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Introduction
Subspace clustering is a problem to analyze data that are from multiple low-dimensional subspaces
and cluster them into the corresponding subspaces.

Jointly (k, k)-sparse and low-rank subspace clutering
We search for a new regularization terms of coefficient matrix that can promote the simultaneously
low-rank and sparse structure. Define Ak,k = {uvT : (u,v) ∈ Snk ×Snk } and Snk = {ω ∈ Rn | ‖ω‖0 ≤
k, ‖ω‖2 = 1}., the coefficient matrix is

Z =
r∑

i=1

ciAi, (ci, Ai) ∈ R+ ×Ak,k,

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

Tk,k(Z) = inf

{
r∑

i=1

ci : Z =

r∑
i=1

ciAi, (ci, Ai) ∈ R+ ×Ak,k

}
.

Theorem 1 (a 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‖spk )2 +
∑
i

(‖vi‖spk )2

)
.

Here ‖ · ‖spk is the k-support norm [2] as follows:

‖v‖spk , min

{∑
I∈Gk

‖wI‖2 : supp(wI) ⊆ I,
∑
I∈Gk

wI = v

}
,

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 .

So the optimization model is

minimize
U,V,E

1

2

(
‖U‖2k,2 + ‖V ‖2k,2

)
+ µe‖E‖1

s.t. Y = Y UV T + E

The spectral clustering is on the affinity matrix W = |UV ′|+ |V U ′|.

Numerical on face clustering
We work on the Extended Yale B data set on the subject number t ∈ {2, 3, 5, 8, 10} for subspace
clustering. The following is the Extended Yale B data.

Figure 1: The ExtendedYale data B.

The comparison results are

# Classes mean/median SSC LRR (3, 3)-SMF (4, 4)-SMF
error r error r

2 mean 15.83 6.37 3.38 18 3.53 18median 15.63 6.25 2.34 2.34

3 mean 28.13 9.57 6.19 25 6.06 25median 28.65 8.85 5.73 5.73

5 mean 37.90 14.86 11.06 35 10.04 35median 38.44 14.38 9.38 9.06

8 mean 44.25 23.27 23.08 50 22.51 50median 44.82 21.29 27.54 26.06

10 mean 50.78 29.38 25.36 65 23.91 65median 49.06 32.97 27.19 27.34

Table 1: The error rate (mean % and median %) for face clustering on Extended Yale dataset B.

Previous works
Spectral clustering-based methods contain two
parts:

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

• SSC: a sparse coefficient matrix Z is
assumed

• LRR: a low-rank coefficient matrix
Z is assumed

W = |Z|+ |Z ′|

2. spectral clustering

Numerical on motion segmentation

We use Hopkins155 dataset to evaluate our pro-
posed method for motion segmentation with
r = 10.
The following table lists the error rate (mean
%/median %).

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 2: The error rate for motion segmentation.

Conclusion
We have proposed a(k,k)-sparse matrix factor-
ization method for subspace clustering. This
method consists of a matrix recovery by (k, k)-
sparse matrix. In matrix recovery by (k, k)-
sparse matrix factorization, we recover a low-
rank and (k, k)-sparse coefficient matrix, which
is used to construct the affinity matrix for spec-
tral clustering.

1. Our (k, k)-sparse matrix factorization al-
gorithm is robust to outliers contained in
the corrupted data.

2. Numerical results demonstrate that our
proposed method is better than the two
state-of-the-art subspace clustering meth-
ods SSC and LRR.

Reference
[1] Emile Richard, Guillaume R Obozinski, and Jean-

Philippe Vert. Tight convex relaxations for sparse
matrix factorization. In Advances in neural infor-
mation processing systems, pages 3284–3292, 2014.

[2] Andreas Argyriou, Rina Foygel, and Nathan Srebro.
Sparse prediction with the k-support norm. In Ad-
vances in Neural Information Processing Systems,
pages 1457–1465, 2012.

[3] Guangcan Liu, Zhouchen Lin, and Yong Yu. Ro-
bust subspace segmentation by low-rank representa-
tion. In Proceedings of the 27th international con-
ference on machine learning (ICML-10), pages 663–
670, 2010.

[4] Ehsan Elhamifar and Rene Vidal. Sparse sub-
space clustering: Algorithm, theory, and applica-
tions. IEEE transactions on pattern analysis and
machine intelligence, 35(11):2765–2781, 2013.


