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How much information is there?

Everything!
Recorde

m Soon everything can be
recorded and indexed -- Moi thl sé
sém dudgc luvu va chi s6 hoa trén may

m Most bytes will never be seen by humans
Hau hét dit liéu sé chang bao gio
dudc con ngudi ngdé ngang

All Books
MultiMedia

m Data summarization, trend detection
anomaly detection are key technologies

Tom tat di liéu, phat hién xu hudng
va bat thudng la cac cong nghé then
chot

See Mike Lesk:

How much information is there:
http://www.lesk.com/mlesk/ksg97/ksg.html

See Lyman & Varian:

How much information

http://www.sims.berkeley.edu/research/projects/how-much-info/
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First Disk 1956

m IBM 305 RAMAC
m 4MB <]
m 50x24" disks

m 1200 rpm

m 100 ms access

m 35k$/y rent

m Included computer &

accounting software
(tubes not transistors)
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10 years later

ODRA 1304
= N
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Price vs. Disk Capacity
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Disk Storage Cheaper Than Paper

File Cabinet (4 drawer) 250%
Cabinet: Paper (24,000 sheets) 2509
Space (2x3 @ 10€/t2) 1809
Total 700%
0.03 $/sheet
3 pennies per page
Disk: disk (250 GB =) 250%

ASCIIl: 100 m pages

2e-6 $/sheet(10,000x cheaper)
micro-dollar per page

Image: 1 m photos

3e-4 $/photo (100x cheaper)
milli-dollar per photo

Store everything on disk

Note: Disk is 100x to 1000x cheaper than RAM
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The Evolution of Science

Observational Science Khoa hoc quan sat oRNG o e H
> Scientist gathers data by direct observation
2 Scientist analyzes data

Analytical Science Khoa hoc phan tich
> Scientist builds analytical model
2> Makes predictions.

Computational Science Khoa hoc
2 Simulate analytical model
> Validate model and makes predictions

Data Exploration Science

s o s . A NEW
Khoa hoc khai thac di¥ liéu s
Data captured by instruments N CCIENCE
Or data generated by simulator A

> Processed by software
> Placed in a database / files
2 Scientist analyzes database / files
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Organization & Algorithms

m Fast, approximate heuristic algorithms — Thuat toan
heuristic xap xi va nhanh

= No need to be more accurate than data variance
2 Fast CMB analysis by Szapudi et al (2001)

= MogN instead of ¥ 2 1 day instead of
10 million years

m Take cost of computation into account — Gia tinh toan

> Controlled level of accuracy

> Best result in a given time, given our computing resources

m Use parallelism Dung tinh toan song song
2 Many disks

2 Many cpus Polynomial time algorithms
do not always work!
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Historical Context: Statistics

m Gauss, Fisher, and all that

2 least-squares, maximum likelihood

> development of fundamental principles

m The Mathematical Era Ky nguyén toan hoc

2> 1950’s: The mathematicians take over

m The Computational Era Ky nguyén tinh toan
= steadily growing since the 1960’s

2> 1970’s: Exploratory Data Analysis, Bayesian estimation,
flexible models, EM, etc.

2 a growing awareness of the computing power & role in data
analysis
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Historical Context: Statistics

Obijective and subjective probability XS ch quan-khéch quan

m  Frequentist view (probability = limiting proportion of
times that the event would occur in repetitions)

>

4

the dominant perspective throughout most of the last century,
primarily of theoretical interest

it restricts our application of probability (cannot access the
probability that Bui Thi Nhung will jump 1.88m in Sea games 22)

m  Subjective view (probability = individual degree of
belief that a given event will occur)

4
>

Acquired increasing importance since last decade for data analysis

referred to as Bayesian statistics. A central tenet of Bayesian
statistics is the explicit characterization of all forms of uncertainty,
e.g., uncertainty about any parameters we estimate from the data.
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What is Data Mining?

“Data-driven discovery of models and patterns
from massive observational data sets”

Phat hién cac md hinh va mau dang do khai pha cac tap div liéu
rat l&n

i 8
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Data types vs. Mining methods

Types of data

Different
data schemas

Flat data tables
Relational database
Temporal & Spatial
Transactional databases
Multimedia data
Genome databases
Materials science data
Textual data
Web data
etc.

