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2]'d (Learning)=8t&
Adaptation/Update
<




[ L] ——~ A
Machine Learning V& &

x| E 8t H| X| £ 8t =X EE usteta
Supervised Unsupervised Semi-supervised Reinforcement
Learning Learning Learning Learning
- Y ZupIt - Hol= =8 - glo]=0] A= - SN g e
O ER EA 20| U A @R A0 H =58
. Ql2iq}l =20 H|O|E| ALE =2E 8% . o X|E7} 9
oL 5= . 23 H|ojE{e ArE o] Y3 28
urxiol 2 JEL DIEE . YuiEoZ UK = 2
L = A0l S8 C| O] E{ of 2t
o] =0] A=
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B x| st
(Online Learning) (Batch Learning)
. 52 H|O|E{E AL . HX| HO|EE 25 A}
O] L| 8 X] (mini-batch) o] =2QlofAM =t

51
Cie|2 MIIMOo = o4 - ZFE xIo| E83l
e AA|ZF A|AEIO|L} I 2 8% A8

2| £Z0| A2 AS
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At 7|gF st= pd 7|8t sts
(Instance-based Learning) (Model-based Learning)
- MES 7|Yst= 20| EH - MES AMEoll RES =T
L O|Z2 Sl ME Ato]Q] . SHE DUS AL oS

FALE 57
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SEA SEA
HHH st vs. HEH o5

» AFH Sl (deductive learning): 8 H& 3= Z(deductive inference)= &2 SH5

» 2™ &5 (inductive learning): At S (examples)= & 2r2}(generalization) S| Iff

(pattern) EE= 2 & (model)= F=ot= A
» Ul VA=t =2l thd
» S HOHEH HYE = U= H

o kb
L = | -
= QAO| HE = (Occam’s razor): 7sotH Shs Z1tE 7T HE 2 B96H= A 0|

OH

(12) -> 3 97,16)
2) ->

(10,13) -> 23 " Soox
352 75 | Ep | HEUmaAE | W) | wEH EL
(43.101) ->144 S
(14,31) -> 45 1

h(x,y) = (2x + 3y) (2x + 2y)y/(4xy + 6y?)
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LIo| &t& =2
Hil2{'delsts &7
Supervised Learning Unsupervised Learning Semi-supervised
Algorithms Algorithms Learning Algorithms

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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Regression Algorithms

Instance-based
Algorithms

N—

posterior

rior

Regularization

Algorithms

Decision Tree
Algorithms

Bayesian Algorithms

(DLE) —» F

(AE) — G

O
_"Iln

Clustering Algorithms

Association Rule
Learning Algorithms

Artificial Neural Network
Algorithms

Other
Algorithms

Deep Learning

Algorithms
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Dimensional Reduction
Algorithms

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/

Ensemble Algorithms
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(Regression Algorithms)

|.XI'|
-1 O

* Ordinary Least Squares Regression (OLSR)

Linear Regression

Logistic Regression

Stepwise Regression
Multivariate Adaptive Regression Splines (MARS)
Locally Estimated Scatterplot Smoothing (LOESS)
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C = A

Regression Algorithms

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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k-Nearest Neighbor (Kenn)
Learning Vector Quantization (LVQ)
Self-Organizing Map (SOM)

Locally Weighted Learning (LWL)
Support Vector Machines (SVM)

QI & X| 5 (Artificial Intelligence) - 04 { 412{'d (Machine Learning)

Instance-based
Algorithms

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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‘A3 & 11 2| E (Regularization Algorithms)

|2t 220 S0[= =3

T= YEOZ At}
= 3|9 2E SO Z2EEA AL

[ |
OJ|-|I
A
X
Q

i3
=
.
gy |O

= Ridge Regression

= [east Absolute Shrinkage and Selection Operator (LASSO)
= Flastic Net

= [east-Angle Regression (LARS)

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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Regularization
Algorithms
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« GIOJE| £40| AN 32 7|HIO 2 OJAL A 2 & TN
« 07 RSO L3 O B S E2| RO M B
. 22 90 5|7 2 0fl Ch3t HIO[EI S B

= (lassification and Regression Tree (CART)
= [terative Dichotomies 3 (ID3) Decision Tree
» (4.5and C5.0 (different versions of a powerful approach) Algorithms
Chi-squared Automatic Interaction Detection (CHAID)

Decision Stump

= M5

Conditional Decision Trees

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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H| O] X| 2F & 11 2| = (Bayesian Algorithms)

« HIO|X|Ot &1 7|4ho 2 BealAof Theh MEZ2 AFAS 37X
25 U572 22 2O KL AR
Y125

= Naive Bayes

posterior

rior

Gaussian Naive Bayes
Multinomial Naive Bayes
Averaged One-Dependence Estimators (AODE) Bayesian Algorithms
Bayesian Belief Network (BBN)

Bayesian Network (BN)

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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S AHT ¥ 18| F(Clustering Algorithms)

" Centroid 7|2 S AT 7|He| RE A EO = 419
C o

HOIHE 2 s8 A8l H A== 34 o o010
« EE|FE > o ©oO

» k-Means 00

= k-Medians o

= Expectation Maximization (EM)

» Hierarchical Clustering Clustering Algorithms

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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« e 20 AEE BAE VY A 2805l A E

» Ol &=0| O 5= s8I5tY Ss8ol= X[ & It (AB) —> C

» TR 780t ditds BA (D,E) —> F

» A2|E (AE) —» G
= Apriori algorithm

= Eclatalgorithm

Association Rule
Learning Algorithms

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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b oMo o °
ME Y Y1 2| F(Artificial Neural Network Algorithms)
= =N HEBo A E=Y|S0M SES RS 2
. 37|t 22 B0 LK O 2 ALRE|= I} E O§& 0| 3t E2
« AX|ZE 2E Q0| 2H|0f T3 CHFet Y12l FT etz /é\
TECE ‘
« EE|E
= Perceptron —
= Multilayer Perceptrons (MLP) Amﬂmilg{fsﬁlﬂgemcwk
= Back-Propagation
= Stochastic Gradient Descent
= Hopfield Network

Radial Basis Function Network (RBFN)

