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Data, information, knowledge *

Tri thire 1a thong tin Thong tin 1a di liéu véi

t'.cih hc_?’p, nhlL(J_JAquathe y nghia (data equiped with

ggu;atﬁgﬁ sg 'etnh’ g(lju’a \ meaning), thu dwoc khi xte ly
g tin... thu droc ' div liéu dé loc b di cac phan

gua qua trinh nhan thiec,

phat hién hoac hoc tap. duw thwa, tim ra phan coét [0i

dac trwng cho di liéu.

Dir liéu 1a tin hiéu (signals)
thu dwoc do quan sat, do
dac, thu thap... tr cac dbi
twong. Cu thé, di liéu la
D t gia tri (values) cua cac

ald thudc tinh (features) cta cac

déi twong, dwoc biéu dién

bang day cac bits, cac con sb
hay ky hiéu...

Information

D@ liéu & mdre do trivu twong thap nhat
va cu thé nhéat, théng tin & mirc trén div
liéu va tri thirc & mlrc cao nhat.




Big data la gi? 3R

40 ZETTABYTES

D{ liéu I&n noi vé cac Caem

I’ estimated that TheNe York Stock Exchange Modern cars have close to
cccccc 100 SENSORS
T 1 16 OF TRADE M \/. the oo s $ich 8
2\’40 Incress i 300 [N of dal each da INFORMATION ~ fuel level and tire pressure
”
tap div liéu rat I&n “
ap dir liéu

| m 2005 during each trading session

x . BBLLION Bk . | ,_ VEIOCity
va/hoac rat phirc tap, | | s "

ANALYSIS OF
STREAMING DATA
V4 > ol >
vwot qua kha nang xuw
i 18.9 BILLION
ly ctia cac ky thuat IT s YYYYYYYYYYY
. 'WORLD POPULATION: 7 BILLION : of data >(uu:r.'.1 ::"::;;;-1:"2’:;"'““'( ‘ i i i i i i i i i i

truyén thong (View 1).

don't frust the mfcemation
! ions

Veracity

UNCERTAINTY
OF DATA

Normal
Processing

Activity: IOPS

i one survey were unsure of
how much of ther data was
inaccurate

Capabilities

File/Object Size, Content Volume

(View 2) Big Data is about technology (too[s and processes). o ]
(View 3) Hién twong khach quan ma cac to chiec, doanh nghiép... phai doi dau dé phat trién.
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Ratldn lalon thé nao?
Kich thwdrc I6n va rdt nhiéu chiéu

Large Hadron
Collider,
(PetaBytes/day)

brain at the
micron level
= 1 PetaByte

FOURTH
PARADIGM

Py )

Family photo =
586 KiloBytes

msy

Al

Human Genomics

= 7000 PetaBytes
1GB / person

a The LIBRARY of CONGRESS

Kilo 103
Mega 106
Giga 109
Tera 1012
Peta 1015
Exa 1018

L

Printed materials in the Library of
Congress = 10 TeraBytes

200 of &
London’s §

Traffic

Cams
(8TB/day)

All
worldwide
information
in one year

=2

ExaBytes




Dir liéu 1&'n c6 theé rat nho.
Khong phai moi tap dir liéu to déu l6n
Big data can be very small. Not all large datasets are big

= Biglién quan t&i sy phirc tap nhiéu hon téi

Cam bién & phan dudi canh

kiCh thll’()’c l()’n' Cac cam bién & than may bay
= Dir liéu 1o'n nhwng lai nho _a_ = ;é >
| | Lb hat nhén; méy bay--. Cé héng trém CdéAm bién & ‘& Thiét bi khong gidy
\ ’ 2 A ong:co nhan tin hiéu dinh ky
nghin sensors = sw phirc tap cua viéc D\ t
t6 hop dir liéu cac sensors nay tao ra? e gt Cép bio!

Néu cam bién nay phat hién ra mot bién dang

.~ Cép bao!
= Dong dir liéu ctia tat ca cac sensors la iy i ety et ol I "
16n mac du kich thwéc cua tap dir liéu
la khong lén (mot gio bay:

100,000 sensors X 60 minutes

X 60 seconds X 8 bytes < 3GB).

» Tap dit liéu to nhwng khong lén
= S6 hé thong du tang 1én va tao ra nhitng
lwgong khong 16 dit liéu nhwng don gian.

1001
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Bi€n dir liéu 16'n thanh gia tri N
Turning big data into value

» Dirliéu lén nhwng khong phan tich dwoc
ciing khong co gia tri gi.

= Phan tich dit liéu 1é6n cho phép cac to U
chirc giai quyét cac bai toan phirc tap h All others bring data.”
trwére kia khéng thé lam dwoc ‘4
- ra quyét dinh va hanh dong t6t hon.

Y *Eg “In God we trust.

W. E. Deming

“Chi Thwong déla dang tin, moi th& khac déu phai dwa vao dir lieu”

= Cac wu thé canh tranh

(Competitiveness advantages). Datq anqu‘is V$
o

= Cho nhitng hiéu biét siu (insights) vé cac

hanh vi phtrc tap ctia xa hoi con nguoi. Dﬂtﬂ ﬂnﬂlytiCS

= Dot pha (breakthrough) trong khoa hoc.

Data Scientist: The Sexiest
Job of the 21st Century

(Harvard Business Review, October 2012)

8
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Dir liéu lo'n co’ hoi lon

Nhiéu cong ty I&n chuyén dan tir ché tao
san pham sang cung cip dich vu, chang
han nhw dich vu phan tich kinh doanh
(business analytics).

= IBM'’s past: Ché tao servers, desktop
computers, laptops, va thiét bi cho ha
tang co so.

= IBM'’s today: Loai bé mot s6 thiét bi
phan cirng nhw laptops, dau tw hang
ty dola dé xay dwng va nham tao dung
vi tri dan dau trong phan tich kinh
doanh.
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~
~
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http://dawn.com/2012/07/25/big-data-big-analytics-big-opportunity/ (25 July 2012)



Khoa hoc phan tich dir liéu la gi?

