

Li Qiuhui
Add as friend

Qin Guiming
Add as friend

Liu Xiao
Add as friend
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User Recommendation

Look who else is here. Start following them!

Browse Suggestions Find Friends nvite By Email

here! Follow the ones vou like.

Sources in Entertainment

MythBusters Official '8 follow
@MythBusters

Location: San Francisco, CA

Bio: Official Twitter for the hit series MYTHBUSTERS. (All dates/times are for U.S.
airings).

fearne cotton
Location: london
Bio: rockin in a free world

Jim Carrey Verified
@JimCarrey

Location: Los Angeles
Bio: Actor Jim Carrey!

Rotten Tomatoes

Location: Hollywood, Sydney, London
Bio: Aggregating reviews from hundreds of movie critics.

Teller

DMMrT o -

Location
Bio
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“Make New Friends, but Keep the Old” -

Recommending People on Social Networking Sites
Jilin Chen, et al., CHI2009)]

® On social networking sites, people recommendation
algorithms are designed to help users:

® Find known, offline contacts

® Discover new friends

® Both are challenging problems
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“Make New Friends, but Keep the Old” -

Recommending People on Social Networking Sites
Jilin Chen, et al., CHI2009)]

® Two research questions:

® How effective are different algorithms in recommending
people as potential friends?

Can a people recommender system effectively increase the
number of friends a user has!?
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“Make New Friends, but Keep the Old” -

Recommending People on Social Networking Sites
Jilin Chen, et al., CHI2009)]

® TJest bed

® Beehive, an enterprise social networking site within IBM
® [our different algorithms are tested

® The survey was targeted at a group of 500 users who
were asked to answer questions related to their
friending behavior

= Introduction to Social Computing, Irwin King, 2010 Ell PhD School: Cloud Computing, Service Computing
& Social Networks, November 23-27,2010, Brisbane, Australia

%;?
~v
[ \




“Make New Friends, but Keep the Old” -

Recommending People on Social Networking Sites
[Jilin Chen, et al., CHI2009]

® Algorithms

|. Content Matching

® Based on the intuition that “if we both post content on similar
topics, we might be interested in getting to know each other”

® PBased on [FxIDF method

2. Content-plus-Link (CpluslL)

® Enhances the content matching algorithm with social link
information derived from social network structure

Based on the intuition that “By disclosing a network path to a
weak tie or unknown person, the recipient will be more likely to

accept the recommendation.”
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“Make New Friends, but Keep the Old” -

Recommending People on Social Networking Sites
Jilin Chen, et al., CHI2009]

® Algorithms

3. Friend-of-Friend (FoF)

® Only leverages social network information of friending

® Based on the intuition that “if many of my friends consider Alice a
friend, perhaps Alice could be my friend too”

4. SONAR

® Based on the SONAR system, which aggregates social relationship
information from different public data sources within IBM:
(1) Organizational chart; (2) Publication database; (3) Patent
database; (4) Friending system; (5) People tagging system; (6)
Project wiki; and (7) Blogging system.
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“Make New Friends, but Keep the OIld” -

Recommending People on Social Networking Sites

[Jilin Chen, et al., CHI2009]
Content CplusL FoF SONAR

30.1% 24.9% 23.8%

1 T

c
3
0
c

x
c

-

18.5%

3.0%

Rated Good
" Rated Not Good

Figure 1. Known vs. unknown, Good vs. not good.
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“Make New Friends, but Keep the Old” -

Recommending People on Social Networking Sites
Jilin Chen, et al., CHI2009)]

SONAR

Content 8.3%

CplusL 9.6%

FoF 13.1%

Table 1. Overlap ratios between recommendations generated
by different algorithms.
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“Make New Friends, but Keep the Old” -

Recommending People on Social Networking Sites
Jilin Chen, et al., CHI2009)]

Good
Introduce
Connect

SONAR FofF CplusL Content

Figure 2. Good recommendations that resulted in actions.
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“Make New Friends, but Keep the Old” -

Recommending People on Social Networking Sites
Jilin Chen, et al., CHI2009)]

SONAR FoF CplusL Content
59.7% 47.7% 40.0% 30.5%

Table 2. Recommendations resulting in connect actions.

SONAR FoF Content CpluslL Control

Figure 4. Increase in number of friends.

r. ~
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“Make New Friends, but Keep the Old” -

Recommending People on Social Networking Sites
Jilin Chen, et al., CHI2009)]

® Conclusions

® Relationship based algorithms (FoF and SONAR)

outperform content similarity ones (Content and CpluslL) in
terms of user response

Relationship based algorithms are better at finding known
contacts whereas content similarity algorithms were
stronger at discovering new friends

| S—
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Social Media Analysis

Social Media Ranking
Tag Recommendation
News Recommendation
User Recommendation

Twitter-powered Recommendation
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witter Recommendation

Look who else is here. Start following them!

Browse Suggestions

w the ones you |

Sources in Entertainment
MythBusters Official re
@MythBusters

Location: San Francisco, CA

Bio: Official Twitter for the hit series MYTHBUSTERS. (All dates/times are f

airings).

fearne cotton

i Cd 1CCOLLO
Location: london
Bio: rockin in a free world

Jim Carrey
@JimCarrey

Location: Los Angeles
Bio: Actor Jim Carrey!

