Large-scale Data Mining
Tutorial

Edward Chang

Director, Google Research, China

Hongjie Bai

CIKM 11/2/09 Edward Chang


http://infolab.stanford.edu/~echang/�

KeyPapers

AdHeat (Social Ads):

— AdHeat: An Influence-based Diffusion Model for Propagating Hints to Match Ads,
H.J. Bao and E. Y. Chang, WWW 2010 (best paper candidate), April 2010.

— Parallel Spectral Clustering in Distributed Systems,
W.-Y. Chen, Y. Song, H. Bai, Chih-Jen Lin, and E. Y. Chang,
IEEE Transactions on Pattern Analysis and Machine Intelligence (PAMI), 2010.

UserRank:

— Confucius and its Intelligent Disciples, Search + Social, X. Si, E. Y. Chang, Z.
Gyongyi, and M.Sun, VLDB, September 2010 .

— Topic-dependent User Rank, X. Si, Z. Gyongyi, E. Y. Chang, and M.S. Sun, Google
Technical Report.

Large-scale Collaborative Filtering:

— PLDA+: Parallel Latent Dirichlet Allocation with Data Placement and Pipeline
Processing, ACM Transactions on Intelligent Systems and Technology (accepted).

— Collaborative Filtering for Orkut Communities: Discovery of User Latent Behavior,
W.-Y. Chen, J. Chu, Y. Wang, and E. Y. Chang, WWW 2009: 681-690.

— Combinational Collaborative Filtering for Personalized Community Recommendation,
W.-Y. Chen, D. Zhang, and E. Y. Chang, KDD 2008: 115-123,

— Parallel SVMs, E. Y. Chang, et al., NIPS 2007.
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lvory tower

Build it and they will come

» Scientists drives product development

“Research for sale”
» Research funded by:

Research & development as equ

— product groups or customers

* Research “sells” innovation;
* Product “requests” innovation

Google-style innovation
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Models of Innovatifn

* Only consider theory but not application

(—



Project Summary

Community
Collaboratie
Search
Knowledge
Search Foundation
Algorithms
Apps
Spam
Fighting
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Web 2.0 --- Web with People

Xls
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+ Social Platforms

=
o B

App (Gadget)

App (Gadget)
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Stuff (what | have)
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Open Social APls

Profiles (who | am)

Open Social

Activities (what | do)

Edward Chang

Friends (who | know)
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Write a comment...

Ling Ling Wed - dinner at B)'s to meet up some old friends from Beijing;
funny thing was everyone thought B1's was a Peking duck restaurant!

Thur - salsa @ Alberto's in MV. Thanks Wing for coming and Stephen
was visiting from NYC.

Sat - BBQ @ Lynn and Jeff's new crib in SOMA and we also watched UP
in 30 IMAX, :)

Sun - reunion brunch with International staffing at Stanford mall and also
did shopping there with Dandan.
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Open Social in China
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Killer Apps

e Monetization!

— Social ads

e Knowledge Search (Q & A)

— Improving search quality
— Capturing user intent
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Synergy between Search & Community

Differentiated Content

s @D -
e / Community
CCS/Q&A

Discussion/Question

P

Trigger a discussion/question session during search

Provide labels to a post (semi-automatically)

Given a post, find similar posts (automatically)

Evaluate quality of a post, relevance and originality

Evaluate user credentials in a topic sensitive way

Routing questions to experts

Provide most relevant, high-quality content for Search to index
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Large-scale Challenges

e Heterogeneous data

e VVoluminous data

e Cost constraint

e Large number of distributed processors
e Large number of disks

CIKM 11/2/09 Edward Chang
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Building Blocks

e Google File System
e Big Table

e Distributed Lock

e MapReduce

e Scheduler

CIKM 11/2/09 Edward Chang
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Typical Cluster

—————————————————————————————————————————————————————————————————————————————————————————————————————————

Cluster Scheduling Master Lock Service GFS Master
Machine 1 Machine 2 Machine 3
User : BigTable
Task Béger\‘j‘gr'e Server BigTable Master
Lo User
Single Task L Task
Scheduler GFS Scheduler GFS i Scheduler GFS
Slave ||Chunkserver| i ;| Slave ||Chunkserver| :: | Slave ||Chunkserver
Linux Linux Linux

