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Abstract With the pervasiveness of online social media

and rapid growth of web data, a large amount of multi-

media data is available online. However, how to organize

them for facilitating users’ experience and government

supervision remains a problem yet to be seriously investi-

gated. Topic detection and tracking, which has been a hot

research topic for decades, could cluster web videos into

different topics according to their semantic content. How-

ever, how to online discover topic and track them from web

videos and images has not been fully discussed. In this

paper, we formulate topic detection and tracking as an

online tracking, detection and learning problem. First, by

learning from historical data including labeled data and

plenty of unlabeled data using semi-supervised multi-class

multi-feature method, we obtain a topic tracker which

could also discover novel topics from the new stream data.

Second, when new data arrives, an online updating method

is developed to make topic tracker adaptable to the evo-

lution of the stream data. We conduct experiments on

public dataset to evaluate the performance of the proposed

method and the results demonstrate its effectiveness for

topic detection and tracking.

Keywords Topic detection and tracking � Web video �
Multi-feature fusion � Semi-supervised learning

1 Introduction

With the development of network technology, many

forms of social media such as video, twitter, and blogs

spring up. The openness, immediacy and reality of the

Internet information made it an important indication of

the trend of the society. More and more people use them

to share their experiences or to find out what was hap-

pening outside. As a result, the web data are increasing at

a unprecedented rate. According to the report, only in

2011 we had 1.8 trillion GB data and the data volume

will grow with the speed of 50 %. It is estimated that in

2020 global data will reach 35.2 ZB, 90 % of which are

images or videos.

Facing so large volume video or image data, it is

inconvenient for users to get the main contents and find out

what they are interested with. Therefore, how to organize

those video and image data is an important but very diffi-

cult problem [1]. Topic detection and tracking (TDT) [2]

aims to discover topical related data and thus could classify

web data by its semantic content. This brings at least three

advantages:
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1. For users, it is easy to quickly understand what

happens from the Internet and find out the materials

related to the topic they are concerned with.

2. For administrators, it is able to organize data of

different modalities according to their contents. Fur-

thermore, they can recommend topics which are

related with the topics that users are taking part in.

3. For governments, they can discover hot or sensitive

topics such as ‘‘watch’’ quickly and understand the

peoples’ necessities. Moreover, for some topics which

are rumors but becoming more and more attractive,

such as ‘‘the salt is polluted because the earthquake

shook Japan on March 11, 2011’’, it is possible for

governments to make timely response and prevent its

further diffusion.

During the past years, as text is the main form of the media

data in the past, researchers focus on TDT from a collection

of documents and have achieved great success [3–9].

However, direct apply of those methods to other types of

media data (e.g. video, microblog) often generates poor

results because of their different characteristics. For

example, web video contains short text tags and rich visual

information. Intuitively, features of different modalities

could complement with each other, and in many fields, such

as image retrieval, image classification and so on, it has

been proved that feature fusion could generate better results

[10, 11], but how to fuse them is still an open problem.

Although many feature fusion methods [12, 13] have been

proposed in the field of video event detection, there are

many differences between event detection and topic

detection of web videos. First, in our paper, the notion of

‘‘topic is defined as some unique thing that happens at some

point in time’’, such as ‘‘bush attacked by shoes‘‘, a car

crashed in Tiananmen Square, Beijing and so on. They

usually correspond to natural social news, which usually

will cause people discussions. While in the field of video

event detection, complex events can be thought of as

compositions of atomic actions performed by people hold-

ing different roles. Buy they usually cannot be social events.

Second, in the field of event detection, the events are known

in advance and the corresponding attributes can be pre-

defined by people. However, the topics in the web videos

emerge with the time. People know nothing about the topics

that will come up in the future and could not introduce some

attributes to assist topic detection. Third, the topics in the

web video usually evolve with the time and how to update

the topic detector to adapt topic changes is very important.

While in the field of video event detection, event bears no

relation to time. Therefore, there is no need to update the

event detector. Recently, some works have been proposed

to fuse features for topic detection. In [14], a new co-clus-

tering method is developed to detect emerging topics from

social streams and could leverage three sources of data

including news article, microblog and picture. In [15], Liu

et al. present a method for discovering hot topics corre-

sponding to geographical dense regions using geographical

tags. Recently, some works such as [16–19] are developed

to mine topics from web videos through fusing multi-modal

features, but most of them are based on clustering method

and perform topic detection in an offline fashion (mainly

rely on textual features). However, the number of topics

could not be determined in advance and new topics will be

revealed along the time, so perhaps online learning feature

fusion for topic detection would be a better choice.