Mining tasks and methods

m Classification/Prediction
v Decision trees
v Neural network
v Rule induction
v Support vector machine
v Hidden Markov Model
v etc.

m Description
v Association analysis
v Clustering
v Summarization
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Topics to address

m Heterogeneity — Khéng dong chling
2> Mixed data and multimedia data
2 Independent component analysis (ICA)
2 Some others (Kernel methods, Level sets, etc.)

m Scaling up — Hop v&i moi kich ¢ (kha cd)
2 Power search heuristics (e.g., K-means clustering)
> Parallel computing (e.g., PC clusters)

m Bioinformatics — Sinh tin hoc
2 Protein structure prediction (SVM and HMM)

m Materials structure analysis — Phan tich cau tric vat chat
> Crystal structure prediction
2 Mining structured data

m Text and Web mining -- Khai pha di liéu van ban va Web
2 Mining structurally non-identical data
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Numericals. Categorical Data

Combinatorial search in hypothesis spaces (machine learning)

Atrbute Symbolc
No structure ' Places, Nominal

Color (categorical)

Ordinal Age R
, ank
structure Temperature, ' Ordinal
cS, e, Resemblance

Ring v
structure Measurable
=#2+X A

Matrix-based computation (multivariate data analysis)
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Example of a Scalable Algorithm

m Mixed Similarity Measures (MSM): D6 do su gidng
nhau cho dit lieu hén hgp

> Goodall (1966) time O(n?3), Diday and Gowda
(1992),

2 Ichino and Yaguchi (1994), )
> Li & Biswas (1997) Time O(n4logn?), Space O(n?): Pij

= New and Efficient MSM (Binh & Bao, 2000): 7

> Time and Space O(n): /7, = —P;
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Comparative Results

US Census database 33 sym + 8 num attributes, Alpha 21264, 500 MHz, RAM 2 GB,
Solaris OS (Nguyen N.B. & Ho T.B., PKDD 2000)

# cases 1.500 2.000 199.523
(0.9M) (1.1M) (102M)

# values 1.486 1.973 97.799

time of LiBis 1h46m31s | 6h59m45s not app
O(nZlogn?)

Time of OURS . . . . . . 36m26s
O(n)

Memory of LiBis . not app
0(n2)
Memory of OURS | 0. . . . . . 64.0M
O(n)

Preprocessing
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m Principal Component
Analysis (PCA) finds
directions of maximal
variance (khac biét cuc
dai) in Gaussian data
(second-order
statistics).

PCA

m Independent Component
Analysis (ICA) finds
directions of maximal
independence (doc lap
cuc dai) in non-Gaussian
data (higher-order
statistics).

@o "
(=) LP5 &F

PCA

Challenge: Categorical PCA? o4



ICA: Example of Audio Decomposition

Perform ICA

Play Mixtures Play Components
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Scaling Up Approaches

discretization

Single sampling
Data- Instance selection
oriented (sampling) Iterative sampling

Attribute Restricted search

selection Algorithm optimization

Scale up

approaches Fast algorithms

Voting

Model integration

. - Meta-learning
Distributed mining

Algorithm-
oriented Inter-processor cooperation
Inter-algorithm parallelization

Parallel minin
9 Intra-algorithm parallelization
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Clustering Methods

Partitioning Methods

m Hierarchical Methods

m Density-Based Methods
m Grid-Based Methods

m Model-Based Methods

Animal A key problem: Similarity
o \Kingdom between objects represented

BACKBONES BACKBONES

(Invertebrates) (Vertebrates) by non -Sta N d a rd d ata ?
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k-means: fast, faster, and fastest

Work of Charles Elkan, ICML’03, 20-
24/8/2003, “k-means: fast, faster,
fastest”

K-means doi hoi tinh khoang cach tw
moi déi twong dén tat ca tdm cla cac
clusters & moi budc lap.

Key idea: Cac doi twong chi co thé
duoc phan vao mot trong cac tdm gan
ching - kiém tra tinh xa gan bang
bat dang thirc tam giac.

Greatly scaling up, says, when
#instances = 10° and k = 103.
Lesson: Cac giai phap hiéu qua
thuong don gian (va déc dao)!
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Distributed & Parallel Data Mining

Data set
to
be mined

Data set
to
be mined
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Parallel Data Mining

My lab PC cluster

s 16 dual CPU nodes local
Intel Xeon 2.4 GHz stored

= About 1 billion VND Cases Local L’ae?ées’t

subset 1 MIN
Processor 1

nearest

stored

case
cases Local ocal
b t MIN OCa
SUDSEL P nearest
Processor p case

Example of exploiting data
parallelism in instance-based
learning
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Mining Scientific Data

m Data Mining in Bioinformatics

> [3-turns prediction by SVM
(P.T. Hoan)

> Plant (rice) growth modeling (with
L.M. Hoang): Alife + Genome data

m Mining Physical and Chemical
Data

> Crystal structure prediction
(with D.H. Chi)

> Molecular structure analysis
(with N.T. Tai)

m Mining Medical Data

—C
.y XQ—X}:
2 Stomach cancer and hepatitis INERRIS c\?,ﬂ N N
. . C
2 Temporal abstraction (with N.T. cup=10.3%,conf=T7.5%

Dung, S. Kawasaki, L.S. Quang, sup=10.3%. conf=73.8%

N.D. Dung)
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Base Pairs in GenBank

EMBL Database Growth

total nucleotides (gigabases)

o] 4 S A e A
SFFFFE P LS PP PSS
W EHar

—
-t

10,267,507,282
bases in
9,092,760
records.

