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Handwritten Recognition

 Convolutional neural networks for handwritten
recognition

SAT | LeNet 5
answer: 6

» http://yann.lecun.com/exdb/lenet/index.html
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IE from Web Page (IJCAI'07)

October 14, 2002, 4:00 a.m. PT
For years, Microsoft Corporation CEO Bill Gates o o 4_’
railed against the economic philosophy of open * | Microsoft Corporation H oy
-source software with Orwellian fervor, CEO a a
denouncing its communal licensing as a "cancer" _ R
that stifled technological innovation. Bill Gates d g A
Today, Microsoft claims to "love" the open-source * | Microsoft 3
concept, by which software code is made public Gates 51 'g
to encourage improvement and development by * . B O =)
outside programmers. Gates himself says M.ICI’OSOft HE S Q
Microsoft will gladly disclose its crown jewels--the Bill Veg hte o
coveted code behind the Windows operating * . d
system--to select customers. Microsoft §

VP . 83
"We can be open source. We love the concept of . 0 & 0
shared source,"” said Bill Veghte, a Microsoft VP. RIChard Sta"man 4«3 8\ o]
"That's a super-important shift for us in terms of founder 3 : Es
code access.“ .

Free Software Foundation E R
Richard Stallman, founder of the Free Software
Foundation, countered saying...
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Topic-sentiment summary

Query:

Dell Laptop

positive

« it is the best site

negative

» Even though

neutral

* mac pro vs. dell

ETOplC 1 and they show Dell's price is . precision: a price

: Pri Dell coupon code cheaper, we still comparis..

:( rlce) as early as don't want it. « DELL is trading

| I possible ., . at $24.66

. o~ - One thing I really - my Dellbattery -« still wanta free |
:Toplc 2 like about this Dell  sucks battery from dell.. |
(Batte battery is the - Stupid Dell i
i( ,:V) Fx[;ress Charge laptop battery . i
! I eature. . ]

Sentiment Summary (WWW'08)
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Topic-sentiment dynamics
(Topic = Price)

strength e Positive
4 — . — . Negative
Neutral

Unsupervised/Semi-supervised discovery of topics and
different sentiments of the topics
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VIDEO CAMERA LIDAR POSITION ESTIMATOR
Mounted near the rear-view A rofating sensor on the roof scans A sensor mounted on the left
mirror, the camera detects traffic the area in a radius of 60 metres rear wheel measures lateral
lights and any moving objects. for creation of a dynamic, three movements and determines
dimensiona | map of the environmen ¥ the car’s position on the map.

ST~ e ! ’ a
~— ~H s / / - - DISTANCE SENSORS
gt AL Four radars, three in the front bumper and

one in the rear bumper, measure distances

to various obstacles and allow the system

to reduce the speed of the car.
ARRIE COCKBURN/THE GLOBE ANDMAIL 1 SOURCES: GOOGLE; ARTICLESBASE COM; WHEELS CA

Ity evolife.cn
X

Google's self-driving The system combines information gathered from
cars last month hit a Google Street View with artificial intelligence software
480,000-miles- that combines input from video cameras inside the
driven milestone. car, a LIDAR sensor on top of the vehicle, radar
--2012/09 sensors on the front of the vehicle and a position
sensor attached to one of the rear wheels that helps
locate the car's position on the map




IPhone Siri

«ill 3G

¢ I’m in the mood forlt

wh

food in North Beach 9

| found a number of Italian
restaurants in North Beach:

fhe Stlnkung Rose

Kearmy Street

Tommaso Ristorante Italiano

Green Street

éotto Mare

Siri understands what you say, knows what
you mean, and even talks back.

Siri (pronounced /'sr1ri/) is an intelligent
personal assistant and knowledge navigator
which works as an application for Apple's iOS.
The application uses a natural language user
interface to answer questions, make
recommendations, and perform actions by
delegating requests to a set of Web services.
Apple claims that the software adapts to the
user's individual preferences over time and
personalizes results, and performing tasks
such as finding recommendations for nearby
restaurants, or getting directions




IBM Watson

Watson is a Question answering (QA)
computing system built by IBM. IBM
describes it as "an application of advanced
Natural Language Processing, Information
Retrieval, Knowledge Representation and
Reasoning, and Machine Learning
technologies to the field of open domain
question answering" which is "built on IBM's
- . DeepQA technology for hypothesis

In 2011, as a test of its abilities, generation, massive evidence gathering,
Watson competed on the quiz show analysis, and scoring

Jeopardy!, in the show's only human-
versus-machine match-up to date

Stoker?

Watson had access to 200 million pages of structured and unstructured content
consuming four terabytes of disk storage including the full text of Wikipedia, but was not
connected to the Internet during the game. For each clue, Watson's three most probable
responses were displayed on the television screen. Watson consistently outperformed its
human opponents on the game's signaling device.




Stock Prediction using Twitter Mooc *

Methodology

Twitter
feed

DJIA

analysis

®

Mood indicators (daily)
(1) OpinionFinder

N

Granger
causality

text

—~—\\A
—~ A

(2) G-POMS (6 dim.)

......

(3) DJIA

>
>

—— A\

normalization Stock market (daily)

F-statistic
p-value

®

predicted

value MAPE
Direction %

®

|

Data sets and timeline

(2) Granger Causality analysis

(3) SOFNN training
1L IL

r
feb28
2008

apr

may jun jul aug sep

The paper investigates whether public
sentiment, as expressed in large-scale
collections of daily Twitter posts, can indeed
be used to predict the stock market.

Two tools are used to measure variations in
the public mood from Twitter’s tweets from
February 28, 2008 to December 19, 2008.
The resulting public mood time series are
correlated to the Dow Jones Industrial
Average (DJIA) to assess their ability to
predict changes in the DJIA over time.

The results indicate that the prediction
ccuracy of standard stock market prediction
models is significantly improved when certain
mood dimensions are included.

Bollen, J., Mao, H., Zeng, X.: Twitter mood predicts the stock market. Journal of Computational Science,
Volume 2, Issue 1, March 2011, Pages 1-8



What is Machine Learning?




Data Structures

* An example with p features

X=X Xigse e X3 ]
« Data (set) matrix X, %y u
il Yif Yip
NI *NF *Np
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Supervised Learning
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Training
example
Training set /’
ning (x1, y1) [
\ (xz,yz) Training
(x3,3) | %@ =  Learning
e [ ca—
Evaluation >  Model
N~
XN+1
Xy,  Testdata Output (xN+1>J7N+1)
Test (Xn+2, YN+2)
XN+K
(xN-i-K) yN—i-K)




Supervised Learning

* Given a training set S={(x4, ¥4),(X5, ¥5),---,(Xn» ¥n)}, @Nd
X, €EX=R" =1,2,....N

« To learn a function f(x), which can best fit the data

y=/(x)

Xnew
— > |
Training Learning
data {(x,y)) algorithm
Predicted y

Regression: When y is continuous (i.e., y;€ Y=R), we call the learning problem as
regression.

