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Capturing the compositional process from words to documents is a key challenge in natural language
processing and information retrieval. Extractive style query-oriented multi-document summarization
generates a summary by extracting a proper set of sentences from multiple documents based on
pre-given query. This paper proposes a novel document summarization framework based on deep learn-
ing model, which has been shown outstanding extraction ability in many real-world applications. The
framework consists of three parts: concepts extraction, summary generation, and reconstruction valida-
tion. A new query-oriented extraction technique is proposed to extract information distributed in multi-
ple documents. Then, the whole deep architecture is fine-tuned by minimizing the information loss in
reconstruction validation. According to the concepts extracted from deep architecture layer by layer,
dynamic programming is used to seek most informative set of sentences for the summary. Experiment
on three benchmark datasets (DUC 2005, 2006, and 2007) assess and confirm the effectiveness of the pro-
posed framework and algorithms. Experiment results show that the proposed method outperforms
state-of-the-art extractive summarization approaches. Moreover, we also provide the statistical analysis
of query words based on Amazon’s Mechanical Turk (MTurk) crowdsourcing platform. There exists
underlying relationships from topic words to the content which can contribute to summarization task.

� 2015 Elsevier Ltd. All rights reserved.
1. Introduction which requires summarizing from a set of document to answer a
Automatically generating summaries from large text corpora
has long been attracting research attention from both information
retrieval and natural language processing, the earlier studies of
which could be dated back to the 1950s and 1960s (Baxendale,
1958; Edmundson, 1969; Luhn, 1958). Automatic generation of
summaries creates shortened versions of texts to help users catch
important information in the original text with bearable time costs
(Khanpour, 2009). Currently, the creation of summaries is a task
best handled by humans. However, with the explosion of textual
data, especially in big data era, it is no longer financially possible,
or feasible, to produce all types of summaries by hand. Earlier stud-
ies on text summarization aimed at summarizing from pre-given
documents without requirements, which is usually referred to as
generic summarization (Berger & Mittal, 2000). With the develop-
ment of information retrieval, query-oriented summarization task,
pre-given query, has started attracting more and more attention
(Tang, Yao, & Chen, 2009). According to the size of the input, text
summarization tasks can be grouped into single-document and
multi-document summarization tasks (Shen, Sun, Li, Yang, &
Chen, 2007). Based on the writing style of the output summary,
text summarization techniques can be divided into extractive
approaches and abstractive approaches (Song, Choi, Park, & Ding,
2011; Wong, Wu, & Li, 2008). Due to the limitation of current nat-
ural language generation techniques, extractive approaches are the
mainstream in the field. An extractive approach selects a number
of indicative text fragments from the input documents to form a
summary instead of re-writing an abstract (Chen, Yang, Zha,
Zhang, & Zhang, 2008) under a budget constraint. A budget con-
straint is natural in summarization task as the length of the sum-
mary is often restricted (Lin & Bilmes, 2010). In the paper, we
adopt the extractive style to develop techniques for
query-oriented multi-document summarization.

Almost all extractive summarization methods are faced with
two key problems: how to rank textual units, and how to select a
subset of those ranked units (Jin, Huang, & Zhu, 2010). The first
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one on ranking requires systems to model the relevance of a tex-
tual unit to a topic or a query. The second one on selection requires
systems to improve diversity or to remove redundancy so that
more relevant information can be covered by the summary within
a limited length.

Attempts to solutions of sentence ranking are varied. Some of
solutions are based on surface features (Luhn, 1958; Radev, Jing,
Stys, & Tam, 2004), some on graphs (Wan, 2009; Wan & Xiao,
2009; Wei, Li, Lu, & He, 2010), and some on supervised learning
(Cao, Qin, Liu, Tsai, & Li, 2007; Ouyang, Li, Li, & Lu, 2011). After
obtaining a list of ranked sentences, it is then important to select
a subset of sentences to form a good summary that includes
diverse information within a length limit. Goldstein, Mittal,
Carbonell, and Kantrowitz (2000) were among the first to propose
global models using the maximum marginal relevance (MMR) cri-
teria. The models score sentences under consideration as a
weighted combination of relevance plus redundancy with sen-
tences already in the summary. Currently, greedy MMR style algo-
rithms are the standard algorithms in document summarization.
McDonald (2007) proposed to replace the greedy search of MMR
with a globally optimal formulation, where the basic MMR frame-
work can be expressed as a knapsack packing problem, and an inte-
ger linear program (ILP) solver can be used to maximize the
resulting objective function.