Fig. 1 The framework for topic

tracking and detection from web

data
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As web videos or images usually arrive in streams over

time, their content contains strong correlations. Historical

data are very useful for better understanding and pre-

dicting the underlying topics in the future data. Therefore,

instead of analyzing them in an offline manner, we pro-

pose to learn topic detector from historical data, and

process and classify the stream of video data as soon as

they are available. In this way, it is possible to track the

topics of interest, predict their evolutions and discover the

emerging trends in time. First, provided historical data

including labeled and unlabeled samples, we learn a multi-

class classifier using semi-supervised multi-feature multi-

class learning method [20]. This method can fuse different

modality features without destroying the local structure of

individual feature. Second, when new data arrive, identify

whether they are new topics or which topic they belong to.

Then, updating classifier to adapt to the evolution of the

streaming data. This approach has the added advantage

that it could build models for the interested topics and

track them.

The dynamics of the proposed method provides a fea-

sible solution for the task of detecting web video topic and

monitoring them. The idea is to use the learned video topic

model to compute the similarities between the aligned

topics across time and detect the topics that appear to be

outliers. The main contributions of our paper are summa-

rized as follows:

1. We propose a semi-supervised multi-modal feature

fusion scheme for online cross-media topic detection

and tracking, which integrates different modality

features and learns a discriminative description for

web topics. Therefore, we can identify historical topics

from the new streaming data.

2. Different from previous works, which are mainly based

on unsupervised clustering methods, we considered the

historical data of the detected topics as labeled data

and use them as supervised information when perform-

ing topic tracking and detection.

3. We consider the evolution of the topics, and update

the topic model when new streaming arrives. There-

fore, we could track topic along with the time

successfully.

The rest of this paper is organized as follows. We review

the related works in Sect. 2. In Sect. 3, we first introduce

the formulation of the semi-supervised multi-feature multi-

class learning problem, then we present how to perform

topic detection and tracking with the semi-supervised

learning method in detail. At last, we develop an online

updating algorithm for updating the topic model when new

streaming data arrive. The experimental results on public

dataset are reported in Sect. 4 and a short conclusion is

made in Sect. 5.

2 Related work

2.1 Multi-modal feature fusion methods for multi-

media analysis

Although topic detection and tracking started from 1998

[2], most of the existing methods depend on clustering

method based on text features. With the popular of the

images, web videos and other types of medias, many dif-

ferent types of features could be extracted. To integrate the

complementary information implied in those features,

some works focusing on feature fusion for topic discovery

are proposed. Most of them perform feature-level fusion

and can be mainly summarized as: linear weighted fusion

and classification-based fusion.

Linear weighted fusion. This is one of the simplest and

the most widely used strategy which combines different

modality features in a linear weighted sum [21–23]. In [21,

23], equal weights are assigned to textual and visual sim-

ilarities because there is no prior information about which

modality feature is more important. While in [22], Bayes-

ian inference is used to derive the weights. In [13], weights

of the different features are automatically determined by

the optimal thresholds. However, how to determine the

optimal weights for different modalities is still an open

problem.

Classification-based fusion. This category of works

usually relates to classification techniques (e.g. SVM,

Bayesian inference, neural network) which could classify

samples into pre-defined classes. Usually, provided the

labeled training samples, they design objective function

depending on different criterions. For example, in [24],

Adams et al. use a discriminate learning approach when

fusing different modalities for semantic concepts classifi-

cation. Then, the intermediate semantic score of all the

concepts is combined into a vector which is fed into SVM

that derives semantic concept classifiers through maxi-

mizing the margin between hyperplanes. While in [25],

through assuming that the modalities are statistically

independent, the joint posterior probability of an hypoth-

esis is computed with Bayesian inference. However, actu-

ally different modalities are related with each other [26].

