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EII OI E'l IE_I'O'l -lgl- EH https://en.wikipedia.org/wiki/Data

https://namu.wiki/w/G| 0| E{

» L|O|Bjdata= 2}EIO] THO] Datum@| =
& 2l DataOf| A 24

= 2FEIO]0f| A Datum®| X2 "present/ gift,
that which is given, debit”

SN V[ EHLREE S Fas
OfL} 7t8 otLte| AmBARRHZL E|0f A
= Fgole 8RR AT
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H|O|E &0 82

https://en.wikipedia.org/wiki/Data
https://namu.wiki/w/Cl| O| Ef

» O| 2= MlP= Ol 7=t &= Atz = HIE O]
&= A=

L A", ZALE P2 AMEO[LE A=
7t Xelg = J= =X, A 22, A8
SIE|2 B X2

= ‘3 E (information)”/} OtL| 11, | O| K &
2= Ao ZE
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[-" OI E-l k" E Data set

https://en.wikipedia.org/wiki/Data_set

Id| Duration(hrs) ] # Packets | #NetFlows J Size Bot [ #Bots
« HO|E 22 |
-l E E = 1 6.15 | 71,971,482 2,824,637 | 52GB Neris 1
=1 LO AL I=Ne) Q 2 421 | 71,851,300 1,808,123 | 60GB Neris 1
= OfL —_ I'_:” Ol E-I H-” Ol— E-” Ol = —| LH o Ol L|- 3 66.85 | 167,730,395 | 4,710,639 | 121GB Rbot 1
e e
O _L-_Cl = S X oH 24 1L Ol X + 4.21 | 62,089,135 1,121,077 | 53GB Rbot 1
07:” o |_E © EJ'I- = | 5 11.63 | 4,481,167 129,833 | 37.6GB | Virut | 1
74 24 EMalHAZS MDT 6 218 | 38764357 | 558920 | 30GB | Menti | 1
"= m(COhlmn) = oo._l' tﬂ—l— = I:H-'H'- 7 0.38 | 7,467,139 114,078 | 5.8GB | Sogou | 1
8 19.5 | 155,207,799 2,954,231 | 123GB | Murlo 1
. E—?—(row) TO{ A HH F X 9 518 | 115415321 | 2,753,885 | 94GB | Neris | 10
L 10 4.75 | 90,389,782 1,309,792 | 73GB Rbot 10
» H IR0 0| == LGS, 2H2H0| 4f 11 026 | 6,337,202 107,252 | 52GB | Rbot | 3
o =H = ! 12 1.21 | 13,212,268 325472 | 8.3GB | NSIS.ay | 3
— E‘” O E‘l crd 5 13 16.36 | 50,888,256 | 1,925,150 | 34GB | Virut | 1
- - =
m O -|_|- @) *o|'9_ Dél |:|'| O‘” EH Ol_l' E‘” Ol E:| = O | —?— Goog:e Dataset: httEs://tc;;)l!oox.golo?Ie.clo;?j/datase;search
O o] A Ol Google Al Dataset: https://ai.google/tools/datasets
LK 7 E r—l 1 Ql- Exl

« O MISID CHREE B 4= Q= I}
oFst SE[O| |O|E| N E T} =X
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E‘" OI E'l k" E Data set

= 0| O|E{ M| E(data set): B O|E 7H*|(data object)= 2| & &
= [|O| & 7iA|(data object): 2| 2 E (record), & (point), H E (vector), Il H (pattern), At (case),
At (event), i Z (sample), £ & (observation), 7l Al| (entity) s 22 = &

« HIO|E 7HHM|= O & 7H2| &M (attribute) 2 2 7| &

» £ (attribute) : O|O|E 7i M| = ALO|2| 10| & 8L =+

« O AHE = 712 M =S4t A, 0|2, 7|, =72t 22 %

82 E = (variable), ‘3 (characteristic), 2 E (field
o= =&

Jllﬂ Ik

& (feature), AI& (dimension) &

E"SUCII‘“CIb - Q& X|S(Artificial Intelligence) - 06 Ef| O] E{O}0]'d



HIO[E] BEl - 2HEAH 75 7=

« AT G| 0| E{(experimental data) = 2= G| 0| E{ (observational data)
A=Ay, o E oY, S0o 2y 5 28 « 20| 2 2/X| B2 2HE 0| M =E[0f
g oM =EE HOlH &=l HlolH
= 0| 2] 7} (hypothesis) 278 = 720 [HE & = MM H|0|H, 7% (genome) H|O|H, &l 21,
=RV 712l (transaction) Ci|O|E, H{ ES| 3 E2f & T
« 712 43 = BMH E Y (exploratory Ol&
analysis) « =El H|ojE{nfo]'d i &

E}suqnlqb . 91 ZX|5(Artificial Intelligence) - 06 | 0| E{O}0] '



G| 0| E{ HE|

» SR E(EEAALE, Qualitative or Categorical): H3 = A QEI2| H8 2 71K =

2T (B=Y, nominal) A= AFEC| I| £ dH
» =M MY, ordinal) At E: N EZ2| 22, 55, =

» YA A = (E B EXLE, Quantitative or Numeric): 25-El 240 =X| HE Q| £H = 7HX| =
=

« HP[Gnterval Xtz DFM, FM 2t 20| =X| ZH0|| X}O|7} 2|0] S 7HK|= Xt &,
« H|gmte Xtz: F A2t 20| =X[2| X}O| £ 2+ OtL|2t H| = ok [0 F 7HX| = Atz

E"SUCII’\'CIb - Q& X|S(Artificial Intelligence) - 06 Ef| O] E{O}0]'d



E" (0) I E-l _F,'___I?rData Classification

http://survivestatistics.com/variables/

Data

.