Classification: When y can take on only a small number of discrete values (e.g.,
the binary case y,€ Y={1,-1}), we call the learning problem as classification.



Who is the presidetn of US?

x,={Hz, Position, Volume} y, = “Who”




When a follow b, we have a
new instance x;;

If b immediately follow

8 back a, we say y~=1;
O otherwise y=0;

If you follow Lady
Gaga on Twitter, will
she follow back?

x/~=1{#tans of a, #fans of b, #common

Classification )
friends between a and b}




Example: IE using CRF

October 14, 2002, 4:00 a.m. PT
For years, Microsoft Corporation CEO Bill Gates o o 4.»
railed against the economic philosophy of open * | Microsoft Corporation H oy
-source software with Orwellian fervor, CEO a a
denouncing its communal licensing as a "cancer" _ R
that stifled technological innovation. Bill Gates d g A
Today, Microsoft claims to "love" the open-source * | Microsoft 3
concept, by which software code is made public Gates 51 'g
to encourage improvement and development by * . B O =)
outside programmers. Gates himself says M.ICI'OSOft HE S Q
Microsoft will gladly disclose its crown jewels--the Bill Veg hte o
coveted code behind the Windows operating * . d
system--to select customers. Microsoft §
"We can be open source. We love the concept of \ép hard Staliman 0 § g
shared source,"” said Bill Veghte, a Microsoft VP. ICha a a ‘; 8’ o
"That's a super-important shift for us in terms of founder 3 : E;
code access.“ .

Free Software Foundation E R
Richard Stallman, founder of the Free Software
Foundation, countered saying...
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Example: IE using CRF (cont.)

Other Other Other Other Other
Title Title Title

{y} ‘

For years Microsoft Bill Gates railed
Corporation

x,={For, years, PREP, NOUN} vy, = Other




Our Stories on ML




Email Data Cleaning (KDL

From: SY <sandeep....@gmail.com> - Find messages by this author
Date: Mon, 4 Apr 2005 11:29:28 +0530
Subject: Re: ..How to do addition??

Extra line break

Hi Ranger,

Your design of Matrix Missing space
classisnot_ gpod. . <«—| Extra space
what are you doing with two Missing period

matrices in a single class?make class Matrix as follows

<
<«

Case errors

| imnart iava in *-

Hi Ranger,

Your design of Matrix class is not good. What are you
doing with two matrices in a single class?

Make class Matrix as follows:

Tel: 011-243600808
Homepage: http://www.it.com/~Sandeep/

On Apr 3, 2005 5:33 PM, ranger <asiri....@gmail.com> wrote:
>Hi... Twant to perform the addtion in my Matrix class. T got the program to
> enter 2 Matricx and diaplay them. Hear is the code of the Matrix class and
> TestMatrix class. I'm glad If anyone can let me know how to do the addition.....Tnx




Text Normalization (ACL'07)

Noise Text S e ‘ Normalized Text
Extra punc.
NER ot Missing space T NER Product Date
ase Error Missi iod xtra line brea
= \K /lssmg perio \ ‘ /
1. inlei i I’'m thinking about buying a Podket PC
2.pc_ c s . . ] device for my wife this Christmas.// The
3. [the ti.nm; " tﬁny ngm? t 't | > worry that | have is that she won’t be
4. be gy ©SNHUES TTOMINE NOISEAEXT jrass able to sync it to her Outlook Express
S. contacroy contacts.//
Contain many errors in
Term Extraction term extraction Term Extraction
1. i'm thinking about buying a pocket I’'m thinking about buying a Pocket PC
2. pc device for my wife this christmas,. device for my wife this Christmas.// The
3. the worry that i have is that she won't || > worry that | have is that she won'’t be
4. be able to sync it to her outlook express able to sync it to her Outlook Express
5. contacts... contacts.//




“9} Email Data Cleaner

File Process Yiew Help

M= ES

= d S

Email List x

e ":‘I; Emails{13)
1.txt
) 10.xt
0 11kt
) 12.ex
) 13.0x
) 2.txt
) 3.t
) 4.txt
@ 5.t
) 6.txt
) 7.t
) 8.t
) a.txt

-------- Orniginal Message --------
From: ps5450 <mailto:ps5450@y...>
Date: 9 December 2004 16:39

SHORT INTRODUCTION TO THE LAYOUT:

Note, The left view displays the list of emails in the
collection. The main view shows the original mail {noisy
mail). The result view {on the bottom) shows the cleaning
result. If you do not launch the cleaning process, the result
will be same as that in the main view.

HOW TO:
Step 1: launch the program.

Step 2: Open one of the email collections in directory "data", but not in "data_text". The program will not automatically cleaning the emails until vou click the menu "Clean->Cleaning" or

Step 3: You can click the sub menus under "Step Cleaning result" to wiew the results in different steps of data cleaning,

>Step 1: launch the program.

>Step 2: Open one of the email collections in directory "data", but not in "data_text". The program will not automatically cleaning the emails until you click the menu "Clean->Cleaning" —

>Step 3: You can click the sub menus under "Step Cleaning result" to wiew the results in different steps of data cleaning,

<| |

|»

il

SHORT INTRODUCTION TO THE LAYOUT:

-

Note, The left view displays the list of emails in the collection. The main view shows the original mail (noisy mail). The result view {on the bottom) shows the cleaning result. If vou do

not launch the cleaning process, the result will be same as that in the main view.

HOW TO:
Step 1: launch the program.

Step 2: Open one of the email collections in directory "data", but not in "data_text". The program will not automatically cleaning the enails until you click the menu "Clean->Cleaning" or

the second button on the toolbar. After cleaning, all the noisy blocks defined in our papers will be cleaning and the text will be normalized.
Step 3: You can click the sub menus under "Step Cleaning result" to view the results in different steps of data cleaning.
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Information

Qiong (Joan) Luo

Assistant Professor

Department of Coaputer Science and

Office:

University of

Science and

Te

echnology
Clear Water Bay, Kowloon,

(Zipcode free!)

IS (tree-)structured...

