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% B3 3] (Supervised Learning)
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k T4 52 3] %5 (K Nearest Neighbors)
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3B % B & (distance metric) & i 2 09 £ A

gk dist(z;, ;) >0 ;
i1k dist(x;, ;) =0 él HAN S ¢ =
XPRRPE: dist(a;, x;

) = dist(x;, x;) ;
FLIEE: dist(x;, 2;) < dist(x;, zp) + dist(xk, ;) -
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FREHM X J T XM AIESH (Minkowski distance)
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BN AAAERE: x = (X, X2, Xg)
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dist,,(x,x") = Z X; — X;
i=1
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p = 2: B K ZE % (Euclidean distance)

p =1: ¥ %40 ¥E H (Manhattan distance)
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1¢ J Sklearn 55 1.

class sklearn.neighbors.KNeighborsClassifier(n_neighbors=5, *, weights='uniform’, algorithm="
auto', leaf _size=30, p=2, metric='minkowski', metric_params=None, n_jobs=None)

>>> X = [[0], [1], [2], [3]]

>>>y=0,0,1,1]

>>> from sklearn.neighbors import KNeighborsClassifier
>>> neigh = KNeighborsClassifier(n_neighbors=3)

>>> neigh fit(X, y)

>>> print(neigh.predict([[1.1]]))
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Zx £ = )3 (linear regression)

+ AARAFT, BAFTEONEFTLEEZANRE, SRR ELSABETEZRGXE,
E—B S ERANFEZHRHETLHOLES

« BXMNPNANBELEZAAAEKXFZNFLHEESH, 28 RE T EZ X FRGERBARY
I ARA | e RAAER R, AR Lo 2R A

/ y = 33.73(3&~)) + 0.516x \ © REFHF/EG N, ARFTLFHES
R 30516412, © R BT X A% & (regression)”

\ / 5 @5a (IIYQI)B”@]JEF%"/\_\J",_jg%%)

y:FEFHEEH e EEHEE S Brdey HA AR (0) %A
o / {2 R B — L AR T T RT




7L 2%, P B Y3 (linear regression)

BIF: FRSE T RRE KL RIKK RIS LI, £PFI%T

i o B B AR x Ao B K R FS 7 69 5 AR | ARy

TR KRR KR8y

ABEEX 5.1 8.2 11.5 13.9 15.1 16.2 19.6 23.3
K R %S o |y AR y| 2.14 4.62 824 | 11.24 | 13.99 | 16.33 | 19.23 | 28.74
S AT 3¢ AR R 5 KR TR ra ) Sk m AR 8] % A AT AR 7

fx) = wx; + b 245 f(x;) = y;

TR w,b
MBEFI)ES: LT
W 2R PE 4 2w, b by BAR




— 7L %, PE B )2 (linear regression)

BA: f(x) =wx;+b, BAR: f(x) = y;

o BA BN R GTMAS (x) HEFIFE (FFE) y; 2 28R
(f (x) — yi)?
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n
L(f) = z(yi — f(x7))? ¥) 77 1% £ (mean squared error)
i=1

« HAr: (W', b*) =arg (%igl) (i — f(x)? & s 5 ik (least square method)



7L 2%, P B Y3 (linear regression)
(w*,b%) = argmin » (i~ f(x0)?
= arg (rglvﬁlgl)zz(yi — wx; — b)?

¥ L(w, b))% HlstwA=b £ 5

OL(W b) 22()}1 wx; —b)(— X)—z( Zl N _Zl 1(y‘_b)x)

6L(avlt; b) _ Zz(yl wx; — b)(—1) —2<nb Z i — le))




— 7L %, PE B )2 (linear regression)
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— 7L %, PE B )2 (linear regression)

BlF: TEALHTERRXRAEARNRKRGIES N LKIE, AP INETHRKEHFMAKKRIETE
e Ex/fﬁXﬂ{“j'i’i'J)\mﬁ/"héﬁﬁﬁﬁ\ﬁ]ﬁ,\y

RRBEEX 5.1 8.2 115 | 13.9 | 151 | 16.2 | 19.6 | 23.3
XRZ &My | 2.14 | 4.62 | 8.24 | 11.24 | 13.99 | 16.33 | 19.23 | 28.74
bzlzn (y; —wx;) = — WX W= i=1 Xy —NXy
nlui_," =Y n L xx; — ni?
- - 297 x1y1+x2y2+---+x8y8—83?37 —
ETNGEATHF: w= _ =1.428,b =y —ax = —7.09

x2+x2+:-+x5—8x2

PSR £ $2 22 o B A XK R P R4 v Ak @ AR B R IR E Z 1) 69 — LR = 3 42 A
“KRIT# 6 FARmAR= 1.428X L im iR & — 7.09”, BPy = 1.428x — 7.09
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7L 2%, P B Y3 (linear regression)