This paper presents a new method following the extractive style
to summarize documents using deep techniques. Deep learning
models the learning task using deep architectures composed of
multiple layers of parameterized nonlinear modules. These models
have been proved outstanding in feature extraction of visual data.
To our knowledge, this is the first attempt that utilizes deep learn-
ing in query-oriented multi-document summarization task.
Different from the existing methods, we neither directly rank the
textual units based on the relevance to the topic or query, nor
directly improve diversity or remove redundancy. The proposed
deep learning algorithm is partitioned into three stages: concept
extraction, reconstruction validation, and summary generation. In
the concept extraction stage, hidden layers are used to abstract
the documents layer by layer using greedy layer-wise extraction
algorithm. The second stage of reconstruction validation intends
to reconstruct the data distribution by fine-tuning the whole deep
architecture globally. Finally, dynamic programming (DP) is uti-
lized to maximize the importance of the summary with the length
constraint. A novel framework with several new algorithms is pro-
posed in the following part.
2. Related work on deep learning

Different from shallow learning models, deep learning is learn-
ing multiple levels of representation and abstraction so as to
extract more senses out of data. Besides evidence from neuro-
science, theoretical analyses from machine learning also confirmed
that deep models are more compact and expressive than shallow
models in representing most learning functions, especially highly
variable ones. Many empirical validations are also reported to sup-
port that deep architectures are promising in solving hard learning
problems (Larochelle, Erhan, Courville, Bergstra, & Bengio, 2007).
Moreover, theoretical analysis shows that deep architectures are
more efficient than shallow circuits such as a typical support vec-
tor machine (SVM), because the former can represent most com-
mon functions, especially highly-variable learning functions
compactly and effectively.

However, it is difficult to learn the parameters of deep architec-
tures with multiple hidden layers containing trainable weights at
all levels. Back propagation, a well-known computationally effi-
cient model for multilayer neural networks, also suffers from
insufficient labeled data, high computational cost, and poor local
optima when working under a deep model (Hinton, 2007). To
reduce the difficulty of deep learning, Hinton and Salakhutdinov
(2006) proposed deep belief network (DBN), i.e. a
densely-connected, directed belief net with multiple hidden layers.
DBN partitions the learning procedure to two stages: to abstract
input information layer by layer and to fine-tune the whole deep
network to the ultimate learning target (Hinton, Osindero, & Teh,
2006; Salakhutdinov & Hinton, 2007). The network pairs each
feed-forward layer with a feed-back layer that attempts to recon-
struct the input of the layer from the output. Such layer-wise gen-
erative models are implemented by a family of Restricted
Boltzmann Machines (RBMs) (Smolensky, 1986). After a greedy
unsupervised learning to each pair of layers, the lower-level fea-
tures are progressively combined into more compact high-level
representations. In the second stage, the whole deep network is
refined using a contrastive version of the ‘‘wake-sleep’’ algorithm
via a global gradient-based optimization strategy. Owing to this
two-stage fast greedy learning, DBN exhibits notable performance
in dimensionality reduction (Liu, Xu, Tsang, & Luo, 2009) and clas-
sification (Cao, Yu, Luo, & Huang, 2009) for different applications,
such as image generation (Dahl, Ranzato, Mohamed, & Hinton,
2010), and audio event classification (Ballan, Bazzica, Bertini,
Bimbo, & Serra, 2009).