What are Data Analytics?

Degree
of
Intelligence

#

Toi wu “Dau |3 kha ndng t&t nhat cd thé xdy ra?” ~
Optimization “What’s the best that can happen?”

Mo hinh dw béo “Diéu gi sé xay ra ti€p?”

Predictive Modeling “What will happen next?”

Kiém dinh ngau nhién
Randomized Testing

“Diéu gi xay ra néu ta thir viéc d6”?
“What happens if we try this?”

M6 hinh théng ké
Statistical models

“Tai sao diéu nay dang xay ra?”
“Why is this happening?”

Canh bao (Alerts)

“Hanh ddng nao |a can thiét?
“What actions are needed?”

Cau hoi/dao sau
(Query/drill down)

“Chinh xac thi van dé la gi?”
“What exactly is the problem?”

Bao cdo khong thé
thirc (ad hoc reports)

“Bao nhiéu, thudng xuyén thé nao, &
dau?” “How many, how often, where?”

Bao cao thong thuwong
(standard reports)

“Diéu gi d3 xay ra?”
What happened?

Phan tich
duv bao va
> canh bao
Predictive and
Prescriptive
Analytics

J\

Phan tich
~ mo ta
Descriptive
Analytics

10



Tai sao phan tich dir liéu 16'n lai rat khé?

Bon tinh chat ctia dit liéu (4V) & hai viéc: Volume olg
dw doan va phan tich quan hé.

1. SO chiéu rat1on + dir liéu kiéu khac
nhau, chuyén dong cta dir liéu, nhiéu VG Vv
trong dit liéu - kém hiéu qua.

Variety

2. S6 chiéu rat1én + s6 d6i twong rat1om
- tinh todn ndng né va thuit toan

A ? , Attribute Numerical Symbolic
khong kha kich (scalable). N
No structure Places,
~ 15 A , ~N N A “ — . Color (categorical)
3. Dir liéu lon dén twr nhiéu nguon, thu - di:: >
A 2 ~ \ s - A 7 2 = 9c, Rank, X
thip & nhitng thoi diém khac nhau béi SUAYe | Tempertire, | pesamblnce
ky thuat khac nhau = khong thuan Ring _ rcome ~_ T
nhat, khac biét va 1éch (bias). =#2+X

» Sparse modeling and dimensionality reduction
11



Mot lwo'c @6 phan tich div liéu 1'n

PUBLICATION
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ANALYTICS

*

DATA
MANAGEMENT

*

DATA SOURCES

DIRECTED ACTIONS TO HUMAN ] [ DIRECTED ACTIONS TO MACHINES
Browser S Custom hand help } ’ b FTP and SFTP MQ, JMS, Sockers
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VISUALIZATION
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KMANAGEMENT -
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J
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-

Enterprise, Oracle, SAP,
Customer, Systems, etc.

Sensors Mobiles

Web/Unstructured ...

Source: WAMDM, Web group



Cloud Storage va BigQuery cua Google

Google Data Center

= Cong nghé: BigQuery (Tableau), Cloud Storage.

» Machine learning core

o Logistic & linear regression, general convex losses
o Infusion of L1 and L2 regularization
o On-the-fly curvature estimation

= System infrastructure

o MapReduce for parallelism
o Multiple cores and threads per computer
o Data stored in compressed column-based form

Problem | Number of raw Non-zero Fraction of non-
features (M) weights (M) zero weights

A 2.3%
B 333 8 2.4%
C 1762 252 14.3%
D 2172 372 17.1%

Singer Yoram, keynote at ACML'14 13



Thong ké - Statistics 3R

Thong ké cung cdp cac phwong phap va ky thuat toan hoc dé

phan tich, khai quat va quyét dinh tir di liéu.

No6i dung chinh

0 Théng ké mé td (descriptive statistics): phan bo xac suat...

o Théng ké suy dién (inferential statistics): wéc lwgng va kiém
dinh gia thiét thong ké...)

Dir liéu thi nghiém va dir liéu quan sat

a0 Dt liéu thong ké thwong dwoc thu thap dé trd l&i nhivng cdu
héi dwoc dinh trwdrc (experiment design, survey design)

o Phan Ién 1a dir liéu so6, it di liéu hinh thire (symbolic).

Nhiéu phwong phap phat trién cho tap di liéu nhé, phan tich

tirng bién ngau nhién riéng 1é, tredrc khi ¢ mdy tinh.

14



Phan tich dir liéu nhiéu bién
Multivariate analysis

Phan tich déng thoi quan hé cia nhiéu bién ngau nhién
Phdn tich thdm do (EDA, exploratory data analysis) dung di
liéu tao ra cac gia thiét vs. viéc kiém dinh gia thiét trong
Phdan tich khang dinh (CDA, confirmatory data analysis)

o Factor analysis, PCA, Linear discriminant analysis

o Regression analysis
o Cluster analysis

Thay gi tlr cac phwong phap truyén thong?
o Két qua ngheéo trén dir liéu lon va phirc tap
o Cac phwong phap truyén thong chi phan tich tap dir liéu nhé.

o Gia lwu tri¥ va x& ly dir liéu gidm nhanh thap ky qua.

15



Phan tich dir liéu nhiéu bién
Multivariate analysis

= Phwong phap phan tich dwoc tao ra cho cac tap dit liéu co kich
thwéc nhé hodc trung binh, va khi may tinh con yéu.

= Phéan tich thong ké nhiéu bién dang thay d6i nhanh do ki thuat
tinh toan nhanh va hiéu qua hon. Nhiéu phwong phap méi dwoc
phat trién dé giai cac bai toan 1on (Pagerank cuia Google nghich
ddo ma tran kich thwdc nhiéu ty chiéu)

i oL S A 4 e Vi ~
Nov. 2012: Cray’s Titan computer, June 2013: China Tianhe-2
17.59 petaflops, 560640 processors. 33.86 petaflops, 3,120,000 Intel cores
16



About machine learning
Definition

= Muc dich cua hoc may la viéc xay duwng
cac hé may tinh c6 kha nang thich &ng
va hoc tw kinh nghiém
(Tom Dieterich).

