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It is a necessary but challenging task to relieve users from the proliferative news information and allow them
to quickly and comprehensively master the information of the whats and hows that are happening in the
world every day. In this article, we develop a novel approach of multimedia news summarization for searching
results on the Internet, which uncovers the underlying topics among query-related news information and
threads the news events within each topic to generate a query-related brief overview. First, the hierarchical
latent Dirichlet allocation (hLDA) model is introduced to discover the hierarchical topic structure from
query-related news documents, and a new approach based on the weighted aggregation and max pooling is
proposed to identify one representative news article for each topic. One representative image is also selected
to visualize each topic as a complement to the text information. Given the representative documents selected
for each topic, a time-bias maximum spanning tree (MST) algorithm is proposed to thread them into a
coherent and compact summary of their parent topic. Finally, we design a friendly interface to present users
with the hierarchical summarization of their required news information. Extensive experiments conducted on
a large-scale news dataset collected from multiple news Web sites demonstrate the encouraging performance
of the proposed solution for news summarization in news retrieval.
Categories and Subject Descriptors: H.3.3 [Information Search and Retrieval]: Search Process
General Terms: Design, Algorithms, Performance, Human Factors
Additional Key Words and Phrases: News summarization, topic structure, multimodal, hierarchical latent
Dirichlet allocation, maximum spanning tree
ACM Reference Format:
Zechao Li, Jinhui Tang, Xueming Wang, Jing Liu, and Hanqing Lu. 2016. Multimedia news summarization
in search. ACM Trans. Intell. Syst. Technol. 7, 3, Article 33 (February 2016), 20 pages.
DOI: http://dx.doi.org/10.1145/2822907

1. INTRODUCTION

With the proliferation of news articles on the Internet, an increasing number of people
access news information online rather than from newspapers.1 According to the report
1 http://mashable.com/2011/03/15/online-versus-newspaper-news/.
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Fig. 1. The illustration of the topic structure discovered in the news data related to the query “Barack
Obama.”

of the Pew Research Center’s Project for Excellence in Journalism,2 58.2% of Americans
browse news online, overtaking newspaper readership (about 35%) by the end of 2011
[Li et al. 2013]. Unfortunately, it takes much time for users to find the news in which
they are interested from such huge volumes of information. As a consequence, it urges
the necessity to uncover compact presentations of possibly noisy and redundant news.
Today, several news search engines, such as Google News3 and Yahoo! News,4 constantly collect news documents from every corner of the world and attempt to provide
updated news to users. However, these systems only return a list of related news articles for each query and do not provide a summary view to users, which prevents users
from accessing the desired information quickly and comprehensively. Considering different concerns in various news articles and varying stages during news development,
an ideal system for news search can present an informative and complete news story,
including news origin, developing process, and its result about certain news subject.
Here we present an illustrative example in Figure 1, which is the topic structure of
related news documents to the query “Barack Obama.” It is observed that there exist
four topics: “President Election,” “Economic Policy,” “Medical Plan,” and “Obama Politics.” Therefore, how to search and summarize such news information is necessary and
important for news search, which is the focus of this article.
On the other hand, most news Web pages contain multimodal information, such
as image, video, and text. Cognitive psychology research indicates that human cognition is a process of “cross-media” information interaction—that is, cognition is the
result stimulated by visual, auditory, and other sensory information simultaneously
2 http://www.journalism.org/.
3 http://news.google.com/.
4 http://news.yahoo.com/.
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Fig. 2. The framework of our system.

[McGurk and MacDonald 1976; Cohen and Massaro 1990; Calvert 2001; Ghazanfar
and Schroeder 2006]. There is a saying that “a picture is worth a thousand words.”
Thus, visual content should be exploited to complement the textual content of news to
provide vivid and comprehensive information to users. Which images are selected and
how to organize them in a compact form deserve our attention in this work.
As mentioned previously, it is desirable to generate a vivid and informative news
story relevant to a specific query, which can allow users to quickly get a brief and
comprehensive overview about their desired information. Toward this end, this work
develops a multimedia news summarization framework focusing on the query-related
news articles and their associated multimedia information. The proposed framework
is illustrated in Figure 2. For each query, the related news articles can be found by
many approaches for news retrieval. This work utilizes an existing correlation mining
approach named MPMF [Li et al. 2010]. In the following, the returned corpus of related
news data is summarized into a hierarchical presentation. First, we adopt hierarchical
latent Dirichlet allocation (hLDA) [Blei et al. 2010] to uncover the hierarchical topic
structure among those query-related news documents and propose an approach based
on weighted aggregation and max pooling to identify one typical news event for each
topic. One representative image is also selected for each topic to complement the textual
contents, and the chosen images are deformed to emphasize newspersons in the news
images. Next, a time-bias maximum spanning tree (MST) approach is proposed to link
subtopics of one topic. Finally, a vivid and informative user interface is designed to
display the multimodel news summary view as well as a ranking list of related news
documents for each query. Experiments on a large-scale news dataset collected from
four news Web sites (i.e., ABC News, BBC News, CNN News, and Google News) are
used to evaluate the performance of the proposed solution.
Our main contributions are summarized as follows:
(1) We propose to search and summarize news in a multimodal form, which enables
users to browse the related news with multimodal information, as well as access
the desired information quickly and comprehensively.
(2) hLDA is adopted to discover the hierarchical topic structure from the query-related
news articles, and an approach based on the weighted aggregation and max pooling
to identify the typical news article for each topic is proposed.
ACM Transactions on Intelligent Systems and Technology, Vol. 7, No. 3, Article 33, Publication date: February 2016.
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(3) A time-bias MST method is developed to thread the subtopics within one topic to
give a news summary on each topic in terms of temporal and spatial development.
The reminder of this article is organized as follows. Section 2 reviews related work.
We introduce hLDA to discover the latent hierarchical topic structure in Section 3.
Section 4 presents the details of multimedia news summarization. Section 5 shows
the interface of our system. The utilized dataset is reported in Section 6, whereas
experimental results and discussions are presented in Section 7. We conclude the
article with future work in Section 8.
2. PREVIOUS WORK

