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Abstract—Video semantic recognition usually suffers from the
curse of dimensionality and the absence of enough high-quality
labeled instances, thus semisupervised feature selection gains
increasing attentions for its efficiency and comprehensibility.
Most of the previous methods assume that videos with close
distance (neighbors) have similar labels and characterize the
intrinsic local structure through a predetermined graph of both
labeled and unlabeled data. However, besides the parameter
tuning problem underlying the construction of the graph, the
affinity measurement in the original feature space usually suffers
from the curse of dimensionality. Additionally, the predetermined
graph separates itself from the procedure of feature selection,
which might lead to downgraded performance for video semantic recognition. In this paper, we exploit a novel semisupervised
feature selection method from a new perspective. The primary
assumption underlying our model is that the instances with similar labels should have a larger probability of being neighbors.
Instead of using a predetermined similarity graph, we incorporate the exploration of the local structure into the procedure of
joint feature selection so as to learn the optimal graph simultaneously. Moreover, an adaptive loss function is exploited to measure
the label fitness, which significantly enhances model’s robustness
to videos with a small or substantial loss. We propose an efficient alternating optimization algorithm to solve the proposed
challenging problem, together with analyses on its convergence
and computational complexity in theory. Finally, extensive experimental results on benchmark datasets illustrate the effectiveness
and superiority of the proposed approach on video semantic
recognition related tasks.
Index Terms—Feature selection, manifold regularization,
semisupervised learning, video semantic recognition.
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I. I NTRODUCTION
OR THE explosion of videos along with the rapid
development of Internet, video semantic recognition has
become a fundamental process that allows the creation of several applications [1], such as semantic video indexing and
retrieval, object detection and tracking, video event detection
and human activity analysis. However, these tasks usually suffer from the curse of dimensionality since the low-level visual
features are often high-dimensional and noisy [2], [3]. As a
result, it is crucial to exploit efficient dimensionality reduction technology to promote the performance of video semantic
recognition. Typically, feature selection techniques reduce the
dimensionality by selecting a small subset of original features,
and thus is capable of alleviating the curse of dimensionality while enhancing the comprehensibility of dimension
reduction [4].
From the perspective of utilizing label information, feature
selection algorithms can be roughly categorized into unsupervised, supervised and semisupervised types. Unsupervised
feature selection methods suppose that all of the data are collected without labels. They either involve maximization of
clustering performance as quantified by some index [5]–[7]
or considers the selection of features based on feature dependency and relevance [8]–[10] Although unsupervised feature
selection methods are capable of handling unlabeled data, they
ignore the discriminative information from labels [11], [12].
Instead, supervised feature selection methods only rely on
the labeled data and usually evaluate the importance of features based on the correlation between features and the class
labels [13], such as Pearson correlation coefficients [14],
Fisher score [15], and information gain [16]. Supervised
feature selection usually achieves reliable performance with
a sufficient number of labeled training data. However, in
many practical applications for video semantic recognition,
the vast majority of large-scale videos are usually collected
without labels. Annotating these unlabeled videos is dramatically expensive and time-consuming. Therefore, semisupervised learning for feature selection that aims to learn
a discriminative subset of the original features from both
labeled and unlabeled data, is of potentially great practical
significance [17]–[19].
In the framework of semisupervised learning, most of the
feature selection methods are based on one of the following
two assumptions.
1) The smoothness (cluster) assumption which assumes that
data points are likely to have the same label if they are
close to each other [20].
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2) The manifold assumption which states that the
prediction function for feature selection lives in a lowdimensional manifold of the higher dimensional feature
space [21].
Under the smoothness assumption, graph-based semisupervised feature selection that inherits excellent properties from
spectral graph theory has attracted great attentions. For example, Zhao and Liu [22] pioneered a filter-based semisupervised
feature selection with particular graph theory and construct
cluster indicators to evaluate the feature relevance one by
one. Alalga et al. [23] transformed the labeled part of data
into soft constraints and proposed a unified framework for
semisupervised multilabel feature selection based on a softconstrained Laplacian score. Under the manifold assumption,
embedded method-based feature selection attempts to use
the underlying geometric structure of data and integrate the
selection into the training stage of the semisupervised learning process. For example, Xu et al. [24] took advantage of
semisupervised support vector machine (SVM) with manifold
regularization and conducted feature selection through maximizing the classification margin between different classes and
simultaneously exploiting the geometry of marginal distribution. Ma et al. [25] extended 2,1 -norm regularized feature
selection relevant features with manifold fitting on the data
structure. It is noteworthy that the methods mentioned above
usually characterize the intrinsic local structure with a predetermined graph Laplacian matrix based on a Gaussian function.
However, besides the parameter tuning problem in the construction of graph [2], the qualitative affinity measurement
usually suffers from the curse of dimensionality [26], As a
result, the predetermined data affinity matrix that is separated
from the procedure of feature selection might not be the optimal one and fail to capture the underlying geometry structure
accurately [27]. As argued in [28], the Laplacian regularization biases the solution toward a constant function and is short
of extrapolating power.
For the issues above, Shi et al. [28] employed Hessian regularization [29] instead of Laplacian regularization to exploit
the intrinsic local geometry of the data manifold, and leverage 2,1/2 -matrix norm for a joint sparse feature selection.
However, this method is conducted in a transductive way [30]
and thus cannot be used to predict the out-of-sample testing
data. Han et al. [2] encoded the local geometry structures of
training data as a linear combination of within-class scatter
matrices and spline scatter matrix. However, besides more
parameters are introduced, both of the mentioned methods
separate the characterization of local structure from the procedure of semisupervised feature selection. Note that there are
also some semisupervised feature selection methods which do
not consider the local structure characterization. For example,
Chang et al. [31] associated each training data point with a predetermined score and developed a convex semisupervised multilabel feature selection framework without relying on graphs
and Eigen decomposition. However, in many practical applications, it is hard to determine the score for each training data.
Xu et al. [11] proposed a max-relevance and min-redundancy
criterion based on Pearsons correlation coefficient for semisupervised feature selection. However, this filter-based method
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ignores the underlying learning algorithm which is utilized
to train classifiers from labeled data [32]. Ren et al. [33]
introduced a search-based framework by randomly selecting
unlabeled data to form new training sets and iteratively adding
the most frequently selected feature to the result feature subset.
However, this method neglects the interaction among features
as well as the interaction between the heuristics of feature
selection and the corresponding classifier [24].
In this paper, we develop an adaptive framework of semisupervised feature selection from a new point of view. Instead
of using a predetermined affinity matrix to reflect the underlying local geometric structure of high-dimensional training
data, the primary assumption underlying our model is that the
data points with similar labels should have a larger probability of being neighbors. This strategy is also used in [34] to
guide multilabel classification with random forest, and achieve
better performance than using the feature space itself. Under
this assumption, we incorporate the exploration of the local
structure into the procedure of joint feature selection so as
to learn the optimal graph simultaneously. To the best of
our knowledge, this is the first work which explicitly learns
the optimal graph in the procedure of semisupervised feature
selection. Additionally, due to a vast majority of data exists
in the framework of semisupervised learning without labels,
it is significantly important in practice to improve the semisupervised model’s robustness to outliers. Note that most of the
previous methods utilize squared 2 -norm as loss function to
measure the error of predicted labels, which usually performs
sensitively since the outliers with significant loss will dominate the objective function. Although using 1 -norm-based
loss function can relieve this issue to some extent, whereas
it is sensitive to small loss [35]. For this issue, we leverage
more robust loss function which is capable of overcoming
the disadvantages of both 1 -norm and 2 -norm-based loss
functions [35]. Our model yields encouraging experimental
results on several benchmark datasets and demonstrates its
effectiveness and superiority for video semantic recognition
related tasks. In summary, we highlight the difference from
the previous methods and describe the main contributions of
this paper as follows.
1) We incorporate the exploration of optimal similarity
matrix into the procedure of semisupervised joint feature
selection by adaptively assigning the nearest neighbors
to each video.
2) For real-world applications, we exploit an adaptive
loss function to measure the labels fitness over both
labeled and unlabeled data, which enhance the model’s
robustness to noises and outliers.
3) To solve the proposed nonsmooth objective function, we
exploit an efficient alternative algorithm and prove its
convergence theoretically and experimentally.
The remainder of this paper is organized as follows. In
Section II, we give a brief review of traditional framework for
graph-based semisupervised feature selection. A novel method
with adaptive neighbor assignment and adaptive loss measurement is proposed in Section III, together with an efficient
algorithm for the proposed challenging problem. The theoretical study on the convergence and computational complexity
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of the proposed algorithm are demonstrated in Section IV.
In Section V, extensive experiments over several benchmark
datasets are conducted to verify the effectiveness of the
proposed method for video semantic recognition related tasks,
including video concept detection (VCD) and human activity
analysis. Finally, the conclusion is given in Section VI.
A. Notations and Terms
We employ the notations as usual throughout this paper.
For any d-dimensional vector 
z = [z1 , z2 , . . . , zd ] ∈ Rd , its
lp -norm is defined as zp = ( di=1 |zi |p )(1/p) . For any matrix
A = (aij )p×q ∈ Rp×q , we denote its ith row and the jth column
Frobenius norm of matrix A is
as ai and aj , respectively.
 The