L ewmtorre—————— | L EdWard CRAaRg - oo g



Google File System (GFS)

Master

Replicas

Master manages metadata

Chient

Chient

—

C3

_______________

Data transfers happen directly between clients/chunkservers
Files broken into chunks (typically 64 MB)
Chunks triplicated across three machines for safety
See SOSP~03 paper at http://labs.google.com/papers/gfs.html

CIKM 11/2/09

Edward Chang
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Memory Data Model

e <Row, Column, Timestamp> triple for key - lookup,
insert, and delete API

"contents:” "anchorxcnnsi.com”  “"anchormy.look.ca”

| I | | I I |

| 4 | | 4 4 |

I . S I [P e Y _ 1 ]
| | ' '
| | I L n - "
"COM.CNn.www" —= |T_.,, P 1 CHNN" = tq CNN.com” |=— tg

-I'l-l.I-H-FI-I- I

e Example
— Row: a Web Page
— Columns: various aspects of the page

— Time stamps: time when a column was fetched
CIKM 11/2/09 Edward Chang 36



Large-scale Data Mining

e Confucius’ Disciples
— Frequent Itemset Mining [ACM RS 08]
— Latent Dirichlet Allocation [WWW 09, AAIM 09]
— Clustering [ECML 08]
— Support Vector Machines [NIPS 07]

e Distributed Computing Perspectives

CIKM 11/2/09 Edward Chang

37



Q&A Uses Machine Learning

|5 Google.com - Cale... *§ cikm tutorial 2009 ... ™1 Google.com Mail - [ W Apple pie - Wikipe...

B = ]/EA

EHEEE

R E#RE: | iphone crack]

EE R

(&) Label suggestion

using LDA algorithm.

SEA LSS R ERTAEES © 173

AEERIER: 3 * Real Time topic-to-

() topic (T2T)

o recommendation

IR Cleafatiis Cleafegnid Ol Clwindows [ using LDA algorithm.
Clepmaizrt L msEdzrt

* Gives out related high
BEE -5 SEMATEAORE ( ERa T RamEmEg  Jualty links to
previous questions
before human answer

i appear.

EEE BEPEER, ZRSSHTREENAE. RWNEE L EER
TETRUIPHIGE. EFEMEHISEFRREE D 60X, FHREERSE
1 A EHEEE R R AT, sE RRRE R EEERE

|J Mext 4 Previous &' Highlight all [] Match case

X Find: |/

B | cKm 2009 | Home

«®y, CEAEm#EXmE

touch 218 15 - 1-7-E1E
BOFETI

iphone 3giEREMI0M £
B - - ElE 9405k

ipod fouch2 2%z
BY -TrEE s%kik

iphoneflSm A 7EME-- 304
FT? -4 EE T4HREE

iPhone 3G2 2l FinH+
MES? - 1-ElE 403k

iphonesz s A7k - 1+
EIE 181E0E

iphone pc suite’ 52 F - 2
Bl 20670

3G IPhone 4 557
FRENEPDRER, . - 11EE
118158

[

| €

Done




Confucius: Google Q&A

Differentiated Content
B . D
e / Community
CCS/Q&A

Discussion/Question

P

Trigger a discussion/question session during search

Provide labels to a post (semi-automatically)

Given a post, find similar posts (automatically)

Evaluate quality of a post, relevance and originality

Evaluate user credentials in a topic sensitive way

Route questions to experts

Provide most relevant, high-quality content for Search to index

COooo0oo0o
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Confucius: Google Q&A

Differentiated Content

s @D -
e / Community
CCS/Q&A

Discussion/Question

P

O Trigger a discussion/question session during search
-] Provide labels to a post (semi-automatically)
-] Given a post, find similar posts (automatically)
O Evaluate quality of a post, relevance and originality
O Evaluate user credentials in a topic sensitive way
L Route questions to experts
O Provide most relevant, high-quality content for Search to index
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Q&A Uses Machine Learning
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using LDA algorithm.
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o recommendation

IR Cleafatiis Cleafegnid Ol Clwindows [ using LDA algorithm.
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* Gives out related high
BEE -5 SEMATEAORE ( ERa T RamEmEg  Jualty links to
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before human answer
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X Find: |/