Made of numbers
Age, weight, number of

Numerical

children, shoe size

ey

Categorical
Made of words

ethnicity

Eye colour, gender, blood type,

O\

Continuous
Infinite options
Age, weight, blood
pressure

Discrete
Finite options
Shoe size, number of
children

Ordinal
Data has a hierarchy
Pain severity, satisfaction
rating, mood

Nominal
Data has no hierarchy
Eye colour, dog breed,
blood type

Evsuanlqb . 91 ZX|5(Artificial Intelligence) - 06 | 0| E{O}0] '
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| O|E{ 2| FEN - 8 Y (structured) H| O] E

. OEIIO_I_é;F ?-5 E% ....... HEHﬂi ,:. .?DH E}-g
= O|O| E{Hf| O| A H{|O| = (table, relation) m |8
| A9, 9z uE w8
» A& HitL| | O| Ef (market basket data) 5 a7 4= 25 =9
- D=2 0 &= =50 Chet o] H ™ AT, wE W 9
" B(row)0| S=(item) 2 S| 2E 73 ™5 | AT, % 9%, 2

Esuqnlqb . 91 ZX|5(Artificial Intelligence) - 06 | 0| E{O}0] '



G| O] E{2] HE - H|E A (unstructured) El| O] E

7t €°8oHX| &2 HIO|E

-
%

Bl A E (text) HIO|E] : M 7| AL, SNS HIA|X] 5
2 E E(stream) HIO|E| : X|EX 2 2 L0 M-dE[= H|O|H
MG (sequence) HIO|E] : F7| M E, Or0| =4t M E O|O|E

ACAAGATGCCATTGTCCCCCGGCCTCCTGCTGCTGCTGCTCTCCGGGGCCACGGCCACCGLTGLLLTGLC
CCTGGAGGGTGGCCCCACCGGCCGAGACAGCGAGCATATGCAGGAAGCGGCAGGAATAAGGAAAAGCAGC

=& (dlick) H|O|E : Z2H[O|X| HEAIZL| =AtHCl =5
« A| AR 2 T (log) DO E
- :I_EHE(graph) [‘”Ol E'l

E"SUCII‘“CIb - Q& X|S(Artificial Intelligence) - 06 Ef| O] E{O}0]'d



Cl o] E{ 2] HE| - HHd 2 (semi-structured) Ci| O Ef

OF

. TZ8}E]0f QK| T 2| G| O|E{H|0| A 0| B|0| 20t 22 HEN 2 KA &|7| 22t O
=

= XML (eXtensible Markup Language) s 2 = #4

0

<title>The Transporter</title>
<year>. Z</year
<language>rEnglish</language>
<genrerAction</genre>
<genrerCrime</genre>
<genre>Thrille: genre>
<country>USA</country>
actors>
<actor ison Statham</actor>
actor>Matt Schulzq actor>
actor>francois Berléand</actor
<actor>Ri Young</actor>
actress>Qi1 Shu/actress>
</actors
< team>
director>Louis leterrier</director>
director>Corey Yuen</director>
writer>Luc Bessot writer
writer>Robert Mark Kamen</writer>
producer>Luc Besson</producer:>
cinematographer>Pierre M </cinematographer
</team>

Evsucmlqb . 91 ZX|5(Artificial Intelligence) - 06 | 0| E{O}0] '



| O] E

O
3N

s

"T“'E, jé discrete T operstens | & 'D'E;
'Il'met | 3 mclude& G = distance 1 Quantltatwe N
::35 n Er\’ﬂ mter collection
oo or o S CQUN 'sf,ﬂ:‘m Z€ I"O ratio
- median “«”ém .i“ﬂ alitative
ordered el 2 = Qualita

measure Examplﬂg

Record data

Temparalure
Tumour

categorles

! i:s: mlce
drlferenne NDIT“"EI i‘
e u;uun value E innn eqmdlstant
o uhserved

properties

i adjacent
W

T

2 stachticlans
words E may

Graph-based data

categorised

—

-
ssveret cantral k=
£ nominal 5

t E.E items v
a Sinterval

types £ 'E"-'"

Ratm

|as.m§ q,g impnrtant make

Ordered data

Transaction or
Market Basket Data

Data matrix
(Pattern matrix)

Sparse Data Matrix Sequential data

Sequence data

Time series data

Spatial data

suanlab - 2
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| 2 = | O] E{(Record data)

» |O|E{ OFO|HO||A] 7FA BEO| AE K| = TID | Refund | Marital Status | Taxable Income | Cheat
Cl|O|E{ HEHE CH/H flat LI HEZ HAF |1 | Yes Single 125K No
ZI 40| M| E 2 | No Married 100K No