Extensive research effort has been devoted to news categorization, automatic topic
detection, summarization, and retrieval. In this article, we briefly review the related
work on topic detection, summarization, and retrieval, respectively.
The hierarchical topic detection (HTD) task was proposed and evaluated in 2004,
in which stories are classified in a hierarchy of topic clusters. The traditional topic
detection task was replaced by a hierarchical structure [Trieschnigg and Kraaij 2004],
and a hierarchical agglomerative clustering (HAC) algorithm achieved the highest performance in the evaluation [Trieschnigg and Kraaij 2005]. A notable technique under
the bag-of-words assumption for document classification is latent Dirichlet allocation
(LDA) [Blei et al. 2003]. Probabilistic latent semantic analysis [Hofmann 1999] is the
predecessor of LDA. A hierarchical topic algorithm was proposed to address the issue
of variable topics, named hierarchical latent Dirichlet allocation (hLDA) [Blei et al.
2010]. Many works based on LDA for document representations are proposed [Wei and
Croft 2006; Cao et al. 2007; Phan et al. 2011; Lau et al. 2013].
Given any text document, automatic summarization attempts to abstract important information in text and present it in a condensed form sensitive to the user’s
or applications’ needs [Mani and Maybury 1999]. Methods for text summarization
can be generally classified into two categories: single-document summarization [Paice
1990] and multiple-document summarization [Mani and Bloedorn 1997]. Many approaches have been proposed for clustering and summarizing multiple documents
[Radev 2000; Radev and McKeown 1999], which exploit meaningful relations among
documents. It is a natural application of multidocument summarization algorithms
to provide summarization for Web pages. Several systems [Neto et al. 2000; Radev
and Fan 2000] have been developed to perform Web page clustering and generic summarization based on relevant results from a search engine. Techniques, particularly
on news articles, have also been proposed (e.g., Radev et al. [2001], McKeown et al.
[2002], and Radev et al. [2005]). NewsBlaster [McKeown et al. 2002] provides summaries that give a representation of a cluster. NewsInEssence [Radev et al. 2005]
generates online document clusters and summaries for user-specified requirement.
Other work generates structured representation for news events as a timeline summarization [Yan et al. 2011; Tuan et al. 2011; Tran 2013] to provide better information to users than traditional styles. Hierarchical summarization [Celikyilmaz and
Hakkani-Yur 2010; Christensen et al. 2014] has been studied to generate a summary
of multiple documents based on sentences. However, the proposed summarization
scheme uncovers hierarchical topics and represents topics based on documents and
images.
Some popular news services, such as Google News, present clusters of related articles,
allowing readers to easily find all stories on a given topic. Google News provides the
summarization, such as topic cluster, representative images, news articles, and news
videos. However, the topics in Google News are predefined according to the location or
categories such as sports, economy, and politics. The latest articles, images, and videos
ACM Transactions on Intelligent Systems and Technology, Vol. 7, No. 3, Article 33, Publication date: February 2016.
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are simply selected. As claimed in Subašić and Berendt [2010], some alternative ways
of tracking and browsing news collections have recently been developed. Google News
Timeline5 provides a preset time period overview of news using a timeline interface.
Another Google system, named Fast Flip,6 provides an interface for browsing news
resembling hard-copy newspaper reading. The Yahoo! Correlator7 associates a search
item with all of its related “events.” EMM NewsBrief 8 is a news summarization service.
In Shahaf et al. [2012], a system named “metro maps” is designed to create structured
summaries of information. However, our system automatically generates the summarization according to the search results and selects the representative images and news
articles, which may not be the latest news.
Current Web pages always contain multimodal information. In Jiao et al. [2012],
Web pages are visually summarized by selecting images from the internal and external images. The work in Li et al. [2010] jointly exploits textual news content and news
image information to estimate inter- and intracorrelations among newspersons and
news events. Multicorrelation probabilistic matrix factorization (MPMF) was proposed
to reconstruct person-event, person, and event correlation matrices simultaneously by
the shared latent person and event matrices. Based on the reconstructed correlations,
the work can provide person-centric news search results. Li et al. [2011, 2013] focused
on the relations between news documents and news geolocations, and news enrichment
with Web images. The latent relations between news documents and news geolocation
are uncovered by the proposed matrix factorization methods. Furthermore, they designed approaches to extract queries from news documents for image search and then
selected suitable images to visualize news content. However, the preceding methods
do not summarize the information and cannot provide a condensed view to readers. In
addition, they ignore the topics hidden in the events.
Different from the preceding methods, in this article we consider the multimodal
information of the current news Web pages to search and summarize news information.
We present a vivid and informative interface to users that contains a multimodal news
summary view and a ranking list of relevant news items.
3. HIERARCHICAL TOPIC STRUCTURE