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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B 2]'d €112|F(Deep Learning Algorithms)
« QSUBLY THE FHIZ N L2 AHits 0| 8ot S E
« W 3 O SEoUEY A =S 7HX| 4, O|OX], ”M|IAE, QL
2, H|C| 22 &2 0% 2 H|O[H et 2hH F

L

= Convolutional Neural Network (CNN)

= Recurrent Neural Networks (RNNs)

Long Short-Term Memory Networks (LSTMs)
Stacked Auto-Encoders

Deep Boltzmann Machine (DBM)

Deep Belief Networks (DBN)

QI & X| 5 (Artificial Intelligence) - 04 { 412{'d (Machine Learning)
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Deep Learning
Algorithms

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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(Dimensional Reduction Algorithms)

= H[O|E 2| W7ot =5 0| &0t H|O|H & KeStAHLE 7| =5t
= H}EH
L o d
« DXIRIO| HO|HE S35t A S TSt Ao =2 Hat @ — |o©
il LO
= Principal Component Analysis (PCA)
* Principal Component Regression (PCR)

Partial Least Squares Regression (PLSR) Dimensional Reduction
Multidimensional Scaling (MDS) Algorthms
Linear Discriminant Analysis (LDA)

Mixture Discriminant Analysis (MDA)

Quadratic Discriminant Analysis (QDA)

Flexible Discriminant Analysis (FDA)

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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= N .

&= €112| = (Ensemble Algorithms)

» SHNOZ LD TN HQMES IS OH A2 E 0| X
O| ZgtE|= o ot REz PHE 2

» O 0| ofotahs RS ATHA|I7| L, O A o= Aplsd
INPA S

» Oj 2 250 27| U= 715

» UNE[F

= Bootstrapped Aggregation (Bagging)
AdaBoost

Weighted Average (Blending)

Stacked Generalization (Stacking)
Gradient Boosting Machines (GBM)
Gradient Boosted Regression Trees (GBRT)
Random Forest

QI & X| 5 (Artificial Intelligence) - 04 { 412{'d (Machine Learning)
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Ensemble Algorithms

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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7|El H4l2{'d & 112|F(Other Machine Learning Algorithms)

= MR g Ae| AL &8 = M=X 2l ot Ok
= Feature selection algorithms = Computational intelligence (evolutionary
= Algorithm accuracy evaluation algorithms, etc.)
* Performance measures " Computer Vision (CV)
= Optimization algorithms = Natural Language Processing (NLP)
= Voice/ Audio Processing
= Recommender Systems
= Reinforcement Learning
» Graphical Models

https://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
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Machine Learning Cheat Sheet (for scikit-learn)

classification scikit-learn

algorithm cheat-sheet

NOT
WORKING

get
more
data NO
>50
YES samples

predicting a
category
NO,
' <100K few features or
= should be woh:mms
\ important

ves A regression

NOT

Text WORKING
Data

YES

predicting a
number of quantity
categories
known

<10K 7
looking %0
7

predicting
structure

clustering

NOT
WORKING

NOT
WORKING

YES

samples NO

dimensionality
reduction

£
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2 & (Classification)




Tt (classification)

« GIO|EIS S HAlE 2 o £

== O T (class, category) = Multiclass Classification
(i A7 )= 2 x ;o w
- 25 2Ho ot A A T oy
- SSHOEE R RS S AETSERER Y™
- SO HElE SN S Y £ E QD FEAL SEAS [T % %
» =77 |(classifier) o ®q *
= SIS E 2 S 083N HIOIHE /ot Z2 0 H s a a N8B
- O[AFH 0l 227 s 4
= S50 ARSE|X| B2 HIOIEOf| tisi M 27 S & ol A
= YH3}(generalization) s 0| 2 A

E"SUCII’\'CIb - QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning) 7



25718 ¢nalE

= AJ E2|(decision tree) 1 2|&
» K-8 0| Z (K-nearest neighbor, KNN) € 12| &
[t HYEE AEY

= 2] 'd(deep learning) € 12| F

= MIE BIE H4l(Support Vector Machine, SVM)
= Of| O|CHR A E (AdaBoost)

» 2HE HE2[AE (Random Forest)

= 25 12 = 2! (Probabilistic Graphical Model)
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st [ 0| E HAE 00|

(training data) (test data)
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gl (Underfitting)

~
(@)
c
E=
=
(S
L
<))
>
O
—

(=]
=

ey =

H|O|E| =

e
=

. BH0| 45 Thaslo] o

F
=

= ClIOIE{of] EHoHA| X|LtX|A|

jor

joll
oK

10

{|n
jor
10
IH
Klo

o
0{0
<
ol
=1l
H
T
g KK
— Ol
< on
- X
="}
nT ol
= Ko
)
H T
S ojn
o =%
mw o<
2 do = B R
jol o D
IH M_”__ <0 ol ofl <
o ¥ ot g M R
k1 OF oF ~ 0 zr
= M=
T = n_A_H_o_h =
kS & or o ™
oAmMT ™%
s = K W
T X0 o Mo
o 8o o 1T K
o~ o IH T TE

30

- QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning)

“»suanlab



[
>

“»suanlab -

gl (underfitting) X=X gt(good fitting)
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i X gt (overfitting)
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= "3=tE (accuracy)

« POt 2o = /ot=7t
« g2 = (@A 2 /7 e HI0IH 7h=)/ (A ElolE 7h=)
» H|AE G|O[E0f Ciot §2t e & 2| 22 AL

2Vt E2 285 od5ol| floliA = B2 S0 0|HE AHESE A0l 7

» SIS HIO|HL HIAE HIO|H = EA[H =5 offoF 2
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Hl0|E| £E3 Z 9 45Ht

[ E—
- Y52 E|AE CO[HE oD B 8 X
« 7H55H0 B2 T O|E S SHE0ff AFRSHDIA,
MS HyBle g T

s KA DIXAS —fold cross-validation) A&
= MM HO|HE K
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SMOTE(Synthetic Minority Over-sampling Technique) €11 2| S

+ BIETHSS B20| Sk H|O|EE 018 T
Moz DHSOf L g o e e %4 e

e 0|2 e HIE 20| 815 0|8 x ORI Y
Mek oo o

@ @ ® ° OO

= x2| k-2 O] Z (k-nearest neighbor, KNN) e o° (0, o°

0l 22 E12.0] B[O|Ef M e e "0,
e @ @ @

« k-DHOIR B0 REQ|2 B}t yE ME o * %o ° %

+ x9}yS B EIM Ato| BALQ| 9IX]
Off Af22 H|O| 5 ‘48
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O =2m/712 85 871