Room 3554 (via lifts 25, 26),
Academic Building

Phone: (852) 2358-6335

Fax: (852) 2358-1477

Email: o@cse usthi

URL : http://wwe. cge. ugt. hk/ luo

Bio Entry®DBLP Publications Research Services Teaching & Advising

Qiong Luo’ s Short Bio

Last wdated on August 23 2008

Qiceg Lus iz an Assistant Professor at the
Departzent of Cosgputer Science and Engirmering,
Hong Kong University of Sciemce and Technology
(HKUST). Her research interests are in database
systems, with a focus on architecture~consclous
datsbases, query processing in pervasive
computing and sensor networks, and web data

sanagesent, Qicng received her Ph.D. in Computer

Sciences from the University of Wigconsic
¥adigon in 2002, her LS and B, 5. in Computer

Sclences from Beljing (Peking) Unlversity, China

in 1997 and 1932 respectively.

e Bingsheng He, Wenbin Fang, Qiong Luo, Naga
E. Govindaraju, and Tuyong Wang. Mars: A
MapReduce Framework on Graphics Processors.

PACT 2008.

o Xiangye Xiso, Qiong Luo, Dan Hong, Hongbo
Fu, Xing Xie, and Wei-Ying Na. Browsing on
Small Displays by Transforming Web Pages
into Hierarchically Structured Sub-Pages.
Accepted for publication at ACN
Transactions on the Web (TWeb), 2008.

o Bingsheng He and Qiong Luo. Cache-Ob
livious Databases: Limitations and

Opportunities. ACN Transactions on Database
Systems (TODS), June 2008,

e Qiong Luo, Jeffrey F. Naughton, Wersrei Xue.

Form-based proxy caching for database-

backed web gites: keyvwords and functions.

VLDB J. 17(3): 489-513 (2008 )

Academic Services

o Conference/Workshop organization:

o DalloN{(International Workshop on Data
Nanagement for New Hardware), in
conjuction with SIGMOD. Program Chair,
2008; General Chair, 2007,

o DESN(International Workshop on Data
Nanagement for Sensor Networks), in
conjuction with VLDB. Nember of
Steering Committee, 2008, General
Chalr, 2007, Program Co-chair, 2006,

o ICDE(IEEE International Conference on
Data Engineering), Tutorial Co-chair,
2007.

o SAC(ACN Symposium on Applied
Computing), The Internet Data

Nanagement track. Track Co-chair,
2004,

e Program committee:

o APReb (Asia Pacific Web Conference)
2004, 2006-07.

o CONAD (International Conference on
Nanagement of Data) 2005-06.

¢ DaNloN(International Workshop on Data
Management for New Hardware), in
conjuction with SIGNOD. 2006

o DASFAA (International Conference on
Database Systems for Advanced
Applications), 2005, 2006 (Industrial
Track), 2008.
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Ontology mapping

Ontology Gy

Ontology O

O

RO ERISKIMinimization based Ontology.Mapping
Project Task Config Help DB

EEC & 2 O

= Bayesian
Jie Tang,

= Dynamic
Juanzi Li,

= Unbalance

Qian Zho
Function

| A I M I R l :ftaslﬂ itaskz
Task info: 2 GO Link Refine Eval Close Me!
source.rdf AfterPostProcess_4 >
target.rdf |3 Thing - (3 Thing =
: @ $$Anonymous$$_Enumeratiof | |l # $$Anonymous$$_Enumeratiol
resultrdf G i # $$Anonymous$$_Union_of _$ —038 # $$Anonymous$$_Union_of _$
DEFAULT_PARAMETER | - ® dnasb =l =0 —=| -..@ Address =
-4 dzshyuua -4 Conference
ask1 il i # gsdsquj L —_— . ——a| i # Date -
..... ® qzddj -4 Journal
ask2 4-ysqdsq = |=—— T . # PageRange
4 dqzdxdesqj 4| Reference
-..# azzauhuie 41 Academic
‘... @ sdecsghyz -4 MastersThesis
-4 dscdscg ‘.4 PhdThesis
PR 4.7 Book
...... # dcsqdsq -4 Collection
...... # scds -4 Monograph
»»»»»» # zdzaudbd -4 Proceedings
...... # zeadza 4 -3 Informal
4|7 sqdsopq 4 Boolet
------ # dcsqdesqd -4 LectureNotes
------ # deqdxcsqesq - @ Manual
------ # dzqgndbzq = ——a -4 Unpublished

http://keg.cs.tsinghua
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Learning to infer social ties

* Nobody exists merely in one social network.
— Public network vs. private network
— Business network vs. family network
 However, existing networks (e.g., Facebook and Twitter)
are trying to lump everyone into one big network
— FB tries to solve this problem via lists/groups
— however...

* (Google circles e Pl G

Which circle have you put me in?




Example 1. From BW to Color

(KDD’10)

Social Graph
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Example 2. From BW to Color

(PKDD’11 best student paper runnerup)
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Enterprise email network

CEO
HOW tO Manager
Infer Employee

User interactions may form implicit groups




Learning to predict actions and emotions
(KDD’10, ICDM’10, IEEE TAC) D

i ramy - — " . — . :
& Yt Park » Healng = l Wap Jﬁuolhto[ Mybrid ]
v'r:\w L AN Q‘,.\-r.n.\ -~ -
Bm:"‘ Bashi L TN -

Beidge
g_l:éu t

"~ SMS & Calling

) L

Location [

h 1349 04
e

Time Sapwant ]
Add || Delste
e o ey e

Activities - B - Emotion

Commat 1

) Can we predict users’
activities and emotion?
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Observations

Old Summer Dorm
Palace

o
=

Bl Terrible | i s : : s

| I Bad e S S N S A S i
[ INormal : : : : : : :

| I Good o o S S S ]
Il Vonderful | § : :

o
(=]
T

o
(S}
T

e
~
T

e
w
!

Likelihood

|| |‘|I

Shopping Work Play Study Sleep Onthe way Eat Meeting
Activity

Tsinghua u

2l O
Gerden's
BEE

en \
Xiyuancun Tg'.q \
University
Yttt HLulernyu ]
RFRE
H

N undueng8uoyz

= School
15 b e
\
Y Tsinghua
Universit

e
Tshinghua
Garden
in e E
= (West Gafe)

TS Classroom

Activity correlation

R
?
¢ @
Lotus Pool \
KO

Location correlation
(Red-happy)
(EZE

Tsinghua University




Observations (cont.)