 2
defined as AF =
Tr(AA ), where Tr(·)
i
j aij =
refers to the trace of matrix.
p The 2,1 -norm of matrix A is
formulated as A2,1 = i=1 ai 2 for joint sparsity pattern.
Let D = diag(d1 , d2 , . . . , dp ) ∈ Rp×p be a diagonal matrix
with its (i, i)th diagonal element di (∀i). Let 0 and 1 be column
vectors whose elements are all zero and one, respectively.
II. P RELIMINARY AND M OTIVATION
We first recall the traditional framework for graph-based
semisupervised feature selection, and then educe the motivation of our method formally.
In this paper, the training videos are collected into a matrix
X = [x1 , x2 , . . . , xn ] ∈ Rd×n , where xi ∈ Rd refers to
a low-level feature vector of the ith video; n is the total
number of videos in training set. In the framework of semisupervised learning, we assume the first m (m  n) videos
x1 , x2 , . . . , xm are labeled, respectively, with label vector
yi = [yi1 , yi2 , . . . , yic ] ∈ {0, 1}c (i = 1, 2, . . . , m), where
c refers to the number of semantic categories. Specifically,
yij = 1 when xi is in the jth class, while yij = 0 otherwise. The
remain videos xm+1 , xm+2 , . . . , xn are unlabeled. Note that we
focus on the standard case where each video belongs to only
one category in this paper, i.e., the model is formulated with
single label class.
For feature selection over both labeled and unlabeled videos,
graph Laplacian is widely used to preserve the manifold
structure of video representation. Let G = {X, } be the undirected weighted graph with n nodes of training videos, where
 = (ωij )n×n ∈ Rn×n is the affinity graph (similarity matrix)
with each entry ωij representing the similarity between videos
xi and xj . Typically, the similarity matrix  is predetermined
in the original high-dimensional feature space with Gaussian
function, that is
⎧