Given the corpus of related news articles to one query, the latent topic structure is first
discovered since the related news articles always cover several aspects. Most of the topic
models, such as LDA [Blei et al. 2003], should be specified in a fixed number of topics.
However, the number of topics hidden in the news data is usually uncertain. To address
the issue of variable topics, the hLDA model [Blei et al. 2010], as a generalization of
LDA, is adopted to discover multiple topics along a hierarchical structure in this article.
The hierarchical structure presents a top-down organization of news data, in which
the lower node has the more specific (or abstract) interpretation. Therefore, it is appealing to show a compact news summary with such a hierarchically coarse-to-fine
manner, which is not possible for a “flat” model.
The hLDA model represents topic distribution with a tree of fixed depth L. Each node
is associated with a topic distribution over words, and a topic is a distribution across
words. An article is generated by selecting a path from the root to a leaf, repeatedly
sampling topics along the path and selecting words from the sampled topics. The tree
structure is learned along with the topics using a nested Chinese restaurant process
(nCRP) [Blei et al. 2010] method, which assigns probability distributions to an infinitely
5 http://newstimeline.googlelabs.com.
6 http://fastflip.googlelabs.com.
7 http://correlator.sandbox.yahoo.net.
8 http://emm.newsbrief.eu.
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Fig. 3. The hLDA-based topic structure to the query “Barack Obama.” The numbers in the brackets present
the numbers of news articles that have nodes in their paths.

branching and infinitely deep tree. The basic process is specified as follows. A sequence
of n news articles arrive. Similar to the case in which the first customer sits at the first
table, the first article takes the initial path, starting with a single branch tree. The
nt -th subsequent article is assigned to a path drawn from the following distribution:
nc
,
(1)
p(an existing path c|nc , nt ) =
γ + nt − 1
γ
p(a new path c|nc , nt ) =
,
(2)
γ + nt − 1
where nc is the number of previous articles assigned to path c and nt is the total number
of articles observed in the tree. γ is a parameter to control how often an article chooses
a path versus creates a new path.
In hLDA, articles in a corpus are drawn from the following generative process:
(1) For each topic t ∈ T in the tree,
(a) Draw a distribution βt ∼ Dirichlet(η).
(2) For each article d ∈ D = {d1 , d2 , . . . , dn},
(a) Draw a path cd ∼ nCRP(γ ).
(b) Draw a distribution over levels in the tree, θd ∼ Dirichlet(α).
(c) For each word a,
i. Choose level td,a |θd ∼ Discrete(θd).
ii. Choose word wd,a |{td,a , cd, β} ∼ Discrete(βcd [td,a ]), which is parameterized by
the topic in position td,a on the path cd.
Intuitively, the parameters γ and η control the size of the tree. A model with larger γ
and smaller η will tend to find a tree with more topics. In the hierarchical topic model,
the internal nodes are not the summaries of their children but reflect the shared
terminology of the articles assigned to the paths that contain them. We also present
an example of the topic structure discovered by hLDA in Figure 3. The corpus of news
articles consists of the top 1,000 related news articles to the query “Barack Obama.”
4. MULTIMEDIA TOPIC REPRESENTATION

In this section, we will elaborate on how to obtain a multimedia representation for each
latent topic based on the hierarchical topic structure.
ACM Transactions on Intelligent Systems and Technology, Vol. 7, No. 3, Article 33, Publication date: February 2016.
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4.1. Representative News Article Selection

In the hierarchical tree, each article is represented as a path, and each path is shared by
many articles. The articles sharing the same path belong to the same topics, and thus
they are more similar to each other. Motivated by Chen et al. [2009] and Celikyilmaz
and Hakkani-Yur [2010], if the degree of an article is larger than the degree of any
other article belonging to the same topic, it can better describe the topic. We adopt the
degree as the score of the news article, which is calculated based on the news article
similarity. In this work, the news article similarity is calculated by combining the text
information and the hierarchical structure, which is defined as
Scomb = εStext + (1 − ε)Stree .

(3)

Here, Stext is the similarity matrix based on text information or mined by other methods,
such as MPMF [Li et al. 2010], and Stree is the similarity calculated based on the
hierarchical tree. ε is a parameter to balance their importance. We propose a new
algorithm to calculate the similarly Stree based on the hierarchical tree and choose a
representative news article for each topic using weighted aggregation and max pooling.
4.1.1. Tree-Based Article Similarity. Gibbs sampling is a particular Markov chain Monte
Carlo algorithm to approximate the posterior for hLDA. Let t denote the level assignment for all words and c denote the path assignment for all articles conditioned on the
observed words w. Given the assignment of words w to levels t and assignments of
articles to paths c, the expected posterior probability of a word w at a given topic t = t
of a path c = c is proportional to the number of times that w was generated by topic t:

p(w|t, c, w, η) ∝ #[t = t, c = c, w = w] + η.

(4)

Similarly, the posterior probability of a particular topic t in a given article d is
p(t|t, c, α) ∝ #[t = t, c = cd] + α.

(5)

#[·] is the count of elements of an array satisfying the given condition. The posterior
should be normalized with total counts and their parameters.
Stree (d, g) between news articles d and g is measured based on the distribution of
words at each topic t on path c and distribution of topic t on path c. Based on Equation (4), we can obtain the distribution pt,d = p(wt,d|zd = t, c, w = vt ), where wt,d and
w = vt are the set of words in d that are generated from topic t and a vocabulary with
words generated by the topic t, respectively. Similarly, pt,g = p(wt,g |zg = t, c, w = vt )
is the probability of words wg in g of the same topic t. We adopt the Jensen-Shannon
divergence [Lin 1991] to measure the distance between pt,d and pt,g :



p + p 
 p + p 
1
t,g
t,g
 t,d
 t,d
KL pt,d
+ KL pt,g 
,
(6)
divd,g,t =
2
2
2

where KL(d||g) =
i di log(di /gi ) is the Kullback-Liebler (KL) divergence. Then the
divergence is transformed into a similarity measure [Manning and Schütze 1999]:
S1tree (d, g, t) = 10−divd,g,t .

