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About the tutorial
« Introduce matrix and tensor tools through
.. ) ) real mining applications
Mining Large Time-evolving Data
Using Matrix and Tensor Tools » Goal: find patterns, rules, clusters,
outliers, ...
Christos Faloutsos Carnegie Mellon Univ. — in matrices and
Tamara G. Kolda Sandia National Labs — in tensors
Jimeng Sun Carnegie Mellon Univ.
SDM'07 Faloutsos, Kolda, Sun 1-2
s CMU SCS @___ ‘g CMU SCS . @?—'—
L " . Examples of Matrices:
Motivation 1: Why “matrix”? :
Graph - social network
* Why matrices are important?
John Peter Mary Nick
John 0 11 22 55 ..
Peter 5
Mary
Nick
SDM'07 Faloutsos, Kolda, Sun 1-3 SDM'07 Faloutsos, Kolda, Sun 1-4
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Examples of Matrices: Examples of Matrices:
cloud of n-d points Market basket
» market basket as in Association Rules
chol# blood# age milk bread choc. wine
John 13 11 22 55...
Peter 5 4 6 7T fgtlgr 12 1‘11 22 53
Mary - Mary
Nick Nick
SDM'07 Faloutsos, Kolda, Sun 1-5 SDM'07 Faloutsos, Kolda, Sun 1-6
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Examples of Matrices: Examples of Matrices:
Documents and terms Authors and terms
data mining  classif. tree data mining  classif. tree
Paper#1 13 11 22 55/... John 13 11 22 55|...
Paper#?2 5 4 6 7. Peter 5 4 6 7.
. .. Mary |
Paper#3 Nick
Paper#4
SDM'07 Faloutsos, Kolda, Sun 1-7 SDM'07 Faloutsos, Kolda, Sun 1-8
-g CMU SCS I f . @?—‘_ ‘g CMU SCS @?—‘_
Examples of Matrices: .
p_ . . Motivation 2: Why tensor?
sensor-ids and time-ticks
e Q: what is a tensor?
templ temp2  humid. pressure
tl 13 11 22 55 ...
2 5 4 6 7.
t3
t4
SDM'07 Faloutsos, Kolda, Sun 1-9 SDM'07 Faloutsos, Kolda, Sun 1-10
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Motivation 2: Why tensor? Motivation 2: Why tensor?
* A: N-D generalization of matrix: * A: N-D generalization of matrix:
SDM’OSII
sbmos [/
Sbmo7 data mining  classif. tree Sbmo7 /| data mining  classif. tree
John 13 11 22 55 ... John f 13 11 22 55 ...
Peter 5 4 6 7. Peter 5 4 6 7.
Mary Mary .
Nick Nick
SDM'07 Faloutsos, Kolda, Sun 1-11 SDM'07 Faloutsos, Kolda, Sun 1-12
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Tensors are useful for 3 or more Motivating Applications
modes
Terminology: ‘mode’ (or ‘aspect’): » Why matrices are important?
» Why tensors are useful?
,I — P1: environmental sensors
Mode#3 / — P2: data center monitoring (“autonomic’)
[‘l data mining  classif. tree — P3: social networks
f 13 11 22 55... — P4: network forensics
° 4 6 7. — P5: web mining

—

SDM'07 — Mode (:: aspect) #1 1-13 SDM'07 Faloutsos, Kolda, Sun 1-14
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o P2: Clusters/data center monitoring

00 4000 X0 600010000

Temperature

« Monitor correlations of multiple measurements -
« Automatically flag anomalous behavior

« Intemon: intelligent monitoring system
— Prof. Greg Ganger and PDL
— >100 machines in a data center

% 2000 4000 6000 8000 10000
tme (min)

Voltage

2000 4000 6000 8000 10000
tme (min)

Humidity

- warsteiner. db. cs. cmu. edu/demo/intemon. jsp

SUIVI UL Faloutsos, Kolda, Sun SDM'07 1-16
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P3: Social network analysis P4: Network forensics
« Traditionally, people focus on static networks and « Directional network flows
find community structures « A large ISP with 100 POPs, each POP 10Gbps link
« We plan to monitor the change of the community capacity [Hotnets2004]
structure over time — 450 GB/hour with compression
« Task: Identify abnormal traffic pattern and find out the
Keywords cause
2004/', y abnormal traffic normal traffic
y DM Ve . B .
/ 7 g R
/ J - & ER
1990 % g =
Q
g / ~ <
E / o0 ECET)
g e source source
sowor 117 SOMO%sllaboration with Prof. Hui Zhang and Dr. Yinglian Xie 1-18
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P5: Web graph mining Static Data model

» How to order the importance of web pages? * Tensor

— Kleinberg’s algorithm HITS - Formally, X € RN1--xNas

— PageRank — Generalization of mzfltrlces

. — Represented as multi-array, (~ data cube).
— Tensor extension on HITS (TOPHITS)
.. . Order st 2nd 3rd
« context-sensitive hypergraph analysis
Correspondence Vector Matrix 3D array
Keywords
Example Sensors g O ; @
SDM'07 Faloutsos, Kolda, Sun 1-19 SDM'O7. Sources 1.20
CMU sCs St CMU sCs Sancta
Dynamic Data model Roadmap
* Tensor Streams
— A sequence of Mth order tensor Matrix tool
. atrix tools
Xy ... A where X; € RN1X. X Nps )
. . . * Tensor basics
tis Increasing over time .
3 — — e Tensor extensions
rder 1st 2 3
Correspondence Multiple streams Time evolving graphs 3D arrays ° Software demo
Sensors keyword\‘(}o 9
o e H
A =it * Case studies
< g &
Example = z
g _ v :
DVO7 121 SDM'07 Faloutsos, Kolda, Sun 1-22




Roadmap
» SVD, PCA
e Matrix tools » HITS, PageRank
* Tensor basics * CUR
» Tensor extensions  Co-clustering
* Software demo » Nonnegative Matrix

factorization

» Case studies

SDM'07 Faloutsos, Kolda, Sun 2-1
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i

g CMU SCS @

General goals

i

* Patterns
» Anomaly detection
» Compression

SDM'07 Faloutsos, Kolda, Sun 2-2

Examples of Matrices

» Example/Intuition: Documents and terms
* Find patterns, groups, concepts

data mining  classif. tree
Paper#1 13 11 22 55 ...
Paper#2 5 4 6 7.
Paper#3 - :
Paper#4
SDM'07 Faloutsos, Kolda, Sun 23
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Singular Value Decomposition (SVD)
X =UzZVT
X U
z \A
L&/ Y
o )
X x@ xM — | uy u, ug |
................ o) Vi
singular values right singular vectors
input data left singular
vectors
SDM'07 Faloutsos, Kolda, Sun 2-4