x −x 2
⎨
exp − i2σ 2j 2 , xi ∈ NK xj or xj ∈ NK (xi );
ωij =
⎩
0,
otherwise.
where NK (xi ) denotes the set of K-nearest neighbor to xi in
the original high-dimensional space. The variance parameter
σ empirically tuned in real-world applications will affect the
performance significantly [36]. Based on graph theory, the
corresponding Laplacian matrix is defined as L = D −
a diagonal matrix whose ith diagonal
( +)/2, where D is
element is calculated as nj=1 (ωij + ωji )/2 for i = 1, 2, . . . , n.

Let fi be a predicted label vector for the ith video xi (i =
1, 2, . . . , n). Under the assumption that videos with close distance (neighbors) should have similar labels, the manifold
smoothness on the graph G is ensured by minimizing the
following objective function [37]:
n
n


1
2
(1)
fi − fj 2 ωij = Tr F  L F
2
i=1 j=1

where F = [Fl ; Fu ] denotes the predicted label matrix over
training videos. Specifically, Fl = [f1 , f2 , . . . , fm ] and Fu =
[fm+1 , fm+2 , . . . , fn ] refer to the predicted label matrices of
labeled and unlabeled videos, respectively. Combining with
the label fitness that is considered through a loss functions
L(W, F; X), traditional graph Laplacian-based semisupervised
feature selection is formulated to solve the following optimization problem:
min Tr(F  LS F) + γ L(W, F; X) + λ(W)

W,b,F

(2)

s.t. Fl = Yl
where W ∈ Rd×c is a transformation matrix; Yl =
[y1 , y2 , . . . , ym ] ∈ {0, 1}m×c denotes the label matrix over
labeled training videos; γ and λ are tradeoff parameters which
balance the manifold smoothness (the first term), the label
fitness (the second term) and the regularization for transformation matrix (the third term). The regularization term (W)
is used to encourage a specific structure of W. For example,
in [25], (W) = W2,1 is imposed for a sparsity on all features and nonsparsity between classes, and thus discriminative
features for all classes get larger weights. The constraint on
labeled videos aims to make the predicted labels Fl consistent
with the ground truth label matrix Yl .
Note that the similarity matrix  used in objective function (2) depends on a preassigned neighbors according to
Gaussian function. However, on one hand, the empirically
tuned parameter σ usually deteriorates the accuracy and
informativeness of similarity graph. On the other hand, the
predetermined similarity matrix is based on norm-based distance measurement in original high-dimensional feature space,
which inevitably suffers from the curse of dimensionality
and fails to capture the intrinsic geometry relation accurately.
Additionally, the loss function L(W, F; X) is usually specified as a squared 2 -norm-based distance measurement which
is proved to be much sensitive to the outliers [38]–[40]. As a
result, it is significantly important to develop an robust semisupervised feature selection model which can simultaneously
characterize the underlying local geometric structure of both
labeled and unlabeled video adaptively.
III. P ROPOSED M ETHODOLOGY
In this section, we exploit a semisupervised feature selection
model by incorporating the exploration of local structure into
the procedure of joint feature selection.
A. Optimal Similarity Graph
We adaptively assign each video xi neighbors with probability vector si = [si1 , si2 , . . . , sin ] ∈ Rn , such that sij ≥ 0
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and s
i 1 = 1 for i = 1, 2, . . . , n. Instead of supposing videos
with close distance (neighbors) should have similar labels, in
this paper, we assume that close labels have high similarity
and vice versa. As a result, an optimal similarity graph is
estimated through the following optimization problem:
1
min Jri (si , F) =

2
si ≥0,si 1=1

Fig. 1.

n
2
fi − fj 2

sij + ri s2ij

(3)

j=1

where the regularization term with parameter ri is significantly
necessary because its absence leads to a trivial solution of
optimization problem (3), i.e., only the nearest video can be
the neighbor of xi with probability 1. Indeed, the regularization
term enables all of the videos to be the neighbor of xi with the
same probability 1/n. Therefore, the objective function of (3)
encourages close labels of fi and fj , measured as fi − fj 2 ,
have a larger probability sij and vice versa.
Over theentire videos in training dataset, we denote
Jr (S, F) = ni=1 Jri (si , F) and solve the following optimization problem for an optimal neighbor assignment:
1
min Jr (S, F) =
2

n

2
fi − fj 2

sij + ri s2ij

i=1 j=1

s.t. si ≥ 0, s
i 1 = 1 (∀i).

