Machine Learning

Logistic Regression

1. Model

logistic function:

8@ = 1 +e%

hypothesis:

1

ho(x) = g(@"x) =
’ 14 e0'x

maximum likelihood:

P(y = 1lx;0) = hy(x)
P(y =0lx;0) = 1 — hy(x)
Py1x,0) = (hg(x))'(1 — hg(x))'™

input:
(D), 5@, e, 6, ™) where y© € {0, 1)

cost function:

m

L(O) = [Jho )y (1 = ko))~

i=1

£(0) =1og L(O) = )"y log hg(x®) + (1 = y?) log (1 — hy(x"))
i=1

derivative:
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60 = ho(x )
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gradient ascent:

0
0,:=0;+ aa—ejf(ﬁ)

=0 +a ) 0" = hyx")x}”
i=1

stochastic gradient ascent:
0; = 6 + a(y? = hp(x®))x!
Newton's method:

0:=60—H 'V,/(0)

*£(0)

where H is Hessian matrix,and H;; = ——--.
i00j

2. Softmax Regression

(i PG
<y R RS W)

0 )
h (@)
> 3, o(x*)

(7 = kg ™)) = (1 = yD)p(x)) "

input:
G,y Dy, 6@, y@), o, (™, y™Y where y € {1,...,K)
hypothesis:
[Py = 1Ix;0) | [ exp(0VTy) |
o < | PO =200 | 1 exp(0"x)
0 - - .
: Zszl exp(09 7 x) :
| P(y = KlIx;0) | | exp(0FTx) |




cost function:

(BT @)
L) = HZ 1{y = exp(0™ x")

i=1 k=1 Z , exp(@VTx®)

; eXp(Q(k)T (l))
£(0) = log L(0) = 14{v® = kVlo
0= 5 3107 = 1os PR

derivative:

Vyt©) = Y [ (1% =k} = PG = kx®;0))]
i=1
gradient ascent:

0" . = 0% + aV, wt(0)

= 9® 4 0‘2 [x@ (1{y? =k} — PO = kix¥;0))]
i=1

stochastic gradient ascent:

0 1= W + a [V (1{y0 = k} — PG = kix®:0))]
3. Concavity

y?log hg(x?) + (1 = y?) log (1 — hy(x™))

Ms

£(0) =log L(O) =

= Z (OTx) — log(1 + exp(QTx(i)))
i=1

Because f(6) =y - (8T x?D)is concave, and f(0) = log(1 + exp(@Tx?)) is also

concave, so £(0) is concave.