B | cKm 2009 | Home

«®y, CEAEm#EXmE

touch 218 15 - 1-7-E1E
BOFETI

iphone 3giEREMI0M £
B - - ElE 9405k

ipod fouch2 2%z
BY -TrEE s%kik

iphoneflSm A 7EME-- 304
FT? -4 EE T4HREE

iPhone 3G2 2l FinH+
MES? - 1-ElE 403k

iphonesz s A7k - 1+
EIE 181E0E

iphone pc suite’ 52 F - 2
Bl 20670

3G IPhone 4 557
FRENEPDRER, . - 11EE
118158

[

| €

Done




Collaborative Filtering

Labels/Qs

Based on membership so far,
and memberships of others

|

Predict further membership

Questions

CIKM 11/2/09 Edward Chang 42



Outline

e Parallel Algorithms
— Frequent Itemset Mining [ACM RS 08]
— Latent Dirichlet Allocation [WWW 09, AAIM 09]
— Clustering [ECML 08]
— Support Vector Machines [NIPS 07]

e Distributed Computing Perspectives

CIKM 11/2/09 Edward Chang
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FIM-based Recommendation

To grow the base, we need association rules

@ An association rule: a,b,c — d

@ A Bayesian interpretation: P(d | a,b,c) = NT{?-%

@ The key is to count the occurrences (support) of itemsets N(...)

CIKM 11/2/09 Edward Chang 44



FIM Preliminaries

e QObservation 1: If an item A is not frequent, any pattern contains
A won’t be frequent [R. Agrawal]

=» use a threshold to eliminate infrequent items

. fOb’§erva ion'2: Patterns containing A are subsets of (or found
from) transactions containing A [J. Han]

=>» divide-and-conquer: select transactions containing A to form a
conditional database (CDB), and find patterns containing A from
that conditional database

(A, B}, {A, C}, {A} > CDBA
{A, B}, {B, C} > CDBB

CIKM 11/2/09 Edward Chang 45



facdgimp
abcflmo
bfhjo
bcksp

afcelpmn

CIKM 11/2/09

Preprocessing

sEIRaD

S T ATER O Q0
— b T e e e N

wugwuhb$

fcamp
fcabm
fb
cbp

fcamp

Edward Chang

According to
Observation 1, we
count the support of
each item by
scanning the
database, and
eliminate those
infrequent items
from the
transactions.

According to
Observation 3, we
sort items in each
transaction by the
order of descending
support value.

46



Parallel Projection

e According to Observation 2, we construct CDB of item
A; then from this CDB, we find those patterns
containing A

e How to construct the CDB of A?

— If a transaction contains A, this transaction should appear in
the CDB of A

— Given a transaction {B, A, C}, it should appear in the CDB of
A, the CDB of B, and the CDB of C

e Dedup solution: using the order of items:
— sort {B,A,C} by the order of items = <A,B,C>
— Put <> into the CDB of A
— Put <A> into the CDB of B
— Put <A,B> into the CDB of C
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Example of Projection

fcamp n{fcam/fcam/cb}

fcabm : a/fcab}
fb
cb a. {fc/fc/fc}

fcam c.: {f/f/1}

Example of Projection of a database into CDBs.
Left: sorted transactions in order of f, ¢, a, b, m, p
Right: conditional databases of frequent items

Edward Chang 48
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Example of Projection

fcam p: {fcam/fcam/cb}
fcab\(‘r ab)
F

fb Afca/f/c}
a: {fc/fc/fc}

fcamp c: {f/f/f}

Example of Projection of a database into CDBs.

Left: sorted transactions;
Right: conditional databases of frequent items

Edward Chang
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Example of Projection

fcamp p: {fcam/fcam/cb}
fcabm m:{fca/fca/fcab}
fb,‘\\ﬁb:})fic}

C bep— a: {fc/fc/fc}
fcamp c: {f/f/f}

Example of Projection of a database into CDBs.
Left: sorted transactions;
Right: conditional databases of frequent items

Edward Chang
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Recursive Projections [x.u, etal. acmrs og]

MapReduce  MapReduce MapReduce

Iteration 1 Iteration 2  Iteration 3
| . || |
b/ Dlab | © | Dl|abc
a/ D|a
o~ Dlac
C
D Dlbe
LDl
B Dlc

CIKM 11/2/09 Edward Chang

Recursive projection form
a search tree

Each node is a CDB

Using the order of items to
prevent duplicated CDBs.