(4)

In practice, we set the initial similarity matrix S according to
Gaussian function and update the neighbor assignment based
on the label difference of each pair of videos. This strategy is
totally different from the traditional method which use a predetermined similarity graph to characterize the underlying geometry structure of original features. Since the c-dimensional
label space is much lower than the original d-dimensional
original feature space, the optimal similarity graph not only
mitigates the curse of dimensionality to some extent, but also
captures the intrinsic structure effectively.
B. Optimal Graph Embedded Feature Selection
Based on the analysis above, we incorporate the optimal
similarity graph learning into the procedure of semisupervised
feature selection and specify the label fitness with adaptive
loss for better robustness. Such an idea can be formulated as
a concise optimization problem as follows:


min Jr (S, F) + γ X W + 1b − F
s.t. Fl = Yl ; si ≥ 0, s
i 1 = 1 (∀i)

τ

+ λW2,1
(5)

(1 + τ ) ai

= Aτ =
i

ai

2
2

+τ

2
2

.

The solution of optimization problem (5) can be approximately attained via updating the involved parameters S and
{W, b, F} alternatively with the other one fixed. For a better
understanding, we demonstrate the flowchart of optimization
procedure in Fig. 1, where we name the step of optimization
S with fixed variables {W, b, F} as adaptive neighbor assignment, and exploit a reweighted algorithm for label prediction
by optimizing {W, b, F} with fixed variable S. In another
words, the optimization strategy aims to learn the similarity matrix S and the predicted label matrix F simultaneously.
Different from the traditional semisupervised feature selection
models that predict labels given a predetermined similarity
matrix, the proposed model is capable of achieving better
performance since it also learns the optimal graph for feature selection. Subsequently, we introduce the details of the
alternative optimization algorithm.
1) Adaptive Neighbor Assignment: With fixed W, b, and F,
optimization problem (5) turns to the following n decoupled
subproblem due to the independence of videos in training
dataset:
min

si ≥0,s
i 1=1

where γ and λ are tradeoff parameters. Given any matrix A =
[a1 , a2 , . . . , an ] ∈ Rn×n , the adaptive loss with parameter τ
τ
: Rn×n → R
is defined as fad-loss
τ
fad-loss
(A)

of problem (5), we arrive at a new framework for semisupervised feature selection. This strategy takes advantages of
both optimal neighbor assignment for model’s accuracy and
the adaptive loss measurement for model’s robustness, namely
optimal graph embedded semisupervised feature selection
(OGE-SFS). Considering the convexity of objective function
with respect to variables W, b, S and F jointly, an alternative
optimization algorithm can be readily employed to address
the proposed challenging problem (5). Once W is obtained,
we sort the d features according to wi F (1 ≤ i ≤ d) in
descending order and select the top ranked ones.
C. Optimization Strategy

n



Flowchart of alternative algorithm for OGE-SFS.

(6)

Note that the adaptive loss measurement is indeed a smoothly
interpolates between l1 -norm- and l2 -norm-based loss functions. Thus it takes advantages of both norm-based loss
measurements and become more robust to videos with a
small loss or substantial loss. From the objective function

1
2

n

fi − fj 22 sij + ri s2ij

(7)

j=1

for i = 1, 2, . . . , n. With some evident reformation, this
optimization problem equals to the following compact form:
min

si ≥0,s
i 1=1

si +

1
hi
2ri

2

(8)
2

where hi = [hi1 , hi2 , . . . , hin ] is a n-dimensional vector
corresponding to the ith video and hij = fi − fj 22 for
j = 1, 2, . . . , n. Note that this optimization problem indeed is a
Euclidean projection problem on the simplex space. Following
the strategies used in [41], we formulate the Lagrangian
function of objective function (8) as:
2


1

hi − η s
(9)
L(si , η, ζ ) = si +
i 1 − 1 − ζ si
2ri
2
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where η ∈ R and ζ = [ζ1 , ζ2 , . . . , ζn ] ∈ Rn are the Lagrangian
multipliers. Let the optimal value of problem (8) be s∗i , and
the optimal Lagrangian multipliers be η∗ and ζ ∗ . According
to the Karush–Kuhn–Tucker condition, we have the optimal
solution

1
1
(10)
s∗ij = − hij + η∗ + ζj∗ = − hij + η∗
2ri
2ri
+
for j = 1, 2, . . . , n. Because of the locality assumption that
there are only K nearest neighbor could have chance to connect
to xi , the optimal s∗i has only K nonzero elements. Without
loss of generality, let hi1 , hi2 , . . . , hin be sorted in ascending.
We suppose the Kth smallest component in vector s∗i is larger
than 0 and the (K + 1)th smallest component in vector s∗i is
less than or equal to 0, that is

− 2r1 i hiK + η∗ > 0
(11)
− 2r1 i hi(K+1) + η∗ ≤ 0.
Based on the constraint s
i 1 = 1 and (10), we have
K
∗ ) = 1. It turns that η∗ = (1 +
(−(1/2r
)h
+
η
i ij
j=1 
h
(1/2ri ) K
j=1 ij )/K. As a result, the regularization parameter
ri satisfy the following inequality:
K
1
h −
2 iK 2

K
j=1

K
1
hij < ri ≤ hi(K+1) −
2
2

K

hij .

