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Randomization inroads into Matrix Computations

"One great and underused technique at this scale is sampling. For most things
that you want to do with data, 100.000 randomly selected rows is as good as
10.000.000 rows and working at R or SPSS scale allows for a much faster analysis

cycle "

Lukas Biewald

CEO of CrowdFlower



Text Data

From document collections . . .

Documents

Labels Titles
B1 Identifying users of social networks from their data foot-

print: An application of large-scale matrix factorizations

B2 Data fusion based on coupled matrix and tensor fac-

torizations

B3 On incremental deterministic methods for dominant

space estimation for large data sets

B4 Fast projection methods for robust separable nonneg-

ative matrix factorization

B5 Experiments with randomized algorithms in the text to

matrix generator toolbox



Text Data

. . . to Term-Document structures . . .

Term-Document Matrix (TDM)

33× 5

Documents Documents
terms B1 B2 B3 B4 B5 terms B1 B2 B3 B4 B5

algorithm 0 0 0 0 2.3219 matrix 0.3219 0.3219 0 0.3219 0.3219

applic 2.3219 0 0 0 0 method 0 0 1.3219 1.3219 0

base 0 2.3219 0 0 0 network 2.3219 0 0 0 0

coupl 0 2.3219 0 0 0 nonneg 0 0 0 2.3219 0

data 0.7370 0.7370 0.7370 0 0 project 0 0 0 2.3219 0

determinist 0 0 2.3219 0 0 random 0 0 0 0 2.3219

domin 0 0 2.3219 0 0 robust 0 0 0 2.3219 0

estim 0 0 2.3219 0 0 scale 2.3219 0 0 0 0

experi 0 0 0 0 2.3219 separ 0 0 0 2.3219 0

factor 0.7370 0.7370 0 0.7370 0 set 0 0 2.3219 0 0

fast 0 0 0 2.3219 0 social 2.3219 0 0 0 0

footprint 2.3219 0 0 0 0 space 0 0 2.3219 0 0

fusion 0 2.3219 0 0 0 tensor 0 2.3219 0 0 0

gener 0 0 0 0 2.3219 text 0 0 0 0 2.3219

identifi 2.3219 0 0 0 0 toolbox 0 0 0 0 2.3219

increment 0 0 2.3219 0 0 user 2.3219 0 0 0 0

larg 1.3219 0 1.3219 0 0

X tf-idf X Stemming
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Text to Matrix Generator

What is TMG:

• Toolbox developed in University of

Patras for text mining tasks over

document collections

• Educational and Research tool

TMG: A MATLAB Toolbox for Generating

Term-Document Matrices from Text Collections

[ZG06]



Text to Matrix Generator

What is TMG:

• Toolbox developed in University of

Patras for text mining tasks over

document collections

• Educational and Research tool

Implementation:

• over 17.000 lines of matlab and

perl

• takes advantage from sparse

technology provided by MATLAB

• first version by Zeimpekis (´06)

TMG: A MATLAB Toolbox for Generating

Term-Document Matrices from Text Collections

[ZG06]



Structure

Six basic modules:

1 Indexing

2 Dimensionality Reduction

3 Non-Negative Matrix Factorizations

4 Retrieval

5 Clustering

6 Classification



How can I find TMG?

Free under request from:

http://scgroup20.ceid.upatras.gr:8000/tmg/

More than 4000 requests worldwide . . .

Caltech, Maryland, Purdue, Carnegie

Mellon, Tennessee, Berkeley, Texas, Min-

nesota, Stanford, MIT, Columbia Re-

nault, Leuven, Max-Planck, Michigan,

Oxford, Philips, Princeton, Illinois, ETH,

RPI, Los Alamos, Toronto, Queen Mary,

St Andrews, Colorado, Texas, Livermore,

Mathworks, Yahoo!, . . .

http://scgroup20.ceid.upatras.gr:8000/tmg/
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Retrieval

Latent Semantic Analysis

Data Explosionww�
Big Data Collections =⇒ Parsing & Processing =⇒ Large & Sparse

Term-Document Matricesww�
Dimensionality Reduction ⇐= Difficult Management

ww�
Low Rank
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Retrieval

Latent Semantic Analysis

Low Rank Approximation

Given an m× n matrix A and a rank parameter k � min{m, n}, the Low-Rank

Approximation problem is to find a matrix Z of rank k such that ‖A− Z‖2,F is sufficient

small.

Eckart-Young Theorem

The minimization problem:

min
rank(Z)=k

‖A− Z‖2,F

has a solution given by the truncated SVD:

Z = Ak = Uk Sk V
>
k

Truncated Versions of SVD

+ reveals latent semantic structure

+ construct orthogonal bases for the

terms (rows) and documents

(columns)



Retrieval

Latent Semantic Analysis

Low Rank Approximation

Given an m× n matrix A and a rank parameter k � min{m, n}, the Low-Rank

Approximation problem is to find a matrix Z of rank k such that ‖A− Z‖2,F is sufficient

small.