The conference version of our work is the first attempt of deep
learning methods for the query-oriented multi-document summa-
rization task (Liu, Zhong, & Li, 2012). After we proposed deep learn-
ing models for document summarization task, more and more
recent work focused on deep learning based methods. For example,
Cao, Wei, Dong, Li, and Zhou (2015) introduced a ConvNet model to
support introspection of the document structure. Their model is
used to identify and extract task-specific salient sentences from
documents. Denil, Demiraj, and Freditas (2014) developed a rank-
ing framework upon Recursive Neural Networks to rank sentences
for multi-document summarization. It formulates the sentence
ranking task as a hierarchical regression process, which simultane-
ously measures the salience of a sentence and its constituents in
the parsing tree.
3. Basic idea of proposed model

Humans do not have difficulty with summarizing documents
based on given queries. Query-oriented multi-document summa-
rization, however, has remained a well-known challenge in natural
language processing in the past fifteen years of extensive research.
In the evaluation of the summarization tasks in the Document
Understanding Conference (DUC), the summaries created by
human peers are much better than those extracted automatically.
Motivated by this fact, we aimed at designing a proper deep archi-
tecture and corresponding unsupervised learning algorithms for
query-oriented multi-document summarization. Latest research
findings from neuroscience suggest that the deep learning model
is consistent with the physical structure of human neocortex, evo-
lution of intelligence, and propagation of information in the human
neocortex. Thus, it has great potential to provide human-like judg-
ment using a human-like system in tasks of natural language pro-
cessing. A discussion of the deep learning model from three aspects
is presented in the following sections.

(1) The deep architecture is identical to the multi-layer physical
structure of the human cerebral cortex. The neocortex,
which is associated with many cognitive abilities, has a com-
plex multi-layer hierarchy (Lee & Mumford, 2003). The lam-
inar structure and a multi-layer illustration of the neocortex
are shown in Fig. 1. Fig. 1(a) is the laminar structure of the



Fig. 1. Multi-layer structure of the cerebral cortex. (a) Laminar structure of the neocortex. (b) Multi-layer illustration of the neocortex.

Fig. 2. Deep architecture of QODE technique.

8148 S.-h. Zhong et al. / Expert Systems with Applications 42 (2015) 8146–8155
neocortex, and (b) is multi-layer illustration of the neocor-
tex. We can find the neocortex can be roughly differentiated
into six functionally distinct horizontal layers from
Molecular layer I to Multiform layer VI (Leuba & Kraftsik,
1994). Many different neocortex areas are involved in
lexical-semantic processing, and therefore, dozens of corti-
cal layers are involved in generating even the simplest
lexical-semantic processing.

(2) The development of intelligence follows the multi-layer
structure. From an evolutionary viewpoint, the phylogeneti-
cally most recent part of the brain is the neocortex. In
humans and other primates, starting from catarhinians, the
multi-layers structure began to appear in the neocortex
(Barton, 1996). Therefore, a deep multi-layers architecture
may represent the result of human intelligence evolution.
It thus provides a possible way to achieve the ultimate goal
of natural language processing, to enable the computer to
understand the human (natural) languages.

(3) The manner in which data is delivered in a deep architecture
is a good simulation of the information propagation in the
neocortex. The deep architecture contains multi-layer gen-
erative models with bottom-up and top-down connections.
Bottom-up connections can be used to infer the high-level
representations that would have generated an observed set
of low-level features. Top-down connections can be used
to generate low-level features from high-level representa-
tions. Single cell recordings and the reciprocal connectivity
between cortical areas both suggest a hierarchy of progres-
sively more complex features in which each layer can influ-
ence layers below it (Felleman & Van Essen, 1991).

Based on the above features, the deep model is chosen in this
paper for query-oriented multi-document summarization. To bet-
ter adapt the document data and the query-oriented
multi-document summarization application, we propose a novel
unsupervised deep learning model called query-oriented deep
extraction (QODE) with a new deep architecture and a new unsu-
pervised deep learning algorithm. To our knowledge, our paper is
the first attempt to utilize deep learning in tasks of
query-oriented multi-document summarization.

Fig. 2 shows the deep architecture of the QODE technique. The

feature vector fd ¼ f d
1; f

d
2; . . . ; f d

v ; . . . ; f d
V

h i
, the tf value of word in
the vocabulary of D calculated in document dm, is input into deep
architecture. V is the length of the vocabulary of D. The output is a
summary S ¼ s1; s2; . . . ; st ; . . . ; sT½ �. Similar with DBN, Restricted
Boltzmann Machines (RBMs) are used as building blocks. The deep
architecture of QODE is designed with a reference to the human
neocortex and human perception. The most obvious characteristic
of QODE is its multi-layer structure, which is faithful to the phys-
iology and anatomy of the human cortex. As discussed earlier, the
functional areas of the neocortex could be roughly differentiated
into six horizontal layers, including the classic lexical-semantic
processing areas, such as: Broca’s and Wernicke’s areas, and other
important lexical-semantic processing areas.

