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ABSTRACT
Video analysis has been attracting increasing research due to the
proliferation of internet videos. In this paper, we investigate how to
improve the performance on internet quality video analysis. Partic-
ularly, we work on the scenario of few labeled training videos being
provided, which is less focused in multimedia. To being with, we
consider how to more effectively harness the evidences from the
low-level features. Researchers have developed several promising
features to represent videos to capture the semantic information.
However, as videos usually characterize rich semantic contents, the
analysis performance by using one single feature is potentially lim-
ited. Simply combining multiple features through early fusion or
late fusion to incorporate more informative cues is doable but not
optimal due to the heterogeneity and different predicting capability
of these features. For better exploitation of multiple features, we
propose to mine the importance of different features and cast it into
the learning of the classification model. Our method is based on
multiple graphs from different features and uses the Riemannian
metric to evaluate the feature importance. On the other hand, to be
able to use limited labeled training videos for a respectable accu-
racy we formulate our method in a semi-supervised way. The main
contribution of this paper is a novel scheme of evaluating the fea-
ture importance that is further casted into a unified framework of
harnessing multiple weighted features with limited labeled training
videos. We perform extensive experiments on video action recogni-
tion and multimedia event recognition and the comparison to other
state-of-the-art multi-feature learning algorithms has validated the
efficacy of our framework.

Categories and Subject Descriptors
H.3.1 [Information Search and Retrieval]: Content Analysis and
Indexing; I.2.10 [Vision and Scene Understanding]: Video anal-
ysis

General Terms
Algorithms, Experimentation, Performance
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1. INTRODUCTION
The sheer amount of videos and their expansion demand effec-

tive content analysis for indexing, retrieval and management. Video
analysis is essentially a task to understand the semantics, for which
it has to bridge the semantic gap between the low-level features and
the high-level semantic content description [7].

Encouraging progress on video analysis has been made in recent
years. At early times, video analysis was focused on controlled
video analysis such as news videos. The attention has been gradu-
ally shifted to unconstrained video analysis such as videos recorded
by amateurs. Current trend is to analyze internet quality videos due
to the exponential growth of videos online. Typical internet qual-
ity video analysis includes action recognition and multimedia event
analysis, which are studied in this paper. Video action recognition
aims to understand the human motions contained in videos, e.g.,
running. More dynamic information is included and it is usually
beneficial to analyze several video sequences. Multimedia event
analysis is much more complicated than action recognition as a
multimedia event contains several concepts, actions within one or
various scenes. For example, the event making a cake consists of
a combination of several concepts such as cake, people, kitchen to-
gether with the action making within a longer video sequence. To
attain reasonable accuracy, we usually need the entire video clip
for extracting discriminative cues. In spite of various approaches
for video analysis, extracting robust features and building classi-
fiers based on them are the essential thrust. On one hand, a variety
of features have been proposed in the literature for video analysis.
For example, researchers have proposed capturing spatial-temporal
volumes to address the local variations in both space and time.
Since both spatial and temporal information are leveraged, this kind
of feature has more reliable performance for video semantic anal-
ysis. Among others, STIP feature is mostly used [14]. Besides
the STIP feature, another recent feature type, i.e., MoSIFT shows
promising performance in video semantic analysis [2]. Dense tra-
jectory [33] is gaining increasing attention as it has been shown
to be very robust for video analysis. Apart from visual features,
some other modalities, which provide different yet complemen-
tary information, can also be used to represent videos. For exam-
ple, auditory features based on Mel-frequency Cepstral Coefficients
(MFCC) have also been frequently used to represent videos [13].
Focusing on different characteristics of the videos, these features
intuitively should complement each other. That said, it is highly
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Figure 1: The illustration of our multi-feature learning framework.

possible to further boost the analysis accuracy by utilizing different
features together. A simple way is to concatenate feature vectors
of different types as the final representation. However, each feature
has its own statistical property and simple concatenation is poten-
tially limited in mining the informative cues from different features.

On the other hand, the performance of video analysis is also
affected by the classifiers. Traditional classifiers such as Support
Vector Machine (SVM) [33] usually require a large amount of ac-
curately labeled training data. But in practice, we usually do not
have a large number of precisely labeled videos as the training data
and manual labeling is tedious and time-consuming. Using a small
number of training data for classifier learning, however, is prone to
over-fitting.

This paper aims to boost internet quality video analysis by simul-
taneously addressing the two aforementioned issues, i.e., how to ef-
fectively integrate different features to better utilize the evidences
from each feature, and how to guarantee a reasonable performance
when only few labeled training data are provided. We propose a
unified framework which deals with the two issues simultaneously,
thus resulting in improved performance for video analysis.

Previous work has shown that multi-feature learning is a promis-
ing way to analyze different features simultaneously. Among oth-
ers, Canonical Correlation Analysis [8][32], two-view support vec-
tor machines, namely SVM-2K and their variants [11][15] are the
representative algorithms. Some other algorithms in the literature
include [4][1][36][40], etc. Nonetheless, the aforementioned work
mostly treats each feature equally while in fact for a specific data
set usually one type of feature has higher recognition capability
than other counterparts. Having been a common issue for other
applications such as image annotation, differentiating feature ca-
pability in classification was investigated in multi-feature learning.
Since we have a similar assumption that different features possibly
have different contributions to the video analysis performance w.r.t.
different datasets, we propose to mine the inconsistency of obser-

vations from different features and subsequently, their importance
adaptively in our framework.

