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] Models

CV(32)+MP(2)—+ CV(64)—> CV(64) +»MP(2) -+D(512) +D(10)

CV(32) —CV(32) —MP(2) - CV(64) —»CV(64) —>MP(2) —+D(512) —+D(10)

CV(16)— MP(2)-» CV(32)— MP(2)— CV(64)— MP(2)— D(512)—+ D(10)
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| Some results

airplane, Pred: airplane bird, Pred: cat

bird, Pred: airplane




] Confusion Matrix
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] Merge Classes
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| Intermediate Layer
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l Principal Component Analysis

Principal component analysis (PCA) is a
dimensionality reduction method that
convert a set of observations of possibly
correlated variables into a set of values of
linearly uncorrelated variables called
principal components.

‘o)



l Principal Component Analysis

Motivation
1. Computational efficiency

2. Visualization of dataset in high
dimension
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l Principal Component Analysis

Basic ideas

Find an orthogonal transformation
mapping the data in high dimension to
lower dimension preserving the relevant
information.
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l Principal Component Analysis
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“The plane we found onto which data points would
be projected

s 2 =z o 2z 1 6 8 10X

Figure: A 2-dim example(from wikipedia)
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l Principal Component Analysis

Theorem
Let{xi,...,x,} be a set of vectors from R, and let
q € Nwith g < d. The minimization problem

n
min 37 x— (4 Vgh)|P
i=1

peR? N\ eRY,VoeRIxq
. T -
subject to VoV = Iy

is solved for i = X, \j = VZ,(x,- —X), and Vg
contains column-wise q orthogonalized unit
eigenvectors of XX for the q largest eigenvalues.
(The solution is unique up to rotation) 15



l Principal Component Analysis

We see that either solve these two basic
problems we could get a PCA:

1. Compute the eigenvector of X'X.
2. Compute a singular value of X.

Remark: PCA is only valid for linear case,
while in the nonlinear case, that is, the data
lies in a general manifold, we have to apply
for other methods like diffusion maps.
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| Another Perspective

The way we derive PCA is based on the
problem of least squares error

n

D I = (4 Va1

i=1

with respect to p, V, and ). But there is
another statistics approach to interpret this
method.
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] Another Perspective

Actually, for a vector-valued random variable

X the eigenvectors we got from X"X based on
the previous theorem are those ones of
directions on which the data has largest
variance. In the order of components,

Var[VIX] > Var[viX] > ...

And the eigenvalues A; are equal to the
variances of random variables Y; := v/ X
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] Decide the number g

Setting a threshold h € [0, 1], pick g as the
smallest number such that

9 Var|vIX| Dy = h
Z/ , Var [VT)q Z/ A
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Thank you!!