HI

= 0|2 &5/ 7| (binary classifier): & 7H2| /2= &= HIO|HO| C

rok
HI
m |

Cl
=]

Al
=

>

0

True False
True True Positive False Positive
H 2
=TT
A}
False False Negative True Negative

* True Positive(TP) : 2 Xl| True@! &= True2t ! 0| = (A )
* False Positive(FP) : & X|| False @ &2 True2td 0| = (2E

od
* False Negative(FN) : 2 K| True @l S

S B = False2t 1 0| = E'é*)
e True Negative(TN) : 2 Xl| False@! HE = Falset! 0| (A H)
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O] =2/7|2 85 87t

» D& I (Sensitivity), X 21& (Recall)
TP

nx
>
0
1L

Sensitivity = TP + FN True False

= 50| & (Specificity)

TN True True Positive False Positive

Y M
E

Specificity = P LTN

= 0| = £ (Positive Predictive Value), &

False False Negative True Negative

o o
2 = (Precision)
TP
TP+ FP

= 2°30|=Z(Negative Predictive Value)

Precision =

Ev suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)



nx

0
1L

True

False

True

True Positive

False Positive

False

False Negative

True Negative

JORFEES
FPETN 1 — Specificity
» HEHAE
FP 1 Precist e
TP P recision 7}
= ‘=t (Accuracy)
A B TP+ TN
Ay = TP Y FP+ TN + FN
= F1 = (F1 score)
Precision - Recall
Fl1=2

Precision + Recall

Ev suanlab - 23 X|S(Artificial Intelligence) - 04 I 41 2{'d (Machine Learning)




Total

population

Predicted
condrtion

positive

Predicted

condition

Predicted condition

negative

“rsuanlab -

True condition

Condition positive

True positive

False negative,

Type Il error

Truge positive rate (TPR), Recall,

Sensitivity, probability of detection,
o — __ 7 True posifive
POWEr = T Condition positive

False negative rate (FNR), Miss rate
_ __I False negative
¥ Condition positive

Condition negative

False positive,

Type | error

True negative

False positive rate (FFR), Fall-out,

probability of false alarm

_ __ I False positive
I Condition negative

Specifiaty (SPC), Selectivity, True
negative rate (TNR)

— __Z True negative
Z Condition negative

QI & X| 5 (Artificial Intelligence) - 04 { 412{'d (Machine Learning)

Prevalence

_ £ Condition positive
% Total population

Positive predictive value (FPV),

Precision =
_J True positive
Z Predicted condition positive

False omission rate (FOR) =

7 False negafive
¥ Predicted condition negative

Positive likelihood ratio (LR+)
_ IPR

FP

Megative likelihood ratio (LR-)

_ ENR
TNR

Accuracy (ACC) =

Z True positive + ¥ True negative
I Total population

False discovery rate (FDR) =

7 False positive
¥ Predicted condition positive

Megative predictive value (NPV) =
_7 True negative
¥ Predicted condiion negative

Diagnostic
) F, score =
odds ratio .
R+ 2 . Precision - Recall
(DOR) = [g= Precision + Recall

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

40
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H = | Ol A= 1 |-
OI |x_| T'_'Tr7 —] OO O 7/
31
= ROC = = AUC(Area Under the Curve)
= B5 BV A L0 2 (RIYEE, TEE) = ROCHUYM M Ofeff RE2 HA
L= - S5ZHIH
1.\| T T T T —— UE}EI:_]::,“: 1 T J J _.—___'_-—'-F
0.9 glE H= L - 0.9 _.--"""
x
+ . P + =
08 . :-, 0.8 s B
0.7 D L B 0.7 ’ ’
i 0l A o | yosf 7 1
%ﬂ 05 ,’ﬁ - H%E 05 ;'I 2
04 %&vg\ ’;” . 0.4 ; ;"; ]
0.3 i ‘ 0.3 :
4 I
0.2 P ’ \ E'- 0.2 |
’ Fl
) SERE- r
01f L 0.1
)
. () {Lll u.lz 0.3 u.lﬂf n.lﬁ [r.lu 0.7 0.8 '[LI!-J 1 : i} [r.ll 0.2 u.ls [+.|4 05 6 07 1].Ih' u.lﬂ 1
9 g & AddE
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3 2|1 (Regression)




2|7 (Regression)

- 512 O O|E{0]| BBt = E3ZH0| M40l S4E R 2R
. A
@ N

QKt: 0| St 2 A2k 2| KO
= H|AE G|O[EZ0| Cliieh (0|4 - EMghHe| Bt = o Mlasd
- DHEO| TR G40 Z2 0| PES e

f*(x) = argming ¥t (¥; — f(x;))*

e o

AN
3\

EP suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)
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2| 2| 2faH e (overfitting) a2t DHCHE B (underfitting)

« TCHR S R|LHK| | RS 2 (a4 AL
e TRAR L K|LHK | st 2B (a4 AL

4

»
»
»

OOO(\ OO

© 08 o, g® O

v

v

|:J

= 3| 2| IHE T (overfitting) LS B
= DHO[ 58 T (model complexity)E ‘35 &
» SNt = X g+ (IS A) (R S8 T)

=Ll

Eﬁ suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)

Z7of| &

F

t 2~ & S (underfitting) M™ 2 (good fitting)

A
o

HCH & S overfitting)

A4



Ay ZE2 IPA FH X5 7] 22| AFE LA S+ E[A Yle 7| AlstE U
1Y HE2 UH HO|HOf Ll O =
o
=

" P(w,x) =wy +wyx; + -+ wpx, 10 ‘
= x: 8 H|O|H
» w: 2EO| b5 Ot2t0|

|
.y EE : r""'"';.
] W1~WP:7|'3X| 4 :':I.‘
o
Y Ao
P
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M3 2|4 (Linear Regression)

