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Dimensionality reduction
" JE
m |nput data may have thousands or millions of
dimensions! { with
e.g., text data has |0 0°¢
m Dimensionality reduction: represent data with
fewer dimensions
easier learning — fewer parameters
visualization — hard to visualize more than 3D or 4D

discover “W@g_ﬁty” of data

= high dimensional data that is truly lower dimensional
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Lower dimensional projections
" JE—
m Rather than picking a subset of the features, we
can new features that are combin_atio_ns of
existing features '

- -

. 2.5 ¥, & 1-TAe - 3-?;(3,.

MIN 'v'\}t\v
'? (‘.\m ] — 2 -
bogs/.
155 €y,
\{‘ Jj M \_v\ T Ftanshactn Coron
ut(’ l"\d‘

n Let’s‘é tmsmtbr&uﬁsupervised setting
jUStX but noyY

Linear projection and reconstruction
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Principal component analysis —

. basicidea

m Project d-dimensional data into k-dimensional
space while preserving information:
e.g., project space of 10000 words into 3-dimensions
e.g., project 3_-’d into_\2_—d

m Choose projection with minimum reconstruction
error
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&
Linear projections, a reweng;
" JEE—
m Project a point into a (lower dimensional) space:
point: x = (x;,... x5 " 1"’“

select a basis — set of basis vectors — (uy,...,u,)

= we consider orthonormal basis: ":: MT/‘V«)( 4
(Y
ueu=1, and ueu=0fori=j o hon
ERS N N o=

+~
select a center — X, defines offset of space A

best coordinates in lower dimensional space defined
by dot-products: (z4,...,z,), Z; = (X-X)*u,
= minimum squared error
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PCA finds projection that minimizes

. rgggnﬁtrﬁtign error

= Given ki data points: X' = (xy\... ), i=1..N o
m Will represent each point as a prOJectlon L}; r,,_.h.,.u,
' k Vo(':';(- 1N ,
=%+ ) zu; where: x=- Y x' and zi=(x'-%)-u;
A =1 R N =1
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Understanding the reconstruction
. k . G i,
rror A R=THY gy Yy
] =1
m Note that xi can be represented -; = ().( —Ry
= . . . iven k<d, find (u,,...,u,)
eﬁPtly by d-d|m3n3|onal prOJeCtIOI’]Z (M'ﬂ,minirﬁizing reconstruction error:
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Minimizing reconstruction error and

B} giggn vgctors

m Minimizing reconstruction error equivalent to picking
(ordered) orthonormal basis (uy,...,uy) Minimizing:
d J—
error, = N Z ujTZuj & Sum of ”JM el of v, mekix e

m Eigenvector: ="' '
Tuw M WETw = hej
PO ¢y ekt 3

113(»015'&
m Minimizing reconstruction error equivalent to picking
(Uy4q,---,Uy) to be eigen vectors with smallest eigen values
MATest eigen val
prin er, T “‘"‘fv ot -k Rigen ctehsy  Libh fmdlioh
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Basic PCA algoritm .

m Start from m by n data matrixX
m Recenter: subtract mean from eac\? row of X
X, ~X-X ¢ |, - [ekj/ -
Compute covariance matrix:
3« 1N X.T X, Cigen ;,\R
Find eigen vectors and values of 3 < Aot
o a (430

Principal components: k eigen vectors with « ;].,;4;.*
highest eigen values
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PCA example
" S
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PCA example — reconstruction
* JEEE
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St = ] nl first principal component
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Eigenfaces [turk, Pentland '91]

N lang Aoi.
Input images:

205 -
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Eigenfaces reconstruction
"

m Each image corresponds to adding 8 principal
componentS'

UJ, nuJ wip bk