S CMU SCS

SVD as spectral decomposition

A%UEW:Eiaiuiovi

n

— O4UVy A G,u,%V,
A =
> VI
A T +

U
— Best rank-k approximation in L2 and Frobenius

— SVD only works for static matrices (a single 2nd
order tensor)

Faloutsos, Kolda, Sun 2-5

See also PARAFAC|

g CMU SCS
SVD - Example

* A=UZ VT-example:
_ retrieval
d T prjn 'UNg

018 0

0.36 0

018 0 9.64 0

= o900 [*[o 520 X
0 053
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SDM'07 Faloutsos, Kolda, Sun 2-6
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SVD - Example

e A=UZ VT-example:

i

g CMU SCS @
SVD - Example

doc-to-concept
similarity matrix

« A=UZ VT-example:

) fretrieval CS-concept ) fretrieval CS-concept
data | brain U9 P MD-concept data | brain '\ MD-concept
T 1110 0 0180 T 1110 0
22200 036 0 22200
CSlii1100 0180 |, | 9640 CSlii1100 _ x| 9840
Vo lss 500 0.90 0 0 520 Volss s 0 0fF 0 529
T 000 2 2 0 053 T 000 2 2
MD 8 g 8 i i 0 080 0.58 0.58 058 0 0 MD 8 g 8 i i 0.58 0.58 058 0 0
v 0 027 0 0 0 07107 v 0 0 0 07107
SDM'07 Faloutsos, Kolda, Sun 2-7 SDM'07 Faloutsos, Kolda, Sun 2-8
-g CMU SCS @:- ‘g CMU SCS @:ui-—
SVD - Example SVD - Example
* A=UZ VT-example: * A=UZ VT-example:
_ retrieval ‘strength” of CS-concept _ retrieval t?rml'to,'tconc?p_t
datamf.l brain 1UN9 datamf.l brain 1UN9 similarity matrix
T 11100 0180 T 11°+0 CS-concept
22200 036 0 2220
CSlii1100 | oaso CSli110 9.64 0
Vo lss s 0 0f= 0900 529 Vo lss 50 5.29
T 000 2 2 0.53 T 000 2
MD 88 g i f 0.80 058058 0580 0 MD 88 g i 0.58 0.58 058 0 0
v 0 0.27 o 0 0 07107 v 0 0 0 07107
SDM'07 Faloutsos, Kolda, Sun 2-9 SDM'07 Faloutsos, Kolda, Sun 2-10
s CMU SCS @:ui-— g CMU SCS @:ui-—

SVD - Example

* A=UZ VT-example:
term-to-concept

retrleval imilarit tri
i similarity matrix
data. | brain UNg Y
11 0 CS-concept
22 20
11100 9.64 0
55500 0 529
000 2 2
000 33 058058 058 0 0
000 11
0 0 0 07107

SDM'07 Faloutsos, Kolda, Sun 2-11

SVD properties

* V are the eigenvectors of the covariance
matrix XTX, since

XTx = (unvT)' (USVT) = vE2vT

« U are the eigenvectors of the Gram (inner-
product) matrix XXT, since
T
xXT = (UzvT)(uzvT) =us2uT

Further reading:
1. lan T. Jolliffe, Principal Component Analysis (2" ed), Springer, 2002.
2. Gilbert Strang, Linear Algebra and Its Applications (4t ed), Brooks Cole, 2005.
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SVD - Interpretation

‘documents’, ‘terms’ and ‘concepts’:

Q: if A is the document-to-term matrix, what
is AT A?

A: term-to-term ([m x m]) similarity matrix

Q:AAT?

A: document-to-document ([n x n]) similarity
matrix

SDM'07 Faloutsos, Kolda, Sun 2-13
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=
e
B

Principal Component Analysis (PCA)

-svo A =UxVT

Loading

— PCA is an important application of SVD
— Note that U and V are dense and may have negative entries

SDM'07 Faloutsos, Kolda, Sun

2-14

-g CMU SCS @
PCA interpretation

« best axis to project on: (‘best’ = min sum of
squares of projection errors)

Sy
)
="

‘g CMU SCS

PCA - interpretation

Term2 (‘lung’) +

» Tensor basics .
» Tensor extensions .
» Software demo .

» Case studies

CUR
Co-clustering

Nonnegative Matrix
factorization

Faloutsos, Kolda, Sun 2-17

Term2 (‘lung’) o ®
e g® PCA projects points ™ . ® first singular vector
Onto the “best” axis . .
. .
o % S
o.. Y
e minimum RMS error Term1 (‘data’)
SDM'07 Term1 (‘data‘) 2-15 SDM'07 Faloutsos, Kolda, Sun 2-16
s CMU SCS @?—‘_ g CMU SCS @?—‘_
Roadmap Kleinberg’s algorithm HITS
 Problem dfn: given the web and a query
¢ Matrix tools ¢ HITS, PageRank » find the most ‘authoritative’ web pages for

this query

Step 0: find all pages containing the query terms
Step 1: expand by one move forward and backward

Further reading:
1. J. Kleinberg. Authoritative sources in a hyperlinked environment. SODA 1998
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Kleinberg’s algorithm HITS

« Step 1: expand by one move forward and
backward

SDM'07 Faloutsos, Kolda, Sun 2-19

i

g CMU SCS @
Kleinberg’s algorithm HITS

« on the resulting graph, give high score (=
‘authorities’) to nodes that many important
nodes point to

« give high importance score (‘*hubs’) to
nodes that point to good ‘authorities’

o——0
hubs authorities
7L =

SDM'07 Faloutsos, Kolda, Sun 2-20

-g CMU SCS @ =
st |

Kleinberg’s algorithm HITS

observations
« recursive definition!

* each node (say, ‘i’-th node) has both an
authoritativeness score a; and a hubness
score h;

‘g CMU SCS @:h_-_
Kleinberg’s algorithm: HITS

Let A be the adjacency matrix:
the (i,j) entry is 1 if the edge from i to j exists
Let h and a be [n x 1] vectors with the
‘hubness’ and ‘authoritativiness’ scores.