« A 2| (Linear Regression) =t = Z| 2 K| & & (Ordinary Least Squares)= 7+ 7S 2

- O
242 Qs Ny oY

« 13 37 = BHO| 021} HE ALO|2| B F2RH(Mean Squared Error) S X 2345}
S St IRi0[H w S &S

« BRHF A

N
1 |
MSE = NZ(yi —9) .
i=
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Mean Absolute Error (MAE)

. MAE = ZI}I/V—?I
» DRSO F e =X 42 KHO| = 2+
H o= 7| A

» 2= Fo| =0 7He AEtHe =
OF A O| =

= | AL—- X|-'H'-
» MSE 2 LC} £E0|X|0]| robust
« A4 2 FoH7| =0 22O

underperformance 2! X| overperformance
O| K| OF A O
— = | HAO

= underperformance: = 2O AX|ECH &2 4f

X - HA
SENES
- overperformance DEO| ANt &2
205

Evsuqnlqb - QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning)

Output

” o MAE

Inputs

https://partrita.github.io/posts/regression-error/
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Mean Squared Error(MSE)

. VSE = 209
» X &= O] I 20| MAERQt= CHEA| &
EIO| Oﬂéﬁxj—f% 1145 Xto| e HE of ot
. I7*0|§Hr T=X|7} B0l =0{LIE
EOIXIOHD

= RMSE= MSEQ| FEE X2 "9

« RMSEE @2 X|HE AR| ZfDF SARSHE
F = CiA| H2I510] sl A S 2 A &

Evsuqnlqb - QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning)

Output

Inputs

https://partrita.github.io/posts/regression-error/
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Mean Absolute Percentage Error(MAPE)

e ‘
» MAPE = =2 % 100% Y T
A _f’f/
= MAE®} OHEHZHX| 2 MSEE Ct £ 0| X 0 : . A
robustotA|ZH MAERI &= CHE = 71 e
® P 5
- 715 o2 REo| ot Heo| =X 1 I R E—
. O| CHRI © 2 OI8}| MPEE 272 $013} - .-
E7_|| %% .‘y/‘*//fy. the actual
. N v
= 0 2 M2 20| M= AL SH | 0132 2 F

https://partrita.github.io/posts/regression-error/
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Mean Percentage Error(MPE)

y=y
= IPE = Z(Ny ) * 100%

* MAPEOY| A Z2Lgl= 2T K| &

* MPEQ| 7ty 2 82 2 20|

underperformance OIX] overperformance
O|X| Tt St =~ OICL= 7

Evsuqnlqb - QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning)

A
= d
7
B MPE tells us if there’s
3 / more positive errors
than negative, or
> ol vice-versa
Pt
©
¥V
» X
Inputs

https://partrita.github.io/posts/regression-error/
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2 X|AE] 2|9 (Logistic Regression)

AE| 5]7]= O|20f| 3|72t THO{7} SOI7HR|RH ZHs ot S8 A 7700l O Fl 25

—

N
= oI . G y1), (2, ¥2), ., (v, yn) Ly €10,13
N

AE| 3142 0| 8310] B4 DA}

Ev suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)
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Support Vector Machine (SVM)

= Vladimir VapnikO| &| Ot

X2 h,
» =7 2AS SO|BAM SAI0| = ZTH= . N h,
St= &7 8 A|(decision boundary)E &= O| e y
2 25 7| (binary classifier) ‘e ® -~
» 5|7, 25, 0|4 X| EHX| Sof| AHB &= K| =} )
2 HFHH * o /9 4
H o Hd e O
* O (margin): 273 B2t 715 70| 0f] Rd= °9p © ©
5t 00| E{7HX| 9] 742) . e
= MZE JHE(support vector): 28 GA=ZFH
7t 7010[0f| A= =h= HIOIH =

h;7t h,2CH f%=
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2= (hyperplane)

w
T2 xr=zx,+r
) o lwll
h=10 h=10 B B w_l_w
\N\xx\ wr=w mp-%i“|| T
h <0 w

w $==wT$p+rMﬂ

Tl w'z+b=w'z,+b+rllwl
> hiz)
Sz hilz) =rllwll r= .
iI‘W'.
1 - h(0) _ b
07 Tl Tl

E" suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)
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t,e{l, -1}, i=1,-N

0 tzh(ﬂ'}g) =1, 7 = ]_r :\:
@ NZE HHge A, 3 dwe AUz Gt

’

z71 O AETE 498 g'qA9 |h')l =1

h(z) > 021 &2 t, =1

hz) <09 &7 t, = —1
(
ZA @ = ﬁTﬁﬁ AEZE "o dHAME hiz)=1
o 1
[lwl|

1 )
Find w. b which minimizes J(w) = 5|le|‘

subject to thlz,) =1, i =1, N

“rsuanlab -

S X| S (Artificial Intelligence) - 04 4124

(Machine Learning)

hz)=w'z+b =0



H| M

]

MdE SsvVM

= M3 SVM(linear SVM)

. MHQIXBBOR B2

« |O|E{o| 0K}

- - =

 HIO|E S A AbotH Uy =2| 7ts

“rsuanlab -

Ly

[l Atet(high-dimensional mapping)

d(x) = (x,xz) = (X1,X2)

h(xy,x3) = wix + wox? + b

|;||k|'<'>'d o

- O

ot

AL
T

Q18 X| S (Artificial Intelligence) - 04 H412{'d (Machine Learning)

10

4 3 2 1 o0 1 2 3 4 s
h(x1,x3) = wixi +wyx, + b

g g
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H|Ma svm

= H|O|H S| At Aty

____________________

= XOR =X Vs
)
1
@ m > :-::: __________ ." \
D(x) = (1-'%: \/51’11’2:173): {y1?y2=y3)
[ |
X N
Yo
= KR H2ko| F XA

= X2 Q| X 2= (curse of dimensionality) = &l

= H|AE O|O|E{0] Cliet YHIot(generalization) s X5t 7t
= O] (margin) Z[CH=tS SO et S 7X|

« AlLHE|E S

= 72 Eg|(kernel trick) A& 2.2 5{{ 4

Sv suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)
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H|Ma svm

= 712 E=(kernel trick)

. QI CO|EIS TRl BZIO| ALOIA HIAS SES s15% 4 YT 2 eFohs WY
=2
(@)