Based on this new deep architecture, the whole deep learning
algorithm can be partitioned into three stages: concept extraction,
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reconstruction validation, and summary generation. In the concept
extraction stage, three hidden layers of H1, H2, and H3 are used to
abstract the documents layer by layer using greedy layer-wise
extraction algorithm. In our implementation, the hidden layer H1

is used to filter out words appearing accidentally. The hidden layer
H2 is supposed to discover key words. The second stage of recon-
struction validation intends to reconstruct the data distribution
by fine-tuning the whole deep architecture globally. Finally,
dynamic programming (DP) is utilized to maximize the importance
of the summary with the length constraint. After these three stages,
the final optimized summary S⁄ is generated. In the following ses-
sion, we will discuss the detailed learning procedure of each stage.

3.1. Query-oriented concept extraction

First, we generate a vocabulary with length V based on words
appearing in the document topic set D. The feature vectors

fD ¼ ½f D
1 ; f

D
2 ; . . . ; f D

v ; . . . ; f D
V � of the document set D and

fd ¼ ½f d
1; f

d
2; . . . ; f d

v ; . . . ; f d
V � of the single document dm are calculated.

Here, f D
v means the tf value of vth word in the vocabulary of D cal-

culated in all documents. f d
v means the tf value of vth word in the

vocabulary of D calculated in dm.
Then, fd is input to the deep architecture as the visible layer H0

to construct a RBM with hidden layer H1. The energy of the state
(h0, h1) in the first RBM is:

Eðh0
;h1

; h1Þ ¼ � ðh0Þ
T
A1h1 þ ðb1Þ

T
h0 þ ðc1ÞT h1

� �
¼ �

XK0

i¼1

XK1

j¼1

h0
i A1

ijh
1
j �

XK0

i¼1

b1
i h0

i �
XK1

j¼1

c1
j hj ð1Þ

where h1 ¼ ðA1
; b1

; c1Þ are the model parameters between layer H0

and layer H1. A1
ij is the symmetric interaction term between visible

unit i in H0 and hidden unit j in H1. b1
i is the ith bias of layer H0 and

c1
j is the jth bias of layer H1. K0 is the number of unit in H0 and K1 is

the number of unit in H1. So the first RBM has the following joint
distribution:

Pðh0
;h1

; h1Þ ¼ 1
Z

e�Eðh0 ;h1 ;h1Þ

¼ e�Eðh0 ;h1 ;h1Þ
� � X

h0

X
h1 e�Eðh0 ;h1 ;h1Þ

� �.
ð2Þ

where Z is the normalization constant. And the probability of the
model assigned to a visible vector to h0 in H0 is:

Pðh0Þ ¼ 1
Z

X
h1

e�Eðh0 ;h1 ;h1Þ

¼
X

h1

e�Eðh0 ;h1 ;h1Þ

0
@

1
A X

h0

X
h1

e�Eðh0 ;h1 ;h1Þ

0
@

1
A,

ð3Þ

And the log-likelihood of P(h0) is:

log Pðh0Þ ¼ log
X

h1

e�Eðh0 ;h1 ;h1Þ � log
X

h0

X
h1

e�Eðh0 ;h1 ;h1Þ ð4Þ

Gibbs sampling from an RBM proceeds by sampling h1 given h0,
then h0 given h1, etc. The conditional distributions over input state
h0 in visible layer H0 and hidden state h1 in hidden layer H1 are
given by Eqs. (5) and (6), where rðxÞ ¼ 1=ð1þ expð�xÞÞ.

