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Sigmoid £y

o(2)REF—NERRIZEREL (logistic
function) JISTZRAZN (Slgm01d function) -

0 o() = g(2) = ——
éi@ﬂ%, FA1ERZE R IR ERI IR EREL TE— il o | I l

-6 -4 -2 0 2 4 6
L(9,y) = —ylog(®) — (1 — y)log(1 - ) W0 (2) AFZEF0.50, Tl y=1
L0 (2)/NFO.58F, TR y=0

Z=wlix 4+ b

TR BREAL A =2 =wy + wixg F woxo+.. . Awx, + b =wTx + b, NbETLARIAZIw,, Bl: z=wTx
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LA FRIREL h(x) = z = w'x, SBEIR(—o, +),

Mo XIS RFELZE 20,119 RE.,

T oRIERS, FHRY1ZFRodds: BEHRES §1¢7f:7iéiﬂ’97fﬂ%>—?—<2tlﬁ79%,
FRASEMHHIELELL (the odds of experiencing an event)

Hep Afei S RERIME, pAYEEI[0,1].

Qe EER logﬁ, ﬁ'ﬁlog& =wTx =2z

dnl
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Bz TEERR: g(2) =

1+e—% 3=
1+e-z) /i
e~ Z

g'(2) = (
0.5
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1+e7 -1
- (1+ 6_2)2 Rl | o | I l
1 -6 -4 =2 0 2 4 6
- (1+e7%) { (1+ e‘Z)) 9(2)

=9(2)(1 - g(2))
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Rig— NN —osstany:
p(y = 1|x; w) = h(x)
p(y =0|x;w) =1 — h(x)

U

p(y|x;w) = (h(x))” (1 — h(x)'™
ZIERTMRERIBIRE: h() = g(wTx) = g(2)
Hrohz = wTx , 1BEERE (logistic function) z(/3:

g'(z) = g(2)(1 - g(2))

1
1+e~2'

g(z) =
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L(y,y) = —ylog(®) — (1 — y)log(1 — )

y %ﬁﬁ)ﬁiﬂﬂ@h(x)\
Y FrEXE
AT HEEEFELIPIGHEAR LRIRINE, RIIFEEN—IPEENRNER
&, BRI REET M MEARRSRERECKFREIRAm:

WSS

1 A (D) ; 1 A (D)
Jw) =23m L (Y, y0) =23m, (—yDlogh ™ — (1 - yO)log(1 - §™))
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SRR Lw) =TT P 0Ol ®;w) = [T, (@) (1 = h(x @)1=
{ASABRETRRIZENT 2], )\JL/\’SXEJZTJ_DD?

ﬁh‘

[(w) = logL(w) = Z(y(i)log(h(x(i))) + (1= y®)log(1 — h(x)))
i=1

TR )
JW) = ——1w) = = (yOlog(h(x®)) + (1~ y©)log(1 — h(x©)))
T = m Lo y 8 y 8
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OJ(w)

ow
1O, . . .
Jw) = =— > (yOlog(h(x™)) + (1 - y)log(1 ~ h(x")))
=1
) = li(h(ac@) -y )"
m J
=1

W wy:=w; — a3, (h(x®) — y©O)x?
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RIBLTR: 5, /W) = I, (hGcD) — yO)x ST

1w | | |
J(w) = —EZ(y(l)log(h(x(l))) + (1 — ylog(1 — h(x®)))
i=1

!

yOlog(h(x)) + (1 — ylog(1 — h(x"))

. 1 .
= y(‘)log(l N e_WTx(i)) + (1= y®)log(1 - 1+ e_WTx(i))

= —yDlog(1 +e™"*") — (1 — y®)log(1 + e*"*)
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RIFIRE: aw}f(w) — 3 (h(x®) — yO)xV o it 2

GW]](W) = 9 ——Z( yWlog (1 +e™ W x(l)) (1- y(‘))log(l + e% x(l))))

dw;
(l) e~ W Ty (l) oW Ty (D)

__* Xj B Xj
= 2( y(l) 1 + o-wTx® (1-yW) +eWTx(l))

— mz(y [) h(x(‘)))xj
i=1

m
1 . . -
_ (DY — (D)) (D)
= — > (h(x®) - yO)y
i=1
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Sigmoid R%Y

def sigmoid(z):

a(2) = g(z) = 1+2_Z 1/ (1 + np.exp(-2))

ROT
Jw) = =— (yDlog(h(x)) + (1 - y)log(1 — h(x®)))
=1

def cost(w, X, y):
w = np.matrix(w)
X = np.matrix(X)
y = np.matrix(y)

first = np.multiply(-y, np.log(sigmoid(X * w.T)))
second = np.multiply((1 - y), np.log(l - sigmoid(X * w.T)))
np.sum(first - second) / (len(X))
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IEM{E
Jw) = —z |-y @log (h(x@)) = (1 = y®)log (1 — A(x®))| + Z wf

def costReg(w, X, y, LearningRate):
w = np.matrix(w)
X = np.matrix(X)
y = np.matrix(y)
first = np.multiply(-y, np.log(sigmoid(X * w.T)))

second = np.multiply((1 - y), np.log(l - sigmoid(X * w.T)))
reg - (learningRate
(2 * len(X))) * np.sum(np.power(w[:, 1l:w.shape[l1l]], 2))
np.sum(first - second) / len(X) + reg
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