coefficients of expansion or projection

Determinants

Eigenvalues and Eigenvectors

det(A—-Al)=0

n

L1 -
Av = Av Ox —E;(Xi*ﬂx)

Decomposition of X
X; = i i di3
CTIN I | C) E d EY R ] 4
dy dy iy e . - : # 2 = (I)Aq)
1
; fet(A™') =
Variance ¢ ey
det(4AB) = det(A)del(B) dert ) Covariance
o =Var(X)=E((X =, )?) (4BY =Bt 47!

det(4 + B) # det(A) + det(B)

(AT =y

14, = det(4)

Whitening Transformation
A =OA2 Y =AX

5, =dAD Y PY) ~ N(AL 1)

average probability error

“ 13 “ A
O-XY:n 1Z(Xi_#x)(Yi_zuv)
Gaussian Distribution — L=l

oy =Cov(X,Y) = E((X =, )(Y — 1))

(x-p)? Linear Transformations
- 2

Y = A'X

p(x)=N(u,0%)=

20

exp

1
oN2r

1 1 tlpy
p(x) = N(ﬂvz)=WeXP[—E(X—#) T (x=w)]

P(Y) ~ N(A'z1y, AT, A)

The overall risk

R= j R(a(x)/ x) p(x)dx

Discriminants

g;(x)=In p(x/ @) +InP(x)

P(error) = I P(error, x)dx = _[ P(error / x) p(x)dx

Conditional Risk

| R(a, /x) =

. Discriminant (Multivariate Gaussian)
Z/i(ai lo;)P(w; /X)
=1

Case 1 Discriminants

. i .
Zi(X) =wWiX +wj

d 1
g!.(x) =- E (‘ = ,ui)fZ,-_] (x - ,(:"l.) = In2m - E In E,| +In P(C’J,‘}

1 P(o;
where W = u; — u;, and X = 3 (i + 1)

9; () =— I x— 44 |I?

1
where w= — g, and wjy =— — i u; + In P(wy;)
e 20°

St - )
e U= O L Rl 1)
[l _'uj"i P(-wj) ' /

where ||x — 1,7 = (x - ) (x - )

Case 2 Discriminants &(x)= “'f-‘ + Wi

(linear discriminant)
e wy =5, anil wy = — - A5 gy $10P
where w; =X 4;, an 11»‘0——5;1,- 1+ 1n Play;)
wi(x—x0)=0

In|P(@)/P(e))) ; N
il alh il calle L BN PO
(= Y Ity = .uﬂ;’ =

1
where w = E’](,u,- - ;) and xg = E(‘u, + ;)

1
g =->@x- W E (= )

Case 3 Discriminants

(quadratic discriminant)

g:(x)=xWx+wx+w,

ML

1 1 1
where W, = — 3 2,71, w; = Z;i i, and wig = — 5 ;tfffil i — 3 n|Z;| + In P(e;)

x'(Wi — Wa)x + (wfl - w.g)x + (w10 —wapo) =0

> VyInp(x, /6)=0
k=1

Inp(x/p) :—%(x—u)’l'l(x—u)—%InZn—%ln |Z|

In p(x, /0) :—%In 2767 —%(xk e

Recursive Bayes Learning

Error Bounds p(6/D") = P(x,/6)p(6/ Dr:l)
[ p(x,/0)p(6/D"")do
< p# -5 —k(8)
P(error) < P” (@) P (w,)e where p(6/D°) = p(6)
k(3) Mu:l — 12)t [(1 = B + BBo] ™" (1 — 1o (D/0)p(®) o
U s, 4 ] BE  P(x/D)=[p(x/6)p(®/D)do p(@/D):%ﬁH p(x,/6)p(0)
—_—— k=
R NS AT 1
BE: UniV Gaussian, Unknown 6=y, Known o and p(p) * p(x/D) "~ N(u,,, o+ o‘,%)
MAP for MultV Gaussian Unknown 6= R R .
1 1, u—u, .\, noy _ (o 5 fortem
2 p(u/D)=cx eXpl--(—)] = (——F+ —F——= M0 On=———
_ - _ o- A \/Eo-n 2 o, oy +0o° noy + o- no; + o-
PO)= P~ NGy Z,=16,,) % S : ‘ -
A =
p(x/0)=p(x/p)~N(u, Z=1Io,) n= ol BE: MultV Gaussian, Unknown 8=y, Known X and p(u)
1+—Fon 1 1 1
o, Mo = Zo(Zg + - 2) K + - X(Z +-2) g p(x/ D)=I p(x/p)p(p/D)dp~N(p,,Z+Z,)

1 _
5 -5+ tels P/ D) =¢ x exp[- (1=, ) %, (u )]
" n n




1 M PCA Formula
Y:VZXi D, =X, —X A=[D,D,...
i=1
)) —ii(x ~X)(x, =X)" —iicp o} _ LA
X M — i i M — i M
D
X=X =) YU =Yyl + Y,U, +...+ Yp
i=1
(x=x)"u AT
Y= — ==y if [Ju =1
u; u

Linear Discriminants

® d
w] g(X)=wW'x+w, = Zw].x,. +w,
i=1

13 A
‘](W’WO):_Z[Zk_Zk]Z
N

+1if X, e,
Z =
“-1if x, c o,

. +1if g(x,)>0
% -1if g(x,)<0

D
Zi 6,(0-9,(%)
1 -_
i1 | w; —w ||
K
K= YU +X= YU, + Y U, +...+ YUy +X g0 =r[|w||
i=1
D
” X 5\(”_ 1 Z ﬂ, sample covariance matrix [6%3(0) 0%3(a) 3(0)]
- 2 ) 1 1a L
i=K+1 S = _Z(Xk —ﬁ)(xk _ﬁ)t 2d(a) 0%J(w) *J(w)
N H=| 0oy, 02 = daya
LDA Formula M ZC: M 1 i
= _ i =— ) TN S 1 %J(a) 0°J(w) %) (a)
Py C 4 Problem 3: Minimize > I I +e ’El W e, o, 2l |
Sh's bj (' )21 k=1,2
_ T subjectto zp(wap +wo) 21—y, k=1.2....n
Sw =22 (%; —m)(x,; — 1) €0 ¢
Igl =1 Problem 4: \Ia\umzezftﬁ—%Zq Ajz RH,\J\L
k=1 <
T
=> (i —p)(w; —p)
=1 sublecrtoz spAr=0and0< Ay Sc. k=1.2....n

S;fsbuk

= AU,

k=1

VC dimension => probabilistic upper bound on the generalization error of a classifier

error

e S EIror,

train

log(5/ 4)

\/h(log(Zn /h)+1)—

n

The SVM discriminant

g(x) = Z S A &)y = Y 5 A (xx,) +

g(x) = Z 2, A (@(x). ®(x,)) + W,

K(x,y)=(xy)? or (y(xy)+r)®
K(X,y) =tanh(y(X.y) +r)
K(x,y)=exp(-7 I x=y’)

Naive Bayesian Net

Pl I X, Xy, X

where p(X;,X,,...

P(X, X0 %, [ @) P (@)
n) =
P(X Xy, s Xy)

» X, /a)i):H p(x; /@)
j=1

Markov property

P(X, Xy ey X

SR AP CAEAMICHESE § LEVES

joint pdf factorized form modeled by the Bayesian network

p(4,B,X,C,D)=

p(ApB)p(X 1 A,B)p(C/X)p(D/X)