2.2 Classification methods for topic detection

and tracking

Previous works on topic detection and tracking are mainly

based on unsupervised clustering methods [23, 27]. Usu-

ally, they first extract features, and represent each docu-

ment as a feature vector, then computed the similarity

metric according to cosine distance, etc. Finally, clustering

methods such as K-means [27], and graph shift [23] are

used to cluster documents into different classes which
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correspond to topics. Recently, to exploit the correlation

between feature and document, co-clustering is used to

detect topics [16, 28]. However, when the number of

documents or the feature dimension is high, it would need

large storage space for the similarity graph. Therefore,

when new document arrives, it is not cost-effective for re-

do co-clustering.

2.3 Online topics detection and tracking

As topic detection and tracking is usually used for

streaming data analysis, e.g. blog, twitter and news articles,

it would be very important to online detect and track topics.

The work in [29] formalizes the topic detection and

tracking problem in terms of online learning of non-nega-

tive matrix factorization subjecting to some new temporal

regularization. Other works such as [30, 31] improve the

classical Latent Dirichlet Allocation (LDA) model and

incremental build up-to-date model only according to the

new arriving documents. Other methods such as [18, 32]

first detect topics with clustering methods. And when new

data appear, they infer whether it belongs to the previous

topics. However, except for [18], they can only deal with

text document.

3 The proposed algorithm

In this section, we will describe our algorithm for topic

detection and tracking in detail. Here, we need to introduce

some notations for variables we mainly used in the fol-

lowing text (Table 1).

3.1 Semi-supervised multi-feature multi-class learning

problem

Provided the historical data including labeled samples X
and unlabeled samples U, we want to learn a multi-topic

classifier which could be used to track known topics and

detect new topics. To exploit the structure information

implied in the training data, for each sample xi we assume

there exists local classifiers h
g
i , which can classify N

g
i into c

classes. Let f
g
i denotes the expected predicting result of xi

using according to the gth feature. Then, the loss function

of local classifiers derived from gth feature is defined as

following:

L
g
h ¼

Xn

i¼1

X

x
g
j
2Ng

i

ðlossðhgi ðx
g
j Þ; f

g
j ÞÞ þ k k h

g
i k ð1Þ

where k h
g
i k denotes the model complexity of h

g
i and k is a

parameter. Then, through minimizing the loss function Eq.

(2), the v features are combined together.

Lh ¼
Xv

g¼1

L
g
h ð2Þ

To classify samples outside the training set, we assume

there exists global classifies bg whose expected predicted

results are denoted by F. Similarly, the loss function of the

global classifier is defined as:

Lb ¼
Xv

g¼1

Xn

i¼1

lossðbgðxiÞ;FiÞ þ l1 k bg k ð3Þ

Finally, the consistency loss function among f ;F and Y is

simply formulated by Eq. (4).

Lc ¼
Xv

g¼1

k F � fg k2
2 þl3

XnL

i¼1

k Fi � yi k2
2 ð4Þ

where l3 is a parameter. Then, by summing over the above

three loss functions, we obtain the final objective function:

LðF; fg; hig; bgÞ ¼ Lh þ aLb þ bLc ð5Þ

where a and b are parameters. There are many selections

for the form of local and global classifiers, such as multi-

class boosting [33] and SVM. We select the most common

construction: linear classifiers for its generalization [34].

Let h
g
i ðx

g
i Þ ¼ ðwg

i Þ
T
x
g
i þ c

g
i ; bgðx

g
i Þ ¼ ðWgÞTxgi þ Cg and the

complexity of the linear classifier is defined as the norm of

its coefficient. The objective loss function can be rewritten

as:

Lðwg
i ; c

g
i ;W

g;CgÞ ¼
Xv

g¼1

Xn

i¼1

X

x
g
j
2Ng

i

k ðwg
i Þ

T
x
g
j þ c

g
i � f

g
j k2

þ a
Xv

g¼1

Xn

i¼1

k ðWgÞTxgi þ Cg � Fi k2

þ c1

Xv

g¼1

k F � f g k2 þb
XnL

i¼1

k Fi � Yi k2

þ c2

Xn

i¼1

Xv

g¼1

k w
g
i k2 þc3

Xv

g¼1

k Wg k2

ð6Þ

Table 1 Notations of variables

X The labeled sample set t

Y The corresponding labels of X

xi The ith training sample

x
g
i The gth feature representation for sample xi

Xg The gth feature representation for labeled sample set

N
g
i The k nearest neighbors of sample xi according to the gth feature

U Unlabeled sample set

h
g
i The local classifier learned from N

g
i

bg The global classifier learned from Xg
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where c1; c2 and c3 are parameters. To obtain the minimum

value of L, similar to [20, 35], we set the derivative L with

respect to variables c
g
i ;w

g
i ;C

g;Wg to be zero.