Then:

SDM'07 Faloutsos, Kolda, Sun 2-23

SDM'07 Faloutsos, Kolda, Sun 2-21 SDM'07 Faloutsos, Kolda, Sun 2-22
s CMU SCS @?—‘- g CMU SCS @?—‘-
Kleinberg’s algorithm: HITS Kleinberg’s algorithm: HITS
Then: symmetrically, for the ‘hubness’:
k ~ thatis <Q p that is
| ! a;=5Sum (h) overall j that \ h;=Sum (q;) overall j that
m (j,i) edge exists q (i,j) edge exists
or or
a=ATh h=Aa

SDM'07 Faloutsos, Kolda, Sun 2-24
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Kleinberg’s algorithm: HITS

In conclusion, we want vectors h and a such

g CMU SCS @:&-—
Kleinberg’s algorithm: HITS

a is a right singular vector of the adjacency

that: matrix A (by dfn!), a.k.a the eigenvector of
_ ATA
h=Aa
= AT
. a=Ath Starting from random a’ and iterating, we’ll
That is: eventually converge
a=ATAa Q: to which of all the eigenvectors? why?
A: to the one of the strongest eigenvalue,
(ATA )k v’ ~ (constant) v,
SDM'07 Faloutsos, Kolda, Sun 2-25 SDM'07 Faloutsos, Kolda, Sun 2-26
-g CMU SCS @?—‘- ‘g CMU SCS @?—‘-
Kleinberg’s algorithm - discussion Roadmap
* ‘authority’ score can be used to find ‘similar
pages’ (how?)  Matrix tools PageRank
« closely related to “citation analysis’, social * Tensor basics * CUR
networks / ‘small world’ phenomena * Tensor extensions * Co-clustering
« Software demo » Nonnegative Matrix

factorization

» Case studies

See alSO TOPHITS Faloutsos, Kolda, Sun 2-27 SDM'07 Faloutsos, Kolda, Sun 2-28
s CMU SCS @?—‘- g CMU SCS @:u—"—
Motivating problem: PageRank Motivating problem — PageRank
solution

Given a directed graph, find its most
interesting/central node
with important nodes

AL
(recursive, but OK!)

SDM'07 Faloutsos, Kolda, Sun 2-29

A node is important,
if it is connected

Given a directed graph, find its most
interesting/central node

Proposed solution: Random walk; spot most
‘popular’ node (-> steady state prob. (ssp))
I

with high ssp nodes
(recursive, but OK!)

SDM'07 Faloutsos, Kolda, Sun 2-30

A node has high ssp,
if it is connected
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(Simplified) PageRank algorithm

g CMU SCS @:_
(Simplified) PageRank algorithm

« thus, p is the eigenvector that corresponds
to the highest eigenvalue (=1, since the matrix is
column-normalized)

« Why does it exist such a p?

— p exists if A is nxn, nonnegative, irreducible
[Perron—Frobenius theorem]

*ATp=p
 Let A be the transition matrix (= adjacency
matrix); let AT become column-normalized - then T _
A p = p
\From AT
To T T
p 1 1 1 1 .
1/2 1/2 = 1/2 172 .
1/2 1/2
2 T 2
SDM'07 Faloutsos, Kolda, Sun 2-31 SDM'07 Faloutsos, Kolda, Sun 2-32
g CMU SCS @?—‘- ‘g CMU SCS @?—‘-
(Simplified) PageRank algorithm (Simplified) PageRank algorithm
e ATp=1*p * In short: imagine a particle randomly

moving along the edges
e compute its steady-state probabilities (ssp)

Full version of algo: with occasional random
jumps
Why? To make the matrix irreducible

SDM'07 Faloutsos, Kolda, Sun 2-33 SDM'07 Faloutsos, Kolda, Sun 2-34
S CMU SCS @?—‘- g CMU SCS @?—‘-
Full Algorithm Roadmap
» With probability 1-c, fly-out to a random
node * Matrix tools

e Then, we have
p=cAp+(-c)/nl=>
p=(-c)n[l-cA]11

H H

SDM'07 Faloutsos, Kolda, Sun 2-35

Tensor basics
Tensor extensions
Software demo
Case studies

« CUR
 Co-clustering

» Nonnegative Matrix
factorization

SDM'07 Faloutsos, Kolda, Sun 2-36
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Motivation of CUR or CMD

» SVD, PCA all transform data into some
abstract space (specified by a set basis)
— Interpretability problem
— Loss of sparsity

g CMU SCS

CEA
Interpretability problem

* Each column of projection matrix U is a linear
combination of all dimensions along certain
mode U,(;,1) = [0.5; -0.5; 0.5; 0.5]

« All the data are projected onto the span of U,

« Itis hard to interpret the projections

SDM'07 Faloutsos, Kolda, Sun 2-37 SDM'07 Faloutsos, Kolda, Sun 2-38
-g CMU SCS @a ‘g CMU SCS @a
PCA - interpretation The sparsity property

ar sparse and small
~
L
Term2 (‘lung’ - — T
erm2 (lung’) . SVD: A=UXV
PCA projects points * L. first singular vector Big but sparse  Bjg and dense
Onto the “best” axis . .
. BTN dense but small
. ] hA_A/
V1 e
N . CUR: A=CUR
¢ minimum RMS error Term1 (‘data’) /' \ [
Big but sparse  Big but sparse
SDM'07 Faloutsos, Kolda, Sun 2-39 SDM( 2-40
S CMU SCS @a g CMU SCS @a
The sparsity property — pictorially: The sparsity property (cont.)
L] L] s E ]
o o SVD/PCA:
. = Destroys sparsity E g"
Uus v - R
o . Network DBLP
- B =—— CUR: maintains sparsity « CMD uses much smaller space to achieve the same
°l ° _ accuracy
¢ - * CUR limitation: duplicate columns and rows
o « SVD limitation: orthogonal projection densifies the
data
SDM'07 C U R 2-41 Reference:
Sun et al. Less is More: Compact Matrix Decomposition for Large Sparse Graphs, SDM'07
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< CUR

» Example-based projection: use actual rows and columns
to specify the subspace

* Given a matrix AcR™", find three matrices Ce R™,
Ue R, Re R™", such that ||A-CUR]| is small

g CMU SCS @
CUR (cont.)

i

» Key question:
— How to select/sample the columns and rows?
 Uniform sampling

n
— PR S . R
s ]} . « Biased sampling
T
m A ~m o — CUR w/ absolute error bound
C ° e .
/e — CUR w/ relative error bound
— ~
¢ Bl
U is the pseudo-inverse of X projection Reference:
1. Tutorial: Randomized Algorithms for Matrices and Massive Datasets, SDM'06
2. Drineas et al. Subspace Sampling and Relative-error Matrix Approximation: Column-
Row-Based Methods, ESA2006
SDM'07 Faloutsos, Kolda, Sun 2-43 3. Drineas et al., Fast Monte Carlo Algorithms for Matrices Ill: Computing a
Compressed Approximate Matrix Decomposition, SIAM Journal on Computing, 2006.
-g CMU SCS @s_-_: ‘g CMU SCS @s_-_:

Roadmap

e Matrix tools

» Tensor basics
 Tensor extensions
 Software demo

« Case studies

e Co-clustering etc

» Nonnegative Matrix
factorization

Co-clustering

e LetXandY be discrete random variables
— X andY take valuesin{1,2, .., m}and {1, 2, ..., n}
— p(X,Y) denotes the joint probability distribution—if
not known, it is often estimated based on co-occurrence
data

— Application areas: text mining, market-basket analysis,
analysis of browsing behavior, etc.

