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Subspace clustering is a problem to analyze data that are from
multiple low-dimensional subspaces and cluster them into the
corresponding subspaces.
Two state-of-the-art subspace clustering methods:

The construction of the affinity matrix W, the data set is
represented as a linear combination of itself

sparse subspace clustering (SSC): sparse coefficient matrix

min
Z,E
‖Z‖1 + λe‖E‖1

s.t. Y = YZ + E, diag(Z) = 0
(1)

and Low-rank representation (LRR): low-rank coefficient matrix.

min
Z,E

‖Z‖∗ + λe‖E‖1

s.t. Y = YZ + E
(2)

W = |Z|+ |Z′|.
Spectral clustering-based method for clustering.



We have to seek new regularization terms that can promote the
simultaneously low-rank and sparse structure. Let
Ak,k = {uvT : (u,v) ∈ Sn

k × Sn
k } and

Sn
k = {ω ∈Rn | ‖ω‖0 ≤ k,‖ω‖2 = 1}. The coefficient matrix Z is

Z =
r

∑
i=1

ciAi, (ci,Ai) ∈R+ ×Ak,k,

where r is the rank of Z and the atomic norm is

Tk,k(M) = inf

{
∑

A∈Ak,k

aA : M = ∑
A∈Ak,k

aAA,aA ≥ 0

}
.



(k,k)-sparse matrix factorization

Theorem (Corollary of [1, Theorem 11])

Let Z ∈Rn×n be a matrix. Then

Tk,k(Z) = inf
Z=∑i uivT

i

1
2

(
∑

i
(‖ui‖sp

k )2 + ∑
i
(‖vi‖sp

k )2

)
. (3)

Here ‖ · ‖sp
k is the k-support norm [2] as follows: where Gk denotes

the set of all subsets of {1,2, · · · ,n} of cardinality at most k and
supp(wI) is the support of the vector wI .

The optimization problem is

minimize
U,V ,E

1
2
(
‖U‖2

k,2 + ‖V‖2
k,2
)
+ µe‖E‖1

s.t. Y = YUVT + E

We use spectral clustering to categorize.



Numerical on face clustering

Extended Yale Dataset B, 38 human subjects in total with 64 images
under different illuminations in each subject.

1 We test on the t ∈ {2,3,5,8,10} subjects for subspace clustering.
2 In order to save time and memory storage

1 we resize and each face image to 48× 42 pixels from 192× 168
pixels a

2 project the 2016-dimensional vector corresponding to each face
image to 9× t-dimensional subspace under singular value
decomposition (SVD).

3 Parameters
1 For the parameters of SSC and LRR, we use the default values

setting by the authors and α = 20 for SSC and α = 0.18 for LRR.
2 For our proposed method, (k,k)-SMF, the parameters are setting

as µ1 = α/mini maxj 6=i ‖yj‖1, µ2 = α and µe = α/50000 with
α = 20.



Numerical on face clustering

# Classes mean/dedian SSC LRR
(3,3)-SMF (4,4)-SMF
error s error s

2
mean 15.83 6.37 3.38

18
3.53

18
median 15.63 6.25 2.34 2.34

3
mean 28.13 9.57 6.19

25
6.06

25
median 28.65 8.85 5.73 5.73

5
mean 37.90 14.86 11.06

35
10.04

35
median 38.44 14.38 9.38 9.06

8
mean 44.25 23.27 23.08

50
22.51

50
median 44.82 21.29 27.54 26.06

10
mean 50.78 29.38 25.36

65
23.91

65
median 49.06 32.97 27.19 27.34

Table: The error rate % for face clustering on Extended Yale dataset B.



Numerical on motion segmentation

1 In this Hopkins155 dataset, there are 156 video sequences
including Checkerboard sequences, Traffic sequences and
Articulated/non-rigid sequences with two or three categories.

2 Each sequence is an independent data with the extracted feature
points in all frames and there are 156 different datasets.

3 Since the outliers in the data have been manually removed, the
overall error level is slow. We set the parameters of error
µe = α/10 with α = 80.

SSC LRR (3,3)-SMF (4,4)-SMF
Mean 9.28 8.43 6.61 7.16

Median 0.24 1.54 1.20 1.32

Table: The error rate (mean%/median%) for motion segmentation on
Hopkins155 dataset with the number of reduced dimension s = 10.
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