» Mot chwong trinh may tinh dwoc néi la
o hoc tir kinh nghiém E
o chomotlop cacnhiémvu T
a v&ido do hiéu suat P

néu hiéu sudt cia n6 véi nhiém vu T,
danh gid bang P, c6 thé ting 1én cung
kinh nghiém.

(T. Mitchell, Machine Learning) (from Eric Xing lecture notes)

* Three main Al targets: Automatic Reasoning, Language understanding, Learning
* Finding hypothesis f in the hypothesis space F by narrowing the search with constraints (bias)

17



Khai pha dir liéu - Data Mining

Tw dong kham pha, phat hién cac tri thirc tiem an tor

cac tap dir lieu I&n va da dang.

Data mining

metaphor: Statistics
Extracting Large and
unstructured

ore from rock

g Sineas
- ’ »
. ;

V% - > N .

g ’ R e
, Y . > .

~ =1 .-
- ~ g

real-life data

L



Statistics vs. Machine Learning

Statistics Machine learning
= Nhin manh suy dién thdng ké hinh = Nhan manh cac bai toadn dw doan,
thirc (wéc lwong, kiém dinh gia thiét). bat dau v&i dir liéu hinh thitc.
= Dwa trén cac mo hinh (models) cho bai = Bwdc dau chi yéu xay dung va
toan c6 so chiéu nhd, & dang so. dung cac thuat todn trwc cam

N A e 1 (heuristics algorithms).
Khoa hoc da thiét 1ap, it ‘van hoa’ thay

d6i va thich nghi véi moi trwong tinh = Gan v&i thong ké nhiéu hon, xay
toan. dwng mo hinh toan cho cac thuat
toan (statistical models underlying

C6 xu hwdng mé rong sang hoc may. the algorithms).

19



Thong ké vs. Khai pha dir liéu B

Statistics Data Mining

Kiéu bai toan & dir  C6 céu trac (well structured)  Khong cau trac/Nira ciu tric

liéu Unstructured/Semi-structured

Muc dich phan tich  Xac dinh muc tiéu roi thu D& Iiéu,thu thap thwdng khong lién

va thu thap dir liéu thap dir liéu quan dén muc tiéu

Kich thwée div liéu  Nhé va thwdng thuan nhat Lén va thuwong khong thuan nhat.

M6 thirc/tiép can Dwa trén ly thuyét suy dién  Phdi hop ly thuyét va trwc cdm

Paradigm/approach  Theory based (deductive) Theory & heuristic based
(inductive)

Kiéu phan tich Confirmative (khang dinh) Explorative (thdm do, khai pha)

S6 bién Nho Lén

Gia dinh vé phan b6 Dua trén gia dinh vé phan b6 Khéng gia dinh phan bb xac suét
Distribution assump.

20



Development of machine learning

Successful applications

Symbolic concept induction IR & ranking

MIML
Active & online learning Transfer learning

: . Data minin
Multi strategy learning g

Minsky criticism NN, GA, EBL, CBL

Kernel methods :
Abduction, Analogy Sparse learning

Pattern Recognition emerged

Revival of non-symbolic learning Bayesian methods

PAC learning ILP Semi-supervised learning Deep learning

: . Dimensionality reduction
Math discovery AM Experimental comparisons

Probabilistic graphical models
Statistical learning

Unsupervised learning Ensemble methods Nonparametric Bayesian

Supervised learning
Neural modeling

Rote learning Reinforcement learning Structured prediction

1950 1960 1970
ICML (1982) ECML (1989) KDD (1995) PAKDD (1997) ACML (2009)
N J N AN AN /
Y Y Y e N
enthusiasm dark age renaissance maturity fast development

21



Supervised vs. unsupervised learning

Supervised data

. color #nuclei | #tails class

1 1
1 1
1 2
2 1
1 2
2 1
2 2
2 2

x = (color, #nuclei, #tails)

» Classification (y is discrete)
Decision trees, k-NN, SVM,
naive Bayesian, etc.

» Regression (y is continuous)
Linear regression (lasso, ridge),
logistic regression ...

healthy
healthy
healthy
healthy
cancerous
cancerous
cancerous
cancerous

y

Unsupervised data

. color #nuclei| #tails

N N =~ N =~ N = =

1
1
1
2
1
2
2
2

x = (color, #nuclei, #tails)

Clustering

Latent variable modeling
(EM, PCA, ICA, NMF, SOM..

Association learning
etc.

y

22



Model and Modeling

= Model: M6 ta hay biéu dién
khai quat cua mot hién thuec.

= Modeling: Qua trinh tao ra mo
hinh.

> MO0 hinh giao théng tai Ha NGi?
> M0 hinh thi trvdng va gia ca?
> MO0 hinh moét dich bénh?

Mo hinh 1a tp hop cac phan bo

L xac suat véi tham so
DNA model figured out in
1953 by Watson and Crick M = f(x, V; 9) |16 € Q}

Grande challenges in modeling?

31



Some key concepts in statistical machine learning

1. M6 hinh m6 ta va m6 hinh du doan
(Generative models and discriminative models)

2. M6 hinh tham s6 va mo6 hinh khong tham so
(Parametric models vs. non-parametric models)

Lwa chon mo hinh (Model selection)
Qua khit (Overfitting)
Piéu chinh (Regularization)

Mo hinh thwa (Sparse modeling)

N o Utk W

Gidm so chiéu (Dimensionality reduction)

24



Some Kkey concepts in statistical machine learning {1&
Generative model vs. discriminative model

Generative model Discriminative model

M6 hinh vé quan hé cta tat ca
cac bién, mo ta viéc cac dir liéu
dwoc ngau nhién sinh ra trong
moi lién quan véi mot sé bién an.
Hoc mot phan bo xac suat lién
hop (joint probability
distribution) ctia cac bién quan
sat dwoc va bién dich

p(x,y) = p(X1, o) Xy Y1, ) V)
Tiéu bi€u cho bai todn hoc v&i
dit liéu khong nhan

(unlabeled data).