» Key Obstacles in Clustering Contingency Tables
— High Dimensionality, Sparsity, Noise
— Need for robust and scalable algorithms

SDM07 Faloutsos, Kolda, Sun 2.45 Reference: ) . )
1. Dhillon et al. Information-Theoretic Co-clustering, KDD'03
CMU sCs CMU sCs
£ m=] [ e B=

Co-clustering

* Given data matrix and the number of row
and column groups k and |
 Simultaneously
— Cluster rows of p(X, Y) into k disjoint groups
— Cluster columns of p(X, Y) into I disjoint groups
» Key goal is to exploit the “duality” between
row and column clustering to overcome
sparsity and noise

SDM'07 Faloutsos, Kolda, Sun 2-47

Information Theory Concepts
« Entropy of a random variable X with probability
distribution p:
P H(p)=-3 p(9log p(x)

» The Kullback-Leibler (KL) Divergence or “Relative
Entropy” between two probability distributions p and g:

KL(p,a) =Y p(x)log(p(x)/a(x))

e Mutual Information between random variables X and Y:

p(x Y)
1(X,Y)= ,y)log| 222
( )lezy:p(x Y Og(p(X)p(y)j

SDM'07 Faloutsos, Kolda, Sun 2-48
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Information-Theoretic Co-Clustering

* View (scaled) co-occurrence matrix as a joint probability distribution
between row & column random variables
p(x,y) = #co—occurence(X, y)

> #co—occurence(x, y)

£ v

X

Y

X

_—

» We seek a hard-clustering of both dimensions such that loss in
“Mutual Information” o
1(X,Y)-1(X,Y)

is minimized given a fixed no. of row & col. clusters
SDM'07 Faloutsos, Kolda, Sun 2-49

g CMU SCS % (== |

Information Theoretic Co-clustering

e “Loss in mutual information” equals
H(X,Y) - 1(X,Y) = KL(p(x, V) la(x, )
=HOGY)+H(X [ X)+H(Y [Y)=H(X,Y)
* pisthe input distribution
* ( is an approximation to p
a(x y)=p(%, Npx[X)p(y| ¥).xeX y ey

— Can be shown that g(x,y) is a maximum entropy
approximation subject to cluster constraints.

SDM'07 Faloutsos, Kolda, Sun 2-50
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#parameters that determine q(x,y) are: (m—Kk)+(kl-1)+(n-1I)

‘g p(x, y) BE.

CMU SCS Sy

Problem with Information Theoretic o

Co-clustering
* Number of row and column groups must be
specified

Desiderata:
v' Simultaneously discover row and column groups
X Fully Automatic: No “magic numbers”

v’ Scalable to large graphs

1. Chakrabarti et al. Fully Automatic Cross-Associations, KDD’04

SDM'07 Faloutsos, Kolda, Sun 2-51 SDM'07 Faloutsos, Kolda, Sun 2-52
s CMU SCS @: CMU SCS @:
Lt | Lt |
What makes a cross-association
ngoodl1?
. Why is this
g: - better?
i3] 5 P ;
* versus %__ /
5 g
B7 [
Desiderata: Column " Coumn
q A groups roups
v' Simultaneously discover row and column groups greup
q v Fully Automatic: No “magic numbers”
v’ Scalable to large matrices
Reference: SDM07 Faloutsos, Kolda, Sun 2.54
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What makes a cross-association What makes a cross-association
“good”? “good”?

" ¥ Why is this
Ey g better?
: s & — u
1% o ) o

. s e Problem definition: given an encoding scheme

e e « decide on the # of col. and row groups k and |

simpler; easier to describe
easier to compress!

« and reorder rows and columns,
* to achieve best compression

SDM'07 Faloutsos, Kolda, Sun 2-55 SDM'07 Faloutsos, Kolda, Sun 2-56
CMU sCs St CMU sCs Sancta
£ %@]n‘_ ET4 @
Main Idea Algorithm
Good Better 175 colgroups
Compression Clustering | a
3
) o Cost of describi l &
Total Encoding Cost= %, size; " H(x) + ~°° © (o529 g
e N Faiy
Code Cost Dech(;is:ion \
= oy _—ﬁ"—,ﬁ-‘ﬁ_lﬂ —»,I._‘.T_. - ..-» ..-
Minimize the total cost (# bits) = - - N W w T ®E
=2, k=2, k=3, =3, k=4, k=4
for lossless compression =2 =3 =3 =4 =4 =5
SDM'07 Faloutsos, Kolda, Sun 2-57 SDM'07 Faloutsos, Kolda, Sun 2-58
s CMU SCS @: g CMU SCS @:
Algorithm Cross-Associations vs. Co-clustering

Code for cross-associations (matlab):

www. cs. cmu. edu/deepay/mywww/sof tware/CrossAssoci
ations—01-27-2005. tgz

Variations and extensions:
 ‘Autopart’ [Chakrabarti, PKDD’04]

® www. cs. cmu. edu/ " deepay

SDM'07 Faloutsos, Kolda, Sun 2-59

Information-theoretic Cross-Associations

co-clustering

1. For any nonnegative 1. For binary matrix
matrix 2. Lossless Compression.
2. Lossy Compression. 3. Always provides

complete information
about the matrix, for any

Approximates the
original matrix, while
trying to minimize KL- number of row and
divergence. column groups.

4. The number of row and (4. Chosen automatically
column groups must be using the MDL principle.
given by the user.

SDM'07 Faloutsos, Kolda, Sun 2-60
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Roadmap

e Matrix tools
» Tensor basics
» Tensor extensions

* Software demo » Nonnegative Matrix
 Case studies factorization

SDM'07 Faloutsos, Kolda, Sun 2-61

i

g CMU SCS @?’—“—
Nonnegative Matrix Factorization

» Coming up soon with nonnegative tensor
factorization

SDM'07 Faloutsos, Kolda, Sun 2-62

11
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s CMU SCS @F— g CMU SCS
Roadmap
* Motivation  Tensor Basics
 Matrix tools * Tucker
. — Tucker 1 (PCA .

