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Story of the Photos

* The photos on the first pages are statues of two
“bookkeepers” displayed at the British Museum. One
bookkeeper keeps a list of good people, and the other a list of
bad. (Who is who, can you tell ? ©)

« When | first visited the museum in 1998, | did not take a
photo of them to conserve films. During this trip (June 2009),
capacity is no longer a concern or constraint. In fact, one can
see kids, grandmas all taking photos, a lot of photos. Ten
years apart, data volume explodes.

« Data complexity also grows.

* S0, can these ancient “bookkeepers” still classify good from
bad? Is their capacity scalable to the data dimension and
data quantity ?
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Outline

e Motivating Applications
— Q&A System
— Social Ads

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
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£ Three Must See Attractions at Yellowstone National Park « The View West - Mozilla Firefox
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At first plance, Mammeoth Hot Springs appear as a frozen waterfall. Large terraces abound
while being connected by trickling water. The hot acidic water from the thermal aspect below
ascends through ancient limestone deposits in the area. As the water dissolves the imestone,
it is carried to the surface. When the suspension cools and becomes less acidic at the surface
it forms the pools and the cascading features. This area is truly an amazing and dynamic
work of art.
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Application: Google Q&A (Confucius)

launched in China, Thailand, and Russia

Differentiated Content

G

‘ . W
e - / Community

CCS/Q&A

P

Discussion/Question

O Trigger a discussion/question session during search
-] Provide labels to a Q (semi-automatically)
-] Given a Q, find similar Qs and their As (automatically)
O Evaluate quality of an answer, relevance and originality
O Evaluate user credentials in a topic sensitive way
O Route questions to experts
O Provide most relevant, high-quality content for Search to index

Ed Chang EMMDS 2009



Q&A Uses Machine Learning
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Collaborative Filtering

Books/Photos

Based on membership so far,
and memberships of others

l

Users

Predict further membership

Ed Chang EMMDS 2009 17



Collaborative Filtering

Books/Photos
Based on partially ? ?
observed matrix ?
l ?
?
Predict unobserved entries -
w g
l & ?
D
|. Will user i enjoy photo j? ?
?
Il. Will user i be interesting to user |? :
[1I. Will photo i be related to photo |? 2

Ed Chang EMMDS 2009



FIM-based Recommendation

F o

To grow the base, we need association rules

@ An association rule: a.b,c — d

@ A Bayesian interpretation: P(d | a,b,c) = %ﬁ

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

Ed Chang EMMDS 2009 19



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

e QObservation 3: To prevent the same pattern from being found in
multiple CDBs, all itemsets are sorted by the same manner (e.g.,
by descending support)

Ed Chang EMMDS 2009 20



Preprocessing

e According to
Observation 1, we
count the support of

fcamp each item by
scanning the

fcabm database, and
eliminate those

fb infrequent items
from the

cbp transactions.

facdgimp

c3goar
wwauLbh

abcflmo

bfhjo

bcksp

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

Ed Chang EMMDS 2009 21
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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

Ed Chang EMMDS 2009 22
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Example of Projection

fcamp p{fcam/fcam/cb}

fcabm ; alfcab}
fb {fcalf/c}
cb a {fc/fc/fc}

fcam c. {f/f/f}

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

EMMDS 2009 23
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Example of Projection

fcamp p: {fcam/fcam/cb}

fcabm m:{fca/fcal/fcab}
q‘

fb
cbp 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

EMMDS 2009
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Example of Projection

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

C bepr 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

EMMDS 2009
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Recursive Projections ., etal. acmrs os]

MapReduce MapReduce MapReduce

Iteration 1 lteration 2  Iteration 3
| o || |
 ° {Dlab D|abe
a/ Dla
C\ Dlac
C
D D\bc
o | Db
e Dlc
Ed Chang EMMDS 2009

e 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.

