
LECTURE22-lastdass-i.ttnxn symmetric ⇒ spectral decomposition A=FxiUikT=UÑ
- A man general ⇒ SUD A- = Eti kiy.T-UE.lt

• Optimization meaning :

A ,
= w.gr/VtAV,-U,=argneax A = mgex

HAVA
≥ , Y=argmax _ . .

✗z= max VTAV , uz = crgnrax
-

. .

V14

- -
-

• Matrix norms , NAME = EAiF=Fñ(A)

ij-MATRIXNOR.rs?CTD.DefTheopIdorCa.k.a
. spectral) norm :

= |AAH=maxNAnhz-=4(A)=max"_%¥2"ⁿʰ2⇒
by optimization Incoming ( Ner .#

FACE

→ (a) HAH ≤ NAME ≤ ETHAN where r=ranKA)

F a
CAT ≤ Éoi CAT ≤ rains ]i=l

(b) (D_iaf◦n_al) A- = (% .?dn] ⇒ kysvos
, @ ca))=(di)⇒kAH=miax

I

(c) ( Orthog. invariance)
HU All - HAVA -_ NAH tf orthogonal Viv
1- HUAall 2=11An

(d) (Quadrant) It A is symmetric , HAH=max-1rT
✗ unit

TDCY using spectral representation , Orth . invariance, and
/ay

NAH = wax tailA) I

(e) 11A+BA ≤ 11AM + IIBII (Ding .)

(f) HABHE NAN
ÑBA 1-

(g) HATH __☒ n

HABRA ≤ MAIL.tl Baltz ≤ HAH . ABU . Krazy
2
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RANDOMVEC.TO#
✗ c- Ad

• Meg F-✗ =n

• Variance in ID : Varlx)=E(✗-Ñ= F-✗2-pie

↓

Covariance
in KD : Corl✗)=E(✗-µ)(✗-Ñ=E✗×Iµµ✓

• Entries :

Could = F- (X-µ7i(✗ ); = F-Hi - EX , ) (Xj -Ex;) = Covcxi , ×;)

Diagonal entries :

Cor ii
= Cov (✗i. ✗ i>= Vara:)

• Ed : ✗ c- Rt
car a [Valid

Gvlxiiz) ]Girlie
,
XD
"
var /XD

• Cov G) is a dxd symmetric PSD matrix .

Iris
-

✓ Proof

TY ✓ c- Rd : VTEV = VTEXXTU = F- VTXXTV = F- (✗
,
# 20

.

(*)
← FEE> j
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EXAMPCF-ik.D.NORMALDISTRIBUTIO.DE#fZ--(Ze,
_ .
.

/
2-d) c- Rt is a stranda-dn-ormalr.vedoor

if 2- c- ~NG, 1) independent

• E- 2=0
,
Cov (2)=/ % -%) = Id .

⇒ notation Z-N(o
• Pdf : f- (a) = f-(m) - - - find)=¥é^% . . _ ¥ᵈ%=¥q,éᵗʰʰ←☒ᵈ .

• f-G) is rotationally invariant : f-(a) = flux) V-ork.tt ⇒

Pnp=(R-tationiwan.am#1fZ-N6,In)thenUZ-NC9InJ ⑧
orthogonal matrix I

Det-ca.me#e)X--(Xn,...,Xa)c-tRd is a normal v.vector if ✗ is an affine|µan,µmax◦nofagfandwdnormaer.→,z~NG,±n),t÷✗=AZ+p for some invertible AoBᵈ×,ᵈ yard .

• EX -_µ ,

Cork)= F- (AZ) (AZ)t= F- [ AZZTAT ] = A. ELZZT) .AT __1AAt=:EJ
d

• E±i pdf of ✗ is

ftrk-rqexpf@mTEgIcn-IJ.nor.d É⑧
⇒ Pdf is determined by µ , E. ⇒ notation X~N(r
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prmcipalcomponentAnalysis.ltXGÑ be a random vector with mean 0 ( her simplicity - by translation)
and Cov (D= E. .

•¥
.

'

• Reduce dimension? project × ¥i
'

Ñat "best explains
"

-

.

'
'

. . .

the variation in ✗ .

⇔ find a unit rector v that maximizes

Var ((× ,# E- = TEV ftp.n)

Max Varun> = muax
TEV -A agmax=v

✓ unit

• Next best direction :

Max Varlx,v)= , argmax =vz④
v2 Un

unit

⇒ project ✗ onto 2D plane spanned by kik .

project ✗ onto the subspace spanned by the top¥
.

:÷÷:÷:::÷÷÷÷ :* .g.gw.au.sp.aexpyiygaenan.aa.u.goyxpa.am
among

all K-dimensional subspaces .

• Exploratory data analysis . Unsupervised learning .

• Advantages & disadvantages .
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APDLK.AT/0N:GF-NETkPCA#--(Xn,-..,Xd) of a randomly chosen person
↑

gene expressions

WORLD :
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