(7)

We introduce the topic-based similarities based on article-topic mixing proportions.
We calculate the topic proportion between d and g, represented by ptd = p(zd|t, c, α)
and ptg = p(zg |t, c, α) via Equation (5). S2tree (d, g) between these two distributions is
measured based on Equations (6) and (7). Two articles on the same path would have
different words and hence have different posterior topic probabilities.
provides information about the similarity between two articles based on topicStree
1
provides information on the similarity between the
word distribution. Similarly, Stree
2
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ALGORITHM 1: Tree-Based Article Similarity
Input: Tree T from hLDA, Articles: D = {d1 , . . . , dn}
Output: The article similarity matrix based on the hierarchical tree: Stree
for each article d ∈ D do
for each article g ∈ D do
Find their sharing topic set Td,g ;
for each topic t ∈ Td,g do
Find the level lt ;
Calculate S1tree (d, g, t) and S2tree (d, g, t);
end
Calculate Stree (d, g) using Equation (8);
end
end
return Stree ;

weights of the topics in each article. They jointly effect the article similarity and then
are combined in one measure in all levels and all possible paths:
1  tree
S1 (d, g, t) ∗ S2tree (d, g, t) ∗ lt ,
(8)
Stree (d, g) =
|Td,g | t∈T
d,g

where Td,g denotes the set of topics shared by articles d and g. |T | is the size of set T ,
and lt is the level of topic t. If Td,g = ∅, Stree (d, g) = 0. We summarize the algorithm in
Algorithm 1.
4.1.2. Weighted Aggregation. We have obtained the similarity graph based on the combined similarity Scomb . Representative news articles for topics are selected from the
bottom to top of the hierarchical tree. Let Dl and Dc,l denote the article set at the l-th
level 
and the article set of the topic tc,l at the l-th level on path c, respectively, where
Dl = c Dc,l .
For article d ∈ Dc,l , we assign a score to d to represent its importance in the set Dc,l :

score(d) =
Sl (d, g),
(9)
g∈Dc,l

where Sl denotes the similarity matrix at level l, especially S L = Scomb . A representative
article denoted as tdc,l is chosen to stand for the topic tc,l using max pooling:
tdc,l = arg max score(d).
d∈Dc,l

(10)

We employ a sparse interpolation matrix Wl to build the relations between Dl and
Dl−1 . Wl is defined as
⎧
0
if d, g ∈ Dl−1 and d = g
⎪
⎨
1
if d, g ∈ Dl−1 and d = g
Wl (d, g) =
(11)
⎪
S
(d,g)
l
⎩
if
d
∈
D
−
D
and
g
∈
D
.
l
l−1
l−1
Sl (d,q)
q∈Dl−1

Thus, we can build the matrix Sl−1 as
Sl−1 = WlT Sl Wl .

(12)

Sl−1 inherits the property of Sl by the interpolation matrix. This process is called
weighted aggregation, which employs the property of spectral clustering [Li et al. 2015]
to measure the similarity between two nodes [Chen et al. 2009].
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ALGORITHM 2: Choosing Representative Articles via Weighted Aggregation and Max Pooling
Input: Tree T from hLDA, Articles: D = {d1 , . . . , dn}, Article similarity matrix S L = Scomb
Output: The representative article for topics T D
for level l ← L, . . . , 2 do
for each topic t corresponding path c at level l do
Score each article in Dc,l using Equation (9);
Find the representative article tdc,l for the topic t from Dc,l by max pooling (Equation
(10));
end
Generate the sets Dl−1 and Dc,l−1 ;
Calculate the matrix Wl based on Equation (11);
Calculate Sl−1 using Equation (12);
end

return TD = c,l tdc,l ;

By repeating the preceding process, we choose one representative article for each
topic. This algorithm is summarized in Algorithm 2.
4.2. Representative Image Selection

Current Web pages always contain multimodal information, such as text, image, and
video. This work mainly focuses on news images. To give users a vivid and rich overview
about their interested news, we summarize news images corresponding to a certain
topic or subtopic, which is a complement to the preceding textual summarization.
Given the uncovered hierarchical topics, we can assemble news images included
in certain news pages corresponding to each topic, since news images are associated
with news documents. From the assembled image set corresponding to one topic, a
representative image is selected to visualize the textual information of the topic. To
provide informative visual information to the user, we also propose to deform the
selected image to keep important objects (e.g., newspersons) as much as possible. The
details will be introduced in the following.
An event is composed of a connected series of subevents with a common focus or
purpose that happens in specific places during a given temporal period. The subevent
associated with more images is more important and more representative for the event.
As a consequence, we cluster images belonging to the same topic into several groups
and then choose the most representative image from the biggest group to describe
the topic. First, images belonging to the same topic are clustered into several groups.
Since news images belonging to the same subevent are semantically similar and often
visually similar, the near-duplicate (ND) detection algorithm is introduced to identify
the semantically and visually similar group. For this purpose, the scale-rotation invariant pattern entropy (SR-PE) algorithm [Zhao and Ngo 2009] is used in this work9
to detect the very similar images and segment the corpus into several groups. SRPE can evaluate complex patterns composed of ND images under an unknown scale
and rotation changes based on the bag-of-visual word (BoW) scheme, which can enable the task of news topic tracking. In this practical framework, three components
(i.e., bag-of-words representation, local keypoint matching, and SR-PE evaluation) are
jointly exploited for the rapid detection of NDs. Specially, ND pairs are first identified
through the pattern entropy measure based on the observation that ND pairs share
the duplication of regions and non-ND pairs often show random patterns. Other than
the consideration of scaling and rotational effects, SR-PE utilizes mean shift to cluster
9 Code

is available at http://pami.xmu.edu.cn/∼wlzhao/sotu.htm.
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Fig. 4. The illustration of image downsizing. There are four groups: the original image with the detected
face parts (the left one) and the downsized image (the right one).