« Tensor basics ucker 1 (PCA) Tensor Basics
— Tucker 2

» Tensor extensions — Tucker 3 (HOSVD)

» Software demo * PARAFAC

Xc RIXJXK’ Bc RMXJ’ ac nf

e Tensor Times Matrix « Tensor Times Vector

¥=XxB Y¥Y=XxX;a
M=§zﬁkbllu yjk=83..‘q
Yy =BX(r vec(¥) =
Multiol h Compute the dot g .
ultiply eacl p
oy (e o e
flberby B (mode-1) fiber

3-1
g CMU SCS @?’—“— CMU SCS @?’—“—
) - . Matricize: Converting a Tensor to a
A tensor is a multidimensional array .
Matrix
e Col Mode-1 R Mode-2 Tube (Mode-3 X
T | conpieen ewd rueows | ([ =g | S sl
'/’1.1_1 (unfolding) & N%ﬂix
f S
L Y Lateral Slices Frontal Slices x I@
3 order tensor I
mode 1 has dimension T A s > _|11 357
mode 2 has dimension J 7 173 x{]-) “ |24 68 X [1 2 3 4]
de 3 has dimension K / = s =
" e e ’ T=12%) @ [se7a
on 3 dimensions, but ; {551 x(z = [1 25 6i|
ei\;eem:é"?oc:l"g::r ‘ A ) 3478 24
dimensionality.
g CMU SCS @?’—“— CMU SCS @?’—“—
e Pictorial View of Mode-n Matrix
Tensor Mode-n Multiplication e
Multiplication

*
Mode-2 multiplication
(lateral slices)

Y=Xx,B
Y.; =X.;B'

m

Mode-1 multiplication
(frontal slices)

y=x X]_A
Y::b=x::bAT

Mode-3 multiplication
(horizontal slices)

¥=Xx3C
Yi- = xi::CT

3-6




Specially Structured Tensors

* Tucker Tensor » Kruskal Tensor
X=Gx1UxzgVxaW x=z&-llrﬂvrf-lm-
=X Xaumovow r
i =[;U, vV, W]
=[9:U,v,W]
“core" A—Q
\\ <
IXTXEK xR, xS IXJIXK
16 BT e
X Y| Exsxr H H

3-11

Specially Structured Tensors

s CMU SCS @:ui-— g CMU SCS @‘_
Mode-n product Example Mode-n product Example
* Tensor times a matrix * Tensor times a vector
@ «AQQJ e ,Q\QQ'
< o < <
§ £ = 5 <. & §
£ Xtime - 3 £ Xtime g
3 g 3 =
= clusters =
Time clusters Time
3-7 3-8
CMU SCS @ :_ CMU SCS
E Outer, Kronecker, & b
Khatri-Rao Products
Outer Product Kronecker Product
X=aochoc 7B &zB -+ axB
S h:] s H H
Tk = 0% || agn=|mB emh - e Specially Structured Tensors
/ B ogmB o oyyB
@ |] Khatri-Rao Product
AQ@B=[n@br 828ba - 22®byg|
Observe: a o b and a @ b have the same elements, but one is shaped |
into a matrix and the other into a vector.
S CMU SCS @:&-— g CMU SCS @:&-—

¢ Tucker Tensor

X=9x; Uz VW
=X mamoviom
T 3w
=3:0,v,w]

In matrix form:

Xy = UG (We V3
X2y = V(W)
Xgy = WGa (Vo'
ver(X} = (W@ V@ Uvec(q)

* Kruskal Tensor

X=YAuwovowr
r
=R;:U, Vv, W]

In matrix form:

Lot A =diag(A)
Xn=UAs(WoVv)
Xy =VA(Wow)'

vec{T) = (WO VELU}

3-12




s CMU SCS ] ] @:ui-—
Matrix SVD is a Tucker or

Kruskal Tensor

Matrix SVD:

x—vovr I
Tucker Tensor:

X=¥x1Ux2V=[Z;U,V]

Kruskal Tensor:

X = E orurovy = [o;U,V]
r=—1
3-13

g CMU SCS

Tensor Decompositions

i

g CMU SCS @

Tucl§er Decomposition

&
&
IXIXK xR Ixs X=[5:A,B,C]
- B
b 4 A RXSXT ‘ 5=[x;At,BT'CfI ‘

Proposed by Tucker (1966)

AKA: Three-mode factor analysis, three-mode
PCA, orthogonal array decomposition

A, B, and C generally assumed to be
orthonormal (generally assume they have full
column rank)

« g isnot diagonal
« Not unique

Recall the equations for
converting a tensor to a matrix

Xy = AG(r(CO B
X =BG (CaA)T
X(q) =CGmA®A)’
var(X) ={C®B & Aya(F)
315

‘g CMU SCS @:&-—
Tucker Variations

See Kroonenberg & De Leeuw, Psychometrika, 1980 for discussion.

¢ Tucker2
o X=[8:;AB]]
— — T
- @ X@=C@)BoA)
x Alrxsxx
e Tuckerl

X=[G9;ALI]
Xa) =AGq,

IXIXEK xR

x< A RXJIXK Finding principal components in only mode 1.
Can be solved via rank-R matrix SVD
3-16

i Higher Order SVD @&

ey
A Not optimal, but
IxIxK } often used fo
XJXK IxR JXxS initialize Tucker-
- @ ALS algorithm.
A
X RxSxT

(Observe connection to Tucker1.)
A = leading R left singular vectors of X(l)
B = leading S left singular vectors of X(g)
C = leading T left singular vectors of X(3)
g = [x :AT, BT, ch

De Lathauwer, De Moor, & Vandewalle, SIMAX, 1980 3-17

i

g CMU SCS @

Solving for Tucker

1% I5:AB.Cl2 = 1X|?—2X,[9: 4,B,Cl} + 191
=[1xI?-151?