= KR HE O] AlAkeh 2= QL= 712 == (kernel function) At

© g L
o ° O i § Decision surface
o 9] B i g
oo ™ l-. o Ay N
(| -. .....
o 0o E"E gm kernel i
o 0 o ] HgtEE Vg
- L T
©eo E mmE o > n_CEECy
o " mm B H mE
© "ogEg_ W 04
o o H o o 0 0 0 g
%60 908" ° A LA L
o ~._ 0 00 ©
© o0 2208 000009
o2 00 ~. 0 2096022
ooc \MD__E'L{“
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» L E# X Q1 7 2~ (kernel function)

Polynomial Sigmoid
Gaussian Hyperbolic Tangent
Bessel Function k(x,y) _ht 1(a]lx — ¥l|)
Gaussian RBF of First Kind A l1x — y"-n(vu)
- n
= . . A (et W ok _ k23
Laplace RBF > k(x,y) = exp (—y — " - }’") Anova Radial Basis k(x,¥) ,‘Zgie_xp(-c(x v¥)3%)

°E suanlab - 23X S(Artificial Intelligence) - 04 I 412{'d (Machine Learning)



SVC with linear kernel LinearSVC (linear kernel)

Sepal width
Sepal width

Sepal length | Sepal length

SVC with RBF kernel SVC with polynomial (degree 3) kernel

Sepal width
Sepal width

Sepal length Sepal length

““>suanlab -

ol

[

S X| S (Artificial Intelligence) - 04 M 412{'dJ(Machine Learning)
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4’3 Eg|(decision tree)

—

= L& = E (internal node) : H| 1! =54
. ._|'A|_-|(€dge) . __)\-I 7|-

= THE £ E (terminal node) : &

- E2| HENZ QAR KA EHBH A

F(class), CH

Tt
H 4L
Outlook
Humidity Yes Wind
ild eak ong
No Yes Yes No

IF Outlook = Sunny AND Humidity = High THEN Answer = No

“suanlab

Day Qutlook Temperature Humidity Wind PlayTennis
= e 712 &= i EHlUA 2
Dayl Sunny Hot High Weak MNo
Day2 Sunny Hot High Strong Mo
Day3 Overcast Hot High Weak Yes
Day4 Rain Mild High Weak Yes
Dayd Rain Cool Normal Weak Yes
Day6 Rain Cool Normal Strong MNo
Day7 Overcast Cool Normal Strong Yes
Day8 Sunny Mild High Weak No
Day3 Sunny Cool Normal Weak Yes
Dayl0 Rain Mild Normal Weak Yes
Dayll Sunny Mild Normal Strong Yes
Dayl2 Overcast Mild High Strong Yes
Dayl3 Overcast Hot Normal Weak Yes
Dayl4 Rain Mild High Strong No
Outlook Temperature Humidity Wind PlayTennis
=Y 7|2 =5 HEE HLA O F
Sunny Hot Mild Weak ?
Rain Hot High Weak ?




A’d E| (decision tree) ¥ 12| F

. E-: CO|E{ 2 =3t} stLjo| e 7
SE EL2 0| M A%}

« HHEEOI L P IP

F &8 (splitting attribute) = 1 EH

S
= S0 el A 2 EE|(subtree)E ‘4 S

1A

Of

=
s

P
X

 HIO|&H S £H-8440]| 2t = Hi

Evsuqnlqb - QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning)
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7Zic

ol 244 Eg|

Day Outlook Temperature Humidity Wind PlayTennis

=0t =% 712 = Bie HLA KF

Dayl Sunny Hot High Weak No OUthOk

Day?2 Sunny Hot High Strong No

Day3 Owercast Hot High Weak Yes .

Day4 Rain Mild High Weak Yes Su n

Overcast
Dayb Rain Cool Normal Weak Yes
Day6 Rain Cool Normal Strong No .y o
Humidity Yes Wind

Day7 Owercast Cool Normal Strong Yes

Day8 Sunny Mild High Weak No

Day9 Sunny Cool Normal Weak Yes Hi ild W
Day10 Rain Mild Normal Weak Yes
Dayll Sunny Mild Normal Strong Yes
Dayl2 Ovwercast Mild High Strong Yes N O Yes Yes
Dayl13 Owercast Hot Normal Weak Yes
Dayl4d Rain Mild High Strong No

“rsuanlab - ¢

S X|'S(Artificial Intelligence) - 04 H{412{'d (Machine Learning)
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Cold Hot
mogerate

Sunny Rain

Overcast

Yes Yes

Strong eak

No Yes Yes

Yes

No Yes No

Yes null
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A
gk
Ap>
>
)
g
5
-
Q9
7
E..
2
&
Y
2

XIXHO
S|
Al HE E':(amoumt of mformatlon) =™ BEo| A

— z p(c) log, p(c)

1.0 L 1 L I I ! | ! L
0.8 : :
0.8 : :
0.4 : ;
0.2 : :
g | | | | | | | | | L

0.2 0.4 [aX:] 0.8

1.0
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—/ L- HA

JHAE AJ}
=

. MOl HE T}

0,0,1

0.25¢

e v
0‘, =]
e
ol
S
=
[==]
=
[
1=
w
o
w5
gy
4=
=
=
=
J ™
=
px
ol
L L . = &
— [=3] oo [ w Lo =t o o~ - (=]
=} =} =1 =} =1 =} =1 o o
fydosug =.__"_._._
—t
ol

.
e
ol
S

0
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‘dH 0] = (information gain)

"G =1— L,

st SO HELE 20RO 4 FENYL SEYO IS E D

Lyes = Z p(v) z p(c|v) log, p(c|v)

IG = I = lyes(A) = Z p(c) log; p(c) +z p) Z p(clv) log, p(clv)

(A
C OO

O AL HSE A
» JHO|S0| 25 2ot 22 &£

Evsuqnlqb - QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning)

69



ﬂ

&t Hlo|Ef2] of

» 22 (class) 27t L= H|O|E

£ =
Pattern Outline Dot Shape
: 2] Rl =1 o4y
2 3] HA T Crds:
3 = b HA4 =5 ArzHy
4 2 & A = A%
5 s =Rl = AMZ Y
6 - A 7 2y
7 2 44 N A
3 22 A A o o4y
9 o2+ A 1 Ay
10 = A =5 ArzHy
11 424 A 7 ArZHy
12 o zh4d H4 i ArZHy
13 2k =Xl 23 A
1 2 2 4 -2 G