Rotten Tomatoes

Location: Hollywood, Sydney, London
Bio: Aggregating reviews from hundreds of movie critics.

Teller

i rar:
Location

Bio .
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Twitter-powered Recommendation

meine

Everything

2

- #KhromelLoungeTonite 857 Washington N Waverly BK,NY after work specials n after (cont) http://tl.gd/romcp

7 PrettyDaGoddd 0 Comments Repor Made Popular 27 mins aqgo
J ! -

150

vt - Twitter inicia hoje sua plataforma de publicidade: Promoted Tweets

g cmerigo 0 Comments Report Made Popular 41 mins ago

4_4 T o
i - As part of BGR coverage of NY Auto Show, here’s a quick look at the 2010 Buick Bm

LaCrosse from a technology perspective.
@chx
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TW|tter-powered Recommendatlon
Share with Twitter g~ ' 3 | J

Walk

taking a sneeky peek in

TagWalk Stats
Stats about English:

57M 10.4% 34.3%

tweets retweets with links

577K 6.4M 31M 973K

hashtags talkers to users web sites

Based on S7M tweets by 6.4M talkers
Last Updated: 2 d_“ ago

Related Users

Users mentioned in English:

aplusk Mashable stephenfry tommcfly
tweetmeme kevinrose TechCrunch guykawasaki
Scobleizer donttrythis DavidArchie ZnaTrainer
Drudge_Report guardiantech scottbourne
addthis JanSimpson taylorswiftl3 shanselman
MrPeterAndre KimSherrell David_Henrie
Mlssf\al LPT ce Shog _udm\ horror bbcworld
3.1M
According to 57M tweets by 6.4M users
Last Updated: 2 days ago

Who's Talking?

Users talking in English:

LuvOrHate weqgx techwatching delicious50
EarthTimesPR felloff work_freelance
headlinenews RSSFeedBot Dogbook twinfluence
fresh_projects bananafancy core_APPLER
beafreelancer TechRSS techwatching_cl
mayankchandak IQHQ 4chanbot ZnaTrainer

Related Hashtags

HashTags related to English:

#jobs #tcot #followfriday #ff #fb #job
#iranelection #p2 #hhrs #teaparty #news
#quote #lastfm #TweetMy)OBS #hiring
#swineflu #php #wordpress #seo #sgp #CGOP
#tlot #mw?2 #fail #iran nnphone o‘o'freelmce

#photog #photography #tech #love #

#¥musicmonday #nowplaying #design #twitt

Sponsored

Wholesale Sciphone i9
Dual Sim/QuadBand/3.2" Touch Screen
Spcs/lot, $350/lot. Free Shipping.

Words used in tweets:

New up now like all get about good how one as

it's No More has love time go LOL got they day

know twitter when Don't see today there think
need too Great going back Reall y am off had
'ho he would Here work

+16M

Web Sites

Websites in English:

twitpic.com youtube.com twitter.com
aetafreelancer.com facebook.com

Popular Links in English
What Digital Economy Bill? #debill

1396 tweets since Wed, 7 April by ] Latest: Sun, 11 April

Discover how much power you have as a UK voter in your constituency
335 tweets since Fri, 9 April by : Latest: Sun, 11 April

Statute of Anne - Wikipedia, the free encyclopedia

267 tweels since Sat, 10 Apnil by | Latest: Sun, 11 April

Debillitated

289 tweels since Wed, 7 April by Latest: Sat, 10 April

http //i.imgur. com/leIOJpg
tweets since Thu, 8 April by } Latest: Sat, 10 April

Did My MP Show Up or Not?

202 tweets since Wed, 7 April by Latest: Sat, 10 April
Digital Economy bill: liveblogging the crucial third reading | Technol...

149 tweets since Wed, 7 April by Latest: Sun, 11 April

Tumbled Logic -~ An Open Letter to Sién Simon, Pete Wishart, David
Lamm...

158 tweets since Wed, 7 April by atest: Fri, 9 April

Digltal Economy Bill - it"s a wash up | The TalkTalk Blog

126 tweets since Thu at, 10 April

. 8 April by s Latest

Daring Fireball: New iPhone Developer Agreement Bans the Use of
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Twitter-powered Recommendation

Who Should [ Follow?

Find New Twitter Friends

www2010's Recommendations

Tweet This!

Not the results you wanted? Find friends that are:

Less Popular More Popular

Anywhere Closer to  <enter location>

BarackObama Follow
Location: Washington, DC

Bio: 44th President of the United States

Similar to: Veronica, katrina_, Pogue

See more users like BarackObama

. ; Jason Follow
Location: Los Angeles, CA

Bio: I'm a cereal entrepreneur: Founder of Weblogs, Inc., TechCrunch50,
Silicon Alley Reporter, Engadget & Mahalo.com

Similar to: Veronica, Scobleizer, TechCrunch
See more users like Jason
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Are You Social Computing Ready!?

AND IT SAYS
WHICH IS BIGGER

AND WHERE IS
THE SOCIAL
COMPONENT?

|
SOFTWARE BUSINESS IS A TOLGH BUSINESS
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