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Method comparison
" S

TABLE 10.1. Some characteristics of different learning methods. Key: A= good,
=fair, and ¥ =poor.

Characteristic Neural SVM  Trees Boosting k-NN,
Nets Trees  Kernels

Natural handling of data v v A A v

of “mixed” type

Handling of missing values v v A A A

Robustness to outliers in v v A v A

input space

Insensitive to monotone v v A v v

transformations of inputs

Computational scalability v v A A v

(large N)

Ability to deal with irrel- v v A A v

evant inputs

Ability to extract linear A A v v

combinations of features

Interpretability v v A v

Predictive power A A v A
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To come
»

» Unsupervised learning
* SVD
* Clustering
 Density estimation
« Machine learning street fighting tools
* Tips, tricks, data pre-processing, output post-processing
« Domain specific data (images, sequences)
» Reinforcement learning
 Learning theory
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Linear projections
" S

Given z; € R? and some ¢ < d consider
N

1 'l— - V Al 2.
u.{rxr,"}r,lquu2 L=Vl dx %

= V. R

where )\; € R? and V, = [v1, vz, ..., v,] 18 orthonormal:

quVq — Iq
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Linear projections
" S

Given z; € R? and some ¢ < d consider

N
min lzi — p— VAl
p,{A,},Vq;| R o
where )\; ¢ R? and V, = [v1,v2,...,v,] is orthonormal:

VqTVq =1,

Natural choices for , \; ?
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Linear projections
" I

il
Given z; € R? and some ¢ < d consider

N

min z; —pu— V2.
“'{A‘},vq;” H q |

where )\; ¢ R? and V, = [v1,v2,...,v,] is orthonormal:

T
Vq V, =1,
g
Natural choices for , \; ? ( Z?i.
-~ A ¢
Aﬁ 7 ~ f m A ;:’
Ni = V{(zi-2).

Which gives us:

V.,V is a projection matriz that
T =\112 a7 q
mlnz ||(z: — VoV, (z: — z)||" minimizes error in basis of size ¢
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Tr(vAe) = Tr (AuvT)

Linea proseptiops = T % YTy
u 5 ‘/7-
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2 (T-vp) ¢ D, VaVa=1,
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Linear projections
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Linear projections

l
2

N — T
Y @i = 2) = Vo Vi (2 — )5 iz
1=1 T
vIv, =1,
mmZH ~V,VI(z; —97:)||§:I{lfinTr(E)—Tr(VqTEVq)

q

Eigenvalue decomposition of Z

V, are the first ¢ eigenvectors of X

chrav dt /«M zf;}@/\&/a{u(;
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Linear projections
" SN

Given z; € R? and some ¢ < d consider
N
min ) _[|(zi — 2) = V¢ Vg (zi — 2)|*
7 i=1

where V, = [v1,v2,...,v,] is orthonormal:
Vov, =1,

V, are the first g eigenvectors of X

V, are the first g principle components

Principle component Analysis (PCA) projects (X — 1Z) down onto V,
. —_————
(X —127)V, = U,dgag(d, ..., d,) ulu, =1,

— —

r—
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Linear projections 7:[ ~

T
z’l

Given z; € R? and some ¢ < d consider

N
H\l,inz |(zi — &) — Vo Vg (z: — 7).
T =1 —_—
where V, = [v1,v2,...,v,] is orthonormal:

VqTVq =1,

V, are the first g eigenvectors of X

V, are the first g principle components
Principle component Analysis (PCA) projects (X — 1Z) down onto V, [ of d ¢ ”‘)
(X — 127V, = U,dwag(d,, . .., d,) ul'u, =1,

xd
Singular Value Decomposition defined as Uéf/fld
_T T efl

X —1z° = USV

— pdxd
=SV \/-”{x
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Linear projections

o
B v
Given z; € R? and some ¢ < d consider /.
Ui1ay
T _ . ey
mmZn ,— &) = VVy (z: - 7)|” 7\ \a
where V, = [v1,v2,...,v,] is orthonormal: /
Vov, =1,
V, are the first g eigenvectors of X N
o =) (i z)%
V, are the first g principle components ;

=1 (5< .isz\f(" 25

Principle component Analysis (PCA) projects (X — 12) down onto V|
(X —177)V, = U,drag(ds, ..., d,) vlu, =1, 2 °= ?’

Singular Value Decomposition defined as How do the eigenvalues

_T T of ¥ relate to the singular
X -1z =USV values of X — 127

F¥\
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A i Sinyukr F Jx40° Ax =0
Dimensionality reduction

V, are the first ¢ eigenvectors of ¥ and SVD X — 1z7 = Usv?t
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Dimensionality reduction
" I

o
V, are the first ¢ eigenvectors of ¥ and SVD X — 1z7 = Usv?t

Handwritten 3’s, 16x16 pixel image so that z; € R?°6

I+ /\1[71 + /\2[’2

3 @B

(X — ].ZET)VQ = U,S, € R™*?2

™

|

diag(S)
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Kernel PCA
»

il
V, are the first ¢ eigenvectors of ¥ and SVD X — 1z1 =

JX =X — 177 = usv? J=I-11"/n
— ) =

IX)IX)T = TXNT = (x- 157 x- 410"
"
= UsuTysuT
=JstuT
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(X —127)V, = UyS, € R4 _ .
X =] )(/n
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Kernel PCA
" S

V,, are the first ¢ eigenvectors of & and SVD X — 1z = USV?’

(X — ]_[ET)Vq — Uqu c Rnxq

Pl
JX =X — ]_g_;T — USVT J=171 — 11T/TL _ '(:Ccr?ji"z
— ,{() B~
(IX)IX)" = US*u’= 3K /
~
. ¥, ¢ Radial Kermel (c=2) Radial Kernel (c=10)
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PCA Algorithm
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(AR) =.B"A" VvV:=L V“'v L
Ridge Regression reV|S|ted Vv

" S
~ L . 2 2
Wridge — arg1n wa o YHQ + AHwHQ
T w

Wrigge = (XTX + X)Xy Assune X @ cenbere L

Singular vector decomposition (SVD): X W — Usv?
y = XXX+ A1) Xy

e o
= UsuT(Us2uT+AT) VsuTy =lu,.. u,]
20U (V (s34 ADVT) VSUT
= usvT (vf‘(;%m"u") UsoT
= USUTV (s*aD)' VIV SUT, .
SUS(rADSUT = ?uauffﬁg ]

— ~ = c=( ¢
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Ridge Regression revisited
" S
Wridge = arg min 1Xw — y||3 + w3
Wridge = (X' X + M) ' X!y

Singular vector decomposition (SVD): X — 171 = USV?
y = XXX+ )Xy

/\
o/
d . 82 U:[Ul,...,Ud]
y:;uiui S@g_’_)\yi S = diag(s1,...,84q)

= S—"_"
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