' ' - A POSITIVE EMOTION NEGATIVE EMOTION
0.8 — verage |
[ IDependent
L i Zhi
3 0.6 . Tian Zhigiang
2 Jessie Yuren Cunrui
= | | 1 Zhaob F
,Aq_c) 0.4 Aunt Kun Zi Wenjing - e e
- Xiong Xing Stella
0.2 | Linda Guogang
' Dan
O -l’_‘ L 1
Negative Neutral Positive
(a) Social correlation (a) Implicit groups by emotions

Social correlation

©
~

L T T T T 0.5 T T T T T
Il Average : : : : : : : : ;
0.6F{CIDependent|...... ... ] o TR S i
0A5_ ........................................................................................... - g
] 3
c
§ (0707 PSRRI OUPRRUPPPU R I DORNR. B ARSI i g
g g
- | EORRR SN WENN DN 0 — . c
- 1]
©
(1)52] “ETTTUTRIII: [ DUPURDRPPRRY [ PN {IITEITITEY I 4 g
(I s [ LIRSt I DU | RN [ I s i
0 _i. . | .i '.
Terrible Ba Normal Good Wonderful Terrible Bad Normal Good Wonderful
Emotion Emotion
(a) Temporal correlation (b) Time duration

Temporal correlation %1%

Tsinghua University



Normalized Count

Observations (cont.

Il voice Call ' :
[_1short message

..........................................................................

..........................................................................

Terrible Bad Normal Good  Wonde
Emotion

Calling (SMS) correlation

We should not split the
data into different time
windows ...
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Jennifer Dorm

Location:

Mike Dorm

Activity: Jennifer Sleeping

Mood: Jennifer Neutral
Mike

07:50 15:40 19:50 22:30
Lab Library _Dorm |
Supermarket | Restaurant m |
Working [ Playing |
Mike | Sleeping | Shoppimg | Eating | Studying | Playing |
| Bad Good | Wonderful |
| H |
Neutral ‘ Good Bad | Neutral |
i ! :
| |
08:00 18:50 22:00

00:00

&) RIS

s Tsinghua University



Who will retweet
it?

When you post a tweet...

|

»yr — AL A




Sentiment Analysis in Social Networks
(KDD’11)

| hate Obama,
the worst president ever

LEGEND

o positive
o negative

e cannot be the next president!
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Modelling Paying Behavior in Game
Social Networks

Zhanpeng Fang*, Xinyu Zhou*, Jie Tang*, Wei Shao*, A.C.M.
Fong’, Longjun Sun#, Ying Ding-, Ling Zhou*, and Jarder Luo*

*Tsinghua University
#Tencent Corporation
"Auckland University of Technology
“Indiana University




Billion Dollar Industry

« Facebook!']

— 250 million monthly players faceboolc
— 200 games with >1 million active ple%

—12% revenue

« Tencentl?l (Market Cap: ~150B %)

—>400 million players
— 50% revenue

[1] Facebook 2013 First Quarter Report
[2] Tencent 2013 Anual Report




Billion Dollar Industry

« Facebook!']

— 250 million monthly players faceboolc
— 200 games with >1 million active ple%

Not only keep players playing,
but also make them pay.

—>400 m|II|on players
— 50% revenue

[1] Facebook 2013 First Quarter Report
[2] Tencent 2013 Anual Report




What we do

* Given users’ data in online games, predict:

Free users -> Paying users




What we do

* Given users’ data in online games, predict:

Free users -> Paying users

* Our goal:
— Fundamental factors
—Social effect
— Predictive model




Two games: DNF

* Dungeon & Fighter Online (DNF)
—Fight enemies by individuals or groups
—400+ million users
—2"9 largest online game in China.




Two games: QQ Speed

* QQ Speed

—Car racing against other users
—200+ million users




Datasets

o Statistics of the datasets

Category Type QQSpeed DNF
all users 7.60M 347K
User free users ~ 106 ~ 105
paying users ~ 10° ~ 10°
new payers ~ 10° ~ 104
Relationship | co-playing 134M 7.30M
: uilds 600K 49.6K
Guild go-guild 66.7M 51.7M
.. activity types 58 64
Activity activity logs 44.78B 5.71B
Date span from 2013.6.20 2013.4.1
to 2013.8.20 | 2013.6.30




Datasets

o Statistics of the datasets

Category Type QQSpeed DNF

all users 7.60M 347K

User free users ~ 106 ~ 105

paying users ~ 10° ~ 10°

new payers ~ 10° ~ 104

Relationship | co-playing 134M 7.30M

: uilds 600K 49.6K

Guild c%o-guild 66.7M 51.7M
.. activity types 58 64

Activity activity logs | 447B | 5.71B

| Dage span | from 2013.620 | 2013.4.1 !
ﬁ to 2013.8.20 | 2013.6.30 g




Datasets

o Statistics of the datasets

Category Type QQSpéed DNF
: all users 7.60M 347K :
» | User free.users ~ 102 ~ 102 |
: Ez}xng users ~ 105 ~ 104 :
payers ~ 10 ~ 10

Date span of data

Free users:

Paying users: No $

New Payers:




Datasets

o Statistics of the datasets

Category Type QQSpeed DNF
all users 7.60M 347K
User free users ~ 106 ~ 105
paying users ~ 10° ~ 10°
new payers ~ 10° ~ 104
: Relationship | co-playing 134M 7.30M :
1 . . guilds 600K 49.6K I
_ Guild co-guild 66.7TM | 51.7M |
. activity types 58 64 |
| Actvity activity logs | 44.7B 571B |
Date span from 2013.6.20 2013.4.1
to 2013.8.20 | 2013.6.30




Online Test

* Test setting
— Two groups: test group and control group.

— Send messages to invite the user to attend a
promotion activity.




* Online test 1

Online Test Results

— Test the effectiveness of our approach in online

scenario.

— Test group: LCFM
— Control group: Prior strategy

Online Test 1
2013.12.27 - 2014.1.3

Online Test 2

2014.1.24 - 2014.1.27

Group name

test group

control group

test group

control group

prior group

I
b
I
Group size |
[
I
i

600K 200K 400K 400K 200K
#Message read 345K 106K 229K 215K 106K
Message read rate 57.50% 53.00% 57.25% 53.75% 53.00%
#Message clicked || 47584 7466 23325 20922 6299
Message clicked rate llf  7.93% 3.73% 5.83% 5.23% 3.15%
Lift_Ratio M 196.87% 0% 126.81% 73.40% 0% ¥ 4%




* Online test 2

Online Test Results

— Test the contribution of social factors in online

scenario.