Each level of breath-first
search of the tree can be
done by a MapReduce
iteration.

Once a CDB is small

enough to fit in memory,
we can invoke FP-growth
to mine this CDB, and no
more growth of the sub-

tree.
51



Map inputs
(transactions)
key="": value

Projection using MapReduce

Sorted transactions
(with infrequent
items eliminated)

Map outputs

(conditional transactions)

key: value

facdgimp

fcamp

fcam
: fca

fc

f

QR B

Reduce inputs

(conditional databases)

key: value

Reduce outputs
(patterns and supports)
key: value

p:{fcam/fcam/cb} p:3, pc:3

abcflmo

fcabm

: fcab

fca
fc

bfhjo

fb

bcksp

cbp

cb

m: {fca/fca/fcab}

mf:3
mc:3
ma:3
mfc:3
mfa:3
mca;3
mfca:3

afcelpmn

fcamp

fcam
: fca
fc

arRBBVIB |F|IerT B

b: {fca/f/c}

b:3

a: {fc/fc/fc}

a:3
af:3
ac:3
afc:3

CIKM 11/2/09

c. {f/f/f}

c:3
cf:3

Edward Chang
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Collaborative Filtering

Labels/Related Qs

Based on membership so far,
and memberships of others

|

Predict further membership

Questions
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Distributed Latent Diric

e Search

— Construct a latent layer for better
for semantic matching

e Example:
— iPhone crack
— Apple pie

1recipe pastry for a 9
Documents inch double crust How to install apps on
9 apples, 2/1 cup, Apple mobile phones?

brown sugar

Topic
Distribution

Topic
Distribution

IT Food History Pom T Food Histary Pormn

. iPhone crack Apple pie
User quries
CIKIVI 11/2/09 Edward Ch

nlet Allocation (LDA)

Users/Music/Ads/Question

Users/Music/Ads/Answers

ang

e Other Collaborative Filtering Apps
— Recommend Users = Users
— Recommend Music 2 Users
— Recommend Ads = Users
— Recommend Answers 2 Q

e Predict the ? In the light-blue cells




Documents, Topics, Words

e A document consists of a number of topics

— A document is a probabilistic mixture of topics

e Each topic generates a number of words
— A topic is a distribution over words

— The probability of the it word in a document
T

P(w) = > P(wlz; = j)P(z; = ])
=1

CIKM 11/2/09 Edward Chang
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[ uniform Dirichlet ¢ prior

Latent Dirichlet Allocation v.jordan 04

o uniform Dirichlet ¢ prior
for per document d topic

distribution (corpus level
parameter)

for per topic z word
distribution (corpus level
parameter)

0, is the topic distribution of
document d (document level)

z4 the topic if the jt word in
d, wgy the specific word (word
level)

S &= N &= O & QO

CIKM 11/2/09 Edward Chang
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LDA Gibbs Sampling: Inputs And Outputs

Inputs:
: documents as bags words topics
of words
2. parameter: the number of topics docs —_— docs
Outputs:
1. model parameters: a co- 1

occurrence matrix of topics and

words. topics [

words
. d CO-0ccurrence

matrix of topics and documents.
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Parallel Gibbs Sampling [aaim 09]

Inputs:
: documents as bags words topics
of words
2. parameter: the number of topics docs — docs
Outputs:
1. model parameters: a co- 1

occurrence matrix of topics and

words. topics [

words
. d CO-0ccurrence

matrix of topics and documents.
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- MPI-FLDA - MPI-FLDA i

~#=MapReduce-PLDA _ ~+MapReduce-PLDA ;
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01632 B4 128 268 0GNZE 256 512 1024
Mumber of Machines Furnber of Machines
(a) (b}

