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Abstract. Among a lot of the multi-view dimension reduction methods, there
are few methods for semi-supervised problem since it is difficult in obtaining
the sample labels. In this paper, a new semi-supervised dimensionality reduction
method which is called multi-view semi-supervised similarity projection (MSSP)
is proposed. A new metric of similarity and correlations between views is firstly
defined and then a regularization term based on the newmetric is proposed. MSSP
finds the low-dimensional projection matrix by maximizing a discriminant term
and the new regularization term for semi-supervised data. Compared with other
methods, MSSP makes full use of all sample information; MSSP emphasizes the
samples that have different local structure from different views should be more
similar. 1NN is finally used to test the effectiveness of MSSP. Experiments on
YALE and ORL data sets show that MSSP is superior to other methods.

Keywords: Multi-View Learning · Dimensionality Reduction · Similarity ·
Correlation

1 Introduction

The data obtained in different ways is multi-view data [1]. For example, a news report
can be showed in voice, text, video, image, etc. For the multi-view data, the traditional
single-view methods are not effective in the learning tasks. Therefore, the multi-view
learning [2–5] emerged.Wherein, dimensional reduction has attracted most researchers’
attention since the dimension of multi-view data is usually very high.

At present, many effective dimensionality reduction (DR) [6] methods for multi-
view data have been proposed. The most widely used method is canonical correlation
analysis (CCA) [7–9], which finds one linear transformation for each view by max-
imizing the between-view correlation coefficient. Sun and Chen point out that CCA
ignores the local the information of samples and propose the Locality preserving CCA
(LPCCA) [11]. Similar to the locality preserving projection (LPP) [12], LPCCAfinds the
lower-dimensional projection bymaximizing the correlation coefficient of the neighbors.
However, CCA and LPCCA are suitable for the unsupervised problem. For the super-
vised problem, the discriminant CCA (DCCA) [10] and generalized multi-view analysis
(GMA) [13] are proposed. DCCA combines the idea of discriminant analysis and CCA.
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DCCA finds a common lower-dimensional space by maximizing the intra-class correla-
tions andminimizing the inter-class correlations.GMA[13] learns the optimal projection
matrix by solving a joint, relaxed QCQP (quadratic constrained quadratic program) over
different feature spaces to obtain a single (non)linear subspace. Notice that, the above
methods have good classification effect on two-view data and they do not performwell in
multi-view problem (the number of views is greater than 2) [14, 15]. For the multi-view
problem, multiset canonical correlation analysis (MCCA) [16, 17] is put out. MCCA
learns the corresponding projection matrix for each view by maximizing the overall cor-
relation coefficient between any pair of views. Although there are a lot of DR methods
for multi-view data, the multi-view semi-supervised DR methods are less. Sparse regu-
larized Discriminative Canonical Correlation Analysis (SrDCCA) [18] and MSDA [21]
are two semi-supervised DR methods. Through constructing sparse weighted matrices
in multiple views, SrDCCA incorporates the structure information into the original CCA
framework to seek the projection matrix. The lower dimensional representations are the
most correlated and they contain the important discriminative structure information. In
MSDA, the labeled examples are used to infer the discriminant structure in each view.
All the examples are used to discover the intrinsic geometrical structure in each view.

The existing multi-view DR methods consider only the correlation between views
and the discrimination. So that, we define the similarity between views firstly, then
a new regularization term is designed. This term contains both the similarity and the
correlations between views. Finally, a new DR method is proposed by combining the
new regularization term and the discrimination term.

The main contributions of this paper are following:

1. A new regularization term which can measure both the structural similarity and the
correlations between views is constructed.

2. A new semi-supervised dimensional reduction method is proposed, which can make
better uses of the information hidden in data than other traditional methods.

3. The experimental results on image dataset demonstrate the validity and advantage of
the new method.

The rest of the paper is arranged as follows: The related works are introduced in
Sect. 2. In Sect. 3, we propose multi-view semi-supervised dimensionality reduction
method. In Sect. 4, the experiments on face data sets and object data set are conducted
to verify the effectiveness of the proposed method. We have a conclusion of this paper
in Sect. 5.

2 Related Work

In this section, we briefly introduce the related methods: Canonical Correlation Analysis
(CCA).