visual ND images. As a result, the corpus of images is segmented into several groups
Gr , r = 1, 2, . . . , m, where m is the number of groups in total. We can use the method in
Hong et al. [2010] to mine the sequence of images. For simplicity, a simple strategy is
introduced in this work to identify the representative image for each topic. The biggest
group r ∗ = arg maxr |Gr | is chosen to visually represent this topic, where |Gr | denotes
the number of images within Gr . For the selected group Gr ∗ , the pairwise similarity
is calculated using the Gaussian kernel and then the graph is constructed. Based on
the graph, the degree of each image is calculated by adding all similarities between
this image and other images in the group. Finally, through the use of max pooling, the
image with the biggest score is selected to be the representative image.
We should downsize the representative images with little information loss. Specifically, an image patch-based method is adopted to summarize each image, and the
summary image should satisfy two properties: it should contain as much visual information from the original image as possible and should introduce as few artifacts as
possible that were not in the original image. As we know, news images always contain
the persons related to the news, and people are always more important than other
objects in the news. We should guarantee to change the human facial parts as little as
possible. Consequently, we first make use of the face detection method [Nilsson et al.
2007] to detect the facial parts. Then, we introduce “importance weights” as
ωv =

1.0
0.4

if area(v f ) > 0.5 ∗ area(v)
otherwise,

(13)

where area(v) denotes the area of patch v and v f denotes the part of patch v corresponding to the face. In the experiments, the area is measured by the number of pixels. We
introduce the importance weights into the objective function in Simakov et al. [2008]:


ωv̂ · minv⊂O D(u, v)
v⊂O ωv · minu⊂T D(v, u)

min
+ u⊂T 
.
(14)
T
ω
v⊂O v
u⊂T ωv̂
Here, v and u are patches in the original image O and the target image T , respectively.
v̂ = arg minv⊂O D(u, v) and D(, ) is a distance measure. We implement the gradual
resizing procedure in a coarse-to-fine manner within a Gaussian pyramid, which can
escape local minima and speeds up convergence. We present several examples of image
downsizing in Figure 4, which demonstrates that the utilized approach can achieve the
expected goal.
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4.3. Time-Bias Subtopic Linking

We have discovered the hierarchical tree and chosen one representative article and
one news image for each topic. How to thread the topics as the presentation of their
parent topic is a challenging and necessary problem. We formulate this problem as
finding a spanning tree of a graph while considering the time coherence. A spanning
tree is a subgraph of the original one, which is a tree that connects all of the vertices
together. Since the edge represents the similarity between subtopics, a spanning tree
with larger weights may have more possibility of being proper. The best choice among
allspanning trees may be the one with the biggest weights, i.e., the MST [Pemmaraju
and Skiena 2003], which is a spanning tree with maximum weight. It can be computed
by negating the weights for each edge using the faster algorithms [Chazelle 2000] with
the complexity of O(E), where E is the number of edges in the graph.
The timestamp is an important aspect for news. We should fuse the time information
in the spanning process of MST. In this article, we propose a naive time-bias MST
method. We rewrite the format of time as “YYYYMMDD,” such as from “Sep. 12 2010”
to “20100912,” which is denoted as date. Then, as for news articles d and g, we measure
their similarity based on date, which is defined as
|date(d) − date(g)|
Sdate (d, g) = 1 − 
.
k |date(d) − date(k)|

(15)

Then, we linearly combine the date similarity and the similarity obtained by weighted
aggregation in Section 4.1.2 as
SMST (d, g) = ξ Sl (d, g) + (1 − ξ )Sdate (d, g), for d, g ∈ Dc,l−1 ,

(16)

where Dc,l−1 is the set of representative articles of the topic at level l on path c, and d
and g are the representative articles of its subtopics. In our experiments, we empirically
set ξ = 0.4 to rely more on the time information.
Based on the weighted graph, we can abstract the spanning tree by incorporating
the time information. For each topic, we utilize a time-bias MST to link and place all
of its subtopics properly.
5. USER INTERFACE OVERVIEW

In this section, we introduce the designed interface for multimedia news search and
summarization. In our system, we present a summary view apart from a concise result
list as shown by many news Web services. Our interface contains two parts: the left part
and the right part. We put the result list with the top three related newspersons and top
three related news articles for each item in the right part, which are mined by MPMF
[Li et al. 2010]. To provide a brief and rich view to users, we present the hierarchical
topic structure related to a reader’s query in the left part, as shown in Figure 5. In
the both parts, we present multimedia information: text and image information. We
elaborate on the summary view as follows.
As mentioned earlier, we adopt the hLDA model to explore the hierarchical topics. In
our experiments, we set the depth of the tree to 3. The first level is the root node, the
second level corresponds to the topic, and the third level corresponds to the subtopic
in this article. In the left view of the interface, we summarize the search results
with the preceding obtained hierarchical structure, where each blue rectangle frames
the information belonging to a topic. Then, we employ the proposed time-bias MST
to link the subtopics from left to right. For each subtopic, we present the keywords
of its representative article and the chosen representative image. Here, we present
an illustrative example of multimedia news summarization in search in Figure 1. We
adopt hLDA to explore the hidden topic structure among a modest number (up to 1,000)
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Fig. 5. The user interface of our designed system.
Table I. Details of Our Web News Dataset
Web Site
Articles (#)
Images (#)