oL

oc
g
i

¼ 2
X

x
g
j
2Ng

i

ðwg
i Þ

T
x
g
j þ c

g
i � f

g
j ¼ 0

oL

ow
g
i

¼ 2
X

x
g
j
2Ng

i

ðxgj Þ
Tððwg

i Þ
T
x
g
j þ c

g
i � f

g
j Þ

T þ 2c2w
g
i ¼ 0

oL

oCg
¼ 2a

Xn

i¼1

ððWgÞTxgi þCg �FiÞ ¼ 0

oL

oWg
¼ 2a

Xn

i¼1

ðxgi Þ
TððWgÞTxgi þCg �FiÞ þ 2c3W

g ¼ 0

8
>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>:

ð7Þ

where Ið�Þ is the indicator function. We have

c
g
i ¼
P

x
g
j
2Ng

i
f
g
i �ðwg

i Þ
T
x
g
j

kþ 1

w
g
i ¼

P
x
g
j
2Ng

i
x
g
j ðx

g
j � �Ng

i Þ
T þ c2I

� ��1P
x
g
j
2Ng

i
x
g
j ðf

g
j � �f gi Þ

T

Cg ¼
Pn

i¼1ðFi�ðWgÞTxgi Þ
n

Wg ¼
Pn

i¼1 x
g
i ðx

g
i � �XgÞT þ c3I

� ��1Pn
i¼1 x

g
i ðFi� �FÞT

8
>>>>>>>>>><

>>>>>>>>>>:

ð8Þ

where �Ng
i ¼

P
x
g
j
2Ng

i

x
g
j

kþ1
, �f gi ¼

P
x
g
j
2Ng

i

f
g
j

kþ1
, �F ¼

Pn

i¼1
Fi

n
and

�Xg ¼
Pn

i¼1
x
g
i

n
. To simplify the equation, we introduce some

variables D
g
i ¼ ½

P
x
g
j
2Ng

i
x
g
j ðx

g
j � �Ng

i Þ
T þ c1I�

�1
, Bg ¼

½
Pn

i¼1 x
g
i ðx

g
i � �XgÞT þ c3I��1

, M
g
i ðjÞ ¼ f 1;xgj 2N

g
i

0;otherwise
,

S
g
i ðj; jÞ ¼ f 1;xgj 2N

g
i

0;otherwise
: then w

g
i and Wg become

c
g
i ¼

ðf g � ðwg
i Þ

T
XgÞMg

i

k þ 1

w
g
i ¼ D

g
i X

gS
g
i I � 1n

ðMg
i Þ

T

k þ 1

" #
ðf gÞT

Cg ¼ ðF � ðWgÞTXgÞ1n

n

Wg ¼ BgXg I � 1nð1nÞT

n

 !
FT

8
>>>>>>>>>>>>>><

>>>>>>>>>>>>>>:

ð9Þ

where f g ¼ ½f g1 ; f
g
2 ; . . .; f

g
n �, Xg ¼ ½xg1; x

g
2; . . .; x

g
n�. Similarly,

through setting the derivative L with respect to variables

f
g
i ;Fi to be zero.

oL

of
g
i

¼ 2
X

x
g

i
2Ng

j

ððwg
j Þ

T
x
g
i þ c

g
j � f

g
i Þ þ 2c1ðFi � f

g
i Þ ¼ 0

oL

oFi

¼ 2a
Xv

g¼1

ððWgÞTxgi þ Cg � FiÞ

þ2c1

Pv
g¼1ðFi � f

g
i Þ þ Iði� nLÞ2bðFi � yiÞ ¼ 0

8
>>>>>>><

>>>>>>>:

ð10Þ

Substituting c
g
i ;w

g
i into the first equation and let

Xg
j ¼ D

g
j X

gS
g
j ðI �

M
g

j
ð1nÞT

kþ1
Þ, we have

f g
X

x
g
i
2Ng

j

ðXg
j Þ

T
X
g
i �

XgM
g
i

k þ 1

� �
þ M

g
i

k þ 1
� Pi

� 	
þ c1Pi

8
<

:

9
=

; ¼ �c1Fi

ð11Þ

Let T
g
i ¼

P
x
g
i
2Ng

j
ððXg

j Þ
TðXg

i � XgM
g
i Þ þM

g
i � PiÞ, Tg ¼

fTg
1 ; T

g
2 ; . . .; T

g
ng, easily, we derive

f g ¼ �c1FðTg þ c2IÞ�1: ð12Þ

Next substituting Cg;Wg and f g into oL
oFi

,

F a
Xv

g¼1

BgXg I � 1nð1nÞT

n

 ! !T

X
g
i �

Xg1n

n

� �
þ 1n � Pi

n

" #(

þ c1

Xv

g¼1

I � c1ðTg þ c2IÞ�1

" #
Pi þ Iði� nLÞPi

)
¼ Iði� nLÞYPi

:

ð13Þ

We obtain the optimal solution for F is:

F¼ diagðIð1�nLÞ; . . .;Iðn�nLÞÞY

� a
Xv

g¼1

BgXg I�1nð1nÞT

n

 ! !T

Xg�Xg1nð1nÞT

n

 !" #(

þ1nð1nÞT � I

n
þ c1

Xv

g¼1

I� c1ðTgþ c3IÞ�1

" #

þdiagðIð1�nLÞ; . . .;Iðn�nLÞÞg�1

ð14Þ

After obtaining the solution, we could compute f g;Wg, w
g
i ,

Cg and c
g
i sequentially according to Eqs. (9) and (12).

Algorithm 1 provides the details of semi-supervised multi-

feature multi-class learning procedure.
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Algorithm 1: Semi-supervised Multi-Feature Multi-class learning
Input: training examples: X, Y and parameters α, γ1, γ2, γ3
Output: paratmers of the learned global and local classifiers:

{< W 1, C1 >, < W 2, C2 >, · · · , < W v, Cv >}
{< w1

1, c11 >, < w1
2, c12 >, · · · , < w1

n, c1n >, < w2
1, c21 >, · · · , < w2

n, cn2 >
, · · · , < wv

1 , cv1 >, · · · , < wv
n, cvn >}

1 for g = 1; g ≤ v; g ++ do
2 for i = 1; i ≤ n; i ++ do
3 Compute Mg

i , Sg
i , Ng

i ;
4 Compute inverse of the Dg

i ;
5 Calculate Ωg

i ;
6 end
7 Calculate Bg ;
8 for i = 1; i ≤ n;i ++ do
9 Calculate T g

i ;
10 end
11 end
12 Compute F ;
13 for g = 1; g ≤ v; g ++ do
14 Compute fg , W g and Cg;
15 for i = 1; i ≤ n; i ++ do
16 Calculate wg

i , cgi ;
17 end
18 end

3.2 Online topic tracking and detection

Provided a new data xt ¼ fx1
t ; x

2
t ; . . .; x

v
t g, we first use the

learned global classifier to predict its label

~Ft ¼
1

v

Xv

g¼1

ðWgÞTxgt þ Cg ð15Þ

ct ¼ maxcfFc
t g: ð16Þ

Then, we want to verify whether xt belongs to the cth

topic. Generally, if xt belong to the ctth topic, its feature

vector should be similar to those training samples coming

from ctth topic. Therefore, the local classifiers hcðxtÞ ¼
fhgi : yiðctÞ ¼ 1g are likely to classify xt correctly. We

define credible local classifiers set of xtCLCðxtÞ ¼ fhgi :
yiðctÞ ¼ 1g. If the ratio of the credible local classifier

which classifies xt into the cth topic is larger than the

threshold thresh, yðxtÞ ¼ ecth (ec denotes unit vector

where the cth element is one); otherwise, xt is assumed to

come from a novel topic and yðxtÞ ¼ eMþ1 and the set of

known topic classes is updated accordingly,

Y ¼ Y

0
; yðxtÞ

� �
.