Fig. 4. The speedup of (a) Wikipedia: K = 500, V = 20000, D = 2 122 6185,

|T|::tﬂl‘lﬁr’|:ardl’:k:cu1'1'ﬂlces = 447, 004, Thi, Itﬂ'ati::ms = 20, = 0.1, 3 = 0.1. (b) Forum
Dataset: K = 500, V' = 50000, ) = E,riEEI,ET'EJ_.|T¢:|Lﬂ]W::|1'n:chcui'rences = 3,223,?04,9?61
ierations = 10, = 0.1, 3=0.1.
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Table &: Speedup Performance of MPI-PLDA and MapREeduce-PLIDA

# Machines MPI-PLDA MapReduce-PLDA
Running Time|Speedup|Running Time |Speedup
16 1 1940s 16 120225 16
[132 6468s 30 7288s 26 |
o 35468 54 41658 46
128 2030s 04 33058 57
256 1130s 169 2680s 12

(a) Widipedia dataset (Runtime of 20 iterations)

& Machines MPI-PLDA MapReduce-PLDA
Running Time [Speedup|Running Time|Speedup
64 9012s 64 106128 64
Ll_.’lE :1_'."‘;125 ﬂ} S8 E"s 117 |
256 2811s 205 41325 164
312 17358 332 3300s 200
1024 1323s 436 3344s 203

(b Forum dataset (Euntime of 10 iterations)
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Outline

e Parallel Algorithms

— Frequent Itemset Mining [ACM RS 08]

— Latent Dirichlet Allocation [WWW 09, AAIM 09]
—p Clustering [ECML 08]

— Support Vector Machines [NIPS 07]

e Distributed Computing Perspectives

CIKM 11/2/09 Edward Chang
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Social Networks
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Users

CIKM 11/2/09

Task: Targeting Experts

mis Ing & 53R o TEac s
4 ey L = =
S | a3 '; —7ana
i
: o HEalEH avhley
r 3 16 a1 PP ) WS
e 575 3551

O combabrEy
[EH |Ei ¥
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Mining Profiles, Friends & Activities
for Relevance

Emas

5 eyucnang
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Consider also User Influence

e Advertisers consider \:}ﬂ\
users who are
— Relevant \/\ )/
Influential
e SNS Influence Analysis } /
— Centrality /\-—"
— Credential / >

— Activeness T
— etc. / \ /\ yﬁ
N WAL AN
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Spectral Clustering ia. g, m. sordan)

e |mportant subroutine in tasks of machine learning

and data mining

— Exploit pairwise similarity of data instances

— More effective than traditional methods e.g., k-means
o Key steps

— Construct pairwise similarity matrix

e e.g., using Geodisc distance

— Compute the Laplacian matrix

— Apply eigendecomposition

— Perform k-means
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Scalability Problem

e Quadratic computation of nxn matrix
e Approximation methods

Dense Matrix

Sparsification Nystrom
t-NN  &-neighborhood ... random  greedy

CIKM 11/2/09 Edward Chang
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Sparsification vs. Sampling

e Construct the dense * Randomly sample / points;
similarity matrix S where [ << n

* Sparsify S e Construct dense

e Compute Laplacian similarity matrix [A B]
matrix L between [ and n points

L=I-D"Y8D"? D;=Y5,;

3=1

e Normalize A and B to be
in Laplacian form
¢ Apply ARPACLK on L R=A +A'1/ZBBTA'1/2 .

e Use k-means to cluster R=USUT

rows of V into k groups e k-means

CIKM 11/2/09 Edward Chang 70



Em p|r|Ca| StUdy [song, et al., ecml| 08]

e Dataset: RCV1 (Reuters Corpus Volume I)

— Afiltered collection of 193,944 documents in 103
categories

e Photo set: PicasaWeb
— 637,137 photos

e Experiments

— Clustering quality vs. computational time

e Measure the similarity between CAT and CLS
e Normalized Mutual Information (NMI)

NMI(CAT;CLS) = —JCALCL)
VR ALEE Ty A& )

— Scalability

CIKM 11/2/09 Edward Chang
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NMI Comparison (on RCV1)

0.29f

0.28

0.27

0.261

NMI

0.251

0.241

0.23}

0.29F ' ' ‘ ' ]

0.28

0.27

0.261

NMI

0.25

0.24

0.231 T

0.22

CIKM 11/2/09

1000 2000
Number of Samples

Nystrom method

1 -2 | 1 I 1
3000 0 50 100 150 200 250
Number of Nearest Neighbors

Sparse matrix approximation

Edward Chang
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Sparsification vs. Sampling