pðh1jh0Þ ¼
Y

j

pðh1
j jh

0Þ; pðh1
j ¼ 1jh0Þ ¼ r

X
i

Aijh
0
i þ aj

 !
ð5Þ

pðh0jh1Þ ¼
Y

i

pðh0
i jh

1Þ; pðh0
i ¼ 1jh1Þ ¼ r

X
j

Aijh
1
j þ bi

 !
ð6Þ
Denote h1(k) for the kth h1 sample from the chain, starting at
k = 0 with h1(0), which is the input observation for the RBM and
(h1(k), h0(k)) for k ?1 is a sample from the Markov chain. So
we could calculate the derivative of Eq. (4) with respect to the

parameter h1 ¼ ðA1
; b1

; c1Þ below:

@ log pðh1ð0ÞÞ
@h1 ¼ �

X
h0ð0Þ

pðh0ð0Þjh1ð0ÞÞ @Eðh1ð0Þ;h0ð0ÞÞ
@h1

þ
X
h1ðkÞ

X
h0ðkÞ

pðh1ðkÞ;h0ðkÞÞ @Eðh1ðkÞ;h0ðkÞÞ
@h1 ð7Þ

The idea of Contrastive Divergence (Hinton, 2002) algorithm
using the difference between two Kullback–Liebler divergences is
to take k small (typically k = 1) to run the claim for only one step.
When k = 1, the derivative to the model parameter A1 can be
obtained by Eq. (8),

@ log Pðh1ð0ÞÞ
@A1 ¼ �

X
h0ð0Þ

Pðh0ð0Þjh1ð0ÞÞ @Eðh1ð0Þ;h0ð0ÞÞ
@A1

þ
X
h1ð1Þ

X
h0ð1Þ

Pðh1ð1Þ;h0ð1ÞÞ @Eðh1ð1Þ;h0ð1ÞÞ
@A1

¼ hh1ð0ÞT h0ð0Þidata � hh
1ð1ÞT h0ð1Þirecon ð8Þ

where h�idata denotes an expectation with respect to the data distri-
bution and h�irecon denotes the ‘‘reconstruction’’ distribution of data
after one step. This leads to a simple learning rule for performing
stochastic steepest ascent in the log probability of the training data
in Eqs. (9) and (10).

DA1 ¼ eA hh1ð0ÞT h0ð0Þidata � hh
1ð1ÞT h0ð1Þirecon

� �
ð9Þ

A1 ¼ #A1 þ DA1

¼ #A1 þ eA hh1ð0ÞT h0ð0Þidata � hh
1ð1ÞT h0ð1Þirecon

� �
ð10Þ

Other parameters in h1 update function could be calculated in a
similar manner,

b1 ¼ #b1 þ Db1 ¼ #b1 þ ebðh0ð0Þ � h0ð1ÞÞ ð11Þ

c1 ¼ #c1 þ Dc1 ¼ #c1 þ ecðh1ð0Þ � h1ð1ÞÞ ð12Þ

where # is the momentum and eA; eb; ec are the learning rate.
To integrate query information for document summarization,

we have two different processes including: query oriented initial
weight setting and query oriented penalty process. In classical
deep network, the parameter matrix A1 is initialized to small ran-
dom values chosen from a zero-mean Gaussian with a standard
deviation of about 0.01. Different from it, we strengthen the influ-
ence from query as Eq. (13) after random initialization setting if the
ith node word vi in H0 belongs to the query.

A1
ij ¼maxðA1Þ if v i 2 q ð13Þ

In the penalty process, the reconstruction error in query word is
penalized more than others as below, where c is the penalty factor.

DA1
ij ¼ cDA1

ij if v i 2 q ð14Þ

The above discussion is based on single document dm for the
first layer. Similar operations can be performed to the higher layer
RBMs based on all documents in topic set D.

After the concept extraction based on the deep architectures,
the importance matrix AF is defined as Eq. (15). The element AFin

of AF is the importance of ith word in the vocabulary to the nth
node of hidden layer H3, where K3 is the number of unit in H3,
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A1
; A2

; A3 are the symmetric interaction term in layer pairs, and
they are dot multiplied together to obtain the importance matrix.

AF ¼ fD
� �T

; fD
� �T

; . . . ; fD
� �T

; . . . ; fD
� �T

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
" #

K3

ðA1A2A3Þ ð15Þ

In our implementation, hidden layer H3 is assumed to extract
the candidate sentences for the summary. Certainly, we could
extract the candidate sentences of every node in H3 only depending
on how many unions of key words are in them according to AFin. In
our technique, after the reconstruction validation globally adjust
the deep network to find optimum parameters, the DP is utilized
to maximize the query oriented importance of generated summary
with the constraint of summary length.