Ysuanlab -

¢l & X| 5 (Artificial Intelligence) - 04 2]

L]
o

(Machine Learning)
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“‘% O 1o

9 9 ) )
I =——1log, — — —log, — = 0.940 bits

1
14 14 14 14

Ev suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)
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: % o o 5
L~ LR /] —_ >~ _
% U = —g7lor 7 — 778 7 = 0940

~
A U:
AL I I
__I ALl
_ 3, .3 2, 2 _ .
j.;aorz'zontai = - — %IOQZ%_%]-OQ2% = 0.0 }*:)ertz'cai - 5 1022 5 5 logg 5 0.971
_ _ 5 4 5 B
I.,.(Pattern) = Ep(“b‘)f(“b‘) = 14 - 0.971+ v 0+ e 0.971=0.694

IG(Pattern) = I— I, (Pattern)=0-940—0-694 = 0-246

E" suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)



9 9 5 5
[=—Zlog, — — =1 = 0.940
14 %274~ 14 o8 1 14

Outline

6. 6 1, 1

3. 3 4, 4 _ L., = ——log,———log,— = 0-592

Lashea = — = logym— —log,— = 0.985 solid 7 108~ 0 = 099
L,.(Outline) = Y pw)Ilv) = 14 09804—14 - 0-592=0.789

IG(Outline) = I— L, (Outline) =0-940— 0.789 = 0-151

Ev suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)



= —Dtom 2 = 2 lom 2 — 0.940
= ——log, — — —log, — = 1.
14 79271 T 14 E"’H

_ 2, 2 6, 6 _
L, = 3 log, 3 1og2 3 0-811
I..(Dot) =Y pw)lv) = 4 .+ 0.811+ % 1.000 = 0.892
IG(Dot) = I..(Dot)=0.940—0.892 = 0.048

E’Sanldb - QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning)



ISk H o =

Hiolg &g Zetnt HHo|S

YT EE . BEay ey
» [G(Pattern) = 0.246 » HHEHO|EO| & 74 MEH
= ]G(Outline) = 0.151 = Pattern 41 EH

= [G(Dot) = 0.048

~ ZAR
Vi Al AT

E" suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)



“rsuanlab -

ASX|

=
o

"
w *

—
Pt gt

Y
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n.é__“_‘o.i E %
SEPRE Z
7 I
% A U: E’l I

Pattern
TE CH 2 <2
Dot square Outline
square triangle triangle square

Ev suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)

77



’d B 0| 5 (information gain) & £ 2| Tt

IG = I—1,/(4) = =Y plc)logplc +Ep Ep clv)log,p(clv)
C
. 470 B A M
= 0f: 5t 0|5 &
S 497/0| OB O TT S RS RETTOE Y
. xe BEYEe SN0l A
L

= Y2 0|=H|(information gain ratio)
+ XL| X|4=Gini index)

Evsuqnlqb - QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning)
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‘d 20| 5 H|(information gain ratio) & &

= 3 2 0| = (information gain) & == 7}{4%t A
« £4710] B2 40 Cfs 20(Y

GainRatio(A) = % — ! _IIE"ZS) (4)

" 1(4)
e 24 A2 TS 22 (dase) R 7HES10] Al At dlE 2]

+ £MZH0| HSHE HX|= B

0ot

104) = = ) p(v) log, (p(v))
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BHO|= H

“rsuanlab -

e I(A) = = > p(v) log,y(p(v))

-

-

()
logy 74—

/

4 1 -
14 1og214—1.a8

B
14

) 5
I(Pattern) = 14 1082

IG(Pattern) = I— I, (Pattern)=0-940 —0-694 = 0.246

IG(Pattern) _ 0-940— 0-694
I( Pattern) 1.58

GainRatio(Pattern) =

= 0-156

QI & X| 5 (Artificial Intelligence) - 04 { 412{'d (Machine Learning)
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MHO|S vs MHO| S H|

“rsuanlab -

£ Mo Jj4 MEOS  HHO|SH
Pattern 3 0.247 r 0.156
Outline 2 0.152 0.152

Dot 2 0.048 0.049

QI & X| 5 (Artificial Intelligence) - 04 { 412{'d (Machine Learning)
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XL X|+(Gini index)

» O|O|H &igtofl Chat X[ L €4
= i,j7} & (class)= LIEME [}
Gini =) pO)p()
]
=8 A0 Chet XL X|4X 715 B

Gini(4) = Z p@) ) pllpGiv)

l-'/—'_]

= X|L| X|£= O|5(gini index gain)
GiniGain(A) = Gini — Gini(A)

Evsuqnlqb - QB X|S(Artificial Intelligence) - 04 { 412{'d (Machine Learning)



XL X|+(Gini index)

% samssw

9 5)
f— 7 SR Qo
3 % Gini = ¥ X T4 0.230

__J_ [[ I3

Gini(A) = Z p(v) Z p(ev)p(j|v)

i7j

9,

1 =0.171

4 4
)+E>< {IX

2 = s =
1 G5

3 2 3 2
Gini(Pattern) = — 3 5 & %

Gini Gain(Pattern) = 0.230—0.171 = 0.058

Ev suanlab - 23X|S(Artificial Intelligence) - 04 £l 2{'d (Machine Learning)



“rsuanlab -

&4 HHOlS  MHOISH  XLo|S

Pattern ' 0.247 ' 0.156 0.058

Outline ' 0.152 ' 0.152 0.046
Dot ' 0.048 ' 0.049 0.015

QI & X| 5 (Artificial Intelligence) - 04 { 412{'d (Machine Learning)
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=l ==

F

oll

CART

| o: )

ol
0
4r
750

<

HIO|&off CHalf S

«= HOJHZ 2§

—
i

H[O]E1 0| CH

« 0. PlayTennis,
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2| (regression)