3.3 Online updating

To be adaptive to the evolution of the web data, when new

data xnþ1 arrive the topic tracker and detector should be

updated. However, it is time consuming if we re-minimize

the loss function considering into the new sample. There-

fore, we select an approximate method to online update

the variables of the local classifier and global classifier.

The k-nearest neighbors of xi; i ¼ 1; 2; . . .; n are considered

to remain unchanged. In other words, N
g
i ;M

g
i ; S

g
i and D

g
i

keep the same for i ¼ 1; 2; . . .; n. We need to determine the

k-nearest neighbors of xnþ1 and update the variables Bg; Tg
i .

First, we compute the Eulicidean distance between x
g
nþ1

and the historical samples, and obtain N
g
nþ1, M

g
nþ1, S

g
nþ1,

D
g
nþ1, and xg

nþ1. Then, we need to update Bg and T
g
i .

According to Bg ¼ ½
Pn

i¼1 x
g
i ðx

g
i � �XgÞT þ c3I��1

, the new

mean value �Xg of x
g
1; . . .; x

g
nþ1 is updated: �Xg ¼ n �Xgþx

g

nþ1

nþ1
, and

the equations for calculating Bg can be easily derived.

Bg ¼ ½Xg � ðXgÞT þ x
g
nþ1 � ðx

g
nþ1Þ

T
nþ1

�Xgð �XgÞT þ c3I��1
. As

T
g
i ¼

P
x
g

i
2Ng

j
ððXg

j Þ
TðXg

i � XgM
g
i Þ þM

g
i � PiÞ, if x

g
i 2

N
g
nþ1, the new T

g
i ¼ T

g
i þ ððXg

nþ1Þ
Tðxgi � XgM

g
i Þþ

M
g
i � PiÞ; otherwise, T

g
i keeps the same. Since

N
g
i ; i ¼ 1; 2; . . .; n keep unchanged, x

g
nþ1 does not belong to

the k-nearest neighbors of any historical samples. There-

fore, T
g
nþ1 ¼ 0. Finally, the new optimal F as well as the

parameters of the global and local classifiers, could be re-

calculated according to Eqs. (9)–(12), (14). The detail

procedures for online updating are shown in Algorithm 2.

4 Experiments

The experiments are mainly performed on public dataset

MCG-WEBV [36], which includes 248,887 videos

downloaded from YouTube. The CoreData are 14,473

videos, which are the ‘‘Most Viewed’’ videos of ‘‘This

Month’’ from December 2008 to November 2009. Dif-

ferent types of visual feature such as Color Histogram,
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Edge Histogram, Texture Concurrence, and textual fea-

tures including title, tag, description etc. are provided.

There are 73 topics annotated as ground truth. Each key

frame of a video is considered as an example. The label of

video is determined by the popular vote of its frames.

Moreover, to verify whether the unlabeled data are useful,

we test the proposed method without using unlabeled data

(MMLTDT).

4.1 Parameter analysis

In the proposed method, there are six parameters in total. a
and b reflect the degree of penalty on the error of global

classifier, while c1 is the penalty coefficient of the con-

sistency between expected outputs of global and local

classifiers. c2 and c3 are the regularization coefficients of

the local and global classifiers. How to balance the fitness

and complexity of the model has been a difficult problem

for decades, years in the field of machine learning and we

did not develop an effective method to select the optimal

parameters automatically. So, we use the simple yet pow-

erful method: classical Cross-Validation [37] to select the

optimal parameters (10 cross-validation).

As the penalty coefficient on the error of the local

classifier is set to be 1, the default settings are a ¼ b
¼ c1 ¼ c2 ¼ c3 ¼ 1:0. Then, analysis the performance of

detecting the first ten topics listed in Table 2 under

different settings of k 2 f5; 10; 15; 20; 25; 30g. The ‘‘Pre-

cision-VS-k’’ curve, ‘‘Recall-VS-k’’ curve and ‘‘F measure-

VS-k’’ curve of the ten topics listed in Table 2 are dis-

played in Fig. 2. The confusion matrix of the ten topics

under different k is shown in Fig. 3.

We can see under different values of k, the precision and

recall of different topics vary differently. For some Topics

3, smaller k could lead to a better result. While for topics 1

and 7, larger k generates best result. This is mainly because

that the samples’ distribution within each topic is different.