O #lF: TRy EIMIFBFIEGERR

Z @I, LRI I —NFm K

RZ e mAR ey i E B & — X7
2 B 51 | 82 | 115 | 139 | 151 | 162 | 19.6 | 233
R z 45 | 5.8 4 6.3 4 72 | 63 | 85
KX B @Ry | 214 | 462 | 824 | 11.24 | 13.99 | 16.33 | 19.23 | 28.74

Bk AN INGEE Ao, v ey, EPx =[x xi2 o Xiq] €ER?Y, dARKIBIFIE L4 E
2 A% A (linear model)iX B 52 3 — /Nl 13 & M 69 2 Pk 20 A R 3R AT TR 69 oF) 4%

f(x;)) = wyixjy + woxip + -+ wgxig + b

MEMA: f(x)=wTx+b
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o« FEHEMX: SREBEEXED ={X,Y},X e R4y e R

X11 X12 Xi1d (V1]

X21 X222 X3 Vo
X = : : . :d Y = .

Xn1 Xn2 °° Xnd | Vn |

e fX)=XW+b

OO =XW +b #AZFX) =Y

;/EI:‘EPW — (Wl, Wy, ,Wd) € RdXJ'
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W = arg VTI/“XW Y”

o MWRKFTIF:

aL(W )
ow

= 2XT(XW - Y)

o« ABHHKOTIT: IR E BB A ARG E R, PTAR R
ARG E—ANHOME S, LR AR R IME R
W=X"X)"1XxTy



O #F: BTk RBNHIFEFIEO Y4 E A
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Rimx 5.1 8.2 11.5 13.9 15.1 16.2 19.6 23.3
Rz 4.5 5.8 4 6.3 4 7.2 6.3 8.5
KR #ZhaiRy 2.14 4.62 824 | 11.24 | 13.99 | 16.33 | 19.23 | 28.74
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X=145 58 4.
1.

51 82 115 139 151 162 19.6 23.3]'

1.
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6.3
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1.

8.5
1.

Y=1[214 462 824 1124 1399 1633 19.23 28.74]"

7 H T4

W =[1.312 0.626

—9.103]
Y =1.312x + 0.626z — 9.103




1¢ B sklearn = 2L,

In [10]: import numpy as np
from sklearn.linear_model import LinearRegression
X = np.array([[5.1]1,[8.2],[11.5],[13.9],([15.1],[16.2],[19.6],[23.311])
y = np.array([2.14,4.62,8.24,11.24,13.99,16.33,19.23,28.74])
reg = LinearRegression().fit(x,y)

In [11]: print(reg.coef_)
print(reg.intercept_)
[1.42835273]
-7.09137783221065

In [14]: reg.predict([[18.1]1)

Out[14]: array([18.76180649])

np.array([[5.1,4.5],[8.2,5.8],[11.5,4],[13.9,6.3],[15.1,4], [16.2,7.2],[19.6,6.3], [23.3,8.5]1)
np.array([2.14,4.62,8.24,11.24,13.99,16.33,19.23,28.74])

In [15]: x

In [16]: reg = LinearRegression().fit(x,y)
In [17]: print(reg.coef_)
print(reg.intercept_)

[1.31227219 0.62649508]
-9.102525137839692
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1E W) & (Regularization)
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1E W) & (Regularization)

« %19 Y3 (Ridge Regression)

1 ™m
arg min — Z(fwTwz‘ + b — yi)2 + Afjwl|2
wb T
* LASSO Regression
B R - 2
argmm—Z(w T; +b—y;)” + A|wl)
w,b m -



25 #) X% 5 +)» M (Structural Risk Minimization, SRM)

arg minL(w, b))+ [[[w],

w,b
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SEFHA] (2, ), y € R2 5 8 5AA 8 6 A 5 45ie, 1)
BE s EEE  y=w e+ Db

A FUNABIE I y B9 5T A4 7 y 4
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(log-linear regression)
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o ZRMEEAER FAGEAME z2=wx+Db
- BZind ye {01}

o RARRR—AHHIEz YR RALR?