Minimize
s.t. A,B,C orthonormal

191 =[x;:ATBT,CTI| =[A™Xa(ceB)|

Maximize
s.t. A,B,C orthonormal

To solve for A (assuming B and C are fixed):

Calculate R leading left singular vectors of XU)(C @ B)
3-18




s CMU SCS @Sﬂ- g CMU SCS @
st |

Alternating Least Squares (ALS) for CANDECOMP/PARAFAC
Tucker Decomposition

&
IXJxK

S « Initialize IXR Ix R
A JXR
V& - ChooseR, S, T - @ = /:] e /:]
. I

IXJXK xR ] ~ Calculate A, B, C via HO-SVD
Jx S N RXBXR
_  Until converged do... XX
— A =R leading left singular

x Al ExsxT vectors of X;,(C®B) x=[A;A,B,CINZ)rHr°br°6r
- B =S leading left singular r
vectors of X, (C®A)

— C =T leading left singular

CANDECOMP = Canonical Decomposition (Carroll & Chang, 1970)
PARAFAC = Parallel Factors (Harshman, 1970)
vectors of X5 (BRA) Core is diagonal (specified by the vector 1)
_ CaT T AT Columns of A, B, and C are not orthonormal
§= [x (A -B El C l If R is minimal, then R is called the rank of the tensor (Kruskal 1977)

Kroonenberg & De Leeuw, Psychometrika, 1980 3-19 Can have rank{) > min{1,J,K} 320

i

-g CMU SCS @

Alternating Least Squares
(ALS) for PARAFAC

X =[r:4,B,C] *H/:]nﬂ/:

To solve for A, consider: IxJx K v
R rank-1 tensors
X5y = AA(CoB)
By the properties of the Khatri-Rao product, we have:
o) =TcxR™BI(ceaB)T
Thus:
A = X;;(COBXCTC+BB)A™1

Do the same for B and C, then repeat...
3-21




Roadmap

 Other decompositions
» Nonnegativity

» Missing values

* Incrementalization

e Tensor extensions
» Software demo
» Case studies

s CMU SCS @ e
st |

g CMU SCS

Other Tensor Decompositions

£=x:u", v, W] on smaller tensor
fui:400 « Step 3: Reassemble result

X [A; UL VB, WO =[2;A,B,00

Bro and Andersson, 1998 4-3

4-1
-g CMU SCS @F— ‘g CMU SCS @F—
Combining Tucker & PARAFAC 3-Way DEDICOM
Te[R:U, v, W] « Step 1: Choose «% attern
S orthonormal matrices U, " [] @l:l

S V, W to compress tensor = =
! S

x (Tucker tensor!) 3-way DEDICOM

— Typically HO-SVD can be
IXJIXK used Xk = AD.;RD:; AT
MxNxXP ‘ « Step 2: Run PARAFAC « 2-way DEDICOM introduced by Harshman, 1978

¢ 3-way DEDICOM due to Kiers, 1993

« ldea is to capture asymmetric relationships among different
“roles”

« If third dimension is time, than diagonal slices capture
participation of each role at each time

See, e.g., Bader, Harshman, Kolda, SAND2006-2161

s CMU SCS

Computations with
Tensors

g CMU SCS @

Dense Tensors

i

¢ Largest tensor that can be
stored on a laptop is 200 x
200 x 200

« Typically, tensor
operations are reduced to IxJx K
matrix operations
— Requires permuting and

reshaping the tensor

« Example: Mode-n tensor-

matrix multiply

Example: Mode-1 Matrix Multiply

Y=Xx1U
MxJx K MxI
IXJxK

Yoy = UXe)

Mx JK IxJK
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Sparse Tensors: Only Store Nonzeros

Example: Tensor-Vector Multiply (in all modes)

hot, a=XXxjaxobX3c
e =32323 i ai by oy
i 5 k

Store just the
nonzeros of a tensor
(assume coordinate
format)

= g Up Gy(p,1) Palni) Colok)

th nonzero
P 2nd subscript

1st suBscript of pth 31 suBscript
of pth  nonzero  of pth
nonzero nonzero

g CMU SCS @:ui-—
Tucker Tensors:
;re Core & Factors

_ Tucker tensor stores the core (which can be
xX= H @ dense, sparse, or structured) and the factors.

Example: Mode-3 Tensor-Vector Multiply
Y=X >_¢3 1
={(x1Ux2V xX3aW) X3x
=G x;UxaV X3 Wz

=9 XaWlax Uxo V=[5;U,V]

47 X 48
g CMU SCS @:&-— ‘g CMU SCS
Kruskal Example:
Stgre Factors
\ﬂ' Kruskal tensors store factor
IXJIXK I e matrices and scaling vector.
@ - I ~ :“H/: “H/:n Nonnegativity
U
RXRXR
Example: Norm
IXIZ =10V, W2
=[(WeVeUm|?
=ATWoevel)T(Weve U
=ATwWiw.vTv.uTina
RxR RxR RxR 4-9
S CMU SCS @:&-— g CMU SCS @:&-—
. . o Non-negative 3-Way PARAFAC
Non-negative Matrix Factorization g yvay
Factorization
|X—ABT| 1%~ [A,B,C] |

Update formulas (do not increase objective function):
A=A+ (XB)2 (AB'B)
B=B=x(XTA)2 (BATA)

Lee & Seung, Nature, 1999 4-11

Lee-Seung-like update formulas can be derived for 3D and higher:

A =Ax(X1)(CoOB)) @ (A(CTC*B'B))
B=Bx* (X (CoA))2(BCTCxATA))
C=Cx(X3(BoA) 2 (CBB=ATA))

M. Mgrup, L. K. Hansen, J. Parnas, S. M. Arnfred, Decomposing
the time-frequency representation of EEG using non-negative4_12

matrix and multi-way factorization, 2006




s CMU SCS

Handling Missing Data

CMU SCS @F&-—
A Quick Overview on Handling
Missing Data
 Consider sparse PARAFAC where all the zero
entries represent missing data
X =[A,B,C]
 Typically, missing values are just set to zero
 There are more sophisticated approaches for
handling missing values:

— Weighted approximation
— Data imputation to estimate missing values

414
See, e.g., Kiers, Psychometrika, 1997 and Srebro & Jaakkola, ICML 2003

CMU sCs CMU sCs
£ m=] [ GEA
Weighted Least Squares Missing Value Imputation
wgh = 1 i I Known  yeins rensor « Use the current estimate to fill in the missing values
0 otherwise P = |IA, B, C] Current Estimate
« Weight the least squares problem so that the missing  The tensor for the next iteration of the algorithm is:
elements are ignored: Known Values  Estimates of Unknowns
- /—/%
T 32 A 2 T=Ws+X+(1-W)s+P
Least Squares ijk \Tijk — &75Ck =X-W+P|2P
Sparse! Kruskal Tensor
« But this problem is often too hard to solve directly! « Challenge is finding a good initial estimate
4-15 4-16

i

s CMU SCS @

Roadmap

» Software demo
» Case studies

i

g CMU SCS @
Tensor Toolbox for MATLAB

http://lcsmr.ca.sandia.gov/~tgkolda/TensorToolbox

« Six object-oriented tensor classes
— Working with tensors is easy

« Most comprehensive set of kernel
operations in any language

- E.g., arithmetic, logical,
multiplication operations

* Sparse tensors are unique
— Speed-ups of two orders of
magnitude for smaller problems
— Larger problems than ever
before

« Free for research or
evaluations purposes

* 297 unique registered users
from all over the world
(as of January 17, 2006)