The second issue to be tackled in this paper is grounded on semi-
supervised learning. Semi-supervised learning relieves the burden
of manual labeling by properly using unlabeled data together with
labeled data. A review of the progress on semi-supervised learning
is [43] and constructing graphs from both labeled and unlabeled
data to utilize manifold structure is the mainstream approach of
semi-supervised learning. We opt to build a normalized Laplacian
graph of each feature type to utilize the corresponding unlabeled
data. Another usage of these graphs is for mining the inconsis-
tency of different features raised by the first issue we mentioned
before. In this paper, we assume that the inconsistency can be
evaluated by distances between different graphs. If a graph con-
structed from one feature type is comparatively farther away from
those constructed from other features, this feature is possibly in-
consistent with other features from the classification perspective.
Our learning scheme considers this inconsistency and balances be-
tween different features to attain a more robust classifier. As for the
distance calculation, the Riemannian metric is exploited to mea-
sure that between different graphs. The underlying reason is that
the normalized Laplacian graphs are Symmetric Positive Definite
(SPD) matrices. Previous work has suggested that the Riemannian
metric is a good measure of dissimilarity between two SPD matri-
ces as SPD matrices exist on the Riemannian manifold [9].

Figure 1 illustrates how our method learns feature importance
and the related classifiers jointly. After extracting multiple features
(denoted as Modality 1 to Modality n), multiple graphs are con-
structed. We then calculate the Riemannian distance of each graph
w.r.t. other graphs. It is reasonable that some features have bet-
ter prediction capability but less noise than other features. Hence,
these stronger features tend to better uncover the manifold structure
of the data and it would be beneficial to give them more weights in
the learning process. Based on the assumption about the quality



of features, that they have roughly similar performance, with some
noise on the results, we propose to learn such importance by dis-
tance measuring following some recent work [35]. Shorter distance
indicates the related feature has more agreement with other fea-
tures, thus also meaning the feature is more important. Larger dis-
tance indicates the related feature is an outlier w.r.t. other features,
thus making it less important. The importance is reflected by the
weights which are used to combine the graphs and the distances. In
the following joint optimization module, there are three constraints
to be satisfied. First, the predictions from each single modality
should be consistent with the prediction from the combined modal-
ities. Second, the prediction should fit the manifold structure un-
covered by the combined graphs. Third, the weights should bal-
ance the Riemannian distances to minimize the disagreement from
different modalities. For example, if the distance is larger (mean-
ing the feature might have worse performance in prediction), the
weight should be smaller. Through the joint optimization process,
the weights and the classifiers for predictions are properly learned.
In the following step, they can be applied to the testing videos to
obtain decision values and weighted fusion.

In summary, the main contributions of this paper are as follows:

• A scheme is developed to evaluate the importance of each
feature type by leveraging Riemannian distance atop multi-
media manifold structure.

• The effective utilization of weighted features is embedded
into a multi-feature semi-supervised learning framework.

• The proposed approach is desirable for internet quality video
analysis when only limited labeled training data are avail-
able.

• The method is general and can be used in other applica-
tions when multiple features are provided with limited la-
beled training data.

We name our method Riemannian weighted Semi-Supervised
Multi-feature learning (RSSM).

2. RELATED WORK
In this section, we briefly review the related work. Some typi-

cal work on video analysis is first reviewed. Then we give some
discussion on semi-supervised learning and multi-feature learning.

2.1 Video Analysis
Existing work on video analysis is focused on different levels.

Video concept analysis aims to understand the abstract or general
idea inferred from specific instances and has been widely stud-
ied in recent years [18][28][27][31]. Video action recognition, by
contrast, makes more effort on analyzing the human motions con-
tained in videos. Hence, how to capture the motion information
has been the major focus. A representative work in earlier time
is the Space-time Interest Points proposed by Laptev and Linde-
berg [14]. By using differential descriptors to detect the local struc-
tures in the spatial-temporal domain, they generate features of the
videos and show their efficacy for action recognition. Chen et al.
introduce a novel descriptor, namely MoSIFT for action recogni-
tion [2]. MoSIFT is built atop the SIFT descriptor by integrat-
ing local motion information. Wang et al. show that describing
videos by dense trajectories boosts the action recognition accuracy
remarkably [33]. Positioned in a higher level with more difficulties,
multimedia event analysis is gradually attracting more research in-
terest. An event builds upon many concepts and is unlikely to be

inferred with a single image or a few video frames. Some repre-
sentative work includes [10][20][23][22]. Generally speaking, the
research on multimedia event analysis is still based on robust low-
level features. Visual features such as STIP and dense trajectories
have proved to be effective. Meanwhile, other modalities such as
audio features are also helpful in event analysis. This is different
from video action recognition which is more dependent on visual
features only.

Robust features are essential for video analysis. Nonetheless,
each single feature has its advantage but is pragmatically insuf-
ficient to capture all the variations of different actions or events.
Concerned with this limitation, some work has been proposed to
fuse the evidences from multiple features for better multimedia
analysis [29][16][37]. Yet they are supervised methods which re-
quire a good amount of labeled training data. By contrast, we aim
to get reasonable performance with only few labeled training data.

