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So far...
'__

Supervised learning: z; € R y; e Rfori=1,...,n. Learn f: z — y

Loss functions:

Methods:

©2017 Kevin Jamieson ©Kevin Jamieson 2017



Method comparison
"

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
" A

» Unsupervised learning
« SVD
e 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
"

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

min z; — pu— V2.
p,{A,},ngll i — B — Vg
where )\; ¢ R? and V, = [v1,v2,...,v,] is orthonormal:

VqTVq =1,
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Linear projections
"

Given z; € R? and some g < d consider

N
min lz; — p— V%
u.{,\,}.vqgl ‘ il
where )\; ¢ R? and V, = [v1,v2,...,v,] is orthonormal:

VqTVq =1,

Natural choices for u, A; ?
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Linear projections
"

Given z; € R? and some g < d consider

X
N
min lzi — p— Vo ill% o e
“'{A‘}' Vq ; ) g i o
where )\; ¢ R? and V, = [v1,v2,...,v,] is orthonormal: o°
TN —
Vq V,=1,

Natural choices for p, A\; ?

po= z,

;\i = VZ‘(I,‘—-.’L‘).

Which gives us:

VqVqT is a projection matriz that
minimizes error in basis of size ¢

N
min ) [|(zi — Z) = V,Vy (2 — 2)|%
7 i=1
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Linear projections



Linear projections

mlnz |(x ~V,VIi(z, —2)|3 = min I'r (%)

q
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VqTVq — 1q
- Tr(ngvq)
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Linear projections

N
N =
D @i —2) = VoV — 2)|3 =1
=1
VqTVq — 1q
mmZH —V,VI(z —g_c)H%:r%inTr(Z)—TT(VZEVq)

q

Eigenvalue decomposition of Z

V, are the first ¢ eigenvectors of X
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Linear projections
"

I

"1

Given z; € R? and some g < d consider /.
Ui
« 0\ S
mmZ |(z: — ) — Vo Vg (z: — 2)|* ¥\ e
where V, = [v1,v9,...,v,] is orthonormal: /
ViV, =1,
V, are the first g eigenvectors of X N
=) (2 —2)(zx;— )"

V, are the first q principal components

Principal Component Analysis (PCA) projects (X — 1z%") down onto V|,
(X — 127V, = U,diag(ds, .. ., d,) U, U, =1,
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Linear projections
"

I

"1

Given z; € R? and some g < d consider /.
Ui
« 0\ S
mmZ |(z: — ) — Vo Vg (z: — 2)|* ¥\ e
where V, = [v1,v9,...,v,] is orthonormal: /
ViV, =1,
V, are the first g eigenvectors of X N
=) (2 —2)(zx;— )"

V, are the first q principal components
Principal Component Analysis (PCA) projects (X — 1z%") down onto V|,

(X — 127V, = U,diag(ds, .. ., d,) U, U, =1,

Singular Value Decomposition defined as

X -1z = Usv?
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Linear projections
"

I

"1

Given z; € R? and some g < d consider /.
Ui
« 0\ S
mmZ |(z: — ) — Vo Vg (z: — 2)|* ¥\ e
where V, = [v1,v9,...,v,] is orthonormal: /
ViV, =1,
V, are the first g eigenvectors of X N
=) (2 —2)(zx;— )"

V, are the first q principal components
Principal Component Analysis (PCA) projects (X — 1z%") down onto V|,
(X —127)V, = Uydiag(dy, ..., d;)  UgUg=1

Singular Value Decomposition defined as  How do the eigenvalues
of X relate to the singular

X — ]_ZI_Z'T = USVT values of X — 1x7
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Dimensionality reduction
" S

[
V, are the first ¢ eigenvectors of ¥ and SVD X — 1zt = Usv?’

7 / /'; [ 1] 4 é ’
Mt Lot U,
‘ ./ 't} .:,' ! E - | ...
. i
05 00 s
3 procpal Comgoreet
U,
X — 1zt
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Dimensionality reduction
" S

[
V, are the first ¢ eigenvectors of ¥ and SVD X — 1zt = Usv?’

Handwritten 3’s, 16x16 pixel image so that z; € R2?%°
j(’\) = I+ /\1[71 . ,\21)2
-3 @B

(X —127)Vy = UpSy € R™¥?
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PP il S L .0 * . FIGURE 14.24. The 256 singular velues for the digitized threes, compared to
. wlen?, "0 . ® those for & randomized vermion of the data (cach column of X was scrawbled).
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First Principal Component
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Kernel PCA
* BN

[
V, are the first ¢ eigenvectors of ¥ and SVD X — 1zt = Usv?’

(X —17")V, =UySq € R"™?

IJX =X —1z" =usv’ J=1-11"/n

(IX)(IX) =
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Kernel PCA
" B

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

(X —17")V, =UySq € R"™?

JX =X -1z" =UsV? J=I-11"/n

(IX)(IX)" = US*U*

Radial Kernel (¢=2) Radial Kernel (c=10)
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PCA Algorithm
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Ridge Regression revisited
" JE—
Briage = arg min || Xw — |3 + Al|wl[;
Wridge = (XTX + X)Xy

Singular vector decomposition (SVD): X — 171 = USV '
y=XX'X+ M) X'y
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Ridge Regression revisited
" JE—
Briage = arg min || Xw — |3 + Al|wl[;
Wridge = (XTX + X)Xy

Singular vector decomposition (SVD): X — 171 = USV '
y=XX'X+ M) X'y

d . 82 U:[ul,...,ud]
y:Z:Zl’U,Z’U/,L Sz2—|—)\yZ S:dlag(81,,5d)
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