HE
Area
25

=
Cutline

Lot

FPattern

R

*H

30
46

49

T

*H

T

*H

) 2h4d
'_"';"- L

T

a2
23

T

=

A
=

T

=

A
2=

6

43

T

=

35

T

*H

38
46
48
92
44

30

T

=

) 2h4d
'_"';"- y

9

T

=

10
11

R

=

R

*H

) 2h4d

12
13

14

R

=

) 2h4d
'_"';"- y

R
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“rsuanlab -

Pattern

Dot 45.0

es

47.7 26.5

QI & X| 5 (Artificial Intelligence) - 04 { 412{'d (Machine Learning)

dashe

30.0

Outline

olid

45.5
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2| (regression)& ¢lct BE EL

= CHE L ETF R R (dass)’ O el s=X| 2k (numerical value) &
= It=56t= A=0| 7HX| = CH &4t

H
Ay
rEl
>t
H

SDR(A) = SD - SD(A)

Ev suanlab - 23 X|S(Artificial Intelligence) - 04 I 41 2{'d (Machine Learning)

2 (reduction of standard deviation) SDRE ZX|Cl| 2 St=

1
0

A

L

rx



2| (regression)& ¢lct BE EL

Area

Area?| BEMX} IH=

26
30
48 < SD = 9.67 Pattern

46 tjzh4d 1

12,15 D

,.
'
off.

— =
15

9,36 D

62
23

43
36

38 SD(Pattern) = — x 1215 + — x 936 + —x 5.77 = 9.05
48 a ern)—14 : 12 %9 12 X277 =9.

48
62
44
30

SDR(Pattern) = SD - SD(Pattern) = 9.67 - 9.05 = 0.61
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U= =77l (ensemble classifier)

FOll CHOHA O 2] 72l ME CHE &/71= BH& 4, Ol =771
£ 1 W4 (voting method)O|L| 7}SX| & H W4 (weighted voting method)

9,1'

i |
i
o
m
IRal
Ok

> Ny 2
M ok k=1 |

o

= 2 E A E #(bootstrap): =01 2l &5 G| O
replacement)St0f Lf=2| &b H|O|H &

= Hjj & (bagging, bootstrap aggregating)

» 228 (boosting)

KISt A £ 2 —jf—g(resampling with
— EH
= =

ot m
o ¢
=N
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i 2 (bagging, bootstrap aggregating)

i

/|

- [m

“rsuanlab -

2
O

L—

Ed= Sl o3 72l ot HO|H &gs 2=, 45
=0, 0|=0| F&L| 7P3X| SRS &F 8=}

I'- |.
oA Eal =] P a1 s ] ”’f*,:’ Es
- —— | - E_?l— . )

— O|0|E 1 {%15% ]—[-E—'Tgrﬂ 1 J ‘ 0| 0|
-._.-F"--— .-.' |
[=] F=3 =1 A LN -
oy S sta | LT z2s
oy || HIOIE 2 l 22|35 I l gRslz 1 2521 | ==
h-_.ﬂ"-‘-—
& & 8
. @
ﬁ-*ﬁ aha .
-—F"--—

2l 8 X| S (Artificial Intelligence) -

04 HAZHY

l(Machine Learning)




77|12 B8 EL|S A Eot= i 7|8

Test Sample Input

Tree 600

Prediction 1 Prediction 2 (... Prediction 600

Average All Predictions

v

Random Forest
Prediction
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Of| O| C} & A E (AdaBoost)

= N7l|2| at&5 O[O|H 4,0 CHet X£7| 7}5X] =
Wi
sy — L = St
wp ==, 7HEXI0| %1

roy s
ol5 2R/ e
» MR H25SHEH|I0|E Q| 7S K| gto 2
o
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k- & 0| 2 (k-nearest neighbor, KNN) ¥ 12| =

= L0 2o AHe| At

x  a
XI H|O[E{e] BF ) T
F=2|C| Y A E|(Buclidian distance) A | A x 4
X=(x1,%,.,%0) Y=Y 0 Vn) x l. ‘ x
d= (x1—y1)°+(xz = y2)*+ +(xn — ¥n)* K * ..
K A
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k- & 0| 2 (k-nearest neighbor, KNN) ¥ 12| =

« S2X 0| O™ 0| EMM

- -k O 1 _*_
» 0| O|E{ 2| 7H<=7F BEOFX| B A AhA|ZH 57t o
= A NN A
= M9l(indexing) At2 T ALE * : A%
* R-E2|kdEE| S |
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k- & 0| 2 (k-nearest neighbor, KNN) ¥ 12| =

x A
= B *
« B20| HEY s a X A
= Ct==Z & H (majority voting) : 77 B2 H * ® A *
=NE .
= 3|H=4 et S
. E20| 1Y

» o 22 KL Bt

= 715l (weighted sum) : 72| 0f| BHH|&|SH= 7t
S AFE
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k- & 0| 2 (k-nearest neighbor, KNN) ¥ 12| =

« S EAOM = 22 50| ZoLY
O

K| Q4 O|O| E{ B X * o a
= SISO0|E7H AT H 22| 2 " S
» H2E =h5(lazy learning) x 4 ". A N
» ME2 H[O|E{7} O X|H X & & H|O]E A
£ 0| 83510 == KKy
= AlZtO| BtO| ZE QIS
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A
A, =& e FAt== A

o L
T =

el 2

As

Hml_

=0\

= [|O|E

= T3} (clustering) H 1 2|S
=7
= %

=
-

FO| QALE (similarity)

7
il

| (hierarchical clustering)

FO1, 7177t

{0
K[

F

SEHOH| A Al

of

__I.L

2} (partitioning clustering)

A
H

QA AETE| LIFOM B A

=
=

| B M| H|O[E
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ASHE ZH=et 3 E 2 1% (dendrogram)
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=
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o
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L}O| B H|0| = &/ 7| (Naive Bayes Classifier)

. —'T'—%—(dass) AN KXAMS EZHE Q%(conditional probabﬂity)E a7

= P(clxy, X, %) SN0 CHO RO ZHE =HE
N ==
s T T 1T

-
" Xj- ﬂgﬁk

= H|O]| = “dE|(Bayes theorem)
s AMEHEE
P(xq,%5,...,%,|c)P(C)

P(xq,x5,...,%,)
= 57

P(Clxl,xZ,---;xn) —
Al

ot
ot

» 7t E(likelihood)2| Z=718 = E(conditional independence) 73
= P(xqy,%5,...,%,|C) = P(xq|c)P(x5]C) ... P(x,|C)