. E1|_’T"_E(Record)9| I;I%O = _—I_Ug 3 No Singl.e 70K No

4 Yes Married 120K No

- 7_II- E'”——T‘I—E = 7§->|5|_| Jlk—q )\)KO-IEE :l'ug 5 No Divorced 95K Yes

6 No Married 60K No
7 Yes Divorced 220K No
8 No Single 85K Yes
9 No Married 75K No
10 | No Single 90K Yes

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005
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|m
I-l'u
12
[
fin
o
g | ==
-
QO
=
0]
Q
(@)
-y
Q
-
w
8
&

» 0K O] EE55E HEJE2 O|F0{ Xl |TID Items
C|O|E| M| E 1 Bread, Coke, Milk
2 Beer, Bread
= 2 Hi7L| G| O Ef (Market Basket Data) 2} = ,
= 3 Beer, Coke, Diaper, Milk
e =&
4 Beer, Bread, Diaper, Milk
5 Coke, Diaper, Milk

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005
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Cl| O] E| 3 = (Data matrix)

D= ’_I\Jg | X| [e% EH O ﬁl—% 7|-X|E 'c'SoH Z;o)j;el_c;iaodn z;o)j;el_c;;n Distance |Load | Thickness
EE# %:)I EH 9' E” Ol E-I A-”_ 10.23 5.27 15.22 27 1.2

« AN O = O|O[EH S| M2 7HA|, E2 %5 [1265 6.25 16.22 Y ER
‘d= LIEIH 13.54 7.23 17.34 23 |12

- H EI_-| -clc;:lj Eé'(Pattem matr1x)0| El'__ll_E % %! 14.27 8.43 18.45 25 0.9

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005
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g|4}ot 0| 0| E| & (Sparse Data Matrix)

= L # | n | |lo|le | @|ls|[g|l=|w
* Data matrix2| 528t 87 5182 |E|8 |5 |58 |58
> (0] () (o]
= . c | =

. O1|17—|F T':A'|O1|k| %O'l |'§°._40|'|_ HlE—r
Document 1 3 0 5 2 6 0 2 0 2

» = A2 ER0= 80 B H (term vector)

= T D t2 O (7 |0 |2 |1 O (0O [3 |0 |O
Oo:| EHE :H'_O._:I 7|_6 ocumen

Document 3 0 1 0 0 1 2 2 0 3 0

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005
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32l = G| O] E{(Graph-based data)

= Oj|O| & 7HA| 72| 2EA|L| T O| B XIA| 2
2z 2 B3Sts 40| AH8 St O] 7
H ME Vertices
(Ol: & 2A 2] HE EtALE 2t 28H=2] \/\
TS '—Hff L= 40| ALE)

http://btechsmartclass.com/data_structures/introduction-to-graphs.html

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005
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A2 = §|O|E{(Graph-based data

Audio-
scrobbler

Pl -
((noL ) s
MySpace \subjects | ( tagm
(DBTune) [ RAMEAU
| —
. N

e
{sn
Organi-
P P4 \ @/\
— ECs =

LeSH Y \< L/ Soth- | /7
\ [ lobic

\Resoun:es

ampton
EPrints

i

bz
| deta. | “Gohn
jov.uk/ Peel
,,f\}‘ (08
& June,

/ Popula- \

tion (n- | 32— o //RDF\
= \ / -
£ \\A\Er Gt \‘/33?;'3 } ,,f},g,cc_ \ | Book \
[ Nus | T \ ke 5ty P20 Mashup (semantic)
| (EnAKTIng) P o N\ \ '/
\ / Mortality \ ¥ — % ) ‘X\,(
[ Energy \ k. N /education | | OpenEl )‘ Program < fGemantic) :

\ AKTing) A | (En- A ||

Linked !
mps ) ( NSzt

/faje/ RDF’ X "])

Ust
N A\ Axmiag) SN :
S \\—(Z > u \ 7 “‘ y cotolog St onhloh | :_/ b

N Y ord- ) wildiife \\c N (i - /’\.V/ i g )
(s \\__________': nance OLPCHIIY Finder \’\ ¥ =\ \ Family /£ / N
| egislation |\ Survey \ 0ocal \ S \ y. o~
| .gov.uk . i >\/’ Y ficke \ o 24 [vivour)
\ [ UK Post- | \ i A

- | codes

\ wrappr 8 [ vvo P

gt N O\ NE A/ 7 ) o
1 \\// Ll ‘.,.“‘z‘x?” ) : Lolus \l [ Taxon Y § RN N .{A N \\\ Wi ’ Jl Ver\S

/ =5 . y \\‘ \_\4( K/”/ Concept G;,\ " s_a_ \\\\\\\\\\\ ‘,/ i Cornell -

i. ?&L :i Freebase |~

TN / - Dject =
| stan- | feference’\ [ \ 8 S N |
\ ( Linked Data - /NASA & /Projects
| ~ Y = ¥
e } *| for Intervals - \ { (pata \ - 7 Guten-
Ny \ | Incu- g 3 berg ——