L=

Giases

L ] -t P Ll - e m e | 1] LA




Problems'in Bioinformatics

Structure analysis o WS SR
m Protein structure comparison oo R R AR A
m Protein structure prediction LSV | | 131
m RNA structure modeling protan = 1LY e |
Pathway analysis &

m Metabolic pathway §3

m Regulatory networks 7

Sequence analysis 'er Hroroacethacorbrthborcanbr FreEhocochborthe 15
= Sequence alignment v i1l
m Structure and function prediction B TG A CT TR TR T T oAy 012
m Gene finding ' '

=

1

L e

Expression analysis
m Gene expression analysis
m Gene clustering
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Support Vector Machines

m Machine learning technique based
on statistical learning theory
(Vapnik, 1995)

m Find the separating surface that
discriminates class A+ from class
A- (binary classifier)

m |dea: The best learning can be
achieved with the surface that
maximizes “margin” determined by
“support vectors”.

m Data that are non-separable in N-
dimensions have a higher chance
of being separable if mapped into
a space of higher dimension.

Separating Surface: W g
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B-turns Prediction with SVM (P.T.

" FAIR, Hanoi 10.2003

Methods Qiotal Qe Qups MCC
Chou-Fasman 74.9 46.1 16.9 0.16
Thornton 74.5 44.0 16.7 0.15
1-4 & 2-3 63.2 35.3 60.4 0.21
correlation model
Sequence couple model 50.5 31.7 88.4 0.23
BTPRED 73.5 47.2 64.3 0.37
SVM 78.4 55.9 58.6 0.43
1 ,:y :. ﬁ Eiéu I ‘\....- Eienw 11
xo-an . o o , '.'.
4 Y e
: - ': i K Ciu c6 Bp [ song song w \b H’.‘A‘
R 234 Ve I
- * L g £ -1- . .-
; l' " . s g L _ [ 'Q ;
o". -l g. 3‘“*’ o -&.,.«
3 s e
'{q Ciu c0 Bp B khong song song B kiéy odu rriie voug




Artificial Life and L-system

a L-system (Lindenmayer, 1968) consists of (1) axioms, and
(2) a set of rules |
Axiom: B
Rules:
B_ A
A - AB

Axiom: F Axiom: F

Rule: F=F [-F] F [+F] F Rule: F = | [+F] | [-F] +F
Angle: 20 Angle: 20
Depth: 7 Depth: 9
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Rice Plant Growth Model? (L.M. Hoang)

: =
Mathematical Models Int -
(Traditional approaches) ntegrate iological Dat
J L

Models of Plant
development
(Virtual plants)

Embed

Evolutionary
process

- J
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Discovery in Physics and Materials?

Discover the knowledge of electron Conventional approach
Experimental data Model. qu_el Final model
construction Revision

- Faraday law

Human Intelligence
- Coulomb law g

- Particle model Quantum theory

- Current of electric - Wave model - De Broalie

- Cathodic rays . L Brog Wave packets
- R rays With their fitness to - Heisenberg

- R scattering experimental data - Schodinger

- Emission of H atoms
- Milliken measurement
(e=1.6x10-1°C)

: Automatically Knowledge discovery

_ Photoelectric effect | generate reasonably and data mining: A challenge to
- e/m_ measurement | assumed Automatic extraction discoveries in

- Electron diffraction ' models and of non-obvious, physics

- ete. I accumulate their hidden knowledge | with computers

New trial models

l ! fitness to the
! experiments as data

Discover the rules to create new assumed
model that can fit to the experimental data

& FAIR, Hanoi 10.2003




Crystal Structure Analysis (D.H. Chi)

=
g
=
o
2
Z
g
2
g
e
4 8 12 16 20
20

9.2003 XXX chuyén phase
problem vé bai toan quy
hoach nguyén

Simulation problem

Fourier
transformation

<
—)

Prediction problem
(limited data)

(ad-hoc)
Human knowledge on
Geometry
Physics
Chemistry
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Comic: Data Mining in Structural Analysis