ABC
47,163
31,789

BBC
11,073
5,309

CNN
41,649
16,636

Google
35,423
15,410

Total
135,308
69,144

of the top related news articles to the query “Barack Obama” [Lau et al. 2013]. The
representative news article for each topic is identified by the approaches of tree-based
article similarity, weighted aggregation, and max pooling. For each topic, the typical
image is also chosen to complement the textual content to describe this topic. Finally,
we utilize the time-bias MST to thread the subtopics of each topic.
Through the multimedia news summarization, we present the text summary and
image summary in a hierarchical structure. Online news readers can browse news
conveniently and access the desired information quickly and comprehensively.
6. EXPERIMENT PROTOCOL

In this section, we introduce our news dataset collected from multiple Web sites for the
experimental verification. The objective of our experiments is to examine the effectiveness of our methods, which aim to provide a friendly, vivid, and compact interface to
online news readers. We first explain the dataset and the experimental settings in this
section and then present experimental results by empirical justification in Section 7.
6.1. Datasets and Experimental Settings

We build a large-scale multimedia news dataset collected from four news Web sites,
including ABCNews.com,10 BBC.co.uk,11 CNN.com,12 and Google News. There are
135,308 news articles and 69,144 news images in total, whose distribution over these
four Web sites is shown in Table I. Considering that the person’s name has the relative definitiveness and the meaning presented by one news event is usually broad, we
mainly employ the person’s name as a query in our experiments for the convenience
of experiment evaluation. It is worth noting that for our proposed approaches, there
is no limit for the query, which can be persons’ names and news events. We chose 180
10 http://abcnews.go.com.
11 http://www.bbc.co.uk/news.
12 http://edition.cnn.com.
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Table II. Graded Score Criterion
Degree of Satisfaction
Totally Dissatisfied
A Little Bit Satisfied
Satisfied
More Satisfied
Very Satisfied

Score
1
2
3
4
5

Table III. Query List Used in the Experiments
Andy Murray
Bill Gates
Carl Lewis
Cheryl Cole
Dwight Howard
George Soros
James Blake
John Sculley
Kill Bill
Li Kaifu
Michael Dell
Michelle Yeoh
Quincy Jones
Scottie Pippen
Steve Ballmer
Toni Kukoc
Victoria Beckham
William Hague

Andy Roddick
Bobby Dall
Carlo Ancelotti
Colin Powell
Dwyane Wade
George W. Bush
Janet Jackson
Ju Dou
Landon Donovan
Ma Huateng
Michael Johnson
Novak Djokovic
Ray Ozzie
Serena Williams
Steve Jobs
Tracy Mcgrady
Virginie Razzano
Wim Duisenberg

Angela Merkel
Bret Michaels
Charlie Sheen
Dara Torres
Elena Dementieva
Gerhard Schroeder
Jason Lezak
Justine Henin
Larry Ellison
Mariah Carey
Michael Phelps
Paul Allen
Rikki Rockett
Sharon Osbourne
Steve Nash
Tyson Gay
Wayne Rooney

Barack Obama
C. C. Deville
Chen Kaige
Debbie Rowe
Eli Roth
Ian Crocker
Jerry Springer
Karl Malone
Lebron James
Martin Bashir
Michelle Obama
Pete Sampras
Robert Rodriguez
Simon Cowell
Steve Wozniak
Usain Bolt
Whitney Houston

personalities from multiple domains, such as politics, sports, and business, to conduct
our experiments.
No well-defined ground-truth dataset can be used to evaluate the performance of
multimedia news summarization. Thus, we invited a group of 30 anonymous participants from two counties from a wide range of ages to evaluate the news summarization
and the interface. The group of participants consisted of doctoral students, researchers,
and technical staff, who declared that they were proficient in English and always read
news online. They were asked to freely choose queries and search news. As defined
in Table II, the participants could present five types of graded relevance according to
their satisfaction regarding the results.
In addition, some parameters were set in advance. For the parameters in hLDA, we
set α = 50 and L = 3 and will discuss the parameters η and γ . For each query, we chose
the top 1,000 related news articles for multimedia news summarization. How to better
set their values or find a better default value is an open problem and will be considered
in the future.
7. EXPERIMENTAL ANALYSIS

In this section, we conduct extensive experiments to evaluate our system and compare
it with other works. Our experiments evaluate several aspects of the system, including
parameter analysis for our system and performance comparison of our approaches
with other related approaches. Each participant was asked to randomly choose three
persons’ names from our dataset to search. There are 70 queries in total selected from
the 180 queries, and we present these 70 queries in Table III. Queries are selected from
the rest of the queries to tune the hyperparameters in our methods.
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Table IV. Average Number of Topics per Query from hLDA
for Different η Under L = 3 and γ = 1.0
η
Topics (#)

0.5
187

1.0
41

2.0
23

5.0
7

10
4

Table V. Average Number of Topics per Query from hLDA
for Different γ Under L = 3 and η = 2.0
γ
Topics (#)

0.1
3

0.5
8

1.0
23

5.0
79

10
485

Table VI. Average Score of Participants’ Satisfaction for Different Values of ε
ε
Average Score