2.2 Semi-supervised Learning
To handle the paucity of labeled training data, semi-supervised

learning is a good way as it simultaneously exploits labeled and
unlabeled training data [43]. Within the area of video analysis,
semi-supervised learning has been widely used for concept analy-
sis [38][42][6]. By contrast, limited work has investigated its usage
on more complicated tasks such as action recognition and event
analysis [19][34][41]. In [19], Ma et al. have proposed a semi-
supervised feature analyzing framework integrating l2,1-norm reg-
ularized feature selection and manifold learning and have applied
it to 3D action recognition. Wang et al. cast shared structural
subspace learning into a semi-supervised learning framework for
action recognition and demonstrate its advantage over supervised
classifiers [34]. In [41], Yu et al. have proposed a semi-supervised
algorithm for tracking in the surveillance videos. Though show-
ing the potential of semi-supervised learning, the aforementioned
work does not take into account how to reasonably fuse evidences
from different features in a statistical way. Hence, in this paper
we focus on video action recognition and multimedia event anal-
ysis with a newly proposed semi-supervised model that integrates
multi-feature learning.

2.3 Multi-feature Learning
Canonical Correlation Analysis (CCA) [8][32] is a classical multi-

feature learning approach that maximizes the correlations between
two features. Subsequent representative work includes two-view
support vector machines (SVM-2K) [11] and multiple kernel learn-
ing (MKL) [24] that both build upon SVM. However, CCA and
SVM-2K can only analyze two features simultaneously while MKL
induces a heavy computational burden due to the computation of
multiple kernels. Gehler et al. propose learning the correct weight-
ing of different features based on LPBoost for object recognition [5].
Xu et al. propose a method to learn the weights, thresholding and
smoothing parameters jointly and apply it to action recognition
and multimedia event detection [37]. The algorithms mentioned
above all work in a supervised fashion. Yang et al. have proposed
a regression model which integrates semi-supervised learning and
multi-feature learning [39]. The model optimizes the classifier in-
ferred from each feature but does not consider the fact that differ-
ent features have different prediction capability. Additionally, it
is a linear algorithm but nonlinear algorithms are more robust for
video analysis. Though we can apply some mapping method such
as KPCA to preprocess the data to make their method comparable
to a nonlinear approach, it is a two-step fashion and the two pro-
cesses are not tightly coupled.



We develop a nonlinear algorithm that aims to progress beyond
existing semi-supervised multi-feature learning algorithms by un-
covering the feature importance and using such information for
classifier learning. In a nutshell, we formulate our multi-feature
learning based on uncovering feature disagreement motivated by [3]
which argues that different features may have different capabili-
ties for a classification task. By analyzing the feature disagree-
ment we may exert more influence from the more powerful fea-
tures on learning the classifier. Particularly, we couple it with the
semi-supervised learning process. Normalized Laplacian graphs
are constructed for semi-supervised learning and we analyze the
distances of one graph from other graphs. These distances serve for
the evaluation scheme of the feature disagreement and are fed into
the framework. Here a thought should be given to how we choose
the distance metric. Normalized Laplacian graphs are Symmetric
Positive Definite (SPD) matrices lying on a Riemannian manifold.
Though Eucliean distance can be also used to approximate the dis-
tance between two SPD matrices, previous work has suggested that
the Riemannian metric is a more precise measurement [9]. Hence,
we choose the Riemannian distance in measuring the distances be-
tween graphs to achieve the uncovering of the feature dissimilarity.

3. PROBLEM FORMULATION
Suppose we have n training data represented by m different fea-

tures and denote them as Xv|mv=1 ∈ Rdv×n. dv is the feature di-
mension. Xv = [xv

1,x
v
2, ...,x

v
n] among which l data are labeled. Let

Y ∈ {0,1}n×c be the label matrix. c stands for the class number and
yi ∈ Rc(1 ≤ i ≤ n) is the label vector with c classes. Let Yi j denote
the j-th datum of yi then Yi j = 1 if xv

i is in the j-th class, while
Yi j = 0 otherwise. If xv

i is not labeled, yi is set to a vector with all
zeros, namely, ∀i > l, yi|ni=(l+1) = 0c×1.

We begin formulating our algorithm with the classical regular-
ized empirical error that results in a classifier f based on a set of
training data {xi,yi}n

i=1 where yi indicates the label of xi:

min
f

n

∑
i=1

loss( f (xi),yi)+ γΩ( f ). (1)

loss(·, ·) is a loss function and Ω( f ) is the regularization function
on f with γ as its parameter.

Considering the ease of implementation, we use the following
linear transformation:

f (xi) =W T xi +bi, (2)

where W is the projection matrix used for classification and bi is
the bias. Using the matrix form and considering each feature type,
Eq. (1) can be rewritten as:

min
Wv,bv

m

∑
v=1

∥∥∥XT
v Wv +1nbT

v −Fv

∥∥∥2

F
+ γ

m

∑
v=1

∥Wv∥2
F (3)

where 1n ∈ Rn denotes a column vector with all ones; the second
item is added to avoid over-fitting. Note that we replace Y with
a predicted label matrix Fv because: 1) many of the training data
are unlabeled and Fv can reflect the possible labels of them; 2) it is
useful in integrating the predictions from different features as will
shown later.

The second step is to construct the normalized Laplacian graph
Li from each feature type. Following the traditional way, we for-
mulate L̃i = Di−Gi where Di is a diagonal matrix with its diagonal
elements as ∑n

j=1 Gi j and Gi is a weight matrix whose element Gpq
i

reflects the similarity between xp and xq. Next, Li =D−1/2
i L̃iD

−1/2
i

which is an SPD matrix. Based on Li, we calculate the Riemannian

distance of each Li to other graphs. For two graphs Li and L j, their

distance is calculated as
∥∥∥log(L−1/2

i L jL
−1/2
i )

∥∥∥
F

. We therefore ob-
tain the specific values for each graph w.r.t. to all the other graphs.
We sum the values and denote it as Ri for each graph.