— Test group: LCFM

— Control group: LCFM - Social effect features

Online Test 1 Online Test 2 l

2013.12.27 - 2014.1.3 2014.1.24 - 2014.1.27 [

Group name test group | control group f test group | control group | prior group :
Group size 600K 200K 400K 400K 200K 1|
#Message read 345K 106K 229K 215K 106K |
Message read rate 57.50% 53.00% 57.25% 53.75% 53.00% :
#Message clicked 47584 7466 23325 20922 6299 I
Message clicked rate 7.93% 3.73% 5.83% 5.23% 3.15% |
Lift_Ratio 196.87% 0% 126.81% 73.40% 0% [
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~
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AMiner.org

- Academic research social network analysis and mining system

e e N e R S VRS ek il ) o

Papers published: ACM TKDD, IEEE TKDE, J. Informetrics,
KDD’08-12, WWW’12, SIGMOD’09, IJCAI'09

http://aminer.org/
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- Researcher profile
extraction

- Expert finding

- Social network search
- Topic browser

- Conference analysis

- ArnetApp platform

‘ Conference Analysis i
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H H FOAF | Follow
Jiawei Han 3 G —
Position: Professor m Philip S. Yu

Affiliation: Department of Computer Science, University of lllinois at Urbana- Coauthor-Count: 50

Address: gg:ngg:udwin/\venue.Urbana. IL 61801, USA - Citation StatiStiCS SOCIaI Network

Basic Info.

Phone: (217) 333-6903 Xifeng Yan
Fax: (217) 2656494 = Coauthor-Count: 54
Email: hanj[at]cs.uiuc.edu H-index 32
Links: } & Jian Pei )
@ Social Graph
STATISTIC 4 .
Expertise: Colour Network .
H-index: 9% Uptrend: 3046  Diversity: 0.71 B&W Network Relation: s - @ ;_/O gQ
= o Data mining (146) Ability
#Papers: 553 Activity: 32.04  Sociability: 726.64 Mobile Robot / Hybrid Control (119) ety | é
#Citations: 55885  Longevity: 26 More Statistics XML Data (110) . Phavani Thobaisinghen
Data Mining / Query Processing (44) 8 advisor Ynngjt‘*{vjﬂ; Yin
Database Systems (21) & et & T
: Information Retrieval / Probabilistic e miiTior A ‘;g‘::ﬁ’_ %ho
Blo Indexing (14) ChengXiafig Lhal

"]
Q igho®
Xiaokih Yinxyi:_‘,_,l gD

Jiawei Han is computervscwentlﬁ who specializes in research on Data Mining. He was the 2009 winner of the Conference: Laks V. S}in_ks}.% .

McDowell Award, the highest technical award made by IEEE @ N Lt PG iL aa

He is currently a professor in the Department of Computer Science at the University of lllinois at Urbana-Champaign l'ei"“m _Xiﬂjﬂ_l% F#ifeng Yar Limgﬁig Cao

Previously he was a professor in the School of Computing Science at Simon Fraser University. He is an ACM fellow a Xiaokei hie

and an |EEE fellow. ]

Tin Weninger i
== 7 i Philip S\i‘-[.\lng Yu 2
EENE Tianyi Wa = Homabdr. Wg
o Jia Han
Research Interest Sanglytn Kin Tarek bt caner
3
Efficient Mining J| Spatial Data Mining J| Frequent Pattern Mining EDIT INTEREST h‘i‘ng N Zh n& Li rinlfi Tu
[ Zhe: i
2 i )
Tiong Tang Jm"_‘c?imi ei
0 Show Temporal Interests (Do you w* to see the change of his/her research interests?) ]ian—?‘o‘t Wang "éh @ {
Fong' Cheng 2 2 Belin Di *Tony K" H. Tung
bong marca "1 PR
)
Cindy ¥ide Lin
. Chien Y Chen
EDIT 3 2
Education e SO
Phd University Univ. Wisconsin-Maflison Phd Major Computer Science Phd Date
Publications
@ Group By Year © Group By Category
560 Query-Driven Discovery of i Similar in Networks

Xiao Yu , Yizhou Sun , Peixiang Zhao , Jiawei Han
2012, KDD, pp.1500~1503

559 Integrating Meta-Path Selection with User-Guided Object Clustering in i BIBTEX
Yizhou Sun , Brandon Norick , Jiawei Han , Xifeng Yan , Philip S. Yu , Xiao Yu
2012, KDD, pp.1348~1356

558 Mining periodic of object for animal and studies. BIBTEX
Zhenhui Li, Jiawei Han, Bolin Ding, Roland Kays.
2012, Data Min. Knowl. Discov., pp.355~386

. . / ALL = RECENT 2012 2011 2010 2009 2008 2007 2006 2005 2004 2003 2002 2001 2000 1999 1998 1997 1996 1995 1994
Research Interests Publications
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[}
I X p ‘ ’ I | I S ‘ b Do you mean: Mark Mine, Ray Mines, Data Becker Reset APPs

Experts found for "data mining" = Conference/Journals m

S 0- 15 of 8748 experts for data mining (0 seconds) 0-10 of 1373 conffjounals (0 seconds)
KDD
r I l Jiawei Han s | FOAF
e a C SIGKDD Explorations
Professor, De omputer Science, University of lllinois at Urbana-Champaigr Datenverarbeitungspraxis

ICDM

H-index: 96, #Papers: 553, #Citations: 55885
Expert Syst. Appl.
PAKDD

Efficient Mining | Spatial Data Mining || Frequent Pattern Mining
ICDM Workshops

Philip S. Yu( ALIAS: Philip -Lung Yu) ﬂm CoRR
P = Chair in Information Technology, Department of Computer Science Data Min. Knowl. Discov.

T

e

Jniversity of lllinouis

Chicago PKDD
Finding experts, H-index: 86, #Papers: 683, #Citations: 32506 Prev 1/138 Next
)
expertise conferences,
1 umed Javeed ZakKi( ALIAS: Mohammed J. Zaki, Mohammed Zaki ) m
and expertlse papers Professor, DO Computer Science, Rensselaer Polytechnic Institute
H-index: 46, #Papers™ag #Citations: 9895 0-10 0f 15651 publications (0 seconds)

for “data mining R curnice RN

Data Mining: Concepts and Techniques
m Jiawei Han, Micheline Kamber.
2000

CitedBy 13179 BIBTEX

Mining Association Rules between Sets of items in
Large Databases.

Rakesh Agrawal, Tomasz Imielinski,
Arun N. Swami.
SIGMOD Conference

1993

H-index: 49, #Papers: 219, #Citations: 15467 :
P CitedBy 11393 | BIBTEX
Uncertain Data | Frequent Pattern Mining | Frequent ltemset Mining . . .
From Data Mining to Knowledge Discovery in

Databases.