3.2. Reconstruction validation for global adjustment

In the concept extraction, we use greedy layer-by-layer algo-
rithm to learn a deep model. In the second stage, we use backprop-
agation through the whole deep model to fine-tune the parameters
h ¼ ½A; b; c� for optimal reconstruction.

The greedy layer-by-layer query-oriented concept extraction
stage has performed a global search for a sensible and good region
in the whole parameter space. Therefore, after achieving that, we
already construct a good data concept extraction model.
Backpropagation is well known as a better local fine-tuning model
than global search. So backpropagation is utilized to adjust the
entire deep network in order to find good local optimum parameters
h� ¼ ½A�; b�; c�� which is used in summary generation via DP. The
learning algorithm in this stage is used to minimize the

cross-entropy error �
P

v f v log f̂ v �
P

v ð1� f v Þlog ð1� f̂ v Þ
h i

, where

fv is the tf value of vth word and f̂ v is the tf value of its reconstruction.

3.3. Summary generation via dynamic programming

In this stage, dynamic programming (DP) is utilized to maxi-
mize the importance of the summary with the length constraint.

After the optimum parameters are obtained in the reconstruc-
tion validation, we use them to calculate the importance matrix
AF by Eq. (15). Then we extract ten words with largest AFin value
in every nth node of Hidden layer H3. The set of these unions of
words are denoted as UN. The importance of every sentence Int

is calculated by Eq. (16), where k is the query word importance fac-
tor, li is the word in sentence st. And the importance of the gener-
ated summary could be denoted as In ¼

P
tInt .

Int ¼
X

i

xi;

xi ¼ k if ðli 2 UNÞ \ ðli 2 qÞ
xi ¼ 1 if li 2 UN
xi ¼ 0 others

8><
>: ð16Þ

Taken the limited length of summary NS into consideration, the
summary length Le is defined as below, where lt is the length of
sentence st.

Le ¼ l1 þ � � � þ lt þ � � � þ lT 6 NS ð17Þ

Based on the analysis above, we could obtain the objective func-
tion aiming to optimize with the constraint below. Because the
task of Document Understanding Conference is to produce
query-oriented multi-document summarization with allowance
of 250 words, our paper then also sets NS as equal to 250.

max In ¼
X

t

Int ; s:t: Le 6 NS ð18Þ

In context of mathematical optimization method, DP refers to
simplifying a complicated problem by breaking it down into
simpler sub-problems in a recursive manner. The optimization
problem in (18) is classical knapsack problem which is often solved
by DP. So we use DP to find the optimum solution.

The DP function is denoted in Eq. (19). Here, f KðkKÞ is the max-
imum of the summary importance in stage K. K is the stage variable
to describe the current sentence. The state variable kK is the
remaining length before K starts. The decision variable uK is the
choice whether or not to put the current sentence st into the
summary.

f KðkKÞ ¼maxfuK InK þ f K�1ðkK�1Þg
kK ¼ kKþ1 � uKþ1lKþ1; K ¼ t; 1 6 t 6 T

k0 ¼ 0; kT ¼ 250; f 0ðk0Þ ¼ 0

8><
>: ð19Þ

After we solve the Eq. (19) by positive sequence method of DP,
we obtain the optimized summary S� ¼ fs�1; s�2; . . . :; s�t ; . . . ; s�Tg,
where s�t is the optimized sentence.
4. Empirical validation

4.1. Evaluation setup

In this section, we conduct several experiments for
multi-document summarization task evaluation in the Document
Understanding Conference (DUC) on three open benchmark data-
set DUC 2005, DUC 2006 and DUC 2007. There are altogether 50
topics in DUC 2005, 50 in DUC 2006, and 45 in DUC 2007. Each
DUC topic consists a topic description and a relevant document
set. The components of the topics are almost the same except for
the source and number of documents. Each DUC 2005 topic
includes 25–50 related documents selected from the Los Angeles
Times and Financial Times of London, while each topic in DUC
2006 and DUC 2007 is composed of exactly 25 documents from
Associated Press, New York Times, and Xinhua Newswire.