Next, we show how to associate the observations from each fea-
ture. Since we decide the feature importance by using the Rieman-
nian distance based on the graphs, we assign a weight λi to Ri and
Li when performing multi-feature learning. Meanwhile, the fea-
ture vectors from all the features are concatenated to form a data
matrix X = [X1; · · · ;Xv] ∈ Rd×n and we propose to similarly learn
a predicted label matrix F from X . F is supposed to satisfy three
conditions: 1) consistent with the known ground truth labels of the
training data [44][43]; 2) smooth on the combined manifold of the
weighted graphs [44][43]; 3) consistent with the predicted labels
from each single feature. By incorporating these constraints, we
get the following objective function:

min
F,Fv ,W,Wv ,λv ,b,bv

∥∥XTW +1nbT −F
∥∥2

F +
m

∑
v=1

∥∥XT
v Wv +1nbT

v −Fv
∥∥2

F

+
m

∑
v=1

∥Fv −F∥2
F +Tr

(
FT (

m

∑
v=1

λvLv)F

)
+Tr

(
(F −Y )TU(F −Y )

)
+α

m

∑
v=1

λvRv +µ
m

∑
v=1

λv logλv + γ(
m

∑
v=1

∥Wv∥2
F +∥W∥2

F )

s.t.
m

∑
v=1

λv = 1,λv ∈ [0,1].

(4)

In Eq. (4), the maximum entropy regularization
m
∑

v=1
λv logλv is added

to avoid the trivial solution that λ′

k = 1 and λk = 0, ∀k ̸= k
′
; U is

a diagonal matrix whose diagonal element Uii = ∞ if xi is labeled
and Uii = 1 otherwise. Note that Eq. (4) mixes several types of con-
straints involving different objects. All the constraints are based on
comparable numerical values so they can be mixed in the same ob-
jective function.

As nonlinear classifiers have proved to be advantageous for video
analysis, we further extend Eq. (4) by introducing a kernel func-
tion k defined by the nonlinear feature mapping, i.e., k(a,b) =
φ(a)T φ(b) for any two data a and b. Thus, we rewrite Eq. (4)
as:

min
F,Fv ,φ(W ),φ(Wv),λv ,b,bv

∥∥φ(X)T φ(W )+1nbT −F
∥∥2

F

+
m

∑
v=1

∥∥φ(Xv)
T φ(Wv)+1nbT

v −Fv
∥∥2

F +
m

∑
v=1

∥Fv −F∥2
F

+Tr

(
FT (

m

∑
v=1

λvLv)F

)
+Tr

(
(F −Y )TU(F −Y )

)
+α

m

∑
v=1

λvRv

+µ
m

∑
v=1

λv logλv + γ

(
m

∑
v=1

∥φ(Wv)∥2
F +∥φ(W )∥2

F

)

s.t.
m

∑
v=1

λv = 1,λv ∈ [0,1].

(5)

4. SOLUTION
Our objective function is non-smooth so we propose an alternat-

ing algorithm to solve it.
(1) Fixing λv to optimize φ(Wv), Fv, bv, φ(W ), F and b:

By setting the derivative w.r.t. bv to 0, we have:

bT
v =

1
n

(
1T

n Fv −1T
n φ(Xv)

T φ(Wv)
)
. (6)

Denote a centering matrix as H = In− 1
n 1n1T

n where In ∈Rn×n is an
identity matrix. Substituting Eq. (6) into Eq. (5), the problem sub-



sequently converts to the following one when optimizing φ(Wv):

min
ϕ(Wv)

m

∑
v=1

Tr
(
(Hφ(Xv)

T φ(Wv)−HFv)
T (Hφ(Xv)

T φ(Wv)−HFv)
)

+γ
m

∑
v=1

Tr
(
φ(Wv)

T φ(Wv)
)

⇒ min
φ(Wv)

m

∑
v=1

Tr
(
φ(Wv)

T φ(Xv)Hφ(Xv)
T φ(Wv)−2φ(Wv)

T φ(Xv)HFv
)

+γ
m

∑
v=1

Tr
(
φ(Wv)

T φ(Wv)
)

⇒ min
φ(Wv)

m

∑
v=1

Tr
(
φ(Wv)

T [φ(Xv)Hφ(Xv)
T + γIv]φ(Wv)−2φ(Wv)

T φ(Xv)HFv
)

(7)

where Iv ∈ Rdv×dv is an identity matrix. By setting the derivative
w.r.t φ(Wv) to 0, we have:

2φ(Xv)Hφ(Xv)
T φ(Wv)−2φ(Xv)HFv +2γφ(Wv) = 0

⇒ φ(Wv) =
(

φ(Xv)Hφ(Xv)
T + γIv

)−1
φ(Xv)HFv (8)

Let Av =
(
φ(Xv)Hφ(Xv)

T + γIv
)−1 and substitute φ(Wv) and bv

into the objective function, the optimization of Fv equals to:

min
Fv

m

∑
v=1

∥∥Hϕ(Xv)
T Avϕ(Xv)HFv −HFv

∥∥2
F +

m

∑
v=1

∥Fv −F∥2
F

+γ
m

∑
v=1

∥Avϕ(Xv)HFv∥2
F

⇒ min
Fv

m

∑
v=1

Tr
(
FT

v (Hϕ(Xv)
T Avϕ(Xv)H − In)