/  The \‘\\
| London |
\ Gazette (
S

Y& 2"/ @y A ‘ /!
S N f [ nsF
‘fcovnack T [r / 1 : » @ \_)
L J P .\} \

Media O

emantic | —

\“s

XBRL =
4 // = Geographic <_>
- rdfabout Twaral s £
US Census Publications ( )

f
o User-generated content |
Homolo

Gene

/
| Climbing /
(

Linked

GeoData Government |

Cross-domain

Life sciences

As of September 2010 ) (D @
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10| E{(Graph-based data)

dFj=

b

_ A
iy oa?
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\

e

%}\
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A #

i
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qu~
«,’)

>
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A2l = G| O] E{(Graph-based data)

http://www.openmolecules.org

fane 3 I
Table 2] Suuctumofl’mduf.t n X u, r
Reactant 2 Reactant 3 Molw.. clogP clogS  H-Ac : Im Product @ X
27 125 23 6 g Lo a — -
m j\q NJ is similarto [S... |5 -
o N : ¥
214 -3.26 4 o Q 2
2 Yo ooy | LNEN g .
Molweight @ X
339 159 -2.55 6 il @ =
7] I
%1 (327 451
v

Reactant 1
4

H-Acceptors
H-Donors
Polar Surface. ..

— e nm—
Polar Surfaca Area 50 & 70 80 90 100 -
Product Similarity |SkelSpnaras) Heartant 1

04 055 07 085 i
Reactant3 m

clegP @15 @2 @25 @s B35

| Neighbor Tree  Virtual Library in 3D |
Selected: 11 Visible: 482 Totnl: 482

q%suqn'qb Q3 X|'S(Artificial Intelligence) - 06 Cf|O|E{O}0] '



=M 0| 0| E{(Ordered data)

- O|O|E{ 7}
. 251 O
BN

—

= NEH

 AAE G

M| £-JO| AlZHEE

Elo| 557

0]
0]

. 27tD0

E-

E-
0
E-

(Sequential data)
(Sequence data)

E (Time series data)
(Spatial data)

Evsucmlqb . 91 ZX|5(Artificial Intelligence) - 06 | 0| E{O}0] '

2l =A1ef itk = H[O|H M E

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005



JP)

Cll O] E{ (Sequential data)

» ECHXM |O|EO|A A|ZFAES I | Time Customer Items Purchased
oz st A t1 1 A, B
= DO| AZHO| [HE PO§ AG O S Y L™ A
2 880N ALS E = AUS — o
= 0f: CDP #+0f 142 CDE FOH Al=0| [ o E
%I\% t5 CT A E
Customer Time and Items Purchased
CT (t1: A, B) (t2: C, D) (t5: A, E)
C2 (t3: A, D) (t4: E)
C3 (t2: A, O

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005

Svsuqnlqb - Q& X|S(Artificial Intelligence) - 06 Ef| O] E{O}0]'d 25



A€E | O] E{(Sequence data)

O|E] 7 Kl= AtO[Of =A 7t EXKSh=

m [
H|O| 7
= 0: DNA M E g " {‘
A(OHH| '), T(E|OF21Y, G(TLOt ), C(ALO] % “
EANO &7| 2 0|20 L= 0| F LA P
o/ 2x £

-
‘.

‘._' N.‘ T |
28 2% 04

L
.
¢
L4
:
’
:
L
,'

plant-genomics.html

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005
26
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A A|E H|O|E{(Time series data)

- . - -
. A|7FO1| [[}= ==0| H }—E -T'-PCFOP C|O|Ef &k
- 1 O— = - = = Hg
T/t K|, AZHE 7|2 Hg)
= Of.
oyl PNEIN P &= F i ko)
—— AAPL Daily Minimum, Mean, and Maximum Streamflow - Colorado River at Austin, TX
—— AMZN
A e 7000 -- Daily Maximum Streamflow - D
SH —— GOOG — Daily Mean Streamflow i =y ! 1' ‘I
1500 - ¥ —— MsFT 4000 |- == Daily Minimum Streamflow _ H A T IR P 1 " 1
iyl ! R G iy A
I (v - T L B I I B A TR Y e W2
3 2 sooob i RV I A WV AN VA I T 1
0 1 o r
= e LNV L WA T o AR TR N A
: d R o AU A AN LM U M
. & 1000 (W1~ I?“L,‘E i i =
5 T ne A i t -
e D o} (TR ] [
g o eoolfi 1§ Ry ! r P
2 gl A : ‘ -
e o ! Y 1 X r.|‘l L
E é 200 fd Il"""\n..-_ I‘ ;'\\:"..\’“..._. _,..‘“ll'lh\\ .l'f\ll T
: Sy s i el D L
° ('B \”‘I“ - \q\.’\/”‘\/‘-"! == S
y
Sep 2016 Oct2016 Mov 2016 Dec 2016 Jan 2017 Feb 2017
2006 2008 2010 2012 2014 2016 Past 365 Days
o #| -axis logscale
ate
https://blog.exploratory.io/introduction-to-tidyquant-quantitative- https://www.usgs.gov/media/images/time-series-data-usgs-station-
financial-analysis-for-tidyverse-habitats-e5f72a023ce2 colorado-river-austin

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005
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&7t H|O]E{(Spatial data)

= 2’9 ARl 24 O|O| K 2F 20| Zf G| O] H
WKM7t St 2| #| K| HEF HEHO| &
E |:-”O E-| XIS

Hd
= Of: X7t SO A Ho| = 2=

“Yrsuanlab © 235 (Artificial Intelligence) - 06 H|0|E{0}0]