0
3.63

0.2
3.65

0.4
3.73

0.5
3.82

0.6
3.77

0.8
3.69

1.0
3.58

7.1. Parameter Sensitiveness

In hLDA, there exist two important parameters, η and γ , which affect the number of
topics. Here, their impact for our summarization task are studied. The corpus of related
news articles for each query is used to discover topics and record the number of topics
for each query. We average the total number of generated topics and show results for
different values of η and γ in Tables IV and V. It can be observed that small values of γ
and large values of β suppress the number of topics. hLDA generates fewer topics with
larger η and smaller γ , and more topics with smaller η and larger γ . When η = 2.0 and
γ = 1.0, a reasonable number of topics is generated, and we set η = 2.0 and γ = 1.0 in
the rest of the experiments.
The parameter ε balances the importance of similarities based on the textual information and the hierarchical tree. In this experiment, we tune it within the range of
{0, 0.2, 0.4, 0.5, 0.6, 0.8, 1.0}. The performance in terms of participants’ satisfaction by
varying ε is presented in Table VI. When ε = 0 or ε = 1, users are not satisfied with
the summarizations. The average score of participants’ satisfaction achieves the best
value when ε = 0.5. Thus, ε is set to 0.5 in our experiments.
7.2. Summarization Evaluations

In this section, we evaluate the performance of multimedia news summarization and
compare our approaches to other related methods. To evaluate the performance of news
summarization, participants were asked to give scores about the results according to
Table II. Each of them was asked to select three queries and determine their satisfaction
with the returned results.
7.2.1. Experiment 1: On Representative News Article Selection. To validate that our method
is effective to discover the representative article for each topic, we compare our approach to the following methods:

(1) LDA [Blei et al. 2003]: LDA with different cluster numbers (K = 5, 15, 50). The
article with the biggest score calculated by a similar formula as that in Equation (9)
based on Stext is selected.
(2) hLDA-t: hLDA based on Stext to find representative news articles without weighted
aggregation.
(3) SUMMA [Christensen et al. 2014]: A hierarchical summarization system that summarizes multiple documents based on sentences.
We compare these methods in terms of the conciseness and comprehensiveness of
their obtained summarization. Each participant gave a graded score for each approach.
Figure 6 presents the average scores. Aside from the preceding methods, other special
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Fig. 6. The comparative results for representative news article selection. The average scores are shown for
these approaches.
Table VII. Average and Standard Deviation Values Converted from the User Study on the Comparison
of Our Methods and LDA (K = 15) for Representative News Article Selection and ANOVA Test Results
Our approach vs. LDA (K = 15)
Our method
LDA (K = 15)
1.933 ± 0.449
1.100 ± 0.305

Factor of Ranking Scheme
F-statistic
p-value
42.647
3.758 × 10−6

Factor of Users
F-statistic
p-value
0.209
1.000

cases of our approach, i.e., hLDA-w (ε = 1 in Equation (3) in our method) and Tree
(representative articles were selected without weighted aggregation in our method), are
also evaluated. The performance of hLDA-based approaches and SUMMA are superior
to LDA, which indicates advantages of the hierarchical topics. Since LDA assigns the
same topic number to all queries, it is not reasonable and cannot achieve good average
performance. In addition, our method remarkably outperforms hLDA-t, demonstrating
the effectiveness of similarity based on the hierarchical tree and weighted aggregation.
Users prefer our summarization results to SUMMA, as our method can provide a more
comprehensive result. In addition, the improved performance of our method over Tree
shows the importance and effectiveness of the proposed weighted aggregation. Without
considering the tree-based similarity, hLDA-w is inferior to the proposed method. Thus,
all aspects in our method for representative news article selection, i.e., text-based
similarity, tree-based similarity, and weighted aggregation, are helpful for our system.
We also conduct experiments to compare our approach with LDA (K = 15), which
achieves the best performance among the LDA-based methods, and hLDA-t in terms of
the summary reasonableness. In each pairwise comparison, participants were allowed
to freely search persons’ names and compare the returned summarized results. They
could choose “better,” “much better,” and “comparable” options for the comparison of
two ranking schemes. We quantize the results as follows. We assign score 1 to the
worst ranking scheme, and the other scheme is assigned a score 2, 3, or 1 if it is better,
much better, or comparable to this one, respectively. Thus, there are 30 ratings for each
comparison. The average rating scores and the standard deviation values are shown
in Tables VII, VIII, and IX. Since there will be disagreements among the evaluators,
we perform a two-way analysis of variance (ANOVA) test [King and Minium 1999] to
statistically analyze the comparison; the results are also shown in the tables. From the
results, it is observed that users obviously prefer our approach and the performance of
our method statistically significantly outperforms others. The p-values show that the
difference of the two schemes is significant, and the difference of users is insignificant.

ACM Transactions on Intelligent Systems and Technology, Vol. 7, No. 3, Article 33, Publication date: February 2016.

33:16

Z. Li et al.

Table VIII. Average and Standard Deviation Values Converted from the User Study on the Comparison
of Our Methods and hLDA-t for Representative News Article Selection and ANOVA Test Results
Our approach vs. hLDA-t
Our method
hLDA-t
1.967 ± 0.615
1.200 ± 0.407

Factor of Ranking Scheme
F-statistic
p-value
18.686
1.656 × 10−4

Factor of Users
F-statistic
p-value
0.152
1.000

Table IX. Average and Standard Deviation Values Converted from the User Study
on the Comparison of Our Methods and SUMMA, and ANOVA Test Results
Our approach vs. SUMMA
Our method
SUMMA
1.933 ± 0.640
1.233 ± 0.504

Factor of Ranking Scheme
F-statistic
p-value
13.198
1.100 × 10−3

Factor of Users
F-statistic
p-value
0.191
1.000

Fig. 7. The average scores of our approach, naive selection, and random selection for the representative
image selection.