2Fv
)
+

m

∑
v=1

Tr(FT
v −FT )(Fv −F)

+γ
m

∑
v=1

Tr
(
FT

v Hϕ(Xv)
T A2

vϕ(Xv)HFv
)

⇒ min
Fv

m

∑
v=1

Tr
(
FT

v [(Hφ(Xv)
T Avφ(Xv)H − In)

2 + In + γHφ(Xv)
T A2

vφ(Xv)H]Fv
)

−2
m

∑
v=1

Tr(FT
v F)

(9)

By setting the derivative w.r.t. Fv to 0, we have:(
(Hϕ(Xv)

T Avϕ(Xv)H − In)
2 + In + γHϕ(Xv)

T A2
vϕ(Xv)H

)
Fv = F

⇒ Fv = JvF
(10)

where Jv =
(
In −Hφ(Xv)

T Avφ(Xv)H
)−1. In the same manner, we

can get:

bT =
1
n

(
1T

n F −1T
n φ(X)T φ(W )

)
, (11)

φ(W ) =
(

φ(X)Hφ(X)T + γI
)−1

φ(X)HF (12)

where I ∈Rd×d is an identity matrix. Let M =
(
φ(X)Hφ(X)T + γI

)−1

and substitute φ(Wv), bv, Fv, φ(W ), b into the objective function,
we then arrive at:

min
F

∥∥Hφ(X)T Mφ(X)HF −HF
∥∥2

F

+
m

∑
v=1

∥∥(Hφ(Xv)
T Avφ(Xv)HJv −HJv

)
F
∥∥2

F +
m

∑
v=1

∥(Jv − In)F∥2
F

+Tr

(
FT (

m

∑
v=1

λvLv)F

)
+Tr

(
(F −Y )TU(F −Y )

)
+γ

(
m

∑
v=1

∥Avφ(Xv)HJvF∥2
F +∥Mφ(X)HF∥2

F

)
(13)

By setting its derivative w.r.t. F to 0, we obtain:

F =


m
∑

v=1
Jv(H −φ(Xv)

T Avφ(Xv)H)Jv

+H −Hφ(X)T Mφ(X)H

+
m
∑

v=1
λvLv +

m
∑

v=1
(Jv − In)

2 +U


−1

UY (14)

(2) Fixing φ(Wv), Fv, bv, φ(W ), F and b to optimize λv:
The problem is equivalent to:

min
λv

Tr

(
FT (

m

∑
v=1

λvLv)F

)
+µ

m

∑
v=1

λv logλv +α
m

∑
v=1

λvRv

s.t.
m

∑
v=1

λv = 1,λv ∈ [0,1]

(15)

By using a Lagrange multiplier ξ we convert the above problem to
a Lagrange function as:

L(λv,ξ) = Tr(FT
m

∑
v=1

λvLvF)+µ
m

∑
v=1

λv logλv

+α
m

∑
v=1

λvRv −ξ(
m

∑
v=1

λv −1) (16)

By setting its derivative w.r.t. λv and ξ to 0 respectively, we have:{
Tr(FT LvF)+µ logλv +µ+αRv −ξ = 0

m
∑

v=1
λv −1 = 0 (17)

We thus obtain:

λv =
exp
(
−Tr(FT LvF)−αRv−µ

µ

)
m
∑

v=1
exp
(
−Tr(FT LvF)−αRv−µ

µ

) (18)

Note that for any matrix Q, Q(QT Q+µI)−1 =(QQT +µI)Q. Hence,
we can rewrite φ(Wv), Jv, φ(W ) and F as:

φ(Wv) = φ(Xv)H
(

Hφ(Xv)
T φ(Xv)H + γIn

)−1
Fv, (19)

Jv =
(
In −Hφ(Xv)

T φ(Xv)H[Hφ(Xv)
T φ(Xv)H + γIn]

−1)−1
, (20)

φ(W ) = φ(X)H
(

Hφ(X)T φ(X)H + γIn

)−1
F, (21)

F =

(
m

∑
v=1

JvHJv −
m

∑
v=1

Jvφ(Xv)
T φ(Xv)H[Hφ(Xv)

T φ(Xv)H + γIn]
−1Jv

+H −Hφ(X)T φ(X)H
(
Hφ(X)T φ(X)H + γIn

)−1
+

m

∑
v=1

λvLv

+
m

∑
v=1

(Jv − In)
2 +U

)−1

UY

(22)

Let Kv
tr ∈ Rn×n and Ktr ∈ Rn×n denote the kernel matrices calcu-

lated from Xv and X . Let Kv
te ∈ Rnte×n and Kte ∈ Rnte×n denote

the kernel matrices between the testing data and the training data
based on the v-th feature and the concatenated feature respectively.
nte indicates the number of testing data. We can therefore arrive at
Algorithm 1.

Discussion on the computational complexity:
Computing the graph Laplacian is O(n2) and computing the ker-

nel matrix from the training data is O(dvn2). During the training
process, computing the inverse of a few matrices in training has
the complexity of O(n3). During the testing process, computing



the kernel matrix between the testing data and the training data is
O(dvnnte).

Algorithm 1: Optimization procedure for RSSM.
Input:

Kv
tr, Ktr, Kv

te, Kte, Lv, U , Rv and Y ;
Parameters α, µ and γ.