Eckart-Young Theorem

The minimization problem:

min
rank(Z)=k

‖A− Z‖2,F

has a solution given by the truncated SVD:

Z = Ak = Uk Sk V
>
k

Truncated Versions of SVD

+ reveals latent semantic structure

+ construct orthogonal bases for the

terms (rows) and documents

(columns)

- requires the entire matrix in RAM

- lacks interpretability

- results in dense factors

- is time inefficient



Replacing SVD

Basic Concerns

1 Time Efficient Algorithmsww�
SPQR

[BPS05]

2 Storage Efficient Algorithmsww�
SDD

[KO00]

3 Interpretable Algorithms

Concerving

NMF

"Matrices are about their columns and rows" (G. Strang)

Deterministic

Pseudo-Skeleton

[GTZ97]

SCRA

[BPS05]

Randomized

CUR

[DMM08]

CX

[DMM08]



CUR/CX Algorithms [DMM08]

Basic Citation:

Basic Idea:
Randomly select columns (and) rows of A based on probability vectors constructed by

dominant right/left singular vectors (2nd Generation).

CUR

A =
U

C
R

m× n m× c

c× r
r × n

CX

A C

X

=

m× n m× c

c× n
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Graphical Interface



CUR/CX Algorithms in TMG

Graphical Interface

GUI usage

1 Select CUR/CX radio button

2 Block CUR/CX Algorithm is activated

3 Number of Columns & Number of Rows fields define the algorithm

Algorithm Number of Columns Number of Rows
CX X ×

CUR X X
Error × X
Error × ×

4 Number of Runs field defines the repetitions of the algorithm

5 Random selection policies:

Selection Method Description

Exactly
select the exact desired number

of rows/columns

Expected
select in expectation the

desired number of

rows/columns



Retrieval

Vector Space Model

Data Explosionww�
Big Data Collections =⇒ Parsing & Processing =⇒ Large & Sparse

Term-Document Matricesww�
Difficult Management &

Storage



Retrieval

Vector Space Model

Consider a document-term matrix A and a query vector q. We seek documents similar

to the query.

Similarity Measures

1 Euclidean Distance

Aq

2 Cosine

Aq

‖A‖‖q‖

ww�
Aq

Data Intensiveww�
Reduction of the size of A and q



BMM/PIP Algorithms

Basic Matrix Multiplication [DKM04]

Basic Idea:
Randomly select columns of A and

elements of q based on one probability

vector constructed by the euclidean norms

of the columns of A and q.

m× n

A
q

n

Probabilistic Inner Product [EB+11]

Basic Idea:
Randomly select columns of A and

elements of q based on n probability

vectors constructed by the euclidean

norms of the columns of A and q.

m× n

A
q

n



BMM/PIP Algorithms in TMG

Graphical Interface



BMM/PIP Algorithms in TMG

Graphical Interface

GUI usage

1 Select Vector Space Model radio button

2 Block Probabilistic is activated

3 Algorithm Selection

Algorithm Fields Characteristics

Probabilistic Inner Product
Num. repetitions

Iterations
sampling 1% of

elements

Basic Matrix Multiplication
Num.

Samples
samples
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Setup

CRANFIELD Collection (CRAN) ( 2568 × 1398)

Cranfield collection of 1398 documents, 225 queries

Parsing Options
Terms Min Global Frequency Weights (NGL)

numerics removal stemming 2 cae

DR Parameters

Rank
k = [5 : 5 : 200]

k = [200 : 50 : 1300]

CUR/CX
Num. Runs Num. Rows Num. Columns

5 4k (2500 if 2k > 2568) 2k (1300 if 2k > 1398)

VSM Parameters

PIP
Num. Iterations

10

BMM
Num. Samples
[10 : 50 : 2500]

System Specifications

System Specifications
Processor RAM MATLAB OS

Intel Core i5 2500
16 GB R2012b Debian 3.2.12-1

(4Cores) @3.3GHz



DR Approximation Error
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Running Time

Latent Semantic Indexing
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Vector Space Model
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Retrieval Accuracy

Latent Semantic Indexing
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Storage

Latent Semantic Indexing
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, rapid familiarization of randomized techniques
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Summary

Goals:

, rapid familiarization of randomized techniques

, prototyping and testing new algorithms

Landscape:

Tasks Categories

Term Document Matrix

Dimensionality Reduction
General DRM

NMF

Retrieval
Vector Space Model

Latent Semantic Analysis
Clustering

Classification

� Present Work
� Future Work/

Work in Progress



Open Issues

Work in Progress:

• Parallel implementations

• Construction of a complete & extensible Randomization Module

X Randomized NMF

X Randomized Clustering

X Randomized Classification

• Incorporating methods for handling efficiently the coupling

Text Data + Algorithms + Friendly MATLAB Interface

Your Algorithms are welcome!

,
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Work in Progress:

• Parallel implementations
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X Randomized Clustering

X Randomized Classification
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Text Data + Algorithms + Friendly MATLAB Interface

Your Algorithms are welcome!
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Thank You!

Thank you!



Questions ?
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