2.1 Canonical Correlation Analysis (CCA)

CCA is a commonunsupervised dimension reductionmethod for two-viewdata. Suppose
that there are n examples from two views, X1 ∈ Rm1×n is the matrix of the examples in
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the first view, X2 ∈ Rm2×n is the matrix of the examples in the second view. Suppose
that all examples have been centrally processed. CCA aims at learning two projection
matrices by solving the following optimization problem:

max
P1,P2

E
[
PT
1 X1X

T
2 P2

]
√
E
[
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(1)

where S11 ∈ Rm1×m1, S22 ∈ Rm2×m2 are the variance matrices of X1,X2, S12 ∈ Rm1×m2

is the covariance matrix between X1andX2. Problem (1) means that the examples from
two views should be highly corelated in the lower dimensional space. In order to get the
optimal solution, problem (1) is usually converted into the following form:

max
P1,P2

tr
(
PT
1 S12P2

)

s.t.
PT
1 S11P1 = I

PT
2 S22P2 = I

(2)

By using Lagrange multipliers, problem (2) can be transformed into the following
generalized eigenvalue problem:

[
0 S12
S21 0

][
p1
p2

]
= λ

[
S11 0
0 S22

][
p1
p2

]
(3)

The eigenvectors corresponding to the first d maximum eigenvalues are selected
from the projection matrix:

P =
[
P1

P2

]

3 The Multi-view Semi-supervised Projection

In this section, the Jaccard similarity coefficient is firstly introduced, then we define the
structural similarity matrix and put out our new method.

3.1 Jaccard Similarity Coefficient

Jaccard similarity coefficient measures the similarity between two sets, it is defined as
follows [19]:

J (A,B) = |A∩B|
|A∪B| (4)

whereA andB are two sets, |·| indicates the number of elements in the set. 0 ≤ J (A,B) ≤
1, it is the proportion of the intersection in the union of A and B. It can be seen that the
larger J (A, B) is, the more similar A and B are. J (A,B) = 1 means A is entirely equals
to B; J (A,B) = 0 means the intersection of A and B is ∅, i.e. A is totally different from
B.
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3.2 Structural Similarity Matrix Between Views

Suppose that X = {x1, . . . , xn} and Y = {
y1, . . . , yn

}
represent the sample set of view

1 and view 2 respectively, the ith sample in two views are denoted as xi and yi. The
structural similarity matrix between view 1 and view 2 is defined as:

W1,2 = diag
(
W1,2(1),W1,2(2), · · · ,W1,2(n)

)
(5)

whereW1,2(j)j = 1,2, · · · , n is the Jaccard similarity coefficient of the jth sample in two
views, it is computed according to:

W1,2(j) = J
(
N 1
k (j),N 2

k (j)
) =

∣
∣N 1

k (j)∩N 2
k (j)

∣
∣

∣
∣N 1

k (j)∪N 2
k (j)

∣
∣ (6)

N 1
k (j) andN 2

k (j) represent the sets that contains the kth nearest neighbors in twoviews.
Figure 1 is an example that can illustrate the similarity between two views clearly.

Fig. 1. 6 neighbors of sample a in different views

As showed in Fig. 1, the 6 neighbors of sample xa in the view 1 is N 1
k ={

xb, xc, xf , xg, xh, xi
}; the 6 neighbors of sample ya in the view 2 is N 2

k ={
yc, yd , yf , yg, yi, yj

}
. The local structural similarity of the sample ‘a’ in the two views

is measured by the Jaccard similarity coefficient:

W1,2(a) = J
(
N 1
k (a),N 2

k (a)
) =

∣
∣N 1

k (a)∩N 2
k (a)

∣
∣

∣
∣N 1

k (a)∪N 2
k (a)

∣
∣ (7)

In this example，

∣∣N 1
k (a) ∩ N 2

k (a)
∣∣ = |{c, f, g, i}| = 4∣∣N 1

k (a) ∪ N 2
k (a)

∣∣ = |{b, c, d, f, g, h, i, j}| = 8

Thus, the local structural similarity of sample a in the two views is 0.5. Follow the
above method, we can get all samples’ Jaccard similarity coefficients, then the structural
similarity of all samples in two views can be computed.
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3.3 Multi-view Semi-supervised Similarity Projection (MSSP)

Now, let us describe our notations. n is the number of samples, c is the number of
classes, v is the number of views, mk is the sample dimension in the kth view. Xk =[
xk1, . . . , x

k
i , . . . , x

k
n

] ∈ Rmk×n is the sample matrix of the kth view. X′
k ∈ Rmk×nc is the

labeled sample matrix in kth view. P1,P2, · · · Pv are the projection matrices in v views,
P = [P1, . . . ,Pv]T, zki = Pkxki is the low-dimension representation of the ith sample in
the kth view.