7.2.2. Experiment 2: On Representative Image Selection. We conducted experiments to evaluate the performance of our approach in choosing an image for each topic. Our method
is compared to the following two methods:

(1) NS (Naive Selection): The image corresponding to the selected representative news
article is chosen for one topic.
(2) RND (Random): A representative image is randomly selected from the corpus of
images of one topic.
These methods are tested in terms of understandability of the selected image—that is,
the selected image is helpful to understand the content of the topic. The comparative
results are shown in Figure 7. The superiority of our approach is obviously observed.
Similar to Experiment 1, we also compare our method to the other two approaches
and perform ANOVA by conducting the same process. Tables X and XI illustrate the
mean and standard deviations of the rating scores as well as the ANOVA test results.
From the numbers in the tables, we can see that the results of the representative image
selection by our method is the best and the difference is statistically significant, which
further confirms the effectiveness of our approach.
7.2.3. Experiment 3: On Subtopic Linking. The organization of topics is necessary for presenting the summarized results to users. The topic linking can be regarded as a ranking
problem. To indicate the effectiveness of our proposed time-bias MST, it is compared to
the method TimeLink, which links the subtopics of one topic purely based on the time
information.
Participants were asked to give scores about the reasonableness of topic linking, and
averaged scores of our approach and TimeLink are 4.06 and 3.67, respectively. This
indicates the effectiveness of our subtopic linking approach.
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Table X. Average and Standard Deviation Values Converted from the User Study on the Comparison
of Our Methods and Naive Selection for Representative News Image Selection and ANOVA Test Results
Our approach vs. NS
Our method
NS
1.867 ± 0.629
1.200 ± 0.407

Factor of Ranking Scheme
F-statistic
p-value
14.500
6.723 × 10−4

Factor of Users
F-statistic
p-value
0.220
0.9999

Table XI. Average and Standard Deviation Values Converted from the User Study on the Comparison
of Our Methods and RND for Representative News Image Selection and ANOVA Test Results
Our approach vs. RND
Our method
RND
2.400 ± 0.455
1.133 ± 0.217

Factor of Ranking Scheme
F-statistic
p-value
46.740
2.500 × 10−11

Factor of Users
F-statistic
p-value
0.250
0.999

Table XII. Average and Standard Deviation Values Converted from the User Study on the Comparison
of Our Methods and TimeLink for Subtopic Linking, and ANOVA Test Results
Our approach vs. TimeLink
Our method
TimeLink
1.970 ± 0.243
1.133 ± 0.195

Factor of Ranking Scheme
F-statistic
p-value
33.263
3.02 × 10−6

Factor of Users
F-statistic
p-value
0.150
1.000

We conducted another user study with the same 30 participants and the process
introduced in Experiment 1 to compare these two linking schemes. The mean and
standard deviations of the rating scores and ANOVA test results are illustrated in
Table XII. The results demonstrate the superiority of our approach over TimeLink. The
ANOVA test shows that the superiority is statistically significant and the difference of
the evaluators is not significant.
7.3. Interface Evaluations

In our news retrieval system, we developed a new style interface as shown in Figure 5.
In this experiment, we evaluated the performance of our interface from a subjective
view and compared it to other systems. While browsing results of the queries, each
participant was asked to give scores according to Table II based on the following aspects:
—Convenience: The convenience of retrieval system is important for users to browse
the results. Is it convenient to search and browse the news?
—Efficiency: Efficiency is a typical problem for the retrieval system. Users cannot
tolerate much time for results to be returned. How long do the systems take to
return results for each query?
—Friendliness: Users like Web pages that make them comfortable. Do the users enjoy
the interface? Does the interface seem comfortable?
—Diversity: Do the systems show users many kinds of information? Can they present
users’ multiviews effectively?
—Quick Overview: News readers want to understand what they read as quickly as
possible. Do the systems provide quick overviews to news readers?
—Summary Effectiveness: We should examine the summary’s usefulness with respect
to news retrieval. To what degree does it affect the effectiveness of news retrieval?
The average scores are presented in Figure 8. It can be observed that compared to
other news service Web sites, although our system takes more time to return the results to readers, it can provide multimedia information, a more condensed view, and a
convenient and friendly interface to users. In other words, users prefer the interface of
our system, and our system can present vivid and comprehensive information conveniently. Through the multimedia information, readers are given a vivid overview about
the returned results. Readers can quickly understand the information that they require via the multimedia summarization in our system. The runtime is also compared.
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Fig. 8. The mean scores about the interfaces of several systems.

Unfortunately, it is not convenient to accurately obtain the average runtime for each
query in the Timeline, Fast Flip, and Correlator systems. Thus, we only present the
runtime of our system and MMPNR. For each query, the average times of our system
and MMPNR are 2.24s and 1.96s, respectively. It indicates that our system is practical.
In fact, our system can be speeded up by further optimizing the software.
8. CONCLUSION AND FUTURE WORK

In this article, query-related news multimedia information is summarized to provide
a brief and vivid browsing view to online news readers. First, we adopt hLDA to explore the latent hierarchical topics. Next, we propose to measure similarities of articles
based on the hierarchical tree, and we choose representative articles for topics based on
weighted aggregation and max pooling approaches. Finally, the subtopics are threaded
using the proposed time-bias MST, and the representative news images are selected
for them. To display the news results, a vivid and informative interfaceis designed. The
reasonable and comprehensive evaluations are performed to demonstrate the effectiveness of our approach. In the future, we will consider news videos, which can provide
another aspect of information to news readers.
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