*i() :’
“H L5 e A7
(unit-step function)
| > PR, EENTS
0,z<0 %
y=1405,z=0
1,z>0 MR T F, ~ 1 -
TR BB y = 1+ e-2 Sigmoid & £L

(surrogate function)



X %)L& & )2 (logistic regression)

o I JLE S Y3 (logistic regression) A AE B YA A F 7] N sigmoid ok £ 9 — AP AR A
e Logistic® 242 A 7 4o T & <

1 1

" 1+e? 14 e-(Wxth)

y

H AZsigmoidib . x € RAZ M AFKIE. w € RAFeb € RAEAF KM AR £ 4

1+e— %



X %)L& & )2 (logistic regression)

1 | > T
YT 1t e-WxeD) I_W D

“IFFILR”
(log odds, 7~ #% logit)

JUZ (odds), B BT x A A E15) 69 48 % 7T A8 &

o RN IExETERNBEXTEET ABGBE, FFp(y =1]x) > 0.5, N ANEIBx T # A8 & T

. o = 1|x)
Ef], ik —sx s P
7], X XN ﬂ"p(y = 0|)

p(y — 1|X)> _ =r " T c S
> 1, Bfln (p(y =0x) >Inl =0, LzxxZ2wlix+b >0k

“ItEILEE I (logistic regression)
R AR “IFEEE” ) RIFHELA K F




STROLFE )2 89 K AE

o BRHIEED = {(x1,y1), (x2,¥2), -+, (e, v} x; € RE,y; € {0,13

o EWy R EEBBEST, WA

p(y = 1|x)
In =wlx+b
p(y = 0[x)

wTx+b
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o BMAZENF LR T LA KT TBEAR KAST

i A 7K I
— P R KA IR AE 71

maxzizllnp(yl|xu w,b) (maximum likelihood method)

* 7}?4%}% Tx+b
w'x+
p(y = 1lx) = 1+ ew x+b =f()
p(y = 0lx) = 1 4+ eW Tx+b =1-f()
COEHTEA N g ) + (1 -y In(t - F()
i=1

©OERAE ) =) —yin(fe) — (- y) In(t - £(x) EESCEIES

i=1

6 F T [ 3% /447 & [Boyd and Vandenberghe, 2004]



% T I%(Gradient Descent)

o BT EH KA AR R ML s R XA T &

RS EWRETALA F(w), HEAVF(W)

« R BIHEN:

w; = wj_1 —nVf(wi_q1) n—AAXAR A F K (step size) & H F 3] % (learning rate)

3% e [0,1], REERKK. R D




1¢ B sklearn = 2L,

class sklearn.linear_model.LogisticRegression(penalty='l12', *, dual=False, tol=0.0001, C=1.0, fit_inter
cept=True, intercept_scaling=1, class_weight=None, random_state=None, solver='lbfgs', max_iter=1
00, multi_class='auto', verbose=0, warm_start=False, n_jobs=None, |1_ratio=None)

é:tE:1 date In [6]: from sklearn.linear_model import LogisticRegression
| aE BT ME NE BE WE B0 from sklgarq.tree 1mport DecisionTreeClassifier
T T T e . LR = LogisticRegression()
clf = DecisionTreeClassifier()
1 0 2 0 1 0 0 1
2 o 2 1 1 0 o0 f LR.fit(data.iloc[:,:-1],data.iloc[:,-1])
3 2 2 0o 1 0 0 1 clf.fit(data.iloc[:,:-1],data.iloc[:,~-1])
4 1 2 1 1 0 0 1
5 2 1 1 1 2 1 1
- . In [7]: print(clf.predict([[1,1,0,1,1,0]1]))
7 0o 1 1 1 2 0 1 print(LR.predict([[1,1,0,1,1,0]]))
8 0 1 0 2 2 0 0
9 2 0 2 1 1 1 0 [1]
10 1 0 2 0 1 0 0 [0]

11 1 2 1 0 1 1 0

2 2 1 1 2 0 0 0 In [8]: from sklearn.metrics import accuracy_score
3 1 1 0 2 o 0o o print("Training Accuracy of Logistic Regression: ", accuracy_score(LR.predict(data.iloc[:,:-1]),data.iloc[:,-11))

print("Training Accuracy of Decision Tree: ", accuracy_score(clf.predict(data.iloc[:,:-1]),data.iloc[:,-1]))

14 0 1 1 1 2 1 0
] » ] 0 ] 0 0 Training Accuracy of Logistic Regression: 0.7058823529411765
15 Training Accuracy of Decision Tree: 1.0

16 2 2 0 2 2 0 0
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# % (clustering)
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the goodness of clustering depends on the opinion of the user
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o “ 7%,:& Jé] #B{d};{” (inter-cluster S|m||ar|ty) 'ﬂ& &

A KRR

o “AAMME”  (intra-cluster similarity) =, H
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K ¥)18 & % (K-Means)
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(2) @@Lt Hees, HF—AEA{5L F=A%A1{2,3,4)

(3) HHEFHWEF S (2.52),(2,0)

(4) #e95k: H—ABAL5) FAEH2,3,4)
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