Wiy T\ 5
\ i G NN 2% 5
‘f Jzpne _!‘P AN ;\} »
:é‘ dy i) 1LY 2<hy *0;;';‘} e
e Ly : it N aEm W,
e ENENGT e s S e,
PO Wi & Sy ¥
O O e
- 2 A S e N
3 & \\g& \\\\*\\\\8‘\ ; AV e % ”f%‘l's;',,‘
: RAN %"} ¢ 1%@8\ » e A o AR
oY B - ; )
e - o
’ . S
X TN b
2N £ 7
=AW P ;. 8

http://spatial.ly/2013/08/ big-dpe

Pang-Ning Tan et al, Introduction to Data Mining, Addison-Wesley, 2005
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Cl| 0] E{0}0] 'd (data mining)

« 2| Tt 2 O[O H 0| M & =5 21, O1H0| K X[X| 2, HMHLE REH A &2
£ T HAA S ak8

= a process of

nontrivial extraction of implicit,  ; EH= DB 444 =&0]| OfL| 11

previous unknown, and ;2 YA XA E X = AR OL D

potentially useful information ~ ; 38 ZOf0|| (& 7EJ0| AL

from large volume of ; Ml 0] thet 127 265k (K A3 8
actual data ; B (missing) &| AL 2F 7 U= [0 H

= | O| E{Hf| O| 2 0f| A X[ 4] 'Er 74 (Knowledge Discovery in Database, KDD) 2f 11 &t
 O|O|E Or0|'d 7| B2 SAIet =Oro| M & Eot B MA H|0|H 24, 712 45, CHHE
=4, AAE 24, EEMYE Y 5 Y8210 O|O|HH| O] & =00 A E o
OLAP(On-Line Analytic Processing), 21&X|S = OF0| A & SOM(Self-Organizing
Map), 1183, HE7IA|ILH S 7|28 TEE SO ArE

E}suqnlqb . 91 ZX|5(Artificial Intelligence) - 06 | 0| E{O}0] '



[{| 0| E{ 0}0]'d (data mining)

MINING -

3'. :’g.'f' g I 5\/' 7
== o] }&5 &) il \
Data sets Pre-processing Classification Database Statistics Analytics Evaluation

E’SUCII’\'CIb - Q& X|S(Artificial Intelligence) - 06 Ef| O] E{O}0]'d



H|O|E{O}0]'S PS8

>suanlab -

Z| Al
"o"’}/"
dlo]g vl ]L
darelE ‘1%/'
-
A o A \
ol g A1
o] &
qlo}s '- 5 I
dlol & 44| i
l’*&‘ "(';?} KT
| o] & o] A
QI 3 X| 5 (Artificial Intelligence) - 06 | O| E{O}0] ! 32



Cl| 0] £ 0}0] 'd (Data Mining)

Al2| DB AB‘E
8tA} DB Rel S
=& DB &.gDnEiqm
whe  zaos

ZtE DB £0f AiE 2lo] = ZE
EA5t1 0|F o HE
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Ci| O] E{O010] 'd (Data Mining)

o=
(Forecasting)

o 73

25 0%, 28 WEEEE
(Classification) W{ZIESSIVEV N (Time-Series)

28 Ho

2HEA
(Regression)

(o EAPN

O

(Association Rule)

(CISCL I (Descriptive) (Summa-

(Sequencing)
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Cl| 0] £ 0}0] 'd (Data Mining)

= 3| =24 (Regression) : StL| O| &2 == 7HQ
= AHE %] (Association Rule) : SA|Of &2
= O & =9, ZHrtL 2o EA|O1| =07t=
= & (Classification) : €732 & THO{| A
= O & S0, XA 2 O|Eet s =&/l L=
s T I2|'(Cluster1ng) THECI EEE Swote S #E. #Ez=0(E| Fel=E &4
of &7} &l f'_ 7“|O1|A-| -.'f- f':f%
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Cl| 0] £ 0}0] 'd (Data Mining)

» MA E(Time-Series) &4 : A[7F2| A0 2} FET HHAL 2 ASH O S A=
Mot AlA S Oo|Ho HiZ & & &4 & E
= 0| =0, 01 49| 2fE X &ot= A|A@ HIO|HE 24dt= 7=
» =g (Sequencmg) : A[ZHO)| 2 = X PN O = LIEHL = AHHS| S5d= B
= 0| E 20|, AXES TRt 00| = BAHES TRY 2F0|2=7 A HO A ZA Ol HE 29
U =ole| = 5 cé %*OH-H ==
= 2 2F(Summarization) : 5| O|E{ 2| YEIM Ol E-40|LI 52| 8= 7I=0| FE|ot= 7
=
» 0)| = (Forecasting) : &Cliot 2F2| O|O|E &gte| I EH-E 7|HI2 2 O[2{ & 0
» Ol S0, =2 E =5t=7I=

E"SUCII‘“CIb - Q& X|S(Artificial Intelligence) - 06 Ef| O] E{O}0]'d







==

E.T'_

T+ &l (Association Rule)