MSSP learns a projection matrix for each view by using the discrimination informa-
tion, the correlation between views and the local structural similarity between views. In
the lower-dimensional space, MSSP hopes: 1) the intra-class scatter should be as small
as possible, and the inter-class scatter should be as large as possible; 2) the between-view
correlation and local structural similarity should be maximum. Based on the above moti-
vation, the discrimination term Jdis(P1, ...,Pv) and the term thatmeasures the correlation
and similarity Jcorr(P1, ...,Pv) are firstly proposed, then the optimization problem is put
out. Now, let’s introduce these two terms in detail.

3.4 The Formulation of MSSP

Discrimination Term Jdis(P1, ...,Pv).The intra-class scatter matrix in low-dimensional
space is defined as follow:

Sw = [
PT
1 , · · · ,PT

ν

]
⎡

⎣
S11 · · · S1ν
· · · · · · · · ·
Sν1 · · · Sνν

⎤

⎦ = PTSP (8)

where Sjr is calculated as:
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⎧
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⎪⎪⎩
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)T
)
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−
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nijnir
ni
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(9)

where uij = 1
nij

∑nij
k=1 x

j
ik is the mean of samples belonging to ith class in jth view, nij is

the number of samples belonging to ith class in jth view.
The inter-class scatter matric in low-dimensional space is defined as follow:

Sb = [
PT
1 , · · · ,PT

ν

]
⎡
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ni

uijuTir

)
− 1

n

(∑c
i=1 nijuij

)(∑c
i=1 niruir

)T (11)
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Then, the discrimination term is defined:

Jdis(P) = tr
(
PTDP − PTSP

)
(12)

Maximizing (12) means the within-class distance is small and the between-class
distance is large.

SimilarityTerm.Notice that the same sample’s local structuralmay be different between
views since the data is obtained in different ways.While the traditional dimension reduc-
tion methods do not take this difference into condition. By incorporating the similarity,
we define the new regularization term Jcorr defined by (13). Maximizing the term (13)
means the correlation coefficient between views with different local structural similarity
should be larger.

Jcorr = tr
(∑ν

i �=j P
T
i XiWi,jX T

j Pj

)
(13)

Wi,j = diag
(
Wi,j(x1), ...,Wi,j(xn)

)
is the similarity matrix between the ith and ijth

view, and Wi,j(xk) represents the local structural similarity of sample xk in the ith and
ijth view computed according to Jaccard distance, k = 1, 2, · · · , n.

For the convenience of solving, (13) can be rewritten as:

Jcorr = tr
(∑ν

i �=j P
T
i XiWi,jX T

j Pj

)
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PT
1 , · · · ,PT

ν

]
⎡
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⎤
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(
PTHP

)

(14)

where Hjr is:

Hjr =
{

0, j = r
XjWj,rX T

r , j �= r
(15)

MSSP. Take the discrimination and similarity into consideration, the optimization
problem of MSSP is constructed as:

max
P1,··· ,Pν

J = Jdis + μJcorr

= tr
(
PTDP − PTSP + μPTHP

) (16)

In order to avoid the general solutions, a constraint is added to problem (16).
Therefore, the final optimization problem of MSSP is:

max
P1,··· ,Pν

J = Jdis + μJcorr

= tr
(
PTDP − PTSP + μPTHP

)

= tr
(
PT (D−S+μH)P

)

= tr
(
PTLP

)

s.t.PTXX TP = I

(17)
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where P = [P1, . . . ,Pv]T ,L = D − S + μH ,X = diag
(
X1X T

1 , . . . ,XvX T
v

)
, I is the

identity matrix.
Based on the above discussion, the algorithm of MSSP is summarized as follows:
Algorithm1. Multi-view semi-supervised similarity projection (MSSP) Input: sam-

ples matrix Xk and matrix of labeled samples X ′
k , k = 1, . . . , ν, the parameters

μ, d .
Initialize:

1. Calculate the similarity term Jcorr according to (13)
2. Calculate the discrimination term Jdis according to (12)

3. Solve the generalized eigenvalue problem: (D − S + H )P = λXp, where p =
⎡

⎣
p1
· · ·
pν

⎤

⎦

and X = diag
(
X1X T

1 , · · · ,XνX T
ν

)

4. The eigenvectors corresponding to the first d maximum eigenvalues of matrix P are

selected and the projection matrix P =
⎡

⎣
P∗
1

· · ·
P∗

ν

⎤

⎦, where P∗
k is the projection matrix of

kth view

Output: projection matrix P∗
k , k = 1, ..., ν.