So, the assumption that the k-nearest neighbors are linearly

separable for different topics holds on with different k. For

those topics whose within-class scatter matrix is lower,

while intra-class scatter matrix is larger, the larger k would

generate better results.

Then, we set k ¼ 20, and tune the other parameters in a

simple way. We fixed several parameters and conduct

experiments, while varying the remaining parameter. The

F-measure of the 10 topics under different settings of the

parameter are shown in Fig. 4. (a) See Fig. 4a, b for the

effectiveness of parameters a;b. Since alpha reflects the

penalty on the fitness of the global classifiers, larger alpha

and larger b would lead to the smaller difference between

the output of the global classifiers, F and Y . Therefore, the

corresponding training error would be smaller and see the

green line in Fig. 4a, b for an example. However, we can

also see that only increasing alpha could not guarantee to

Algorithm 2: Online updating method for Topic Tracker
Input: test examples: xn+1, · · · , xn+p, {< Mg

i , Dg
i , ωg

i , T g
i >}i=n,g=v

i=1,g=1
Output: parameters of the learned global and local classifiers:

{< W 1, C1 >, < W 2, C2 >, · · · , < W v, Cv >}
{< w1

1, c11 >, < w1
2, c12 >, · · · , < w1

n, c1n >, < w2
1, c21 >, · · · , < w2

n, cn2 >
, · · · , < wv

1 , cv1 >, · · · , < wv
n, cvn >}

1 for g = 1; g ≤ v; g ++ do
2 Select k neighbors from Ñg

n+1 to compose Ng
n+1;

3 Calculate N̄g
n+1 and set Mg

n+1;

4 Dg
n+1 = Ng

n+1 ∗ (Ng
n+1)

T − (k + 1)N̄g
n+1(N̄

g
n+1)

T + γ1I
−1;

5 Ωg
n+1 = Dg

n+1XgSg
n+1(I − M

g
n+1(1n+1)

T

k+1 );
6 for i = 1; i ≤ n; i ++ do
7 if Mg

n+1(i) == 1 then
8 T g

i + = (Ωg
n+1)

T (xg
i − N̄g

i ) + Mg
i − Pi;

9 end
10 end
11 T g

n+1 = 0;

12 X̄g = n∗X̄g+xg
n

n+1 ;

13 Bg = Xg ∗ (Xg)T + xg
n ∗ (xg

n)T − (n + 1)X̄g ∗ (X̄g)T + γ3I
−1;

14 end
15 Compute F ;
16 for g = 1; g ≤ v; g ++ do
17 Compute fg, W g and Cg;
18 for i = 1; i ≤ n; i ++ do
19 Calculate wg

i , cgi ;
20 end
21 end
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generate better performance. Besides, from Fig. 4b, we find

that the performance is less sensitive to b. (b) c1 reflects the

consistency between the expected outputs between local

and global classifiers and the results with different c1 are

shown in Fig. 4c. Apparently, we can see that it should not

to be too large; otherwise, when computing D
g
i , the

neighborhood information is ineffective. As a result, some

classes of topics are missed. (c) c2 and c3 relate to the

complexity of the classifiers, and in the field of machine

learning, the balance between the complexity and fitness of

the classifiers has been a problem for decades of years. In

the experiment, the performance fluctuates when varying

them, as shown in Fig. 4e. We can notice that changing c2

has little effects on the performance. While for c3, when its

value increases but keeps be smaller than 1, the perfor-

mance becomes better. However, the result is not sensitive

to its variations when it is larger than 1.

From Fig. 2, we can see that k ¼ 20 leads to a more

stable and satisfying results. As we have no prior knowl-

edge about the importance of labeled information, the local
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Fig. 2 The Precision, Recall and F-measure of 10 topics under different values of k

Fig. 3 The cross matrix of 10

topics under different values of

k
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and global information, we simple set k ¼ 20; a ¼ b ¼
c1 ¼ c2 ¼ c3 ¼ 1:0 in the following experiments.

4.2 Online topic tracking

Tracking too many topics would be very time consuming.

Actually, it is meaningless to track all of the detected topics.