M6 hinh vé méi quan hé phu
thudc c6 diéu kién ctia bién
dich véi bién quan sat dwoc
(b6 qua viéc mo hinh twong
minh cac bién quan sat dworc).

Hoc mot phan bo xac suat co
diéu kién ctia bién dich khi c6
cac bién quan sat

p(Y[x) =1, s YulX1,s ey Xp)
Tiéu biéu cho bai toan hoc véi

dir liéu co nhan (labelled data).

25



Some Kkey concepts in statistical machine learning
Generative model vs. discriminative model

Generative model Discriminative model

o Hoc cacham cé dang p(x|y), p(y). o Hoc cacham c6 dang p(y|x)

o Ta wéc lwong truc ti€p tham so a Uéc lwong tham sé caa p(y|x)
p(x|y), p(y) tir dit liéu huin luyén, trwce ti€p tir dir liéu huan luyén.
va tir d6 dung luat Bayes dé tinh a SVM, logistic regression, neural
p(y|x). networks, nearest neighbors,

o HMM, Markov random fields, boosting, MEMM, conditional
Gaussian mixture models, Naive random fields, etc.

Bayes, LDA, etc.

C C
i) PC ) PO

B (4]
—_

w
<
™

class densities
[x*]

posterior probabilities
o o
-

POIC)

-
o
[¥)

=]
[ =]

[=)

0.2 0.4 086 0.8 1
x

[=)

0.2 0.4 0.6 o8 1 26



Some Kkey concepts in statistical machine learning %

Parametric model vs. non-parametric model
Considering probabilistic models of the form p(x|y) or p(x)

Parametric models Non-parametric models
C6 mo6t so c6 dinh cac tham so C6 sO tham s6 khong co dinh.
(a fixed number of parameters). SO tham s6 tang dan theo do

16n cua dit liéu (number of
parameters grow with the
amount of training data).

Mot ho mo hinh tham so cda cac
phan b6 c6 thé dwoc mo ta boi
mot sO htru han cac tham s6, dwéi
dang mot vector tham sé k-chiéu U'u diém: Linh hoat hon.

0= (6, 0y ..., 0))- Han ché: Khong wéc lwong
dwoc tham sé véi dir liéu
16n (Computationally
intractable for large
datasets).

Uu diém: Thwong wéc lwong
nhanh dwoc cac tham so

Han ché: Can gia thiét nhiéu
hon vé phan b6 cda dit liéu.

27



Some Kkey concepts in statistical machine learning
Parametric model vs. non-parametric model

Parametric regression Non-parametric regression

= Khong gia thiét gi vé dang cua f.
Tim ki€ém mot wéc lwong cua fgan
nhit véi cac diém dir liéu nhwng

= Dung dit liéu huin luyén dé hoc mé khong qua xu xi hodc uén lwon
hinh. (without being too rough or wiggly).

= Chon mo hinh hoéi quy tuyén tinh

income =~ 3y + 1 X education+ 3 X seniority.

= Dung thin-plate spline dé wéc lwgng f
v&#i d6 min dwoc chon truwéec.

oo

28



Some Kkey concepts in statistical machine learning %
Model selection

Thi du cac bai toan chon lwa mo6 hinh
o Isitalinear or non-linear regression I should choose? All models are wrong

o  Which neural net architecture gives the best but some are useful
generalization error?

o How many neighbors should I take in consideration in
a nearest-neighbor algorithms?

o Should I use a linear model, a decision tree, a neural
net, a local learning algorithms? George E.P. Box

o Which of the 50 features are relevant for this problem?

Problem: Chon mo6 hinh thich hop nhit dé
phan tich mot tap dit liéu v&éi muc tiéu dinh
trudc.

(1919-2013)

Lién quan viéc lwva chon
2 Mo hinh thich hop

o Tham soO ctia mo hinh
29



Some key concepts in statistical machine learning

Model selection

Theoretical

0 Minimum description length
(MDL, 1978, m6 hinh nén dit liéu)

0 Bayesian information criterion (BIC, 1978,
mo hinh twong thich khi kich thuwéc tang).

o Akaike information criterion
(AIC, 1973, mo6 hinh dw doan)

o etc.

AIC

o AIC = 2k — 21n(L)

o L la gia tri cuc dai cia ham likelihood cua
mo hinh (do sw chwa phu hop cia mé hinh)

0 k1a so tham s6 can wéc lwong (penalty Khi
kich thwé'c md hinh tang, tlrc nhan manh
tinh tan tién (parsimony)).

o Chon mo hinh véi cuwce tiéu AIC.

http://www.stat.colostate.edu/~rdavis/lectures

Empirical

o Boostrap (Efron 1979)

o Cross-validation
(Stone 1974)

o Test set validation (holdout)
0 Jacknife
o Linear regression

o Shibata’s model selector
(1981)

o etc.

Viéc lwa chon mo hinh
phai cha yéu dwa vao tinh
khai quat, khéng phai sw
phu hop v&i div liéu.

30



Some key concepts and issues

Overfitting

Overfitting (qua khit) xay
ra néu mé hinh qua cong
kenh, phirc tap, hoac
qua nhiéu tham so.