Sparsification

Nystrom, random
sampling

Information Full n x n None
similarity scores
Pre-processing O(n?) worst case; |O(nl), I << n

Complexity
(bottleneck)

easily parallizable

Effectiveness

Good

Not bad (Jitendra M.,
PAMI)

CIKM 11/2/09

Edward Chang
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Speedup Test on 637,137 Photos

e K =1000 clusters

Eigensolver fe-means

Machines|Time (sec.) Speedup|Time (sec.) Speedup
1 _ _ _ _
o 8.074 x 10 2.00(3.609 x 10? 2.00
4 4.427 x 104 3.65|1.806 x 10% 4.00
8 2.184 x 104 7.39|8.469 x 10° 8.52
LA Q RAT w103 LA 37 4 a20 « 103 15 _AR2
| 32 [4.886x 10° 33.05(2.021 x 10°  35.72

6 T.067 < 10° 342 7 I X :
128 3.471 x 103 46.52|1.090 x 103 66.22
256  |4.021 x 103 40.16(1.077 x 10° 67.02

e Achiever linear speedup when using 32 machines, after that,

sub-linear speedup because of increasing communication and

sync time

CIKM 11/2/09

Edward Chang
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Outline

e Motivating Applications

e Key Subroutines
— Frequent Itemset Mining [ACM RS 08]
— Latent Dirichlet Allocation [WwWW 09, AAIM 09]
— Clustering [ECML 08]
— UserRank [Google TR 09]
- Support Vector Machines [NIPS 07]

e Distributed Computing Perspectives

CIKM 11/2/09 Edward Chang
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Distance Function?
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Group by Proximity

=i == =3 = L
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x1

X2

X3

x4

x5

X6

X7

X8

Edward Chang

Group by Proximity

x1

1

X2

v

1

X3 x4
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Group by Shape

S
OO N

== & =

Edward Chang

CIKM 11/2/09



x1

X2

X3

x4

x5

X6

X7

X8
Edward Chang

Group by Shape

x1 X2 X3 x4 x5 X6 X7

1 7 7 A 2 2 2
1 7 7 2 2 2
1 7 2 2 2

1 A 7
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Group by Color
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Group by Color

x1 X2 X3 x4 x5 X6 X7 X8

1 A 3 3 3 2 2 7
1 3 3 3 3 7 7
1 7 7 A 3 .3

1 /7 .3 3
1 .3 3

1 .7

1
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Naive Alighnment Rules

e Increasing the scores of similar pairs
e Decreasing the scores of dissimilar pairs
o Sij > Dij
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Our Work [ACM KDD 2005, ACM MM 05]

e kij = /3 kij if (xi, xj) € D
¢ kljzﬂz klj+(1-ﬁ2) |f(X|, XJ) €S
'0Sﬂ1ﬂ231

e Theorem #1 The resulting matrix is psd

e Theorem #2 The resulting matrix is
better aligned with the ideal kernel
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ULP --- Unified Learning Paradigm [xpp o5]

e Unsupervised Method

— Clustering

— Multi-version Clustering
e Supervised
e Active Learning

e Reinforcement Learning

Edward Chang 85 CIKM 11/2/09



=] = =3 =L =] = =3 =3

@e®

00 0@

= &= = = & =7
Pairs 1,2
®e®

OO L 78

Are stable pairs

Edward Chang 86 CIKM 11/2/09



ULP: Unified Learning Paradigm

Stable Pairs x1 X2 X3 x4 x5 X6 X7 X8

xt - .7 3 3 3 2 2 7

X8 1
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ULP

e Stable Pairs ( circles)

— Found via shot-gun clustering

e Selected Uncertain Pairs (red circles)

— |dentified via the maximum information or
fastest convergence rule

e Propagation ( arrow)
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ULP [eiTc 05]

v

K = CalclnitKernel(D)

y K

—» M = DoClustering(K)

B

K’ = TransformKernel(K, T)

Edward Chang

Input:
D=L+U
D
L
[K,M] [T,Xu] = ﬂ»
— DoSimilarityReinforce(K,M,
7
M’, L) <M’