4-18

Bader & Kolda, ACM TOMS 2006 & SAND2006-7592
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Incrementalization

g CMU SCS @ =

Lrsres|

Incremental Tensor Decomposition

» Dynamic data model

— Tensor Streams
« Dynamic Tensor Decomposition (DTA)
 Streaming Tensor Decomposition (STA)

» Window-based Tensor Decomposition
(WTA)

4-20

Incremental Tensor Decomposition
&OId Tensors New Tensor

S|

Destination

Old cores Uiiii"iim

i USource

4-23

1storder DTA - problem

Given x,...X, where each x;e RN, find
UeRN*R such that the error e is

small: & = 331 |l — xUUT 1%

— Y ur
A, =
) —) Sensors
g n
8
—x,—
Sensors indoo{)utdoor Note that Y = XU

4-24

-g CMU SCS @:_._ ‘g CMU SCS @:_._
Dynamic Tensor Stream Dynamic Data model
¢ Tensor Streams
—— — A sequence of Mth order tensor
5 fH:** Xy ... Xpwhere X; € RM1X.. XNy
{aannE n is increasing over time
gun Order st 2nd 3
time Correspondence Multiple streams Time evolving graphs 3D arrays
« Streams come with structure sensos | . keyword\ %, 9
— (time, source, destination, port) — g _’g I
— (time, author, keyword) Example — ] 2
* How to summarize tensor streams effectively and V. Vx
incrementally? :
421 4-22
s CMU SCS @:_._ g CMU SCS @:_._




s CMU SCS @:&-—
1st order Dynamic Tensor Analysis

Input: new data vector xe RN, old variance matrix Ce RN<N
Output: new projection matrix Ue RN<R

0ld X Algorithm:
1. update variance matrix C,,,

2. Diagonalize UAUT=C_,,,

3. Determine the rank R and return U

== — [N

=x™x+C

time

x| + C —) Cnew

Diagonalization has to be done for every new x!

g CMU SCS @:&-—
Mt order DTA

Reconstruct Variance Matrix

Ui

o l = C
d
Construct Variance Matrix off

Incremental Tensor l Diagonalize

Variance Matrix
£g T
E —) Cy —) U,

= Update Variance Matrix

7

4-25 4-26
g CMU SCS @z CMU SCS @z
. 1st order Streaming Tensor
Mt order DTA — complexity : g
Storage: Analysis (STA)
ge: ¢ Adjust U smoothly when new data arrive without
O(IN;), i.e., size of an input tensor at a single diagonalization [vLDBOS]
timestamp « For each new point X
Computation: - Ero_ject onto current line
- stimate error
> N3 (or > N.Z) diagonalization of C — Rotate line in the direction of the error and in proportion to its
! ! - o magnitude
+ 2N IIN; matrix multiplication X 7 X4 For each new pointx and fori=1, ..., k:
For low order tensor(<3), diagonalization is the main cost * Y= U (proj. OntO_U.) _ error ~
For high order tensor, matrix multiplication is the main cost © G Myl (energy o« i-th eigenval.) g
o oe = x-yy, (error) 51
e U« U+ (1/d)ye (update estimate) kgl
¢ X« xX-YyU; (repeat with remainder) V)
427 Sensor 1 4-28
S CMU SCS @z g CMU SCS @z
Meta-algorithm for
Mthorder STA : g .
: window-based tensor analysis
hatl Tut: S
Matricizing The temsor window T € BN x-xNy
Cutput K] f
<% Te projectlion matrix Up e RF <o, UM, eRSBAZ 5
and the core temsor 3. S
¢ Run 1t order STA along each mode — Tme D
o &, ) ime
Xo U, updated® Complexity: g Type
e U ~ Storage: O(IT N;) 3 Fork=0Oto & Y
1 ~ Computation: - R; IT N; which is smaller 4. FixUi ”i**aﬂ:ﬂﬂd“l’lm Rl' %
i than DTA minimizes &(, 11 ={UATY) R, Y W Urime

4-29

5. Checike convengonca.
a

6. Calculate the oxe torsar P=D [T 1 N
il

ULocaﬁon




s CMU SCS @?’-"—
Moving Window scheme (MW)

 Update the variance @ D(n-LW) Time
matrix C, g § Pgﬁﬁﬁﬁﬁ'%..
incrementally a7

+ Diagonalize C(i) to find D(n.W)

0 I

Update variance matrix

A good and efficient
initialization
Sy
RA_AY

» o

u(d) Diagonalize

4-31




Roadmap

e Case studies

s CMU SCS @ e
st |

g CMU SCS @?’—'—
P1: Environmental sensor monitoring

25| 500
20, 0]

600 8000 10000
2000 4000 6000 8000 1 (min)
ime (i)
Temperature
@® L
[* "o

2000 4000 €000 8000 10000

K 2000 4000 6000 8000 10000
‘‘‘‘‘‘‘‘ time (min)

 1stfactor consists of the main trends:
— Daily periodicity on time
— Uniform on all locations

— Temp, Light and Volt are positively correlated while
negatively correlated with Humid

SDM'07 Faloutsos, Kolda, Sun 5-3

Humidity Voltage
SDM'07 Faloutsos, Kolda, Sun 5-1 sumiur Faloutsos, Kolda, Sun 5-2
g CMU SCS @z ‘g CMU SCS @z
P2: sensor monitoring
st ‘- &
g . ff“f*g;; 2nd factor . fime location .
caling factor Scaling factor 154 o :jl
- & o)
F B s i e ﬁ_ﬂj .
F. i o af
5 oo} ™|
§ i 1 -o02} «|
s | b I an e )

uuuuu (o)

« 2 factor captures an atypical trend:
— Uniformly across all time
— Concentrating on 3 locations
— Mainly due to voltage
« Interpretation: two sensors have low battery, and the
other one has high battery.

SDM'07 Faloutsos, Kolda, Sun 5-4
S CMU SCS @?’-‘"— g eMuses @:‘:’—'—
P3: Social network analysis P3: Social network analysis (cont.)
» Multiway latent semantic indexing (LSI) Authors [Keywords Your

— Monitor the change of the community structure

over time
2004, Keywords
@ /o
&
1990
o
5
ES
= =
<
SDM'07 Faloutsos, Kolda, Sun 5-5

@mlcha&l erj, paralletoptimization,concurr, 1995
stonebreaker, h. jagadish, ni

hector garcia-molina DB

,mllch systems‘vlew,slorage‘servlc,prccess, 2004
cherniack,michael cacre
stonebreaker,ugur etintemel M
rn,support, 2004
ier,queri

Giawei han,jizh pei.philip s yu,

jianyong wang,charu c. aggarw:

DM

« Two groups are cotfectly identified: Databases and Data
mining
« People and concepts are drifting over time

SDM'07 Faloutsos, Kolda, Sun 5-6




s CMU SCS @E‘_
P4: Network anomaly detection

ECME o

100

20 50 1000 12t 0 2030 40 50

O
A e
Abnormal traffic Reconstruction error Normal traffic
over time

» Reconstruction error gives indication of anomalies.