“~” = “has the same distribution as”

0o 02 o4 06 08 10

1.4

o0 02 04 06 08B 1.0

0.2 04 0e 0a 10 1.2

X

1.4

00 02 04 06 048 10

-
L]
" - .
. L]
02 04 06 08 10 12 14

00 02 04 06 08 10

02 0.4 0E 08

X
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Some Kkey concepts in statistical machine learning {1&
Approaches to preventing overfitting

Phat (Penalty): Dwa vao mot dai lwrong diéu chinh (regularization term hoac
regularizer) khi danh gia €,,.,: €;e5t = €train + Penalty. Khi huan luyén mo
hinh, ta tim w d€ cwc tiéu héa ham muc tiéu J(w) = €4, (W) + penelty(w)

MAP provides a penalty: h,,,, = argmax;, p(S|h)p(h)
Structural risk minimization (using PAC theory)
Generalized cross-validation

Akaike’s information criterion (AIC)

o O O O

Chia doéi, danh gia chéo va tao mau ngau nhién
(Holdout, cross-validation, bootstrap) (S = S;qin U Stest)
0 Xac dinh bang thwc nghiém khi nao hién twong qua khit xay ra

Hoi chan (ensembles)

o Trung binh cdc md hinh Bayesian: LAy mau céc gia thiét h twong &ng voi
xac suat hau nghiém P(h|S) [e.g., Markov chain Monte Carlo MCMC(]
o Nhiéu cach dé tao “hoi chan”: Bagging, random forests, etc.

MAP: Maximum a posterior 32



Some key concepts and issues
Regularization

Gia st dit liéu huan luyén (x;,y;), i = 1, ..., m theo mot phan b6 p(x, y),
x; € X,y;€ C={Cy,..,Cx}. Dwdodn y khi cé cic x mé&i nham tim ham
f: X — Csao cho sai s6 nho nhat.

Loi hudn luyén (training error): Trung binh ctia ham mdt mdt (loss
function) trén dit liéu huan luyén, thi du

Ecraimlf] = — 2T ¢y, Vi £ (1)), €8, c(xp ¥i f () = {f;}z z]}((ffll))

T m
Bai toan dw dodn nham tim ham fdat cuc tiéu 101 kiém tra (test error)
elf] = E[Etest[f]] = E[c(x, y,f(x))]
€train[f] Nho khong dam bao €[f] nho
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Some Key concepts and issues
Regularization-Piéu chinh

Regularization 1a viéc dwa mot dai lwong diéu chinh (regularizator or
regularization term) vao qua trinh hoc dé ngan can hién twong qua khit

€lf] = €,,4:,f] + 2 X regularizer|[f]

Pai lwong diéu chinh thwong lién quan dén do phirc tap cta loi gidi
o Han ché vé dd min ciia ham (smoothness)

o Gidi han chuan ctia khéng gian vector.

Etrain[fl] =5/40 Etrain[fz] = 3/40
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Some Kkey concepts and issues
Regularization

= Piéu chinh trong SVM (with slack variables) e ®  areseo
minimize % I1B11% + CYl, cfi

subjectto & = 0,y;(Bo +xiB)=1—-¢&,i=1..n --\’__\/_,..... .

= Piéu chinh trong k-means clustering

g}cicrll(z: Z 1X; — Cill? +Z](C(]))

=1 X;EAg

C(])= (Clj' ver) CKJ')T and Ck] 1S thejth element of CkI](C(])) = /1]”6‘(])”

Sun, W. (2012) Regularized k-means clustering of high-dimensional data, Journal of Statistics, Vol. 6. 35



Mo hinh thwa

Sparse modeling

Mo hinh thwa: C6 mét s6 tham sé hay trong sé (weights) khdc zero.
Less is more: wéc lwong va gidi thich dé hon mé hinh day (dense model).

Cho N mau {(x;, y;)}\L,, v6i cac bién mé ta x; = (x;q, ..., xl-p) va bién dich
y; € R. Taxap xi y; bdi hoi quy tuyén tinh véi f = (B4, ..., ) va By € R
_ p
fQx) = Bo + Xjoq Bjxij
Dung binh phwong téi thiéu, ta mudn cwc tiéu ham mat mat binh phwong

p

N
1

. = L] v — — . . ] 2

ml%gglze N iil(yl Lo E xiiBj)

J=1

C6 nhiéu ly do dé xem xét mot cach khac: Tang do chinh xac béi co
(shrinking) cac hé sd vé zero, va gidm bot hé s6 dé€ dé giai thich hon. Mot
cach lIam pho bién lIa han ché p-norm cuda .
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Sparse learning
Lasso regression

Lasso regression dung L1-norm tim (5, ), v&i rang budc ||B]l; < t c6
thé dwoc viét nhw Z?=1|,Bj| <t

p

N
1

. . L v — — . . 2

minimize | > iil(yl Bo E XiiB;)

J=1
- p
subject to Zj=1|,8j| <t

Ridge regression dung L2-norm
p

N
1

» " L] v — — T . 2

ml%t%nze N iil(yl Bo E XiiB;)

j=1
subyj b_ B? < t?
jectto X Bi <t

(2) can be solved by a simple coordinate decent algorithm 37



Sparse learning
Lasso regression

Lasso and Elastic-Net Paths

25+

20}

15+

8 10t
c
a
o
£
g 5F
o
o
Ok
-5L
—10H — Lasse - == =
— - Elastic-Net
-15 -1.0 -0.5 0.0 0.5
-Log(alpha)
Ridge coefficients as a function of the regularization
200 |
100}
2
-
>
[
H
0 —— —
-100}
107 107 10 107 10° 107 10® 107 101

alpha

Hinh anh vé wéc lwong cda hdi quy lasso (trai) va
ridge (phai). Vung mau xanh va vung rang buéc
181 + 18] < tva B + B2 < t?, va cac dwong
ellipse mau dé 1a dwdng vién ciia ham residual-
sum-of-squares. Diém B biéu dién wéc lwong binh
phuwong téi thiéu thong thuworng unconstrained).
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Sparse learning
L, penalties

p
. x - 2 . q
mmler{élze N E i — E xijBj)° + 4 E j=1|ﬂj|

Véi q < 1, c6 rat nhiéu hé s6 zero nhwng mién rang budc la nonconvex.
Vé&iq > 1, mién rang budc la convex nhwng moi khong c6 hé so zero.
Chi riéng tai q = 1, tinh 16i d3 gap tinh thwa (sparvexity). The Lasso for
q = 1 and ridge regression for q = 2.