(12)

Algorithm 1 Reweighted Algorithm for {W, b, F}
Initialize: W, b and F.
1: while not converge do
2:
Calculate a diagonal matrix D = diag(d1 , d2 , . . . , dn )
according to Equation (18);
3:
Update F by Equation (22); update W by Equation (20)
and update b by Equation (19).
4: end while

according to the derivation. To address the problem (14), we
first calculate di according to (15) in terms of the current
solutions, and then update {W, b, F} by addressing the optimization problem (16). Therefore, the key step for the procedure of optimization problem (14) lies in solving the following
problem:
min fλ (W, b, F; S) + γ Tr(A DA)

W,b,F

s.t. Fl = Yl

where A = X  W + 1b − F; D is a diagonal matrix with the
ith diagonal element di is calculated by
di = (1 + σ )

j=1

K

(17)


i
x
i W +b −f

i
2 x
i W +b −f

2

+ 2σ

+σ
2

2

.

(18)

We set ri = (K/2)hi(K+1) − (1/2) j=1 hij to achieve an
optimal solution s∗i with exact K nonzero components, that is

1
s∗ij = − hij + η∗
(13)
2ri
+

It can be verified that the objective function in optimization problem (18) is jointly convex with respect to variables
W, b, and F. Therefore, we set the derivative of objective
function (17) with respect to b to 0, and obtain

for j = 1, 2, . . . , n. In this case, the optimal neighbor assignment si only depends on the number of neighbor K for each
videos, which is more intuitive and easier to tune than regularization parameter ri because K is an integer and has explicit
meaning in practice [41].
2) Label Prediction With Reweighted Algorithm: Let
fλ (W, b, F; S) = Tr(F  LS F) + λW2,1 and gi (W, b, F) =

x
i W + b − fi for a better representation. With fixed similarity matrix S, the optimization problem (5) with respect to
variables W, b, and F turns to

(19)

n

min φ = fλ (W, b, F; S) + γ

W,b,F

gi (W, b, F)σ
i=1

s.t. Fl = Yl

(14)

according to (1). Following the adaptive loss minimization
problem [35], we calculate the derivative of objective function (14) with respect
 to {W, b, F} as (∂φ/{W, b, F}) =
fλ (W, b, F; S) + 2γ ni=1 di gi (W, b, F)gi (W, b, F), where:
di = (1 + σ )

gi (W, b, F)2 + 2σ
2 gi (W, b, F)2 + σ

2

(15)

for i = 1, 2, . . . , n. Given di for the ith video xi , the
optimization problem (14) can be reformulated as
n

di gi (W, b, F)22

min fλ (W, b, F; S) + γ
i=1

(16)

b=

1
1
F  D1 −  W  XD1.
1 D1
1 D1

Note that the derivative of W2,1 with respect to W is 2R−1 W,
where R = diag(r11 , r22 , . . . , rdd ) is a diagonal matrix with the
(i, i)th diagonal element rii = 2wi 2 for i = 1, 2, . . . , n. By
substituting (19) into the objective function of optimization
problem (17) and setting its derivative with respect to W to 0,
we have
−1

XNF
(20)
W = XNX  + 2λR−1
where N = D − (1/1 D1)D11 D is the centering matrix.
Moreover, by substituting (19) and (20) into the objective
function of problem (17), we arrive at Tr(F  (LS + γ N −
γ NX  (XNX  + 2λR−1 )−1 XN)F) = Tr(F  MF), where
M = LS + γ N − γ NX  (XNX  + 2λR−1 )−1 XN

Mll Mlu
.
=
Mul Muu

(21)

As a result, the optimal labels matrix Fu for unlabeled videos
can be predicted as
−1
Fu = Muu
Mul Yl .

(22)

In summary, we describe the reweighted optimization for
problem (14) in Algorithm 1, and demonstrate the overall alternative optimization algorithm for OGE-SFS in Algorithm 2.
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Algorithm 2 Alternative Optimization for OGE-SFS
Input: X, c, K, σ λ and γ .
Output: W.
Initialize: W 0 ,S0 and t = 0.
1: repeat
2:
Update W t+1 , bt+1 and F t+1 with fixed St by
Algorithm 1;
3:
Update St+1 with fixed F t+1 by Equation (13);
4: until

Theorem 2: The alternate updating rules in Algorithm 2
monotonically decrease the objective function value of optimization problem (5) in each iteration until convergence.
Proof: In the procedure of iteration, we update the variables
W t+1 , bt+1 , and F t+1 by Algorithm 1 while keeping St fixed.
According to Theorem 1, we have




Jr St , F t+1 + γ X  W t+1 + 1 bt+1 − F t+1
+ λ W t+1
+ λ Wt

IV. C ONVERGENCE AND C OMPLEXITY A NALYSIS
In this section, we provide a theoretical analysis on the convergence of the proposed alternative optimization algorithms,
together with the analysis on its computational complexity.
A. Convergence Analysis
Lemma 1 [35]: For any n-dimensional vectors x and y,
we have
x22
y2 + 2σ
x22
−
2
x2 + σ
2 y2 + σ

,
f W
b, 
F; S + γ

n

di gi (W, b, F)22

≤ f (W, b, F; S) + γ

(23)

i=1


i
where di = (1 + σ )((x
i W + b − f 2 + 2σ )/(2(xi W +
b − fi 2 + σ )2 )). On the other hand, based on Lemma 1,
we have