Output:
Optimized classification model.

1: Set t = 0 and initialize λv =
1
m ;

2: repeat
Update Jv as Jv =

(
In −HKv

trH(HKv
trH + γIn)

−1)−1;
Update F as

F = [
m
∑

v=1
JvHJv −

m
∑

v=1
JvKv

trH(HKv
trH + γIn)

−1Jv

+H −HKtrH (HKtrH + γIn)
−1 +

m
∑

v=1
λvLv +

m
∑

v=1
(Jv −

In)
2 +U ]−1UY ;

Update Fv as Fv = JvF ;
Update λv according to Eq. (18);
Update the objective function value ob j;
t = t +1.
until Convergence: |ob jt+1 −ob jt |/ob jt ≤ 10−3;

3: Model = H (HKv
trH + γIn)

−1 Fv.

5. EXPERIMENTS
We evaluate our algorithm on two tasks of video analysis: video

action recognition and multimedia event recognition. The com-
parison to several state-of-the-art algorithms is first presented with
discussion. Additionally, we have some experimental study on the
weights learned by our method, the contributions of different fea-
tures and different BoW representations.

5.1 Datasets
We use four datasets in the experiments. For action recogni-

tion, Youtube action dataset [17], UCF50 action dataset [25] and
HMDB dataset [12] are used. Youtube dataset has 1600 video se-
quences from 11 actions. UCF50 consists of 6681 video sequences
from 50 actions. HMDB is made up of 6849 video clips from 51
actions. For multimedia event recognition, we use the TRECVID
MED 2013 MEDTEST data. In this dataset, there are positive
videos of 20 events and the remaining videos are null videos. As
our experiment is to evaluate the performance for recognition, we
only use all the positive videos, thus resulting in a subset of 3489
videos. We name this subset Multimedia Event Dataset (MED) for
convenience.

Following [30], we extract three dynamic visual features, i.e.,
STIP [14], MoSIFT [2] and dense trajectories (Trajectory) [33] for
all the four datasets. We additionally extract MFCC feature from
MED dataset as the audio information has been shown to be help-
ful for multimedia event analysis. Based on each feature type, we
generate the 4096 dimensional bag-of-words representation for the
videos.

5.2 Comparison Algorithms
The following is a brief introduction of the comparison algo-

rithms in our experiments.

• RSSM: The proposed method in this paper. We apply the χ2

kernel due to its robustness for bag-of-words features [33].

• SVM: We use SVM with χ2 kernel as it has demonstrated
to be advantageous for video analysis [33]. As both early
fusion and late fusion are typical for using multiple features,
we implement SVM with both approaches and denote them
as SV Me f and SV Ml f .

• SVM-2K [11]: A representative multi-feature learning algo-
rithm.

• SimpleMKL [24]: An algorithm that utilizes multiple fea-
tures through multiple kernel learning.

• LP-β [5]: A variant of LPBoost which is designed particu-
larly for feature combination problem in multi-class classifi-
cation.

• Feature Weighting via Optimal Thresholding (FWOT) [37]:
A recent feature fusion method that learns the weights, thresh-
olding and smoothing parameters jointly.

• Multi-feature Learning via Hierarchical Regression (MLHR)
[39]: A regression model which integrates semi-supervised
learning and multi-feature learning.

To transform SVM-2K and MLHR to nonlinear approaches so
that they are comparable to other methods, we perform full rank
principal component analysis [26] with the χ2 kernel to map the
low-level features into a Hilbert space H . The representations in
H are the input for these two methods.

5.3 Setup
Similarly to [34], we randomly split Youtube and UCF50 to mul-

tiple (5 in our experiments) training and testing sets in a half-and-
half fashion. For HMDB, we use the three provided partitions to
form the training and testing sets. All the results reported on these
three datasets are the average results from these splits. For MED
data, NIST already provided the standard development (training)
set and evaluation (testing) set so we use the provided partition.
Mean Average Precision (MAP) is used as the evaluation metric.
For the training sets, 2%, 10%, 25%, 50% and 75% training data
are labeled respectively and the supervised algorithms only use the
labeled data for training.

The parameters involved are set as follows. The parameter for
kernel calculation is fixed to the mean of the pairwise distances
among the training samples, which is a widely adopted strategy
in the literature; the regularization parameters are all tuned from
{0.001,0.1,10,1000}. For SVM-2K and SimpleMKL, we use the
code shared by the authors and follow their parameter settings. We
report the best results for each algorithm.

5.4 Recognition Results
The recognition results on different datasets are shown from Ta-

ble 1 to Table 4. It can be seen that our method is consistently
better than other comparison algorithms with different percentage
of training data labeled on all the four datasets. Our method is sig-
nificantly better judged by the t-test (with a significance level of
0.001). Specifically, we have the following observations and dis-
cussion: 1) Semi-supervised algorithms, i.e., RSSM and MLHR,
perform better than supervised algorithms probably due to the us-
age of unlabeled training data; 2) The advantage of RSSM and
MLHR over other supervised algorithms is especially visible when
only few training video are labeled, e.g., 2%, 10% or 25% of the
training videos. 3) RSSM outperforms MLHR, which indicates that
properly mining feature importance can give us extra benefit; 4)
When increasing the number of labeled training data, the recog-
nition accuracy of all comparison algorithms improves, which is



Table 1: Action recognition results on Youtube dataset (MAP±Standard Deviation). The best results are highlighted in bold.