Convexity

(1
AN

)

Sparsity

Figure 2.6 Constraint regions Z?Zi |3;17 < 1 for different values of q. For g < 1,

the constraint region is nonconver. crrp TR
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Sparse learning
Graphical Lasso and Parallel Lasso

S&P 500 Using Lasso in study of new

material design

Dam, H.C., Pham, T.L., Ho, T.B., Nguyen, T.A., Nguyen, V.C. (2014). Data mining for materials design: A computational
study of single molecule magnet, The journal of Chemical Physics Vol. 140, Issue 4, 28 January 2014
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Phin tich thwa dir liéu nhiéu bién
Sparse multivariate methods

Ma tran dir liéu X v&i s6 chiéu Nxp. Cac thanh phan chinh cta X nhin duwoc
tlr phan tich gia tri dac biét (singular value decomposition) X = UDVT,

Ta c6 thé rut ra cac thanh phan chinh thiwra (sparse principal components)
khi ap dung phan tich ma tran c6 phat cho X véi ép budc (enforced) tinh
thwa trén cac bién.

Input Matrix Result

Data matrix sparse SVD and principal components
Variance-covariance sparse principal components
Cross-products sparse canonical variates

Dissimilarity sparse clustering

Between-class covariance | sparse linear discriminants

Standard clustering Sparse clustering

TR TR R
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Dimensionality reduction 3R

Mac du dir liéu dwoc thu thap véi nhiéu chiéu (bién), s6 chiéu that sw
(intrinsic dimension) ctia di liéu & nhiéu *ng dung c6 thé nhé hon nhiéu.

Tap dir liéu X € R™ ¢6 s6 chiéu thdt sw1la p < m, néu X c6 thé dwoc biéu
dién (x4p xi) b&i m tham s6 tw do.

Rut gon so chiéu (dimensionality reduction) la viéc tim so chiéu that sw
cila mot tap dir liéu X, gom cac phwong phap lira chon bién (feature
selection) va tao bién mdi (feature extraction).

10 w...
U’.’“ ’:..
0 o:“.‘e"v‘:z .
..o: % )
S -1 ¥ RO —
0‘...:“5 %
'10 9 5 : :“:f i
29 3
0> =25 1
Data Points (Swiss roll) 4-NN Graph 2D Embedding Result
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Dimensionality reduction

Transformation
Input space Feature space
I../ﬁ X ) \ T (I)(S) =(aatecgagtcac, atggacgtet, tgeactact)
'\,_I . |
,-'l JS :I
& /1 05 0.3)
K= 0.5 1 0.6
— V0.3 0.6 1 )

¢: X 2 F where the problem can be solved in F

PCA: Principle component analysis

CCA: Canonical correlation analysis

ICA: Independent component analysis

NMF: Nonnegative matrix factorization

Nonlinear dimensionality reduction: Kernel PCA, ISOMAP, LLE, etc.
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Phan tich ngir nghia an

Latent semantic analysis (LSA)

LSA (Deerwester, 1990) phan nhém cac van ban
trong mot khong gian nglr nghia thu gon twong tng
v@i cac mau dang tir (word patterns) cung xuat hién.

0.8

0.6

0.4

0.2

-0.2

-0.4

-0.6

-0.8

cos(x )=ﬂ
3 |x||y| documents dims .
cos(d3, q1) = 0 dims documents
S ,q = % % wn %)
—_ — E E
cos(d5,ql1l) =0 S C 2 U 5 D 5 V
cos(d4, g1) # 0 -
cos(d6,ql)=0 /—\ I
D1 | D2 [ D3| D4 [ D5 | D6 | Q1 /] D1 D2 /D3 D4 D5 D6 Q1
rock 2 1 0 2 0 1 1 Dim. 1 | -0.888 | -0.759 | -0.615 | -0.961 | -0.388 | -0.851 | -0.845
granite | 1 [ O | 1 [ 0 | O | 0O | O Dim.2 | 0.460 | 0.652 | 0.789 | -0.276 | -0.922 | -0.525 | 0.534
marble 1 2 0 0 0 0 1
music 0 0 0 1 2 0 0
song 0 0 0 1 0 2 0
band ol o] o 0 1 0 0
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Topic model
Key idea

« Mot chi dé 1a mot phan b6 cia cac tir
cung xudt hién (a topicis a

Molecular Classification of Cancer Class Discovery probability distribution over words.)

and Class Prediction by Gene Expression Monitoring

N ~ 2 \ N A ? /7
T. R. Golub, D. K. Slonim, P. Tamayo, C. Huard, M. Gaasenbeek, J. P. Mesirov, H. b M(_)t van ban la mQt pha tr(_)n Cua cac
Coller, M .L. Loh, J .R. Downing, M. A. Caligiuri, C. D. Bloomfield, E. S. Lander ” W .
chu dé an (a documents are mixtures
Maost probable terms from the top topics Expected topic proportions O f l at e nt t O p i C S)
R — o
gene computer
tumor system %
tumors problem - :
Ehorirs il (Lo z: Topic models
breast problems &
o e ! [ (| documents topics
Topics
Article abstract marked with its most likely topic assignments - documents
(%]
Although cancer classification has improved over the past 30 years, there has e C — B (D 8
been no general approach for identifying new cancer classes (class discovery) g g a @
or for assigning tumors to known classes (class prediction). Here, a generic ]
approach to cancer chslﬂuuon buid on gene expression monitoring by DNA
microarrays is descr ) to human acute leukemias as a test case.
A class discovery proce wtomatluuy discovered the distinction between 5
acute myeloid leukemia (AML) and acute lymphoblastic Ieukemia (ALL) without Normalized
previous knowledge of these classes. An automatically derived)class predictor co-occurrence
was able to determine the class of new leukemia cases. The ;unmdmnm matrix
the feasibility of cancer classification based solely on gene expression ‘moni-
toring and suggest a general strategy for dlscovering and | cancer ° °
classes for other types of cancer, IndepEAENE of previous biological knowledge: Two problems of learning and inference
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Fully Sparse Topic Model

« FSTM assumes no explicit
prior over topics (f).