Only a small number of the topics attract people’s attention

and deserve to be tracked. However, it is difficult to identify

this kind of topics. So, we select 12 hottest topics with more

positive video numbers from the annotated 73 topics, the

web data from the other topics are considered as from 13th

class. The detail information of the tracked topics is shown

in Table 2. The data are divided into two parts according to

their upload time: training data and test data, which are used

as unlabeled samples. Moreover, to test whether unlabeled

data could be useful, we set U ¼ NULL and SMMLTDT

degrades into supervised multi-class multi-feature learning

(referred as MMLTDT). Precision, Recall and F-measure

defined in [18] are used for quantitative evaluations.

Table 3 shows the top 10 F-measure of the topics that are

successfully tracked by MMLTDT and SMMLTDT,

respectively. Figure 5 provides comparisons of

SMMLTDT, MMLTDT and [18] in terms of F-measure.

We can see that MMLTDT could integrate multi-modal

features to build effective classifier for target topics and

mining the information implied in the unlabeled data

SMMLTDT could further improve the performance.
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Fig. 4 The F-measure of 10 topics under different values of

parameters. a The F-measure of 10 topics under different values of

a. b The F-measure of 10 topics under different values of b. c The F-

measure of 10 topics under different values of c1. d The F-measure of

10 topics under different values of c2. e The F-measure of 10 topics

under different values of c3
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4.3 Online topic discovery

The data of the earliest one month are used as historical

data. For each topic, we randomly choose part of samples

that belong to it as unlabeled samples. If the F-measure of a

discovered topic is larger than 0.5, we considered this topic

as successfully detected and tracked (referred as Topic

Successfully Detected and Tracked TSDT). The number of

TSDT is 30.

5 Conclusions

To analyze the massive web video streaming data, we

propose an online topic tracking and detection method,

which fuses different types of features through multi-class

multi-feature learning algorithm. To be adaptive to the

dynamic of streaming data, we develop an online updating

method to update our topic tracker and detector. New

topics could be incremental revealed as learning and

updating go on. Experimental results on public dataset

prove that the proposed method can not only track the

interested topics but also can discover new topics and build

efficient classifiers for them.

In our future work, we will investigate the evolution of

the topics and build effective model for predicting the hot

degree of the topics. Thus, we can discover important

topics and track them automatically for further analysis.

Besides, we will consider how to extend our method for

cross-media topic detection.
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Table 2 The detail information of the selected topics for testing the tracking performance of SMMLTDT

Topic

ID

Positive video

number

Duration

day

Hot

degree

Topic description

1 32 2 6.97 Bush was attacked by shoes during press conference in Iraq

5 30 16 5.97 Super Bowl’s commercial ads such as cars, drinks, and websites etc.

6 27 22 5.62 News: an event that US Airways 1,549 crashes in Hudson River near Manhattan

8 38 46 5.52 Christmas: various events and things related to Christmas

12 23 58 5.47 Goals fail, people can’t complete their goals as they expected, including games fail, speaks

fail, singing fails, exhibition fails, etc.

14 22 71 5.30 Barack Obama: including address, inauguration, dance, music video sing and impersonator

about Barack Obama

18 24 92 5.13 Sxephil: a blogTV show from Philip Defranco

32 33 90 4.83 Videos includes various dogs

33 21 64 4.81 A popular online gaming world of warcraft (WOW in short), including the operate guides and

ads

34 36 77 4.75 Teaching you how to make money online

35 27 85 4.71 Naruto Manga: Naruto is a full-length cartoon series created by Japan Kishimodo Masashi

46 23 87 4.54 Makeup introduction, videos talk about how to do face makeups, with their emphasis on eye

makeup

Table 3 F-measure of the best 10 topics which are tracked suc-

cessfully by SMMLTDT/MMLTDT

Best topic 1 2 3 4 5 6

SMMLTDT 0.9637 0.9616 0.9549 0.9509 0.9235 0.9117

MMLTDT 0.8758 0.8754 0.8709 0.8678 0.8500 0.8353

Best topic 7 8 9 10 Average

SMMLTDT 0.8833 0.8718 0.8458 0.8276 0.9095

MMLTDT 0.8287 0.8197 0.7845 0.7822 0.8390

Fig. 5 The F-measure of 10 topics, respectively, and average

F-measure of MMLTDT, SMMLTDT and Cao [18]
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