Comparison Algorithms 2% 10% 25% 50% 75%
RSSM 0.275±0.021 0.498±0.014 0.689±0.021 0.798±0.016 0.864±0.016
SV Me f 0.115±0.010 0.265±0.032 0.532±0.014 0.657±0.015 0.731±0.014
SV Ml f 0.117±0.007 0.271±0.006 0.537±0.008 0.667±0.010 0.740±0.005
SimpleMKL 0.216±0.030 0.364±0.009 0.528±0.017 0.627±0.021 0.673±0.020
LP-β 0.120±0.014 0.285±0.030 0.564±0.038 0.660±0.033 0.732±0.018
FWOT 0.137±0.013 0.291±0.009 0.589±0.011 0.681±0.008 0.769±0.011
MLHR 0.260±0.011 0.483±0.012 0.663±0.010 0.772±0.015 0.824±0.016

Table 2: Action recognition results on UCF50 dataset (MAP±Standard Deviation). The best results are highlighted in bold.

Comparison Algorithms 2% 10% 25% 50% 75%
RSSM 0.292±0.019 0.577±0.016 0.796±0.011 0.871±0.005 0.920±0.016
SV Me f 0.140±0.001 0.334±0.014 0.673±0.013 0.802±0.011 0.867±0.011
SV Ml f 0.141±0.001 0.377±0.014 0.703±0.007 0.826±0.008 0.885±0.006
SimpleMKL 0.177±0.021 0.387±0.017 0.544±0.010 0.650±0.004 0.703±0.005
LP-β 0.126±0.003 0.388±0.015 0.650±0.007 0.826±0.008 0.888±0.006
FWOT 0.162±0.001 0.394±0.014 0.713±0.010 0.841±0.010 0.894±0.009
MLHR 0.283±0.019 0.557±0.014 0.771±0.008 0.869±0.006 0.913±0.005

Table 3: Action recognition results on HMDB dataset (MAP±Standard Deviation). The best results are highlighted in bold.

Comparison Algorithms 2% 10% 25% 50% 75%
RSSM 0.095±0.003 0.197±0.013 0.265±0.002 0.334±0.001 0.382±0.004
SV Me f 0.058±0.001 0.101±0.013 0.225±0.015 0.280±0.006 0.319±0.008
SV Ml f 0.058±0.001 0.115±0.012 0.232±0.013 0.285±0.008 0.324±0.011
SimpleMKL 0.053±0.005 0.104±0.013 0.145±0.002 0.190±0.008 0.212±0.008
LP-β 0.058±0.001 0.135±0.010 0.173±0.010 0.257±0.008 0.309±0.006
FWOT 0.063±0.001 0.133±0.010 0.239±0.016 0.299±0.007 0.338±0.010
MLHR 0.071±0.001 0.182±0.016 0.256±0.003 0.317±0.002 0.357±0.006

Table 4: Multimedia event recognition results on MED dataset (MAP). The best results are highlighted in bold.

Comparison Algorithms 2% 10% 25% 50% 75%
RSSM 0.229 0.414 0.538 0.601 0.662
SV Me f 0.115 0.265 0.396 0.503 0.551
SV Ml f 0.117 0.271 0.401 0.510 0.554
SimpleMKL 0.186 0.271 0.345 0.397 0.438
LP-β 0.156 0.234 0.404 0.521 0.569
FWOT 0.137 0.291 0.410 0.533 0.577
MLHR 0.211 0.401 0.514 0.585 0.630

Table 5: Riemmanian distances and the learned weights on Youtube dataset w.r.t. different percentage of training data labeled.

Modality Riemmanian Distance 2% 10% 25% 50% 75%
STIP 56.7962 0.3363 0.3423 0.3418 0.3430 0.3440
MoSIFT 57.1440 0.3356 0.3414 0.3412 0.3365 0.3334
Trajectory 57.4910 0.3282 0.3162 0.3170 0.3205 0.3227

consistent with our experience that more labeled training data al-
ways help; 5) The advantage of semi-supervised methods over su-
pervised methods tends to plateau as more training data are labeled,
which is especially visible on UCF50 dataset; 6) FWOT generally
obtains more robust performance in comparison with other super-
vised multi-feature learning methods such as SimpleMKL and LP-
β. The better performance of RSSM validates the effectiveness of

our approach that simultaneously leverages unlabeled data and fea-
ture importance.

5.5 Riemmanian Distances v.s. Weights
Our method leverages the Riemmannian distances between mul-

tiple graphs constructed from multiple modalities for learning the
weights of the corresponding modalities. In this subsection, we



Table 6: Riemmanian distances and the learned weights on UCF50 dataset w.r.t. different percentage of training data labeled.

Modality Riemmanian Distance 2% 10% 25% 50% 75%
STIP 37.6956 0.3331 0.3333 0.3418 0.3334 0.3347
MoSIFT 38.2276 0.3309 0.3323 0.3412 0.3331 0.3302
Trajectory 35.1621 0.3360 0.3344 0.3170 0.3335 0.3351

Table 7: Riemmanian distances and the learned weights on HMDB dataset w.r.t. different percentage of training data labeled.

Modality Riemmanian Distance 2% 10% 25% 50% 75%
STIP 36.7737 0.3334 0.3334 0.3335 0.3336 0.3336
MoSIFT 39.3522 0.3333 0.3333 0.3328 0.3327 0.3325
Trajectory 36.6340 0.3334 0.3334 0.3337 0.3337 0.3339

Table 8: Riemmanian distances and the learned weights on MED dataset w.r.t. different percentage of training data labeled.