« FSTM assumes no explicit
prior over topic mixtures (6
(MAP inference ~ FW
inference). \e

* It assumes a corpusto b
composed of K topics,

L B, ...,€K /

PLSA @+ —Ww
M

FSTM O—@)—Ww

FSTM = LDA without Dirichlet prior + PLSA with sparsity enforced
+ Frank-Wolfe algorithm for inference.

Khoat Than & Tu Bao Ho (ECML 2012; IDA 2014, Neurocomputing 2014).

Inference in topic models I: sparsity and trade-off (2015) 46



FSTM: Large-scale learning

A machine with 128 CPUs i

used, each with 2.9GHz, Time per EM iteration 28 minutes 65 minutes
grogped into 32 clusters each #EM iterations to reach 17 16
haVlng 4 CPUs convergence
Webspam with 350,000 Topic sparsity 0.0165 0.0114
documents, 16 millions of (compared with dense models) (60 times smaller) (87 times smaller)
dimensions. Document sparsity 0.0054 0.0028
Number of tOpiCS' 2000 (compared with dense models) (185 times smaller) (357 times smaller)
#Latent variables for dense Storage for the new 31.5 Mb 33.2 Mb
models: > 33 billions representation (757 times smaller) (718 times smaller)
(compared with the original corpus)
(>130 Gb in memory)
Data #documents #dimensions Storage Best known Classified by Repetitions
Accuracy
Original 350,000 16,600,143 @ 99.15% BMD
Webspam [Yu et al. 2012]
Represented by FSTM
1000 topics 350,000 1000 98.877%  FSTM + Liblinear 5

2000 topics 350,000 2000 99.146%  FSTM + Liblinear 5



Cac phép bién doi dwéi dang tich ma tran
Transformations in form of matrix factorization

Most well known transformation methods can be represented as matrix

factorization

documents
Latent
semantic S _

. ) C —

analysis 3

documents
Topic 8 .
models g C

Normalized co-
occurrence matrix

dims

words

words

topics

dims documents
= =
£ D|§ V
documents
3
5 O




Phan tich ma tran khong am
Nonnegative matrix factorization (NMF)

Ma trin dit liéu X = {xq, x5, ..., X} biéu dién m d6i twong trong khong
gian R". NMF phan tich X thanh tich cac ma tran khong am

X~ FG
F,.G >0 h
F = {f1, f2) ., fm} € R¥ la bi€u dién m&i (dix liéu) ctia m ddi
twong

G ={91,92 -, 9x} € R" la cac thanh phan an (co s&) cua khong
gian moi

NMEF thyc hién mot phép bién d6i R™* — RF, k « n.

Chat lwvong NMF dwoc danh gia béi lwong thong tin khong bi mat

sau bién doi, thwong do bang ham muc tiéu dwéi dang Frobenius
D = (X Il FG) = |IX — FGI|5.



Take home message

Khoa hoc phan tich dit liéu (Ion) dwa trén phwong phap va
cong cu cia thong ké, khai pha dit liéu va hoc may.

Hoc may thong ké dang thay do6i rat nhanh, doi héi viéc hoc
tap phai theo dudi lién tuc va kién tri, dwa trén nhitng nén
tang co ban tot.

Nghi dén cac bai toan va thach thirc cia hoc may thong ké
trong linh vuc chuyén biét.

M6 hinh thwa va rit gon so chiéu la nhitrng thach thirc co
ban dé doi dau véi phan tich dit liéu 1on.
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Additional slides
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Some typical books

Machine Learning

A Probabilistic Perspective

Kevin P. Murphy

Springer Texts in Statistics

Alan Julian Izenman

Modern Multivariate
Statistical Techniques

Regression, Classification, and
Manifold Learning

Statistical Leaming
with Sparsity

The Lasso and
Generalizations

Trover Hasth
Koot Thassan
Moty W me oM

'MACHINE

INTRODUETION TQ
STATISTICAL MACHI
LEARNING

V. »

LEARNING

A BAYESIAN AND OPTIMIZATION PERSPECTIVE

SERGIOS THEODORIDIS

Trewr Hastie
Fobert Titehirani
Jesome Friedman

Coce el A




Simplicial nonnegative matrix factorization

11 Testcase T3 18 Testcase TS5
T T T T

= Problem 1: Anti-
lopsided algorithm for
large-scale non-
negative least squares.

= Problem 2: Fast
accelerated parallel and
distributed algorithm
using limited internal

memory for NMF. T T T T R T H S T T T R T
seconds secands secands
= Problem 3: Simplicial Faces Digis Tiny mages
| - ——MUR
N M F: MOdeI and 10108 L ._ '\L 10 R 21%
2 wl e E ----- — Acd
accelerated parallel I\ I N - o é‘é;g,
. = \ o H T — Ac
algorithm. N
oy 1055 "5, 10104 L .__..._\\; - N --- Alo
\ 10102 1 =
w10 1w 1w 10 10t w1t 1w 10t 10t 1t|)° ulll 15}’ ull* l(l}’

seconds seconds seconds

Nguyen DK., Ho TB. (2015) Anti-lopsided Algorithm for Large-scale Nonnegative Least Square Problems, arXiv
Nguyen DK., Ho TB. (2015) Accelerated Parallel and Distributed Algorithm Using Limited Internal Memory for Nonnegative Matrix Factorization



Dir liéu 16'n dén twr dau?

Tw cac phwong tién xa hoi

Nhin thiu (insights) dwoc hanh
vi va y kién ctia khach hang cda
cong ty.

Tw may moc
Thiét bi cong nghiép, cac sensors
va dung cu giam sat, web logs...

Tw giao dich kinh doanh
ID va gia ca san pham, thanh
toan, dit liéu ché tao va phan bo,

LI |

Nhiéu loai khac

Each day:

230M tweets,

2.7B comments to FB,
86400 hours of video
to YouTube

Large Hadron
Collider generates
40 terabytes/sec

Amazon.com: $10B in
sales in Q3 2011, US
pizza chain Domino's:
1 million customers
per day
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Khoa hoc phan tich dir liéu la g1?

