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• Google form feedback https://tinyurl.com/yb2tprkl
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So far…
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Supervised learning: xi 2 R

d
yi 2 R for i = 1, . . . , n. Learn f : x ! y

Loss functions:

Methods:
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Method comparison
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Boosting
Trees
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To come
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• 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

©2017 Kevin Jamieson

xi
Given xi 2 Rd

and some q < d consider

where               and is orthonormal:Vq = [v1, v2, . . . , vq]�i 2 Rq

VT
q Vq = Iq
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Linear projections
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xi

where               and is orthonormal:

Natural choices for            ?µ,�i

Given xi 2 Rd
and some q < d consider

Vq = [v1, v2, . . . , vq]�i 2 Rq

VT
q Vq = Iq
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Linear projections
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xi

Natural choices for            ?µ,�i

Which gives us:

Given xi 2 Rd
and some q < d consider

VqVT
q is a projection matrix that

minimizes error in basis of size q

where               and is orthonormal:Vq = [v1, v2, . . . , vq]�i 2 Rq

VT
q Vq = Iq
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Linear projections
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NX

i=1

||(xi � x̄)�VqV
T
q (xi � x̄)||22

⌃ :=
NX

i=1

(xi � x̄)(xi � x̄)T

VT
q Vq = Iq
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Linear projections
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NX

i=1

||(xi � x̄)�VqV
T
q (xi � x̄)||22

⌃ :=
NX

i=1

(xi � x̄)(xi � x̄)T

min
Vq

NX

i=1

||(xi � x̄)�VqV
T
q (xi � x̄)||22 = min

Vq

Tr(⌃)� Tr(VT
q ⌃Vq)

VT
q Vq = Iq
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Linear projections
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NX

i=1

||(xi � x̄)�VqV
T
q (xi � x̄)||22

⌃ :=
NX

i=1

(xi � x̄)(xi � x̄)T

min
Vq

NX

i=1

||(xi � x̄)�VqV
T
q (xi � x̄)||22 = min

Vq

Tr(⌃)� Tr(VT
q ⌃Vq)

Eigenvalue decomposition of ⌃
Vq are the first q eigenvectors of ⌃

VT
q Vq = Iq
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Linear projections
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where is orthonormal:

Given xi 2 Rd
and some q < d consider

Vq are the first q eigenvectors of ⌃

Vq = [v1, v2, . . . , vq]

VT
q Vq = Iq

UT
q Uq = Iq(X� 1x̄T )Vq = Uqdrag(d1, . . . , dq)

Vq are the first q principle components

Principle component Analysis (PCA) projects (X� 1x̄) down onto Vq

⌃ :=
NX

i=1

(xi � x̄)(xi � x̄)T
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Linear projections
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where is orthonormal:

Given xi 2 Rd
and some q < d consider

Vq are the first q eigenvectors of ⌃

Vq = [v1, v2, . . . , vq]

VT
q Vq = Iq

UT
q Uq = Iq(X� 1x̄T )Vq = Uqdrag(d1, . . . , dq)

Vq are the first q principle components

Principle component Analysis (PCA) projects (X� 1x̄) down onto Vq

⌃ :=
NX

i=1

(xi � x̄)(xi � x̄)T

X� 1x̄T = USVT

Singular Value Decomposition defined as
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Linear projections
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where is orthonormal:

Given xi 2 Rd
and some q < d consider

Vq are the first q eigenvectors of ⌃

Vq = [v1, v2, . . . , vq]

VT
q Vq = Iq

UT
q Uq = Iq(X� 1x̄T )Vq = Uqdrag(d1, . . . , dq)

Vq are the first q principle components

Principle component Analysis (PCA) projects (X� 1x̄) down onto Vq

⌃ :=
NX

i=1

(xi � x̄)(xi � x̄)T

X� 1x̄T = USVT

Singular Value Decomposition defined as How do the eigenvalues
of ⌃ relate to the singular
values of X� 1x̄?
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Dimensionality reduction
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Vq are the first q eigenvectors of ⌃

X� 1x̄T = USVTand SVD

X� 1x̄T
U1

U2
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Dimensionality reduction
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Vq are the first q eigenvectors of ⌃

X� 1x̄T = USVTand SVD

Handwritten 3’s, 16x16 pixel image so that xi 2 R256

(X� 1x̄T )V2 = U2S2 2 Rn⇥2

diag(S)
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Kernel PCA
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Vq are the first q eigenvectors of ⌃

X� 1x̄T = USVTand SVD

(X� 1x̄T )Vq = UqSq 2 Rn⇥q

JX = X� 1x̄T = USVT J = I � 11T /n

(JX)(JX)T =
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Kernel PCA
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Vq are the first q eigenvectors of ⌃

X� 1x̄T = USVTand SVD

(X� 1x̄T )Vq = UqSq 2 Rn⇥q

JX = X� 1x̄T = USVT J = I � 11T /n

(JX)(JX)T = US2UT
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PCA Algorithm

©2017 Kevin Jamieson



Ridge Regression revisited

21

Singular vector decomposition (SVD): X� 1x̄T = USVT

bwridge = argmin
w

||Xw � y||22 + �||w||22

bwridge = (XTX+ �I)�1XTy

ŷ = X(XTX+ �I)�1XTy



Ridge Regression revisited

22

Singular vector decomposition (SVD): X� 1x̄T = USVT

bwridge = argmin
w

||Xw � y||22 + �||w||22

bwridge = (XTX+ �I)�1XTy

ŷ = X(XTX+ �I)�1XTy

ŷ =
dX

i=1

uiu
T
i

s2i
s2i + �

yi
U = [u1, . . . , ud]

S = diag(s1, . . . , sd)