Data Mining

Christos Faloutsos

ssor, Dept. of Computer S Carn
H-index: 81, #Papers: 357, #Citations: 31344

Data Mining | Data Visualization | Large Graphs

Jian Pei

Professor, School of Computin nce, Simon Fraser Universit

H. Mannila( ALIAS: Heikki Mannila ) ﬁm Usama M. Fayyad, Gregory Piatetsky-
Professor, Helsinki University of Technolog Shapiro, Padhraic Smyth.
Al Magazine

H-index: 52, #Papers: 193, #Citations: 14783 1996
Knowledge Discovery | Data Mining | Data Mining Methods CitedBy 4332 BIBTEX

Introduction to Data Mining

Charu C. Aggarwal( ALIAS: Charu Chandra, Charu Chandra Aggarwal, Charu & FOAF ] Pang-Ning Tan, Michael Steinbach, Vipin
Kumar.
Aggarwal ) 2005

Research Scientist, IBM T. J. Watson Research Center CitedBy 2963 BIBTEX

H-index: 48, #Papers: 209, #Citations: 11628 Mining Frequent Patterns without Candidate




Organization

Do you mean: Line Learning

S e E I rC h Organizations found for "machine learning" =

0-10 of 100 organizations

+ Microsoft Research

Carnegie Mellon University
Ranking organizations A Chiistos Faloutsos, Edmund M. Clarke, Aim Blum,Manuela M. Velose

on “machine learning”

+ IBM Research

¢ Yahoo! Research

+« Massachusetts Institute of Technology

Tsinghua University
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Distribution of Top 1000 researchers by H-index. Input keywords to search for researchers on specific topics.
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Conference

Analysis

Arnet E Conference

Analysis of "KDD"

Conference Analysis

C

Which year is the most
successful in the KDD’s
history?

Who are the most cited
authors?

What is author distribution
for the highly cited KDD
papers in the past years?

onference/Journal: KDD From Year: 2002 To Year: 2011 |,
Top 100 Cited Papers for KDD
30
23
g 16
&

©

2002 2006 2008

2005 2007 2009

I

Order By Paper Number ] Order By Citaion Number

~\>

2002 2003 2004
Minging Hu:1/1126!

Bing Liu:1/1126!

Thorsten Joachims:1/1683
Johannes Gehrke:3/1326
Eamonn J. Keogh:2/829

Jiawei Han:4/1668!
Eva Tar:

id Kempe:1/1079!
Jon M. Kleinberg:1/1079! Mikhail Bilenko:1/4611
Subramanyam Mallela:1/6741
Inderjit S. Dhillon:1/674!
Dharmendra S. Modha:1/674!
Bing Liu:2/658!

Haixun Wang:1/604!

akesh Agrawal:1/675 Sugato Basu:1/461!
Chris Clifton: 1/664

Jaideep Vaidya:1/664 Jiawei Han:2/332!
Jon M. Kleinberg:1/646 Brian Kulis:1/315!

Pedro Domingos:2/612 Philip S. Yu:1/6041 Yugiang Guan:1/315!

Inderijit S. Dhillon:2/525!

Raymond J. Mooney:1/4611

Christos Faloutsos:2/403!

< | i

100 [v] Results.

Account  ~

Category

search

Authors Nationality Distribution

Chinese

2005
Christos Faloutsos:1/598!
Jon M. Kleinberg:1/598!
Jure Leskovec:1/598!
Filip Radlinski:1/2971
Thorsten Joachims:1/297!
Qiaozhu Mei:1/252!
ChengXiang Zhai:1/2521
Ravi Kumar:1/171!
Daniel Gruhl:1/171!
Andrew Tomkins:1/171!

M Japanese

M Chinese
German

M Greek

W Indian

B Korean

M French

M English

2006
Andrew Tomkins:2/730!
Ravi Kumar:2/730!
Thorsten Joachims: 1/63(
Xiangyang Lan:1/623!
Daniel P. Huttenlocher:1
Jon M. Kleinberg:1/623!
Lars Backstrom:1/623!
Jasmine Novak:1/570!
Ingo Mierswa:1/5271
Michael Wurst:1/5271

show more

Search top 100 results
1. Optimizing search engines using clickthrough data
Thorsten Joachims
KDD
2002
CitedBy 1683

2. Mining and summarizing customer reviews
Minging Hu, Bing Liu
KDD
2004
CitedBy 1126
3. Maximizing the spread of influence through a social network

David Kempe, Jon M. Kleinberg, Eva Tardos
KDD
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Title input keyword IE]

[ ]
e V I ewe r Arr;ethmer: extraction and mining of academic social academic social network x  Providing search service x  expertise search
networks.

people association search x

Authors (Seperated by comma)

] . .
. . . - Relevant Conferences/Journals: _Iconf.
Jie Tang, Jing Zhang, Limin Yao, Juanzi Li, Li Zhang, input jour./con E]
Zhong Su ) )
ICDM x| PAKDD x PKDD x SDM x  Discovery Science x

Abstracts The recommended reviewers: Ppms | P [ Pea [ oes [ 2an )
This paper addresses several key issues in the Sl i View All Relevant Publications
ArnetMiner system, which aims at extracting and
mining academic social networksA Specifically, the Yajun Wang &
system focuses on: 1) Extracting researcher profiles
automatically from the Web; 2) Integrating the L Microsoft Research Asia
publication data into the network from existing digital H-index: 14, #Papers: 49, #Citations: 677
libraries; 3) Modeling the entire academic network; social network,principal component analysis,Shortest Path
and 4) Providing search services for the academic + Relevant Publications: Bu"
network. So far, 448,470 researcher profiles have R
peen extracte.d using a umﬁed.taggmg approach. We Ming-Syan Chen ( ALIAS: Ming-Syan Syan Chen ) )
integrate publications from online Web databases
and propose a probabilistic framework to deal with National Taiwan University
the name ambiguity problem. Furthermore, we H-index: 42, #Papers: 278, #Citations: 9978
propose a unified modeling approach to - Data Mining,Data Streams,Data Replication

+ Relevant Publications: IPFS

w

Conference (Journal) ou
‘KDD Michael R. Berthold ( ALIAS: Michael Berthold ) f

KNIME.com, University of Konstanz

H-index: 17, #Papers: 77, #Citations: 1130

Inerest matching e

H H v International Symposium,Data Analysis,Second International Symposium
C O I avo I d I n g + Relevant Publications: B u P
Load balancing Christoph Lingenfelder ¢

FO rca St review q u al ity German Software Development Lab, IBM

H-index: 4, #Papers: 12, #Citations: 35

Knowledge-Based Methods,Proof Transformation,Der rechtliche Schutz von

+ Relevant Publications: E[P S
Michael Zeller @
Zementis

H-index: 4, #Papers: 7, #Citations: 63

cloud computing, neural networks, open standard, predictive analytics, data mining,
predictive model markup language, pmml
+ Relevant Publications: E[P S
‘ /‘\ ‘ Theodoros Lappas ]
{
‘ )—‘\ H-index: 4, #Papers: 12, #Citations: 124
) social network,interactive recommendation,Efficient Confident Search

+ Relevant Publications: D (PP



Cross-domain
Collaboratinon
Recommendation

What kinds of topics should/
you collaborate with the

target domain?