,
b, 
F 2
gi W
gi (W, b, F)2 + 2σ
−

 , b, 
F 2+σ
gi W
2 gi (W, b, F)2 + σ
2

≤

2

,
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2
2

gi (W, b, F)22
gi (W, b, F)2 + 2σ
gi (W, b, F)22 .
−
2
gi (W, b, F)2 + σ
2 gi (W, b, F)2 + σ

By substituting the value of di into (23) and summing the
two inequalities above, we arrive at
,
f W
b, 
F; S + γ

n
i=1

,
b, 
F
(1 + σ ) gi W
,
gi W
b, 
F
+σ

2
2

2

n

≤ f (W, b, F; S) + γ

di
i=1

(1 + σ )gi (W, b, F)22
.
gi (W, b, F)2 + σ
(24)

Therefore, the reweighted updating rules in Algorithm 1
monotonically decrease the objective function value of the
problem (14) in each iteration. The proof is completed.

σ

(25)





Jr St+1 , F t+1 + γ X  W t+1 + 1 bt+1 − F t+1


t

+ λ W t+1

σ



+ γ X  W t+1 + 1 bt+1 − F t+1


t 

≤ Jr S , F + γ X W + 1 b

i=1

− Ft

Based on the inequities (25) and (26), we arrive at

t

2
,
di gi W
b, 
F 2



On the other hand, with fixed F t+1 , we update the similarity
matrix S by (13) and obtain




(26)
Jr St+1 , F t+1 ≤ Jr St , F t+1 .

≤ Jr St , F t+1

Theorem 1: The reweighted updating rules in Algorithm 1
monotonically decrease the objective function value of optimization problem (14) in each iteration.
Proof: In step 2 of Algorithm 1, we suppose the updated
,
variables W, b, and F are denoted by W
b, and 
F , respectively.
Based on the updating rules, we have
n

2,1

σ

≤ Jr St , F t + γ X  W t + 1 bt

.
2,1



y22
y2 + 2σ
y22 .
−
≤
2
y2 + σ
2 y2 + σ
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t

−F

t
σ

+λ W

σ

2,1

+ λ W t+1

t
2,1

2,1

.

Hence, the objective function value of optimization
problem (5) decrease monotonically in each iteration
until the algorithm convergence. The proof is completed.
B. Computational Complexity
As shown in Algorithm 2, the alternative optimization algorithm for the proposed OGE-SFS consists two steps, i.e., adaptive neighbor assignment and reweighted algorithm for label
prediction. Subsequently, we analyze the computational cost
of these two steps, respectively.
The main computation cost of the first step lies in the calculation of predicted label distances between each pair of videos
with complexity O(n2 c). Note that this cost is much smaller
than traditional graph Laplacian in the original feature space
with computational cost O(n2 d) since c  d in many practical applications. During the step of label prediction with a
fixed similarity matrix, the major computational cost lies in
calculating the inverse of a matrix for updating W and F.
Specifically, let P = XNX  + 2λR−1 ∈ Rd×d with computational cost O(nd2 ) and Q = XNF ∈ Rd×c with cost O(ndc),
the updating rule for W can be rewritten as W = P−1 Q.
Note that the computational cost of matrix inverting is O(d3 ).
Fortunately, the expensive computation of matrix inverse can
be avoided [37]. Since the updating of W equals to solving the
following optimization problem minW W  PW − 2W  Q, the
optimal W can be achieved iteratively through gradient descent
method, i.e., Wt+1 = Wt −α(PWt −Q). In such a way, the computational cost of matrix inverse reduces to O(Td2 c), where T
is the number of iterations. As a result, the total computational
cost of updating W turns to O(nd2 ) + O(Td2 ) for c  d and
c  n in practice. The same strategy can also be used for the
updating of F.
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TABLE I
DATASET D ESCRIPTION

V. E XPERIMENTS
In this section, extensive experiments over several realworld videos are conducted to evaluate the performance of the
proposed semisupervised feature selection method on video
semantic recognition related tasks, including VCD and human
action recognition (HAR).
A. Experimental Data
To evaluate the proposed algorithm, we briefly introduce the
following five datasets and summarize the details in Table I.
1) Columbia Consumer Video Dataset [42]: This dataset
is collected for visual content recognition consisting of 9317 YouTube videos over 20 semantic categories, where the manual annotation is conducted
on the Amazon MTurk platform. In the experiments,
we directly use the space-time interest points (STIPs)
features with 5000-D bag-of-visual-words (BoWs) to
represent the low-level feature of videos [42].
2) Kodak Consumer Video (Kodak) Dataset [43]: This set
consists of 1358 consumer video clips and 1873 Youtube
video clips, from which 3590 key-frames are extracted
and annotated in a rigorous fashion. All the key-frames
belonging to 22 concepts are used in the experiments.
Following [2], we extract SIFT points and represent each
key-frame as a 1000-dimensional histogram of BoWs
based on the clustered visual dictionary.
3) CareMedia Dataset [44]: This dataset includes 15 geriatric patients’ activities in the public spaces of a nursing
home. We use a subset of the entire dataset, consisting
of 3913 video sequences recorded by one camera in the
dining room. In the experiments, MoSIFT feature with
1000-dimensionality is extracted to represent each video
sequence for its consideration of both local appearance
and local motion [45].
4) KTH Action Dataset [46]: This video dataset consists of 2391 video sequences with respect to 6
types of human actions. Following the STIP descriptor in [2], in the experiments, we represent each
video sequence as a 1000-D STIP feature by concatenating several histograms from a space-time grid
defined on the patch and generalizing SIFT descriptor to
space-time.
5) HMDB Dataset: This dataset contains 7000 manually annotated clips with 51 action categories extracted
from a variety of sources ranging from digitized
movies to YouTube. Following the STIP descriptor
in [2], we represent each video as a 1000-D STIP
feature.