Qua trinh lap: (1) Xay dwng r]hiéu mé hinh va mé phdng dé tao di liéu; (2)
phan tich cac di¥ liéu nay nham pr]ét hién ra cac quy luat co the dung qwqc
dé tiép tuc tao ra cac mé hinh (phd) gan véi mé hinh can dw doan (phd gbc)

Experiment Model  Simulation
data Data Mining Methods
[ insufficient
in Targ!et
Solutions

Il'nfm'matl'nn] Propose new trial models

1

| Creation

1
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Molecular Structure Analysis (N.T. Tai)

MS data

(Total mass of
molecule)

'H NMR data

(Hydrogen total)

BCNMR
data
(Carbon total)

NMR data of
others

\ ik L
/ Sy T
ALl
a molecular :Q% Simulation Simulated
formulas spectral
(only one, eg. h% data
C.1H,20,5) "
Assumed
structures
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Motivation for Text Mining

m Approximately 90% of the world’s data is held in
unstructured formats (source: Oracle Corporation)

m Information intensive business processes demand
that we transcend from simple document retrieval to
“knowledge” discovery.

Structured Numerical or Coded
« Information

10%

Unstructured or Semi-structured

4~ |nformation
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Challenge of Text Mining

Very high number of possible “dimensions” — Rat nhiéu “chiéu”
> All possible word and phrase types in the language!!

Unlike data mining — khéng giéng khai pha di liéu
2 records (= docs) are not structurally identical
> records are not statistically independent

Complex and subtle relationships between concepts in text -
Cac quan hé phtrc tap va kho thay gitta cac khai niém
> “AOL merges with Time-Warner”

> “Time-Warner is bought by AOL”
Ambiguity and context sensitivity — Nhap nhang va cam ng{¥
canh

2 automobile = car = vehicle = Toyota

> Apple (the company) or apple (the fruit)
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_ BANG 2

| AnBa

Vé nghién cltu co ban trong CNTT & Viét nam

Theo Bui Duy Hién (Tap chi Tia sang): Vién thong tin
khoa hoc My thong ké 9.000 tap chi

Trong 1998-2002, Viét Nam c6 gan 1.500 bai bao trén
cac tap chi quéc té (ngang Thai-lan 10 nam trudc,
6.4K nguwdi vs. 21 K nguwadi), moéi nam chung 340 bai.

Can it nhat 116 K$ dé ra dugc mot cong trinh, can 39

M$/nam cho 340 cdng trinh (??7?)

Ta nén lam nghién clu co ban & linh vuc nao va &

muc dé nao?

DAY TUCHO CONG TRINH KHOAHOC

GMOT SO NUGC GO NEN KHOA HOC TIEN TIEN (1991-2000)

S0 cing
trinh trong
mit nam

My 175773

Mhat 41065

Ha Lan 10233

| Trung Quac 5434

Singapore 642

Mga 0504
4736

St lan_
trich dan
trung binh
Tl
2494
394
D49y
1.62
0.66
10

GNP
(ti USD)

6737
4321
>3
630
nol
393
279

Pautucho BDautu cho

R&D mit cdng trinh
(tiUSD)  (nghin USD)
168 anhs

121 2o46

B.76 B61

0.63 16

0.7 1128

432 142

1.67 172

kang gian

Khia hoe
ey tiah

KH than kinh
& hinhvi

Sinh hoc phin
10 & i truyen

Ko hot it liéu

=anh hoc va
sinhhoa
Sinh thai hoe
v& mii g

Mida dich hoc
Duic hoc
Wi ginh hoc

4G Khoa o

Irid it

Gng nghé

khoa hoe [

niag nghidp
Hog hoo
Toan hac
T vt va
ding vt ke
¥ hpe

am sang

Val by

Hinh 2. 50 lromg cong trinh R&D vé khoa hoc twr nhién coa Viét Nam
cong bd trén cdc tap chi quic 1é trong 5 nam gan day (1998 - 2002).

Knoa hoe |

§0 cong trinh 1998-2002




m Khoa hoc dang rat tap trung vao khai thac di¥ liéu (data
intensive). Kha nang phan tich cac tap dit liéu cuc 16n |a cot
yéu va thach thirc trong phat trién CNTT

m Khai pha di liéu lién quan dén cac tién bd ca ban cta
databases, algorithmics, statistics, machine learning,
visualization, etc.

m Hai van dé then chét clia khai thac di liéu

3> Cac luoc do dit liéu khac nhau.
> Tim céc thuét toan cé d6 phirc tap nlogn la thach thirc cha yéu
trong khai pha di¥ lieu

m My personal view: Applied research should be the main
focus of scientific research in Vietham
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