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Unsupervised vs. supervised learning

Previously: supervised learning

« Each data point x; has a corresponding label y;{x;, y;}'_, with x; € R4y, € R.
Try to predict the label y for a new test point x
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Try to predict the label y for a new test point x
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Now: Unsupervised learning

No labels: data {x;}_, with x; € R4, Try to model the data distribution P(X),
potentially by finding patterns/clusters, or a low-dimensional representation
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Motivation: dimensionality reduction

o lttakes n X d memory to store data {x;}_, with x; € R4

e But many real data have patterns that repeat over samples. Can we find some
patterns and use them?

d=32x32pixels per image
n images
d X n real values to store the data
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Principal component analysis finds a
compact linear representation

PriEchdipaI components:

e patterns that capture the distinct
features of the samples is called
principal component
(to be formally defined later)

https://en.wikipedia.org/wiki/Eigenface



Principal component analysis finds a
compact linear representation

Principal components
 patterns that capture the distinct 1y € R* | ,
features of the samples is called V) |
principal component
(to be formally defined later)

e we can represent each sample
as a weighted linear
combination of, say, q=25
principal components, and just
store the weights

@ ~ Z[l]ul + Z[2]u2 + e+ Z[25]u25




Principal component analysis finds a
compact linear representation

Principal components:
patterns that capture the distinct _# € R® " u, B
features of the samples is called =

principal component - 4

(to be formally defined later)

we can represent each sample
as a weighted linear
combination of, say, q=25
principal components, and just
store the weights

g ~ z[1]uy + z[2]uy + -+ + 2[25]u,ys

e With g=25, to store n images, it requires memory of only
dXqg+gXxXn < dXn




10 principal components give a pretty good
reconstruction of a face

average face x+a[llu; x+alllu, + al2]u,

r=3

Ground truths real face



PCA: a high-fidelity linear projection

Given 21, ...,x, € R?, find a compressed representation zi, ..., z, € RY

with ¢ < d such that z; = & + Vgz; and V, V, =1.

min ||z — T — Vyzill;



PCA: a high-fidelity linear projection

Given 21, ...,x, € R?, find a compressed representation zi, ..., z, € RY
with ¢ < d such that z; = & + Vgz; and V, V, =1.
mn

: _ 2
min Z T, — T — V2
Juin 3 o il

Fix V, and solve for {z;} :



PCA: a high-fidelity linear projection

Given 21, ...,x, € R?, find a compressed representation zi, ..., z, € RY
with ¢ < d such that z; = & + Vgz; and V, V, =1.
mn

: _ 2
min Z T, — T — V2
Juin 3 o il

Fix V, and solve for {z;}: 2z = VqT (x; — T)

q
T=2+V V) (3 —3) =2+ > v (v; — )
j=1



PCA: the geometrical interpretation




PCA: a high-fidelity linear projection

Given 21, ..., x, € R?, find a compressed representation z1, ...,

with ¢ < d such that z; = & + Vgz; and V, V, =1.

min ||z — T — Vyzill;

Fix V, and solve for {z;}: 2 =V, (z; — )

q
T=2+V V) (3 —3) =2+ > v (v; — )
=1

zn € RY

V,V71is a projection matriz that
T — 97 q
mln Z ‘ ‘ - Vq V (z; — T) ’ |2 minimizes error in basis of size q



PCA: a high-fidelity linear projection

VqVqT is a projection matriz that

T _
mm Z H — Vy V (i H2 minimizes error in basis of size ¢
Z-.—:C—I—VqVC—Ir( — X —x—l—z:’uj‘7 i — T)
N
Case when ¢ =1 v1 = arg min Z |(x; — ) — UUT(SC —7)||3















PCA: a high-fidelity linear projection

V.,V is a projection matriz that
T - 1" q
mm Z ‘ ’ - V4V, (z; — | ‘2 minimizes error in basis of size ¢
i -:$+VqVqT( —x)—x+2v] (vj, i —T)
71=1

Case when ¢ = 1 v] = arg min Z (z; —Z) —vv' (z; — 2)|3
: 1

= arg min ZH%‘ =I5 = 2(2; = 2) oo’ (2 — 7)

N vilvfl2=1
5 = —z)(z; —z)7
Z(Ibz 7)(@i —2) + (x; — )TU”UT?J’UT(CEi —T)
1=1 vl
=arg min 12\!93 - z3 - Z( i—2) oo (2 — 1)
' =1
. N
L = arg |1|rnﬁxx (i — ) vo' (z; — 7)
v:||lv]|la=1“
1=1

—arg max v' Yo
vi||v||2=1



PCA: a high-fidelity linear projection

T ~ VqVqT is a projection matriz that
mm Z H — VgV, (x; — H2 minimizes error in basis of size ¢

T .—:B+VqVqT( — ) —33+ZU] Vi, T; — )
71=1

2

Nz - 7|3

Case when ¢ =1 v] = arg min 1 Z |(x; — Z) —vv

—arg max v v
N vi||v||2=1

S|



PCA: a high-fidelity linear projection

V,VT is a projection matriz that
T — 9" q
mm Z ‘ ’ — VgV, (z; — ) ‘ ‘2 minimizes error in basis of size ¢

T =2+ V, V) (z; —2) =2+ > v;j{vj,z; —T)

-

N
General ¢ >1  min D @i —2) = Vo VEi(zi — 1)1 = min T7(3) — Tr(VITV,)
q i=1 q

S|

V, are the first ¢ eigenvectors of X

Minimize reconstruction error = capture the most variance in your data.






How to choose the dimensionality, g

HOW TO CHOOSE q Saiwans

e Move dimensiong q\waas
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PCA: a high-fidelity linear projection

1

Given z; € R? and some g < d consider N
q uid
1101

N z;
q .

N
- —_ T —— 2
min E_l [(zi —Z) — VoV, (z: — Z)||°.

where  V, = [v1,v2,...,vy,] isorthonormal:
T —
V. V,=1,

V, are the first g eigenvectors of X

=) (z;—2)(x; —2)7

V, are the first q principal components ]

Principal Component Analysis (PCA) projects (X — 1z") down onto V,
(X —1z7)V, = U,diag(dy, ..., d,) Uy, =1,