B. Experimental Settings
For Columbia consumer video (CCV) dataset, we adopt
a standard partition which split the entire dataset into 4659
training videos and 4658 testing videos. Since there is no
standard split for the other three datasets, we randomly sample a certain number of data as the training. The remaining
videos for each of the three datasets are served as the corresponding testing data. We include the detailed splits for each
dataset in Table I. The number of selected features for each
dataset is also reported in Table I regarding the particular feature size. To study the performance of semisupervised feature
selection, in this paper, we set the ratio of labeled videos
among the sampled training dataset to different values from
{1%, 5%, 10%, 25%, 50%, 100%}.
To illustrate the effectiveness and superiority of our model’s
classification performance, we compare the proposed OGESFS with the following state-of-the-art methods. Note that all
feature (All-Fea), sparse multinomial logistic regression via
Bayesian 1 regularization (SBMLR), and feature selection via
joint 2,1 -norm minimization (FSNM) are designed for supervised feature selection. Learning from labeled and unlabeled
data with label propagation (LUDLP) and large-scale adaptive
semisupervised learning (ASL) are used for semisupervised
classification with all features. The others are conducted for
semisupervised feature selection.
1) All feature (All-Fea): The original high-dimensional feature without feature selection has been used as a baseline
in the experiments.
2) SBMLR [47]: It can be applied to feature selection by
exploiting sparsity using a Laplace prior.
3) FSNM [48]: It employs on both loss function and regularization to realize feature selection across all data
points.
4) LUDLP [49]: This semisupervised classification aims to
propagate labels through the dataset along high density
areas defined by unlabeled data.
5) ASL [37]: Instead of using graph information, this
semisupervised classification method suppress the
weights of boundary unlabeled points adaptively.
6) Locality
Sensitive
Semisupervised
Feature
Selection [50]: This is a semisupervised feature selection approach based on within-class and between-class
graph construction.
7) Discriminative Semisupervised Feature Selection
Via Manifold Regularization (FS-Manifold) [24]: It
selects features through maximizing the classification
margin between different classes and simultaneously exploiting the data geometry by the manifold
regularization.

LUO et al.: ADAPTIVE SEMISUPERVISED FEATURE ANALYSIS FOR VIDEO SEMANTIC RECOGNITION

655

TABLE II
C OMPARISON ON CCV DATASET (MAP ± STD) W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA

TABLE III
C OMPARISON ON KODAK DATASET (MAP ± STD) W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA

TABLE IV
C OMPARISON ON C ARE M EDIA DATASET (MAP ± STD) W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA

8) Structural Feature Selection With Sparsity (SFSS) [25]:
This semisupervised feature selection algorithms
incorporates joint feature selection and semisupervised
learning into a single framework. Correlations between
different features have been taken into consideration.
9) Semisupervised Feature Selection Via Spline Regression
(S2 FS2 R) [2]: The discriminative information between
labeled training videos and the local geometry structure of all the training videos are well preserved by the
combined semisupervised scatters.
For fair comparison, the number of neighbors is set as five for
all of the graph-based comparators. We repeat the procedure of
training data sampling 50 times and report the average performances with the corresponding variance for all of the datasets,
where the performance of each repetition is achieved by tuning
each method’s regularization parameters with a “grid-search”
strategy from set {10−3 , 10−2 , . . . , 102 , 103 }. Specifically, we
set the parameter of adaptive loss as σ = 0.1 in the proposed

model. With the selected features, we report the results of
classification based on χ 2 kernel SVM method for its excellent performance on HAR [51]. In this paper, we leverage the
mean average precision (mAP) as the evaluation metric due to
its stability and discriminating capability for classification.
C. Experimental Results
To study the influence of different ratios of labeled training
data on the performance of classification, we set the value of
various ratios as {1%, 5%, 10%, 25%, and 50%} in the semisupervised learning and demonstrate the values of mAP for all
of the datasets in Tables II–VI, respectively, where the best
results are highlighted in bold. From these tables, we reach
the following observations and analysis.
1) All-Fea method shows the worst performances among
the other feature selection-based methods over all of
the datasets. As a result, it is significantly necessary
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TABLE V
C OMPARISON ON KTH DATASET (MAP ± STD) W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA

TABLE VI
C OMPARISON ON HMDB (MAP ± STD) W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA

TABLE VII
p-VALUE OF PAIR -W ISED W ILCOXON T EST W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA ON CCV

to exploit dimensionality reduction techniques to relieve
the curse of dimensionality and mitigate the effects of
noises.
2) For each method, the performance on each dataset
becomes better as the ratio of labeled training video
increase. Since the discriminative information is usually
encoded in the qualified labels that are typically obtained
expensively, it is necessary to develop semisupervised
learning for video semantic recognition.
3) Semisupervised classification methods with or without feature selection commonly perform better than
supervised methods due to the contributions of intrinsic structure exploited from unlabeled videos. We also
observe that semisupervised feature selection methods
with less unlabeled videos perform much better than
supervised feature selection methods.
4) In general, semisupervised feature selection algorithms
(i.e., S2 FS2 R and OGE-SFS) outperform semisupervised classification algorithms (i.e., LUDLP and ASL)
on all the datasets, which confirms the necessarity

of feature selection for the tasks of video semantic
recognition.
5) For each dataset, the proposed OGE-SFS consistently
outperforms all the compared semisupervised feature
selection methods on varying number of labeled training
videos, thanks to the adaptive neighbor assignment and
adaptive loss measurement. Indeed, OGE-SFS can learn
the optimal similarity matrix adaptively and capture the
more exact intrinsic manifold structure of the original
feature space.
To ensure the improvement of the proposed algorithm
in terms of feature selection is statistically significant,
nonparametric pair-wised Wilcoxon test is conducted on
the five datasets. The experimental results are reported in
Tables VII–XI, where the victories are highlighted in bold.
We compute the p-value of the proposed algorithm against
each other algorithm and set the level of significance α =
0.05. From the results shown in Tables VII–XI, we observe
that the proposed algorithm achieves statistically significant
improvements.
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TABLE VIII
p-VALUE OF PAIR -W ISED W ILCOXON T EST W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA ON KODAK

TABLE IX
p-VALUE OF PAIR -W ISED W ILCOXON T EST W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA ON C ARE M EDIA

TABLE X
p-VALUE OF PAIR -W ISED W ILCOXON T EST W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA ON KTH

TABLE XI
p-VALUE OF PAIR -W ISED W ILCOXON T EST W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA ON HMDB

D. Convergence Analysis

E. Sensitivity Analysis

In the previous section, we have verified the convergence
of the proposed alternative optimization algorithm in theory.
For practical application, without loss of generality, we plot
the convergence curves of the proposed algorithm in Fig. 2
when the regularization parameters γ and λ are fixed at 1
for all of the datasets. Thanks to the sparsity assumption on
adaptive similarity matrix S as well as the convex formulation of variables W, b, and F, it indicates that the proposed
alternative optimization algorithm converges to a local minimum within no more than 20 iterations over all of the datasets,
especially, less than 10 iterations are required by CCV, Kodak,
and CarMedia dataset. As a result, the proposed algorithm is
efficient and shows fast convergence in practice.

To demonstrate the robustness of the proposed algorithm,
we study the influences of the parameters γ and λ with 10%
labeled training data for all of the datasets. Fig. 3 shows the
sensitiveness of the two regularization parameters λ and γ
jointly to the performance of video semantic recognition, with
fixed adaptive parameter σ = 0.1 and the size of adaptive
neighborhood K = 5. We observe from the results of five
datasets, on one hand, the proposed methods shows robustness to different values of regularization parameters λ and γ
in a wide range; On the other hand, there seems no analogous rule to identify the best parameters for all of the
application because of the varying properties related to the
datasets.
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Fig. 2.
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Convergence curves for the proposed algorithm over all of the datasets. (a) CCV. (b) Kodak. (c) Caremedia. (d) KTH. (e) HMDB.

Fig. 3. Sensitivity analysis on regularization parameter γ and λ with 10% labeled training data for all datasets. (a) CCV. (b) Kodak. (c) Caremedia. (d) KTH
(e) HMDB.
TABLE XII
I NFLUENCE OF K (MAP ± STD) W ITH R ESPECT TO 1%, 5%, 10%, 25%, 50%, AND 100% L ABELED T RAINING DATA

We also conduct experiments to test the influence of the
number of nearest neighbors in terms of the experimental settings in Section V-B. Table XII shows the varying performance
of the proposed model with respect to different number of
nearest neighbors, i.e., K = 5, 10, 20. From the experimental
results, we can see that the best performance will generally be
obtained when K = 5 over all of the datasets. For more detail
influence of K on local graph-based model, the interested
readers can see in [52] and [53].
VI. C ONCLUSION
In this paper, we proposed a novel semisupervised feature analyzing framework for video semantic recognition by
integrating the adaptive optimal similarity matrix learning
into the procedure of feature selection. This method alleviates the sensitivity of input affinity matrix to the model’

performance and captures the intrinsic manifold structure of
the original feature space through adaptive neighbor assignment. Additionally, an adaptive loss function is adopted to
enhance the model’s robustness to the noises and outliers.
We exploit a efficient alternative optimization algorithm to
solve the proposed challenging problems. The convergence
and complexity of the proposed algorithm are analyzed in
theory. Both of the theoretical analysis and experimental
performance illustrate the effectiveness and superiority of
the proposed approaches on varying tasks of video semantic recognition. Note that we focus on the case that each
data point belongs to only one category with single view
in this paper. In our future work, it is potential interesting
to involve the adaptive neighbor assignment into semisupervised feature selection in the case of multilabels [23], [31] and
multiview [54], [55].
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