Modality Riemmanian Distance 2% 10% 25% 50% 75%
STIP 83.5899 0.2513 0.2500 0.2501 0.2526 0.2560
MoSIFT 83.7743 0.2506 0.2500 0.2501 0.2505 0.2487
Trajectory 83.5189 0.2518 0.2506 0.2502 0.2546 0.2580
MFCC 85.7730 0.2459 0.2463 0.2494 0.2422 0.2373

give the weights learned by our algorithm in pair of the distances
from Table 5 to Table 8. It can be seen that different features have
varying importance on a particular dataset. On Youtube dataset, the
graph constructed from STIP feature is closer to those constructed
from MoSIFT and Trajectory features. The resulting weights learned
from our model reflect the distances with more weight given to
STIP feature. On UCF50 dataset, the graph constructed from Tra-
jectory feature is closer to those constructed from STIP and MoSIFT
features. Though the difference between the weights learned from
our model is not so obvious as on Youtube dataset, we can still
see that more weights are given to Trajectory feature. On HMDB
dataset, we similarly observe that the graph constructed from Tra-
jectory feature is closer to other graphs and it obtains subtly more
weight from our model. On MED dataset, Trajectory feature sim-
ilarly gets more weights in comparison with other three features.
MFCC feature is given least weight by our model, which is consis-
tent with previous experience on TRECVID MED that visual fea-
tures are still more discriminative than audio features. The slight
difference of the learned weights on UCF50, HMDB and MED
datasets may indicate that these three datasets are more difficult
to analyze than Youtube dataset. Our model is still able to learn
proper weights of different features, thus resulting in a reasonable
way to fuse the heterogeneous evidences. On the other hand, in our
algorithm the weights and the corresponding classifiers for differ-
ent features are learned jointly. The integration of both contributes
to the performance gain. In spite of the slight difference of the
weights, the classifiers are still optimized under the influence of
the learned weights.

We also observe that the relative importance of different feature
does not change a lot over different datasets. This result may be be-
cause that for all the datasets we have the same feature extraction
pipeline. Besides, the literature has also shown that STIP and Tra-
jectory are better for video analysis, especially action recognition
and event analysis. It is worth pointing out that all the other com-
parison algorithms have used the same features as our method but
our method still outperforms other methods, which again indicates
the efficacy of our method.

5.6 Performance w.r.t. Different Features
As a classical multi-feature learning algorithm, SVM-2K can

only handle two features. To compare our method to this classi-
cal algorithm, we conduct experiments on Youtube dataset by leav-
ing one feature out. We therefore have three combinations, i.e.,
STIP+MoSIFT, STIP+Trajectory and MoSIFT+Trajectory. In this
way, we can also study the predicting capability of different fea-
tures. We would point out that using only two features actually
restrains the performance of RSSM since the feature disagreement
loses its power (R1 = R2). However, we can see from the com-
parison in Figure 2 that our method still consistently outperforms
SVM-2K no matter which two features are used. The advantage is
possibly attributed to the usage of unlabeled training data.

5.7 BoW v.s. Spatial BoW
The spatial BoW representation introduced in [21] has shown

good performance for video analysis. In this subsection, we show
the performance gain by using spatial BoW compared to standard
BoW representation on Youtube dataset. We use 1x1, 2x2 and 3x1
spatial grids to generate the spatial BoW representation. For each
grid, we use the standard BoW representation with 4,096 dimen-
sions, thus resulting in 32,768 dimension spatial BoW feature for
each feature type. Note that we did not use the spatial BoW rep-
resentation in the above experiments due to the consideration of
computational efficiency. The comparison is presented in Figure 3.
We observe from the figure that using spatial BoW representation
can further boost the accuracy in comparison with using standard
BoW representation.

6. CONCLUSION
We have studied how to improve the performance of internet

quality video analysis, particularly on action recognition and mul-
timedia event recognition. Considering that: 1) Discriminative fea-
tures are the basis of video analysis; 2) A variety of good features
are available with different capability of capturing the information
from videos; and 3) Traditional classifiers work with many labeled
training data which are costly to obtain in practice, we tackled the
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Figure 2: Action recognition results using different combinations of two features on Youtube dataset. Both the results of RSSM and
SVM-2K are given in the figure. RSSM is consistently better than SVM-2K.
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Figure 3: Performance comparison between using BoW rep-
resentation and using spatial BoW representation on Youtube
dataset. It can be seen that using spatial BoW representation
results in better performance than using BoW representation.

problem by proposing a joint learning framework that integrates
semi-supervised learning, multi-feature learning and the Rieman-
nian metric. Specifically, the main merit of our method is its ability
of effectively exploiting multiple features with the consideration
of the different predicting capability of these features. On top of
that, our method can attain reasonable performance when only few
training videos are labeled, which makes our method desirable in
real-world scenarios. We have tested our method on video action
recognition and multimedia event recognition using four widely
used datasets. Our method is advantageous compared to several
other state-of-the-art algorithms. The experimental results suggest
that unlabeled data, multiple features and feature importance as pri-
ors all contribute to the boosted recognition accuracy. Lastly, it is
worth mentioning that our framework can be also used in other ap-
plications when we have multiple features but few labeled training
data, which is another nice property.
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