[ I
= A HEL] G| OB Of| LiAH =l &= =5 Q|
Aatds HOoF #oioh A&
« =L S (itemset): B 7 O| & 2| 2==2|
2=
» k- (kHitemset): kN2 == =2
Of= 2=8El ex 2itemset: (7187, =)
» X|X|2]4(support count): =T 0| Lt
EHEF A2l TIO| &2l =
= X|X| & (support): T G|O|E 0] CHot &=
At & Z=2ct Al H|O|E 2| HE
o BEAT A% A4 9%

AA AL doly e 4
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= BT gh= & el (frequent itemset): O| 2| X|EEl 2L O| &L XX EE A==
= 2215 A — B 2| 42| & (confidence) ¢(A — B)
-~ s(AUB)
c(A—>B) = SA)
Hafs SR
T1 w, f
™ AAT, Sz, 0w
3 AR, W, S5, 2o}
T4 AR, W, W g
5 NAH, W, 55, 2

ot oot many_ SUAATL ST 2
f.f({"’]’{]'l'],r"n} {i—*_ ]})_ ({"’]"{-]"rll I'TI"] —3

= 0.667
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= A E 010]'d (text mining)

« (172 SAE HO|H2HE o0 Y e
« HIHE Ol S A E B0|EIS XFeI0] K2 7|
|RAE F58l 0 PxoE MY Glo|E 2
« HISHE] e 50| Ef0f H|0|E{ Ojo| Y 7| e X

= O

= oo o

= —I—Eol'E Z-\l

oz BEEA
&}

— - OO

|
XM X
t@% 24 u | s
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= A E opo| ' R

« JE 4 H ZHEYe B A E [|0[H S = &ot= THA|

o—

« SE N2 HEFC HOHU AN S8 7| HEL &

| S ot= B

=0
2 ==

» O QI REHO[LL 22|55 0|80t 80t SEE &

T /1=

@)
. BIAE 0L0| WS 3 EAS YOS CHFSH 2%

— —
» §E FF YESHAE OO J0AM 7t 28 F=

X L AOLO A =
» JE FE AE0 =R A YaeSa 2 E 0

TF-IDF(Term Frequency-Inverse Document Frequency

« HE B4 2|5 7| YEL o] Qe 940] 4
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HAE 0| 7|&

s 24 JHHE 24 2 =&
M s BARED o g0f o1y i
o | — 2 — 0 ofg, 2o 5
st | (Brants, 2000) - Y Hx2] Y
g e 7123 T e S $
Of | | = B - ol
o || ikidoRyzooo)l = | [ #A e f —p———
2 . 2 2AM7| ﬁ B i INTERACTION or
R S | NO-INTERACTION
Al (Charniak, 2000) S | ‘ ;3 ‘
-E—r Ll ao - =gty E p— |
=k - » =2 i :
= i1 (Park, 2005) i , e N e
A
val=]
WSJ Train Medline
COrpus text
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WP 0E22 2 1rsQ 2002 foho2:
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A E 0po| ' Y4

HAE X2 e =

= THH SHA 2=
=)
(entity relation

(text classification) (text clustering) (concept extraction)

11 C
T oz

(topic modeling)

(document
summarization)

modeling)

ey

(sentiment analysis)
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« S AES XYY A S 20| F0j0f SfYots AZQ| 7|, 3 Ei BN 0lHS
==
« SX 0|2, 212, 0| 0] TH3F AFRIS S BT} Ef =, 24 S 2 Aok

\ J

Sentiment analysis
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o8 A BEE HoISl= HO E F=
¢ 7| EO| TEE AR 5 2| AAS 0|8 LH A YO R ST EHQl0| THIE 3/ BHS B
cholS2 2oIst 4 9l
« S HOEOIM K83 S HEE B0 ISR 013 YRS AL 45 S
« BHRO|2 THgBt AFBAHEEO0| OFF 52 2| RO THIE CH0|S 37 BHO 2, AR 0| of

TH20FUME e HAHERE BALE FEY T US

« N&F 87t 2421 40| 7t2|7|= QUL A9 A& 2HA S 2t =8 214

T O = L
« A AW A0 N =52l 02 SES AFESIO MR Bt /42t =8/ 58 #ois A 2H 5852
H

u|L|Q QIX|, FEA QI UL QK| 2% tHe|Z Z/5t2 L o2 GRS HEL + US
= CH2FO| 20| 2 0] B21E of& O| 0| & 4-d et 2 Naive Bayes, ME(Maximum Entropy) 2 &,
SVM(Support Vector Machine)dt &= OF-T'-E|§% HEolY 7[A dss v
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o153 T2t Ch2t LI Zof 2m|L{2to]

w3t

« THLHOY, =
K| B2 CHFol @I L| & O|

LQULA OIS 7|a= &8
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/| W=0f
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E 4] RE 3 (topic modeling)

= TAIS0|A OfH =XSO| LR A X| 1 =X, &4 EA = O FHS= HHFEL UA=X
E H|X|Eat5M 0| i © 2 RO = &HA
« Oh0| 2A17F 012 I ZH 2 M7t 012 K| (topic) & CHF L AL HA|St, O 5 |2l BHHH| &

