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Table 1: Your Mm different foods.
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Figure 1: Visualizing 4-dimensional data in the plane. - abw*' MV\‘\
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dist(x; <> line)

inimize residuals
(squared distance)
in this direction

Two equivalent views of principal component analysis.

Figure 4: The geometry of the inner product.

X = (™) od



’ chmmm—— V) LD
EW=0 SZTEy) = \Amkz_,:\.)vy_o
(9= el 1) = =) -

Figure 5: For the good line, the projection of the points onto the line keeps the two clusters
separated, while the projection onto the bad line merges the two clusters.
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Figure 1: The genetic map of Europe using PCA, with the
geographic map of Europe for reference. Figure 2: The
same map, but zoomed in on Switzerland. Swiss
individuals tend to cluster with countries that speak the
same language. (Courtesy: John Novembre, UCLA)
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Original Face Image

eigenfaces space
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Figure 1: The point (z,y) on the unit circle is mapped to (2z,y).

\ Y
| \\
N
N
\
. T >
- /I T
.
.

P N
- \
'
1
|
)

y

),

,

,

T o -
,
-




T

VA = “TS;D_%L}J ~
S GQ“

1™ _ T\
S

o ™~

y Oy ¢ %7‘5 )
S

31(\ - Th j
e =~ R e
iR

— Q4 . hE
NGe, = QO] Qey =K%
.&3’ Q\ L‘_%)s - ? &K
— ™, K<
A %ﬁﬂg
-



Y,

i, . .

'\‘o&mw‘\ \,.\ \L«—\\‘ - RO u‘i

it vedne ) N n
e e «3( S*“)ah”ﬁ';\
? PV« G<0G\ v ‘\\ ‘

- o

‘ G{h ‘\é /Vu.




POWER ITERATION

Algorithm 1 (></ q ﬂ‘\

Given matrix A = XTX:
o Select random unit vector ug |le'\-”'
o Fori=1.2... setu =AM If u/||u| = ui_y/|[ui_1]|, then return

u,/HEJ,J. _ ﬁ"fﬁ
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This corresponds to subtracting out the variances

Project the data matrix orthogonally to vy:

. Find the top component, vy, using power iteration.
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s already explained

by the first principal component v;.

w0

. Recurse by finding the top k — 1 principal components of the new data matrix.
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% variance explained
(normalized eigenvalue of component)

inflection point
(keep only top 3 components)
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Component

Scree plot. Principal components are ranked by the amount of variance they capture in
the original dataset, a scree plot can provide some sense of how many,components are

needed.



