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posterior probability prior probability
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likelihood function p(w) p(w|D)
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T—=BDTAvTA V7% LIEWNEE /\
SENTEEEEDS t=f(x) ol
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FA5&57EA  [ElYm (Regression) U

[l (Regression) &1 -
T— 2D {(x,, tp)} D EZ SN & EIL, Training set
EFED x I LTt ZFRIT 28 t = x = {x1, 22, - , TN} S PRMLICEES
y(x) Z=BDlr5Z & t = {t1,t2, - ,tn}
MEICERAE T vTav7, felcl
RAETZIZREN ( ) i, 90
X W EERIT x = (31, %5, -+, Xp) "o (Tny tn)
0 °\.° >
BWHFEDESEE[MED & .
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FIIFE y(x) & LTZEZIET (polynomial) Z&E 2 %

y(x, w) = wo +wrx +wez? + -+ wy™

M
_E : J
= w;x
7=0

INT A =5 — {w;} |CBB U THRRIZ (linear)
=> {FH2[ElG (Linear regression)

AT x (% L CTIEIERREAZ (nonlinear)
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R = RB8EX (Error function)
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n=1

M
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DO |

argminzit8 9 5 &

w* = (d1d) 1ot = dTt

- e | 1 =z x9 M _
SRE B B/ )ME (1 ) lew\ NX M7
o — 2 2 2
w”* = arg min F'(w) B sTET7!]
w \1 TN x?v x]\N/[) design matrix
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5 H| gh4R Moore-Penrose pseudo inverse
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TANT—2%ZFBETS
generalization (GA{t) :

X/:{x/lax/%"' 733§V’} — —
Test set t/:{t/ o } ?P;EEELC'f%’)TCT_Q &Liﬂﬁ%?'_gzb
1>m2 o PNY ELLFRHTEST E, AbERE,

2 DM Root-Mean-Square (RMS) error (FH_HRE) = EH

1

—©— Training

| 5 —6— Test
Trainin * 2 _ *
ERMS &= N T; [y(xmw ) - tn] — NE<fw )
= 05}
&3
1 X
€S * 2
Egsis = \| 77 2 (@), w*) — 1]
n=1
B | testT — A DWNE 0— ' -
0 3 6 9

test7 — 2 HEWFEITIE. trainingT—2%&ZBS5 LT
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IFBIME (Regularization) :
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1 N
BE(w) =5 > (e, w) —ta]"
n=1
_ %(q)w )T (Pw — t)
OF (w) _0 £V

ow

w* = (¢Td + AI) 'olt

A
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J
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A lEhyper parameter & XN

) v DE])F
Ridge regression

PRML Table 1.1

M=0 M=1 M=6 M =9
wg | 019 082 031 0.35
w; 127 7.99 232.37
w3 2543 -5321.83
ws 1737  48568.31
w) -231639.30
w? 640042.26
wy -1061800.52
w? 1042400.18
wg -557682.99
wy 125201.43
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(In 1 = —oo)

(0] InA=0
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PRML Fig. 1.7

InA=-oc InA=-18 InA=0
wg 0.35 0.35 0.13
wy 232.37 4.74 -0.05
w3 -5321.83 -0.77 -0.06
wi 48568.31 -31.97 -0.05
wy -231639.30 -3.89 -0.03
wi 640042.26 55.28 -0.02
wg | -1061800.52 41.32 -0.01
wi 1042400.18 -45.95 -0.00
wj -557682.99 -91.53 0.00
wy 125201.43 72.68 0.01

PRML Table 1.2
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