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Motivation and Application
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« What is subspace clustering?
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«  Why subspace clustering?
» Noise robust

» Curse of dimensionality
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« Application
» Computer Vision
facial recognition, image segmentation, motion detection...
> Biological Data

gene clustering, disease classification...

» Text Categorization

» Data Fusion and Multi-Source Learning

> ...




Data Mining Lab

A Cursory Category @w&m&mg
&7/

«  Existing works on subspace clustering can be divided into seven
main categories:

> Iterative: K-subspaces!", CLIQUE[

> Statistical approaches: MPPCAI3], MSLI4]
> Factorization-based methods

> Spectral clustering methods

> Algebraic methods: GPCAL> ©]

> Information-theoretic approaches: ALCL"!

> Sparse representation
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« CLIQUE algorithm combines density and grid based clustering
and uses an APRIORI style technique to find clusterable

subspaces
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« CLIQUE consists of the following steps:
1. Identification of subspace that contain clusters

2. ldentification of clusters

3. Generation of minimal description for the clusters
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Algorithm 1 Sparse Subspace Clustering (SSC)

Input: A data set X arranged as columns of X € R™¥,
1. Solve (the optimization variable is the N x N matrix Z)

minimize 1Z],,
subject to XZ=X
diag(Z) =0.

2. Form the affinity graph G with nodes representing the IV data points and edge weights given
by W =|Z|+|Z[".
3. Sort the eigenvalues o1 > 02 > ... > on of the normalized Laplacian of G in descending order,
and set
L =N - argmax (o; —0is1)-
i=1,...,N-1

4. Apply a spectral clustering technique to the affinity graph using L as the estimated number
of clusters.
Output: Partition A3,..., &}.
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Why does sparse representation recover subspace ?

« Union of disjoint model

Ref: Elhamifar, Ehsan, and Rene Vidal. "Sparse subspace clustering: Algorithm, theory, and
applications." IEEE transactions on pattern analysis and machine intelligence 35.11 (2013): 2765-2781.

« Independent subspace model

Theorem 1: Consider a collection of data points drawn from
n independent subspaces {S;}!_, of dimensions {d;}"_,. Let Y ;
denote N; data points in S;, where rank(Y ;) = d;, and let Y _;
denote data points in all subspaces except S;. Then, for every S;
and every nonzero y in S;, the {,-minimization program

<]

for q < oo, recovers a subspace-sparse representation, i.e., c* #
0 and c* = 0.

[CC ] — argmin s.t. y=[Y; Y_i [cc_] . (46)

q
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Proof:

Assume cZ # 0. Then we can write y =Y,;c* + Y _;c*.
Since y is a data point in subspace Si, there exists a csuch that ¢y =Y ;e

So we get Yic—c*)=Y_;c*.

Note that left hand side of equation corresponds to a point in the subspace Si,
while the right hand side is not.

By the independence assumption, the two subspaces Si and S_i are independent
hence disjoint and intersect only at the origin.

Thus, we musthave y» .+ — g and y = Y;c*,50 [T ¢7]'isa feasible
solution.

Finally, assumption c* # 0 contradicts the solution, thus we must have ¢* # 0
andcZ =0
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2 z= (X — T Vrf(x))

1
LI Prﬂxug(Z) = arg 11']:_.11 E lx — z“% + aug(x)"

Tgx)=| x| |/, =15

prox,,(z) = sign(z) max{lzl — u,0}.
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« OQverview of NMF

Let X € RM*N each column represents a data point, each row
represents one attribute.

NMF aims to find two non-negative matrix factors:

X~UVvV?t

Optimization problem:

min [|.X — UV'||%, st. U>0,V >0
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«  Multi-View NMF

Let (XD X©@ XM} denote the data of all the views, for XV we
have factorizations:

X @) ~ ) (V(v))T

To learn the joint consensus matrix V*, we have objective function:

x ) _ ) V(v) T2, + )\ V) _ |2
F

v=1 -

s.t. V1 <k < K,|[UY||1 =1 and U(”),V(“),V* >0
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JSNMF1

Objective function:

: 1 — . 2 . 2
min (1 - )| X — WHI} + (@)Y - VH|}

st V.,W,H > 0.

Solution:

XHT 1-a)WTX + (a)VTY
W=W=o H=H®

WHHT (1 —a)WTW +aVTV)H
V—V@ITF
N VHHT
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-  JSNMF2

X~W|U H=FH Y~[W|V]L=GL
R N’
F G

W is a M x K matrix whose columns span the common subspace

U and V represent the remaining subspaces having di- mension of
M x (R1 = K) and M x (R2 - K)respectively

Objective function:

1
min D £ 5 {||x — [W |UH| % + XY — [W | V]LII?:}

subjectto W, U, V,H,L > 0
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« JSNMEF3

Wi=[ Wi Wy | H=|Hc Hyg|

Objective function:

2
min Hxl —W\H, H - HX; —WgHzTH
W ,H W, ,Hy >0 Ny F

o[ Wye —Wac[ + B HWITdWZ,dHI ,
subject to [|(W1).][, =1, [[(W2).1ll =1for I =1,--- k.
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