P(x1|C)P(X3|C)...P(Xy|C)P(c)
P(x1,X2,-Xn)

= P(clxy, %, xp) =
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H| X| &= 8} (unsupervised learning)

Zird 271 = HOIHE0| Lol M S8 HE= X= A

= O|O|E{0f| &R et T+ (structure), Al ST = (hierarchy) & & Ot = A
« AL ALE AL & EHhidden user group)E &= A

» A== THOf [h2r 2 25t= A

» 27 0(log) SEE AHESH0] AFE Il E (usage pattern)= ZOtLH=
« HIX| = oo H

= & 2H(clustering)

= 2= 7(density estimation)

= X}& =2 (dimensionality reduction)

Y
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U & % (density estimation)

" =7 (lass) B HIO|HE HS0 Mg AR FFE=2AEcZS /= A

20
. ZHR2 2 0T O 0|E S 2AA|7 | = 2HE A A
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U & % (density estimation)

» 2 =8 (parametric) 2= T
7t 5 oo 20| QRS 7HX| L QLB 7Y
OfZI GIOIH & 7+ & BHEot = 22| mi2td|H 273
MO HEY : 7} A|2HGaussian) &= EE= O 2 71 2| 7+ A| 2t t==2| = Tf (Mixture of Gaussian)
» H| 2 =% (nonparametric) 2= =7
» 2 20f oot 58 &5 7PIoHA| B3, 0T HIO|E & AHE510] 2 gt E| &
- M 0l HEY: 5| A E 1 (histogram)

-

0.56

048

040

032

0.24

016

0.08

0.00

http://i.stack.imgur.com/pEOXu.gif
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X}l = 2 (dimension reduction)

= DXRO|HO|HE RS =45 E[AT}
ofHAM XX o 2 Hals= 7
S
- 1
- 2,30 B Sk A|ZtSsHE KT 0|
B} 2A] 7hs

= X2 Q| X == (curse of dimensionality) & 2t2}

2nd dimension

1st dimension
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KH2l 8] X (curse of dimensionality)

1>

O| AZ+= Helg 27t @8oliX|= = A&0| S7r20f| W2t F=52k2] 77t

= A& =
S v i B Gy =<
vkl 1ot 8o 2 Tt
0.8 0.2
0.6} 0.15 ] Tok
2X|—% 0.4} 0.1 ] 4I|-_°IL_|
0.2} 0.05 ] o )
0 0 - :
5 10 0 5 10 Ll
(a) (b) #_ .’ .
0.08 0.06 . i .
0.06} -t - K- . I
0.04 ] ; [
2058l oos| 50%H <
0.02} 002 1 —t+—+— T Ty 3
% 20 40 60 % 50 100 (a) (b) (c)
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F8E &4 (Principal Component Ana1y31s PCA)
= 20| 2 20| 52 7|22 H|0|H & Ated(projection) St A XA L= HSt
= [|O|H Q| & 4Fl & (covariance matrix)Of| [H‘.’_F T ol (eigenvalue) 7| = 22| 17H

E(eigenvector) & At HOE MEH
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0| &X|(outlier) E K|

. O|AFA] s
- CH2 G|O|E{QF 3 H| SHatM CHE HF{ LIS 2af @ ® o
O|8l| MM =l Z0| OFHIX| O M A 22 [|O|E 243 ® ®
. THAI CHAL  2e2)
) P @
= &2 (noise) -
[=]
. B :ﬂp
» 2E Q2 A|AHIOA LMSHE 2ER| A O 7 O T -
QKt S 239 . T e s L >
= THAO| Gl= M A et < 28 P ERAT AR
* * x L
. 237 | % w, x e
= Atd B K| (novelty detection) 2t £ .
236 F @
Z3ht L

0 10 20 30 40 50 B0 70 80 a0 100
Date
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0| &X|(outlier) E K|

= 8 O] X[(point outlier) e (9
» ChE OIO|E2FH| W5 X}0[ 7+ 2 H|O| E oo
* 0Lt o
b 17
o ® o o
= &2 O| & K[ (contextual outlier) .
« 20 X = HO|H
« Of)) §EH0| 5= 21 H|0|EH = Ed, A=H| ©O 00 00O
25 = O|&X| o 0 9000
o O o O
{?@ 0o 00O
= & A O] & K] (collective outlier) 0 00 O
o 0 0 o0 0

» O] H|O|H S ZOA EH H| L2 = E O
= H[o|H =2 &t

.. NiIp—web, buffer—overflow, http—web, http—web, smip—mail, ftp,
http—web, ssh., smtp—mail. http—web, ssh, buffer—overflow, ftp,
http—web, ftp, smip—mail. http—web ...
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O] & K| (outlier) Ef X

S EAME LK A| A (fraud detection system, FDS)
» Ot el 52 28 A0 7tE 27 XA AtsL 2 B HAX]| HE

 —

& & = A] A| A B (intrusion detection system, IDS)
» HESR{3 EE S 2HE0H Ol B2 A E

A|&ES| A T

BEUA Z2 AT A ELEHT
SSEU0NM 7 HE2| EHA
AEE SAHON FO| A &K
o= 7Ol 4K
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= A ®
HFX| & St (semi-supervised learning)
= 20| Ciet 2240 gl 0|2 & Ol0|Ef(unlabeled data) S X| =SH&5 0] AFE 5= 2
= 27 = H0|H(labeled data)= =2 25 H| &, 0| 2&F H|0|H= 22 2= H|&
» =57 A7 gt 0|2 I31|O| H=0| set &t 250t =ofg
2 20| Fole A2 7tstt s R0 255t == ot g
- TN este e
I 0 © ® ®°%,
i 0@/ T . ® 8¢
o I e ®e | O o o

e J — e

I = ee0® ()

i 0 o 0 0080

\ / \ OOOOO
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s
—=

K| = St= (semi-supervised learning)

= W2 (smoothness, &%) 7S
» 70| A= HE2 M2 L2 FRU S 7t
o O IT O

= & (cluster) 7}
» 22 20| £35t= O|0|H = s 2t 70

£ 7580l =5

= 0| L| = E (manifold) 7}
« A AR OIS X2 oL ZEE0] O]
H7t22e 7hsd0| &5
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