M’ =DoActiveLearning(Xu)
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SVM Bottlenecks

Time consuming — 1M dataset, 8 days

A A
1 & %? 1 1%
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Matrix Factorization Alternatives

Factorization Cost
O(zn?)
O %-n.i" )
O(3n® +2n?)
O %ﬂﬂ )
O(p*n)
O(2n?)

exact

approximate
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PSVIVI [E. Chang, et al, NIPS 07]

e Column-based ICF
— Slower than row-based on single machine

— Parallelizable on multiple machines

e Changing IPM computation order to achieve
parallelization
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Parallelized and Incremental SVM

1 o=
@ { (o) - .
Matrix Summation

Raw Data  Kernel Matrix ICF  Matrix Multiplication

0
o
=
N
g
-~
N
-~
=

E O
L— 3
S
g
Incremental ¥
IMEEEE Linear System Solving
Incremental Incremental Incremental Incremental
Data Kernel Matrix ICF Matrix Multiplication
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Incomplete Cholesky Factorization (ICF)

—\—\—\;\
B ~ & I
nxn pXn
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Parallelized and Incremental SVM

Matrix Summation
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Matrix Product

pPXp

< || > ] =

2t @f
e
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Speedup

Image (200k) CoverType (300k) RCV (800k)
Machines | Time (s) | Speedup Time (s) Speedup Time (s) Speedup
10 1,058 (9] 10* | 16,818 (442) | 10° 46,135 (1373) | 10°
30 0Tl (8] 3.2 | 5541 (10) | 300 | 12,280 (98 36.7
[ H 473 (14) | 414 | 3508 (60) | 46.8 7,605 (92) a8.7
100 330 (47) [ 504 | 2,082 (20) | 808 4,992 (34] 90.4
150 274 (40) | TLA | LS6S (93) | 9023313 (59) 136.3
200 04 (41) | 667 | 1416 (24) | 1187 3,163 (69] 142.7
250 T (78] | 484 | 1405 {115) | 1197 2,719 (203) | 1660
500 sl4 (123) | 401 | L1655 (34) | 1016 2,671 (193) | 1690
LIBSVM | 4,334 NA NA | 28,149 NA NA | 184,189 NA NA

CIKM 11/2/09
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Outline

e Parallel Algorithms
— Frequent Itemset Mining [ACM RS 08]
— Latent Dirichlet Allocation [WWW 09, AAIM 09]
— Clustering [ECML 08]
— Support Vector Machines [NIPS 07]

- Distributed Computing Perspectives

CIKM 11/2/09 Edward Chang
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Massive data storage
Distributed File Systems

Client

Masters

Replicas

Client

|

B I P I :
: CO Cl : | : | : Client
I | I I I I -
I I I Client
1S Col, Cs| (58 : | Col |
_______ | _—— e = = o= o= ] S |
Chunkserver 1 Chunkserver 2 Chunkserver N
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MapReduce

Data Iock 1

Data < Results
datadatada " Reduce datadata
tadatadata B datadata
datadatada datadata
tadatadata

Ne—

g /Data Black 5

s>
Data Block 4
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Comparison between Parallel
Computing Frameworks

MapReduce Project B MPI
GFS/IO and task rescheduling Yes No No
overhead between iterations +1 +1
Flexibility of computation model AllReduce only ? Flexible
+0.5 +1 +1
Efficient AllReduce Yes Yes Yes
+1 +1 +1
Recover from faults between Yes Yes Apps
iterations +1 +1
Recover from faults within each Yes Yes Apps
iteration +1 +1
Final Score for scalable machine 3.5 5 5

learning

CIKM 11/2/09
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Concluding Remarks

Search + Social

Increasing quantity and complexity of data demands scalable

solutions

Have parallelized key subroutines for mining massive data sets

Spectral Clustering [ECML 08]
Frequent Iltemset Mining [ACM RS 08]
PLSA [KDD 08]

LDA [WWW 09, AAIM 09]

UserRank [Google TR 09]

Support Vector Machines [NIPS 07]

Relevant papers

http://infolab.stanford.edu/~echang/

Open Source PSVM, PLDA

http://code.google.com/p/psvm/

http://code.google.com/p/plda/

CIKM 11/2/09 Edward Chang
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