7=II-I
« THE A dote HOEeHE ZXE AT

= LDA(Latent Dirichlet Allocation) @1 2|&
» HENQIED nEana|E

ofo

[=X
10O L-—
BO—r@®,| ragwe
K o >=

o

o=
T

ot

£ H2=(random variable)
Folmﬂf }0| E{ (hyperparameter)
o| 7|z . 2E 0| Hh= Tl

_Oirﬂg {0

P A A2

@7»@—’@—>@ " II\(/I ;._xﬂ —'—*‘|_c—)| 7N
N :

2 EM0 A= Q] 7=
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LDA (Latent Dirichlet Allocation) €11 2| S
= =H(topic) 2| & "".'_1
o ClSt 22 FSEICHD -
oFt = {(KBO, 0.1), (&7, 0.05), (A, 0.05), (A, 0.1, (H*2], 0.0, &

4 AFsAE = {(A4, 0.05), (AFaL,
(—1O—@ ’®\. (“H! 0.1), (F1, 0,02),

M

. Sto|mmte
EIRE
EIRE

H|E g

E"SUCII’\'CIb - Q& X|S(Artificial Intelligence) - 06 Ef| O] E{O}0]'d

= X (Dirichlet distribution; C|2[ 22| &£)2
=X L EZS0 et = EEx

¢, 0.3), (°]d, 0.1), (&, 0.05), (&
(ZAJE}, 0.03), (A3, 0.05)}

== 0.05), (55, 0.09), ($-5<F 0.02),

0.03), (Efolef, 0.1), (&4, 0.05), (=ejo]H, 0,2),
(A4, 0,01, (A, 0.1), (EH, 0.05), (o]4,
0.1), (vFg, 0.03), (ZF&H, 0.1, (98], 0.1), (B4, 0.04), (H£7], 0.1))

=d= X|’"got= L2l H



LDA (Latent Dirichlet Allocation) €112

Ix
=

» 0: =M X ZEE LiEfL=
. 2F 2AE O RS BEHO

\

|-|1Jr

@—+0—+0—0,

\/

» S Z: MY FH ZE0AM &7
XN =

Y

A0 LEfLH= E

A1 = (B3], 0.3),
wA2 = {(AFsA), 0.2),

=r= TH o

e 27} 742171 TR O HHo] EmEHE EEE
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(], 0.4),
(°F*, 0.3),

E
ﬂJIﬂJ
Hl
rok

(AHE7]<, 0.1),
(Adj, 0.1),

(m]=foil =, 0.2))

(%A, 0.2),

("=, 0.2)}



LDA (Latent Dirichlet Allocation) €11 2|&

- 'c':'l-ﬁOlEI-l
s = e e My

 SAMO TN 2Lt T B EE 2

(B)—>

K

O—+0+0—®,

M

» Zw= E8EBE MO FH 22 H X EHO 2 28 7ts

N -
rl>

e

rr

280 N2 Y
= & 2

32 (Gibbs sampling) O|

S
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2 = O010] ' (graph mining)

» A2 Z HO|HEE5H 2[0] e I{EE F=ot= A

0
H—C”™ °C o—H
| |
H—C (@
G o)
| H
H B
o8 c‘: H
H

Yrsuanlab - 2Z=%

or



ol I (frequent subgraph) O}0]'d

1ef 2 O[O =2 T A Kb LEEfLY
= F 218l Z(subgraph)& &= A
(=
=]

- Qo aej=of %
fl&)def=

St (B, s EQt AT S

» ([, isomorphism)
= oFEfZol L ES9|0|ESE
L CE0| 0|20 2 HelsH0] 2+ T e

= A Ol
|_|-E_I_J\)|\:Zd

. ¥ =0l

* NP-hard =X Z A H[E0| B0 E= Gt

E"SUCII’\'CIb - Q& X|S(Artificial Intelligence) - 06 Ef| O] E{O}0]'d

(b)

fla)
flb)=6
fle)
fld)=3
flg)=5
flh)
fi)=4
flh)

(c)

8

-

2

7
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(frequent subgraph) 010|'d

il

HF & =
2 22 a)

=Xl

{| O E10f| =&tk

EENRE

P2 —Leh

S efj=7

Gy

(1‘2

(l“
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12| = F M (graph search)

= 12 = GjO|E{H| O] A2 RIO] T8 & (query graph) /| =01 & [,
2o a S FEAHEE 2fols iS5 HO[HH| 0| A0 M 25 He= ZA]
= 5 ZXE 2AH 22 LR 7| ?fofl 258 (indexing) 7| B AHE
« QB OfH LIS 317 £ 4 US 2, 7|1F0| 5l SOZ iyl 9IXIS 27 &
= 7 QW ot SEE Eelot= 7| B
 QIEIAO) AR E 4 U= B3
» BB BEAX EEEEFI00|FRE EE .
» FRERUEREEIMEAE
S e
| | | |
il il N N

“rsuanlab -

(a)
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FAHE 4 M(similarity search)

]

-
o
I

LEEE::

I0|H = F

EENRE

o] 2t 12y

Q_L
S O

Af

NE=
o=

W|r

62

(d)

(c)

(b)

06 Hlo|E{O}0|

Ofl CHoHAS €

1L

. QI B3X| S (Artificial Intelligence) -

2|

o

Xl
=

“suanlab



A2 = F R/ (classification)