« Prominent difference between normal and abnormal ones is
mainly due to the unusual scanning activity (confirmed by the
campus admin).

SDM'07 Faloutsos, Kolda, Sun 5-7

g CMU SCS @F—
P5: Web graph mining

» How to order the importance of web pages?
— Kleinberg’s algorithm HITS

— PageRank

— Tensor extension on HYL'IE(TOPHITS)

Google =™ . S ————

Faloutsos, Kolda, Sun

X Kleinberg’s Hubs and Authorities W=

(the HITS method)

Sparse adjacency matrix and its SVD:

1 1 page & links to
“=[ age page §

0 otherwise
X} arhroar
T
authority scores
authority scores for 27 topic
for 15! topic \
to | s— | s—
g
Y
hub scores hub scores
laiglay [T for 15! topic for 2 topic
SDM'07 Faloutsos, Kolda, Sun 5-9

Kleinberg, JACM, 1999

‘g CMU SCS @

HITS Authorities on Sample Data
[istprincipal Factor |

.97 [www.ibm.com

24 |www.alphay 2nd Principal Factor
gz V:ﬁwv'izi"?‘" "5 [www.lehigh.edu
11 [www2.lehighast

02 |wnw.researc| "o [#HE D 3rd Principal Factor

i

We started our crawl from
http://mww-neos.mcs.anl.gov/neos,
and crawled 4700 pages,

01 fwansredooof "¢ [ SEE TS T sum.com resulting in 560
01 |news.Com.C¢ o |y, bethleh +38 [*44-sun.com cross-linked hosts.
02 [wwwadobe.q 36 un 4th Principal Factor
102 |lewisweb.cc| 24 [s8e-sun-com =T o gsa.gov
.02 [www.leo. lehi 16 \www.samag.co| 4o www.whitehouse.gov

-13 [docs.sun.com | 3¢

.02 |www.dist:
ot .12 [blogs.sun.com | 7

.02 [fp1.cc.lehigl

wwiw.irs.gov.
travel.state] 6th Principal Factor

-08 |sunsolve.sun.cq 55 [y gsa g 97 [mathpost.asu.edu
-08 jwwaw.sun-catalq 5 |y ssa.gf .18 |math.la.asu.edu
-08 [news.com.com .16 |www.censy .17 [www.asu.edu
authority scores .14 |www.govbe .04 |www.act.org
authority scores o pnd topic 113 |www.kids.g .03 |www.eas.asu.edu
for 15t topic \ J .13 |www.usdoj| .02 |archives. math.utk.edu
. C i .02 [www.geom.uiuc.edu
c _ J . J N .02 [www.fulton.asu.edu
8 .02 [www.amstat.org
.02 [www.maa.org

scores

. hub scores
Pt topic Faloutsos, Kolda, Sun 5-10

D
© for 2" topic

g CMU SCS @ s
="

Three-Dimensional View of the Web

[ES———— e

If page i — page j
Eigh = with term &
0 otherwise

Observe that this
tensor is very sparse! i

Azt
1]
=
0
FE
T¥as
SDM'07 Faloutsos, Kolda, Sun 5-11

Kolda, Bader, Kenny, ICDM05

i

-g CMU SCS @
Topical HITS (TOPHITS)

Main Idea: Extend the idea behind the HITS model to incorporate
term (i.e., topical) information.

R
X = EA,-h,-oar

=1

) = N+ N+

authority scores authority scores

from

for 15t topic for 2" topic
hub scores fI?)Lrlbz fdcgeisc
for 15t topic p
SDM'07 Faloutsos, Kolda, Sun 5.12




s CMU SCS @z s CMU SCS. . . @z
Lt | Lt |
TOPHITS Terms & Authorities
Tst Principal Factor 1
. ) . . [23[0AVA [[E6 vasuncom
Main Idea: Extend the idea behind the HITS model to incorporate 18[SUN Shd Principal Factor
term (i.e., topical) information | SoLAq 2O TEAOABLE TexT [0 [ e e JOPHITS uses 3D analysis (o find
e § 16 |oEvel] 18 |FACU 370 Principal Facior 1 the dominant groupings of web
R 15|epiTid 16 [SEARY TS TN -READABLE-TEXT [[97 [www.ibm.com | pages and terms.
15|pow! }2 [“E‘Q’: 15 |1BM 18 lwwy alohawors om.com
12[seRvi th Principal Factor s f with b
X~ Y Ahbroarot, ] ] e e R L . e fpo i
[12|No-RebA2ILEHIS] 12 fwes |24 FeDE 24 |wwwwirs.gov
_1 ﬂ :\:w:x‘ 2; ZEZEE 6th Prm;pa\ Factor wy = # unique links using term k
- B 25 [NO-READA! [
BUSH
#__term scores f _term scores Lol
“~ " for 1% topic “for 2 topic
&
to
+ + k 81 [vewew wealher Gov
£ Tensor PARAFAC 05 |ENGI 41 |www.spc.noaa.gov
2 authomy scores authomdy s ped el R B incipat Factor
for 1% topic for 2" topic e Z2[TAX [73 [wwwirs.gov
hub scores h“b scores = ssfowo oo
for 2" topic 14 |BENEFITS 06 |, usdoj. gov
for 1% topic P 1 i Wivpeioo
COl 03 t.
SDM'07 Faloutsos, Kolda, Sun 5-13 ' Faloutsos, Kolda, Sun :; ?ERV"V‘CEE o WS TOBR
13 [REVENUE 02 Jwww.gsa.gov
s2lcrReDiT o
CMU SCS @hﬂ- CMU SCS @hﬂ-
_g - — g ter

Conclusion

* Real data are often in high dimensions with
multiple aspects (modes)

« Matrix and tensor provide elegant theory
and algorithms for such data
« However, many problems are still open

— skew distribution, anomaly detection, streaming
algorithm, distributed/parallel algorithms,
efficient out-of-core processing

SDM'07 Faloutsos, Kolda, Sun 5-15

Thank you!

¢ Christos Faloutsos
www.cs.cmu.edu/~christos

» Tamara Kolda
csmr.ca.sandia.gov/~tgkolda

* Jimeng Sun
www.cs.cmu.edu/~jimeng

SDM'07 Faloutsos, Kolda, Sun
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