Who are the best
collaborators on each —

topic?

Y

llaborator Account
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Recommend Collaborators for Jie Tang from "medical informatics' Target Domain & Your Background

Target
Domain

Tips: left click Topic Name to search under sub-topic, right click to return back.

medical informatics

Reima Suomi David Schlangen Owen Eriksson

Jie Tang

Department of Computer
Science and Technology,
Tsinghua University, China

KIS Angeina A. Tzachevarta . I)"‘\‘mg*Fefenc A.Jolesz R. Razavi

et Teghatl
T. M. Peters Social Network, Graph Model,

1. Foster J. Hartmanis  Lynn Andrea Stein -
ol Interest Data Mining, Semantic web
Vast s~
i Gerard Salton Clement T. Yu
Kim Bruce Search
Alfs Berztiss

Recommend Collaborators for Jie Tang from "medical informatics™

Relevant Publications

Medical Informatics.

B. J. Liu( ALIAS: Brent J. Liu, Brent Julius Liu )

£
{ | . A
X 2 H-index: 8, #Papers: 16, #Citations: 159 Al an. L_ Rector
V = \\ Description Logic Handbook
W Data Grid | Database Semantics | Medical Imaging Application

2003

Medical Informatics.

3| FOAF

P Quanzhi Li Chin-Yin Huang.
5\ «{‘ nformation Systems Department New Jersey Institute of Technology Universit Handbook of Automation
/* ‘\ Heights 2009

From medical imaging to medical informatics.
Henning Miiller, Xiaohong W. Gao,

H-index: 2, #Papers: 14, #Citations: 12

Automatic Classification | Search Result | Medical Document

N { ¥

Shusaku Tsumoto

Shugian Luo.
Professor, Department of Medical Informatics, Shimane University School of Medicine Computer Methods and Programs in
H-index: 19, #Papers: 264, #Citations: 1628 Biomedicine

2008

Data Mining | Rough Sets | Rough Set Theory
BIBTEX

American Medical Informatics Review for 2011.

H. K. Huang Ralph Grams.
Professor, Department of Biomedical Engineering University of Southern California J. Medical Systems
IS 2012

Medical Education and Role of Medical Informatics.
|zet Masic, Ahmed Novo, Selim
Toromanovic, Almir Dzananovic, Zlatan Masic,
Alisa Piralic, Sejla Deljkovic.
MIE

H-index: 13, #Papers: 30, #Citations: 553
Data Grid | Medical Imaging Application j Digital Mammography Images

Rachel S. Levy-Drummer

H-index: 1, #Papers: 2, #Citations: 5

/>. \\ Biomathematics Oriented Machine Learning | Clinical Markers
Reconstructing Temporal Profiles

2006
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PAKDD

Topic 89: Data mining

Hot Words

» data (0 »
» clustering (0.0143 »
» discovery (0.0109 »
» based »
» patterns (( »
» algorithm (0.0079 »

»

» approach
» knowledge (
» databases

»

»

Relevant Conferences

KDD (0.1425)
ICDM (0.1113)

398 PAKDD (0.1096)

o PKDD (0.0668)

SDM (0.0559)

Discovery Science (0.0480)

ICDM Workshops (0.0436)
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mining (0.0
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25 Relevant Publications
€20 Data Mining Techniques for Associations,
38 Clustering and Classification
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K On string classification in data streams
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Randomization methods in data mining
5
Data Mining for the Web
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On demand classification of data streams

Rule Discovery in Databases with Missing Values
Based on Rough Set Model

Knowledge Discovery and Data Mining: Towards a
Unifying Framework

A general model for clustering binary data

>

- 0o ~ Mining concept-drifting data streams using

Shusaku Tsumoto Charu C. Aggarwal Eamonn J. Keogh ensemble classifiers
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. N — Search in Text Data

Mohammed Javeed

Towards systematic design of distance functions
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Academic Performance Measure

Academic Statistics

Home H-index Citation Uptrend Activity Longevity Diversity Sociability New Star

Top 3 by H-index:

1 Anil K. Jain (Distinguished Professor, Michigan State University)
H-index: 112; Papers: 368; Citation: 66111
\ Homepage: http:/iwww.cse.msu.edu/~jain/
Expertise: Object Recognition / Two-View Motion Estimation Face recognition / Image analysis Image segmentation / Face Recognition

2 H. Garcia (Professor, Departments of Computer Science and Electrical Engineering, Stanford University )

A_ H-index: 107; Papers: 412; Citation: 45242
~ - # Homepage: http:/iwww-db.stanford.edu/people/hector.html
i:‘«,gm P

Expertise: Real-Time Systems / Automated Software Test Data XML Data Database Systems Dynamic Networks / Extended Abstract
3 C. Papadimitriou (Professor, Computer Science Division University of California at Berkeley)
H-index: 100; Papers: 356; Citation: 54068
[‘ Homepage: http:/fwww.cs.berkeley.edu/~christos/
Expertise: Mechanism design / Leaming Stochastic Finite Automata Communication Complexity / Lower Bounds Approximation Algorithms / Perfect
Graphs Finite Languages / Database Queries

Top 3 by Citation:

1 L. Zadeh (Professor Emeritus, Graduate School, Computer Science Division Department of Electrical Engineering and Computer Sciences University of
California )

H-index: 34; Papers: 108; Citation: 68634
Homepage: http:/iwww.cs.berkeley.edu/~zadeh/

Expertise: Fuzzy system Rough Set Intelligent Information Systems / Neural Network Learning
2 Anil K. Jain (Distinguished Professor, Michigan State University)
H-index: 112; Papers: 368; Citation: 66111

\ Homepage: http:/iwww.cse.msu.edu/~jain/

Expertise: Object Recognition / Two-View Motion Estimation Face recognition / Image analysis Image segmentation / Face Recognition
3 Hari Balakrishnan (Professor, Department of EECS Massachusetts Institute of Technology)
w3 H-index: 80; Papers: 142; Citation: 60955