What are Data Analytics?

.. Khoa hoc vé phan tich di liéu tho
nhdam ruat ra cac két luin

data analytics (DA) is the science of examining
raw data with the purpose of drawing
conclusions about that information.
http://searchdatamanagement.techtarget.com/d
efinition /data-analytics

/7

= Big data analytics la khoa hoc vé qua
trinh phan tich dir liéu 16n dé phat hién
ra cic mau dang, cic quan hé va thong
tin hitu ich dé ra quyét dinh t6t hon...

is the process of examining big data to uncover
hidden patterns, unknown correlations and other

useful information that can be used to make

better decisions.
http://www.sas.com/en us/insights/analytics/big-
data-analytics.html
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http://searchdatamanagement.techtarget.com/definition/data-analytics
http://www.sas.com/en_us/insights/analytics/big-data-analytics.html

Tom tat

Thong k&, hoc may va khai pha dit liéu ra doi tir nhirng thoi diém khac
nhau, c6 dong luc va ndi dung nhiéu phan khac nhau.

Ba linh vwc nay dang xich lai gdn nhau, va cic phwong phap cda ba linh
virc nay cho phép ta nhiéu lwa chon hon cho cac gidi phap thich hop
trong data analytics.

.

data analytics
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Which algorithms perform best at which tasks?

Linear
regression

Decision
trees

Neural
networks

Support
Vector
Machines

K-Nearest
Neighbors

Very fast (runs in constant time)
Easy to understand the model
Less prone to overfitting

Fast
Robust to noise and missing values
Accurate

Extremely powerful

Can model even very complex
relationships

No need to understand the underlying
data - Almost works by “magic”

Can model complex, nonlinear
relationships

Robust to noise (because they
maximize margins)

Simple

Powerful

No training involved (“lazy”)

Naturally handles multiclass
classification and regression

Unable to model complex relationships
Unable to capture nonlinear
relationships without first transforming
the inputs

Complex trees are hard to interpret
Duplication within the same sub-tree is
possible

Prone to overfitting

Long training time

Requires significant computing power for
large datasets

Model is essentially unreadable

Need to select a good kernel function
Model parameters are difficult to interpret
Sometimes numerical stability problems
Requires significant memory and
processing power

Expensive and slow to predict new
instances

Must define a meaningful distance
function

Performs poorly on high-dimensionality
datasets

http://www.lauradhamilton.com/machine-learning-algorithm-cheat-sheet

The first look at a dataset
Numerical data with lots of
features

Star classification
Medical diagnosis
Credit risk analysis

Images

Video

“Human-intelligence” type tasks
like driving or flying

Robotics

Classifying proteins

- Text classification

Image classification
Handwriting recognition

Low-dimensional datasets
Computer security: intrusion
detection

Fault detection in semi-conducter
manufacturing

Video content retrieval

Gene expression

Protein-protein interaction
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Key concepts in statistical machine learning
Non-parametric density estimation (NPDE)

Uéc lwong ham mat do xac suat pdf p nhung khong dinh san dang ham, théa man

p(x) = 0,] p(x)dx =1
R

Xem R 1a mot viing nhé chira x va cho N diém dir liéu. Moi diém c6 xac suat P roi
vao R, va toan bd K diém nam trong R tuan theo luit phan phéi nhi phan, ta c6
P = p(x)V vé&i Vla kich thwdc caa R. Uéc lwong ctia ham mat do c6 dang

p(x) = % (*) = Dan dén hai phwong phap

kernel density estimation (V) k-nearest neighbor (k = K)
n 1 x—X; k
ph(x) — E ?:11( (Tl); X € Rk;h > 0; ﬁ(x) =

2Ndj (x)

. N e S - .

“ : e S VI R R ‘tﬁ\_ LR B P R A [ R B S SR

::o'-: S R R | ::W ,,,,,, RE .‘ﬁi_‘, ey IJB—\HY—‘. L5 ".:\':‘ e I R e
E el I |

Pl a, AVNEEAVN i, 0p, AT S A |
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Quan ly di¥ liéu 1o'n
Big data management

ORACLE Thuong mai
NoSOL DB :
(NoSQL DB) {} ORACLE
PAR)ACCEL_l V'W\ (RDBMS)
‘cloud _HI TERADATA
“cigudera @ - INFTEZZA
o ¥ Dir liéu
Dir licu {—— asterdata > cau tric

khong cau tric

PostgreSQL

S ©&cassandra
‘mongoDB
(G hEDbED v Mgs&

Ma nguén mé

Source: Cisco

59


http://www.greenplum.com/
http://www.greenplum.com/

A dataset often used in machine learning courses

Days

__ : P(Y) =9/14
Outlook |Temperature |Humidity (Wind | Class P(N) = 5/14
sunny hot high weak N (N) =
st It oA il I
overcast (hot high weak Y
. |d h| h Weak Y P(sunny|Y) = 2/9 P(sunny|N) = 3/5
ra!n mi g P(overcast|Y) = 4/9 P(overcast|N) =0
JCUL cool normal  |weak Y P(rain|Y) = 3/9 P(rain|N) = 2/5
@n ool normal jstrong | N
overcast |cool normal strong Y P(hot|Y) = 2/9 P(hot|N) = 2/5
sunny mild high weak N P(mild|Y) = 4/9 P(mild|N) = 2/5
sunny |cool normal |weak Y Pcool|Y) =3/ P(cool|M) = 1/5
ain |mild normal |weak | Y
id normal lstron y P(high|Y) = 3/9 P(high|N) = 4/5
Sunny m! _ g P(normal|Y) = 6/9 P(normal|N) = 1/5
el e L
overcast |hot normal |weak Y P(strong|Y) = 3/9 P(strong|N) = 3/5
rain mild high strong | N P(weak|Y) = 6/9 P(weak|N) = 2/5