26



Projection using MapReduce

Reduce inputs

(conditional databases)

key: value

Reduce outputs
(patterns and supports)

key: value

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

m: {fcalfcalfcab}

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

b: {fcalfl/c}

b:3

Map inputs Sorted transactions Map outputs
(transactions) (with infrequent (conditional transactions)
key="": value items eliminated) key: value

facdgimp fcamp p: fcam

m: fca

a fc

c. f
abcflmo fcabm m: fcab

h: fca

a fc

c f
bfhjo fb b: f
bcksp chp p. cb
afcelpmn fcamp b: ¢

p: fcam

m: fca

a fc

c. f

a {fcl/fclfc}

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

Ed Chang

c {f/f/f}

c:3
cf:3

EMMDS 2009
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Collaborative Filtering

Indicators/Diseases

Based on membership so far,
and memberships of others

l

Individuals

Predict further membership

Ed Chang EMMDS 2009
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Latent Semantic Analysis

Ve

~

e Search

— Construct a latent layer for better
for semantic matching

v

| =
[ ] * 1

Example: G

— iPhone crack <

r»

— Apple pie S

.9

_ J i a

=

1 recipe pastry fora 9 .

Documents inch double crust How to install apps on | ! 8

9 apples, 2/1 cup, Apple mobile phones? |} O
brown sugar E
Topic E
Distribution !
Topic i
Distribution i
User quries iPhone crack Apple pie |

EQ Lnang EMMDS 2009

Users/Music/Ads/Question

e Other Collaborative Filtering Apps
Recommend Users = Users
Recommend Music = 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

Plw;) = EP{H-',:|E,: = j)P(z; = j)
=1

Ed Chang EMMDS 2009
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Latent Dirichlet Allocation m. jordan 04

o uniform Dirichlet ¢ prior
for per document d topic
distribution (corpus level
parameter)

S uniform Dirichlet ¢ prior
for per topic z word
distribution (corpus level
parameter)

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

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

s j&—( N Je—( o Je—( 2

EMMDS 2009
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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:
: @ Co-occurrence l

matrix of topics and documents.

topics [

2. model parameters: a co- words

occurrence matrix of topics and
words.

Ed Chang EMMDS 2009 32



Parallel Gibbs Sampling [aaim 09]

Inputs:
: documents as bags words topics
of words
2. parameter: the number of topics docs — docs
Outputs:
: @ Co-occurrence l

matrix of topics and documents.

topics [

2. model parameters: a co- words

occurrence matrix of topics and
words.

Ed Chang EMMDS 2009 33



i i i N 5
o5l erLinear Speedup [ __ L qzgl{=FLinear Speedup | & -
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Fig. 4 The speedup of (a) Wikipedia: &' = 500, V = 20000, D = 2,122,615,
TotalWordOccurrences = 447,004, 756, fterations = 20, oo = 0.1, & = 0.1. {b) Forum

Dataset: K = 500, V' = 50000, I¥ = 2,450, 379,
iterations = 10, = 0.1, 3 = 0.1,

Ed Chang

TotalWordOccurrences = 3,223, 704, 976,

EMMDS 2009
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Table 6: Speedup Performance of MPI-PLDA and MapReduce-PLDA

# Machines MPI-PLDA MMapReduce-PLDA
Running Time|Speedup|Running Time|Speedup

16 1 1940s 16 120225 16

32 6d6Rs A0 72885 26

sl 35d6s 54 4165 s

128 2030s 04 33055 57

256 1130s 169 26805 712

(a) Widipedia dataset (Buntime of 20 iterations)

& Machines MPI-PLDA MapReduce-PLDA
Running Time |Speedup|Running Time|Speedup
64 Q012s 64 106125 a4
|_1_EE :1_'."";125 ﬂ} oA 1_'."5 117
256 25811s 205 41325 164
512 17355 332 3305 200
1024 13235 436 33495 203

(b)Y Forum dataset {(Euntime of 10 iterations)

Ed Chang EMMDS 2009



Outline

e Motivating Applications
— Q&A System

= Social Ads

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
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Task: Targeting Ads at SNS Users
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Consider also User Influence

e Advertisers consider

users who are \'}A
— Relevant \/\ 7/
— Influential
e SNS Influence Analysis } Q,
— Centrality /“\..a /

— Credential NN / )