+ 0P 1240 chehAd B B0l EHE Ol H0f 2hl(abe)S 2
Ml 2

ANVAN

/\/

» J12j 2 G| OfE0f| Tl /S 2%

« 0. =telES LtEfLl= 2=

ruln
©
4% 02
<
nA
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g = 7 E 2} (graph clustering)

= StLEC[ 2 Z0 N 578 8 &
FelcfZss AL
He 12| Z HO|HSUAM Hlzet A==
FHoz 2=
= TETE A8 (dense cluster identification)
= 2= F8(graph partitioning)

1[0
a
I
Of
rir

" |:|E|I=I Tt *—ll:é
» AL El(community, £t AL 2HA[ O 2|35H
S0 X|=HEh A==
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HLIE| 2% O = 7|8 HFE|L] A48 E12F

= HRLIE[ &= 2| & (community affiliation graph)
» DEQIARLIE[S| &% HAS HEHE HYloH= S
« AR LEl &% d = REO| FO0{E A =& Mg =E0| Z[th 7t & =5 A7 L E|
4 22T 2 Yo| Tjaf0|E| 27

AA5HE C Pal A Ppl| B

A2 AE M

_‘1'._“. V ' . ‘ .
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g = 7 E 2} (graph clustering)

Lol A =5 R7He| fEaej==2 E8dt= =X
» 2 2E I MAE = Z30 Tl @ A2 7S X[ 2] 0|
X ATIEEE2 OtE S i 2k2 @ HS Ob=

- — -_= - 1
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Jjmol 7|9 = HM

« HO|E{7} B2 BT
A5t 2ot HE HM

= Rusell Crowe?| E¢ ot H3t0| Zh=0| A=t A
2} = 0| Helena Carter/t =94t A

*_

AH

The King's Speech
Directed by Tom Hooper

O O O O
\ "/
0]&-: Russell Crowe o|l&: ? o|&.: ? 0|5 Helena Carter

ch/ ul-5- o dst o s ch/g Bl
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def = ojo|E |

» A2 ZX0|A ZHEreE EX = 7271 A
|H = et

= X|THER V|, 5B (hub, 2 = EQF HZE =
LB &7, A A% EE|(minimum
spanning tree) ¢ 7|
= 5|2 37|, 28 (clique, 2= == 4 ALO|
of 2327t EMdts F= 22 E) &7, =
2~ H|E 2= EE(graph cut)
» S28|(dique): 250 £Fol= L ES2 ME 2
of 237t &5

= -2 5 (quasi- clique)= &= W0 5 2t
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 DESFAS DFZ O EES0| 22X  « X QAL L E WO TSI =X
OlL- X A re) E2MHBE= K o
UEBEHAMHLAN JESAEA L groj 322 gy cas0| SYE 22
O|Lt AFLEN £ 7tsd =3
» 0| E-FE =2 3T 90
e 0] o] & e 7)ol 7k A ] 7l 3= |F(u')r"] F(UN
(v) = = o8] I == 249 A4 AT o(u,v) =
VT W= ] QT wE bl WHE & gl P S AF ’ VI ()| C(v)
A Fw: =50 O|Ret =59 &g
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T (Recommendation)

NI By 2 S MEotH

 AFEXOA = HEE A
7—IAH9| B2 goqxg L=

E’ suanlab - 23Xl S (Artificial Intelligence) - 06 E|0|E{O}0]'d

Recommendation .
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PageRank E112|F

= 7-= CEOQ! Larry Page”| AEHALE Cfj St
HSARIPE SOf| 71 E

“rsuanlab -

I01X[el SR =5 B7/ot= €18

1H (random surfer) 7l & A&

TS
» F202| 2 8 If|O|X| & ZOICtL = O A7}
AR

XS Y=oteHlella /7t =

O|X|z & I, &2

4

O] X|Of| A T |
= L H[O[X| & Y&

Q1 3 X| 5 (Artificial Intelligence) - 06 | O] E{O}0] '

Google

PageRank
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PageRank E 12|

» H|O]X] S & Al
.

Ty — di—

i—q TV

ri t HO]X| jo| SR
n; : HO|X| 2| 5lo|HZAL|

= HI2| X E (teleport) 7| S

» QAOIO| LEE HIESIE |5
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Netflix & (Netflix prize)

» O|=2| DVD L2 H|L| 2 AE2[T AMH[A S Of= 3| Af

= NAMSO| F|okS Bt GO0 B2 =M= A AH S AIME S = 75t 28

« REAS| 25 A|ARIECH0% 01 O A50| SI0fc AIAS )3t & wimy Eloj A
0t Et2fo] 43

= 20003 0f| A 2005 ALO|Of| 48T+ HO| XtAL 1 ZHO| 12k 7 O] 7| o] B=2}of| CHSHA EHH
HI7I= ot 2F1 49| h§|o|E

= L— _I 1 L—
" (XAID, B=tID, 573 2, BH s5) 22 #H

= 2006 102 220 A| At

= 20095 9 21201 10.06% 2| M5 M-S A7
BellKorE! &

r
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ZH Ho| £

= 8| A W= (sparse matrix) HE}
= AANTHH|O RS

» H[ = 25 A= A0 X0 sl e

Esuqnlqb . 91 ZX|5(Artificial Intelligence) - 06 | 0| E{O}0] '

o K
1

()]
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| @ 4 B (latent factor model)
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