Homepage: http://nms.csail.mit.edu/~hari/

AP

O b ke B o

New Stars

Home H-index Citation Uptrend Activity Longevity Diversity Sociability New Star

Data mining (Topic:89) E Show all topics

1 Dijun Luo (PhD student, Computer Science and Engineering Department of University of Texas at Arlington)

New Star: 6.42; H-index: 4; Papers: 24; Citation: 65
Homepage: http:/isites.google.com/site/dijunluo/

Expertise: Data mining Object Recognition / Two-View Motion Estimation Neural Networks
2 Weizhu Chen (RESEARCHER , Machine Learning group, Microsoft Research Asia)
New Star: 3.92; H-index: 9; Papers: 22; Citation: 141
& Homepage: http:/iresearch.microsoft. com/en-us/people/wzchen/
Expeﬁisé Data mining Leaming Search Control Rules / Explanation-based Approach

3 Yan Liu (The Hong Kong Polytechnic University, Hong Kong, China )

New Star: 3.72; H-index: 4; Papers: 23; Citation: 45

Expertise: Data mining Software Engineering / Design Patterns Frameworks
4 Quanguan Gu (Ph.D. Candidate)

New Star: 3.61; H-index: 5; Papers: 26; Citation: 83
w Homepage: http:/fiwww.cs.illinois.edu/homes/qgu3/

Expertise: Data mining

5 Nathan Nan Liu (PHD student , Hong Kong University of Science and Technology)

New Star: 3.59; H-index: 7; Papers: 15; Citation: 209

; Homepage: hitp:/iwww.cse.ust hk/~nliu/

Expertise: Data mining Adaptive Mobile Applications / Pervasive Computing Systems
6 Ding Yuan

New Star: 3.54; H-index: 6; Papers: 8; Citation: 128
Homepage: http:/fwww.cs.uiuc.edu/homes/dyuan3/

Expertise: Data mining Mobile Robot / Hybrid Control Grid Computing / Parallel System Architecture

7 Bama Saha

New Star: 3.54; H-index: 11; Papers: 22; Citation: 400

Expertise: Approximation Algorithms / Perfect Graphs Data mining

8 Chi Wang (PhD Candidate, Department of Computer Science and Technology, University of lllinois at Urbana-Champaign)
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Data Representation




Data Structures

* An example with p features

X=X Xigse e X3 ]
« Data (set) matrix X, %y u
il Yif Yip
NI *NF *Np




Type of data

 |Interval-scaled variables
* Binary variables
« Nominal, ordinal, and ratio variables

« Variables of mixed types

« To make things easy, let us say x,€ X=R"




Similarity and Dissimilarity between Data
Instances

* Distances are normally used to measure the similarity or
dissimilarity between two data instances

« Some popular ones include: Minkowski distance:

. S\ _ _ _ q
d(z,,)_q\/qxil w1 [ bt x, —x [)

where 7= (X, X, -, IID) and j = (X, Xp, ---, X;,) are two p
-dimensional data objects, and q is a positive integer

« If g =1, dis Manhattan distance

d(z',j)=|xl.1—x. |+ x.

=X . |[+.t]|x. =x .|

J1 )2 b Jr




Similarity and Dissimilarity Between data
Instances (Cont.)

« Ifqg= 2, dis Euclidean distance:
d(i,j)=\/(|xi1—le| Hoxg, x|

)
— Properties
« d(ij) =0
e d(i,i) =0
* d(ij) = d(,i)
* d(ij) < d(i,k) + d(k,))
- Or more general Mahalanobis distance (x-x))'A(xx;), where
A Is a covariance matrix.

* Also, one can use weighted distance, parametric Pearson
product moment correlation, or other dissimilarity measures




Cosine Similarity

« Given two vectors (data instances), their similarity can be
calculated by cosine similarity

Ek=l,...,p xik X xjk

sim(x;,x;) =

2 2




Probability Basis

Apples and




Probability Basis

Marginal Probability
7 T } Y p(X =) = %
)

Joint Probability
Conditional Probability

n.. n.
= p(Y = y;| X = ai) = —

(X =x;,Y =y;) =

N Ci




Probability Basis

Sum Rule
Ci 1
Y Nij }Tj p(X:xi):NZ:NZnM
j=1
L
v — ZP(X:%:Y:?/J)
71=1
Product Rule




The Rules of Probability

Sum Rule p(X) =) p(X,Y)
Y

Product Rule p(X,Y) = p(Y|X)p(X)




Bayes’ Theorem

p(X]Y)p(Y)

p(YX) = D(X)

p(X)=> p(X|Y)p(Y)
Y

Posterior = likelihood x prior




The State of ML




——

since 1990s
Great growth in machine learning

1 1970s & 1980s: expert systems
1960s & 1970s: success on NLP systems

1950s & 1960s: symbolic reasoning,
representation, search

pre-computer age
thoughts on symbolic reasoning




The State of Machine Learning (
aximal Margin aximal margin |
_ -

Decision tree ﬂ SVM |
. M3N network
E:> (Ben Taskar) r"

Bayesian classifier |:> (Vapnlk)
Topic models
% Deep learning

Perceptron
PLSI, LDA, etc.
Deep belief networks m—

Neural networks
a2
= z;\
Sequential learning _
Sequential learning Graphical models
HMM

Factor graph,
@ MEMM, CRF, |:> Exponential model

voted perceptron
Py

ﬁ g)
';r,

For more: http://arnetminer.org/expertisesearch.do?keyword=Machine%20Learning
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What is Machine Learning?




Classification Problem

* Given a training set S={(x4, ¥4),(X5, ¥5),---,(X.,, ¥,,)}, and
X, €X=R", y.eY={1,-1}, =F1,2,....m

« To learn a function g(x), which can best fit the data

y=f(x)

« and make the decision function f(x)=sgn(g(x)) can
classify new input x, or the value of y.

1, 2(x)>0
—1, 2(x)<0

e.g., f(x)= {




A linear model

A linear classifier

P
y; =s1gn(w-x,) = sign(z W Xy )
=

where w is a vector of parameters we need to
learn.




Optimization Framework

» Given a training set S={(x4, ¥1),(X5, ¥5),---,(X,,,
Y.} and x,EX=R", y,€ Y={1,-1}, i=1,2,....m

* Let us learn the parameters w by fitting a
optimization framework

2

m
. T
i=1

* Or if we consider a maximum entropy model,
we have

max E log p(y; | x,, W) = A|w|
i=1