— Activeness =
— etc. / \ ‘/\ ¥
&\ BTN A
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SpECtral Cl USte rlng [A. Ng, M. Jordan]

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

Ed Chang EMMDS 2009 48



Scalability Problem

e Quadratic computation of nxn matrix
e Approximation methods

Dense Matrix

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

Ed Chang EMMDS 2009
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Sparsification vs. Sampling

e Construct the dense e Randomly sample /
similarity matrix S points, where /<< n

* Sparsify S e Construct dense

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

L—I-D'2§p"V2 p,~3"5,

=1

e Normalize A and B to be
in Laplacian form
® Apply ARPACLK on L R=A +A BBTA 1/2

e Use k-means to cluster R=USUT

rows of Vinto k groups k-means

Ed Chang EMMDS 2009 50



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

e Dataset: RCV1 (Reuters Corpus Volume |)

— A filtered 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
* Normalized Mutual Information (NMI)

NMI(CAT;CLS) = —LCALCLS)
VH(CAT)H(CLS)

— Scalability

Ed Chang EMMDS 2009
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Speedup Test on 637,137 Photos

e K=1000 clusters

Eigensolver k-means

Machines|Time (sec.) Speedup|Time (sec.) Speedup
]_ — — — —
2 8.074 x 10* 2.00(3.609 =< 107 2.00
4 4.427 x 10% 3.65(1.806 x 10* 4.00
8 2.184 x 10* 7.390(8.469 x 10° 8.52
LA Q RA7 % 103 168 374 820 « 102 15 A2
32 4.886 >« 103 33.05(2.021 = 10° 35.72
6d T.067 < 10° .7l .233 % 10 50.37
128 3.471 x 10°% 46.52|1.090 =< 102 66.22
256  |4.021 x 10? 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

Ed 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), | << n

Complexity
(bottleneck)

easily parallizable

Effectiveness

Good

Not bad (itendra M.,
PAMI)

Ed Chang
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Outline

e Motivating Applications
— Q&A System
— Social Ads

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

Ed Chang EMMDS 2009
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Matrix Factorization Alternatives

Factorization Cost
O(zn?)
f_}'[%n?'}
O(4n* +2n?)
{}IZ%T?-H::'
Inec v O(p*n)
Oneck ﬂ'(gﬂ-g )

exact «

approximate
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PSVM [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

Ed Chang EMMDS 2009 57



Speedup

Image (200k) CoverType (300k) RCV (800k)
Machines | Time (s) | Speedup Time (s) Speedup Time (s] Speedup
10| L9 (9 10° | 16,818 (442) | 10° 45,135 (1373) | 107
3l or2 (8 2 | 5O (10) | 301 | 12,280 (98 36.7
il 473 (14) | 414 | 3588 (60) | 468 7,605 (92) o8.7
100 3300 47) (1594 | 2.082 (290 | 808 4,002 (34) 90.4
150 7440y | TI4 | L1865 (93) | 0.2 3,313 (58] 136.3
200 204 (41) | 667 | L1416 (24) | 1IRT 3,163 (69) 142.7
pill 07 (78 | 494 | L1405 {115)| 1187 2719 (203) | 1660
il sl (123) | 2401 | L65h (34) | 1006 2,671 (193) | 169.0
LIBSVM | 4,334 NA NA | 25,140 NA NA | 184,199 NA NA
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Comparison between Parallel
Computing Frameworks

MapReduce Project B MPI
GFS/10 and task rescheduling Yes No No
overhead between iterations +1 +1
Flexibility of computation model AllIReduce only AllIReduce only Flexible
+0.5 +0.5 +1
Efficient AllIReduce 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 4.5 5
learning
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Concluding Remarks

e Applications demand scalable solutions

e Have parallelized key subroutines for mining massive data sets
— Spectral Clustering [ECML 08]
— Frequent Itemset Mining [ACM RS 08]
— PLSA [KDD 08]
— LDA [WWW 09]
— UserRank
— Support Vector Machines [NIPS 07]

e Relevant papers
— http://infolab.stanford.edu/~echang/

e (QOpen Source PSVM, PLDA

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

Ed Chang EMMDS 2009
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