4 Experiment

4.1 Jaccard Similarity Coefficient

In this section,we compareMSSP and several otherDRmethods on three image datasets,
including YALE, ORL face datasets and COIL-20 object dataset. ORL face dataset
includes 400 images of 40persons. The 10 images per person are collected under different
time, lighting, facial expressions and facial details. Figure 2 is an example that contains
10 samples of one person.

Fig. 2. Sample images of one individual on ORL face datasets.

YALE face dataset includes 165 images of 15 persons. The 11 images per person are
under different lighting conditions, facial expressions and glasses occlusion. Figure 3
shows 11 sample images of one person.

COIL-20 object dataset contains 1440 images of 20 objects. Each object has 72
samples in different poses. Several images of one object are shown in Fig. 4.
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Fig. 3. Sample images of one individual on Yale face dataset.

Fig. 4. Sample images of one individual on COIL-20 object.

4.2 The Experimental Settings

MSSP is compared with 7 popular multi-view dimensionality reduction methods:
MCCA, LPCA,ALPCCA andMvPLS [20] (unsupervisedmethods),MvDA (supervised
method) SrDccA [18] and MSDA [21].

The data is transformed into multi-view form through HOG, gray value and BLP,
and the dimensionality is reduced to 100 by PCA for our experiments.

For the three datasets used in this paper, the parameter k is selected from the set
{5,10,15,20}, the balance parameter μ is selected from the set {2−5, 2−4, · · · , 25}.

In the experiment, we adopt the 1-nearest-neighborhood (1NN) classifier to evaluate
the dimensional reduction effectiveness. For multi-view problem, the data from differ-
ent views are projected to a common subspace, the 1NN classifier is used to classify
multi-view data on this common subspace. The average classification accuracy of ten
randomized experiments is regarded as our result.

4.3 The Experimental Settings

Comparison Experiment with Different Dimension. Tables 1, 2 and 3 show the best
accuracies with different number of neighbors and training examples. In the tables, train,
table and K represent the number of samples selected from each class, the number of
labeled training samples, the number of k-nearest neighbors. According to the tables, the
proposed method is obviously superior to other methods on each dataset because it has
the best accuracy. Compared with the supervised and the unsupervised methods, MSSP
is the best because it utilized all sample information including the labeled and unlabeled
samples. Compared with semi-supervised methods, the maximum improvement of the
best accuracy is 12.44%; the minimum improvement of the accuracy is 4.89%, MSSP
is also the best one since it fully utilized the structural differences between views and
discriminative information. In addition, the variance of the new method is also smaller
than other methods that means that MSSP is more stable.

The best accuracies of the eight methods are shown in Fig. 5, it is obvious that the
box plot of MSSP has the highest average accuracy and the smallest fluctuation range.
So, we can conclude that our MSSP performs best on YALE, ORL and COIL-20.
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Fig. 5. The best accuracies of the eight methods on three datasets

Fig. 6. The classification accuracies by different methods on three datasets

Figure 6 compares the classification accuracies on three datasets when the samples
are projected to different dimensions. On the data set YALE and OPL, MSSP shows a
great improvement on other methods. On COLL-20, MSSP has a weak advantage over
other methods. Furthermore, we can see that all methods have the best accuracies when
the dimensions are reduced to 50.

5 Conclusion

This paper proposes a way to measure the structural similarity between views firstly,
then a multi-view dimensionality reduction is proposed, which not only considers the
discrimination of the samples in all views, but also includes the structural similarity
between views. MSSP emphasizes the samples that have different local structure from
different views should be more similar. 1NN classifier is used to test the effectiveness
of MSSP and other dimensionality reduction methods. The experiments are conducted
on three real face datasets, YALE, ORL and COIL-20. The results show that MSSP is
an effective semi-supervised dimensionality reduction method because it has the best
accuracies and the best stability.
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