The task of DUC is to produce query-oriented multi-document
summarization with generous allowance of 250 words. As a pre-
processing step, the stop words in each sentence are removed
and the remaining words are stemmed using the Porter’s stemmer
(Porter, 1980). In the evaluation step, the ROUGE (Lin, 2004) toolkit
(i.e. ROUGEeval-1.5.5 in this study) that has been widely adopted
by DUC tasks is selected. It measures summary quality by counting
overlapping units such as the n-gram, word sequences and word
pairs between the candidate summary and the reference summary.
ROUGE-N is an n-gram recall measure computed as follows:

ROUGE-N ¼
P

S2fRef Sumg
P

n-gram2SCountmatchðn-gramÞP
S2fRef Sumg

P
n-gram2SCountðn-gramÞ ð20Þ

where n stands for the length of the n-gram, and Countmatchðn-gramÞ
is the maximum number of n-grams co-occurring in a candidate
summary and a set of reference summaries. Countðn-gramÞ is the
number of n-grams in the reference summaries.

In performance comparison of three open dataset, we provide
the results of the average recall scores of ROUGE-1, ROUGE-2 and
ROUGE-SU4, along with the 95% confidential intervals within the
square brackets. We compare the performance of QODE with other
representative multi-document summarization algorithms. They
are graph-based sentence ranking algorithm (Wan, 2009; Wan &
Xiao, 2009; Wei et al., 2010) supervised learning based sentence
ranking algorithms including Support Vector Classification
(Vapnik, 1995), Ranking SVM (Joachims, 2002), and Regression
(Ouyang et al., 2011), and also classical relevance and redundancy
based selection algorithms including greedy search (Filatova &
Hatzivassiloglou, 2004), maximum marginal relevance (MMR)
(Goldstein et al., 2000), integer linear program (ILP) (McDonald,
2007), and the NIST baseline system (Dang, 2005).



Table 1
Performance of QODE with a comparison to representative algorithms on the DUC 2005 dataset.

System ROUGE-1 ROUGE-2 ROUGE-SU4

QODE 0.3751 0.0775 0.1341
(0.3687–0.3809) (0.07341–0.08136) (0.1303–0.1378)

Graph-based
(Wan, 2009)

0.3839 0.0737 0.1317

Graph-based
(Wan & Xiao, 2009)

0.3718 0.0676 0.1293

Graph-based
(Wei, Li, Lu, & He, 2010)

– 0.0771 0.1337

Support Vector Classification
(Vapnik, 1995)

0.3663 0.0701 0.1243
(0.3569–0.3757) (0.0677–0.0736) (0.1202–0.1382)

Ranking SVM
(Joachims, 2002)

0.3702 0.0711 0.1299

Regression
(Ouyang, Li, Li, & Lu, 2011)

0.3770 0.0761 0.1329
(0.3713–0.3828) (0.0727–0.0793) (0.1294–0.1363)

Greedy search
(Filatova & Hatzivassiloglou, 2004)

0.3560 0.0610 –

MMR
(Goldstein et al., 2000)

0.3701 0.0701 0.1289

ILP
(McDonald, 2007)

0.3580 0.0610 –

NIST baseline – 0.0403 0.0872

Table 2
Query oriented contribution analysis.

Method ROUGE-1 ROUGE-2 ROUGE-SU4

1 2 3
p p p

0.3751 0.0775 0.1341p p
0.3731 0.0742 0.1315p p
0.3734 0.0755 0.1329p p
0.3704 0.0740 0.1301

1. Query oriented initial weight setting, 2. Query oriented penalty process,
3. Summary importance maximization by DP.
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4.2. Performance comparison

First, we compare the performance of the proposed techniques
with other representative ones on three standard datasets based on
ROUGE scores. Results of DUC 2005 listed in Table 1 shows that our
new algorithm outperforms most of existing algorithms. In the
proposed QODE technique, we integrate query information in con-
cept extraction, layer-wise reconstruction, and summary genera-
tion. Table 2 presents the query oriented contribution analysis in
three stages. Each step has its own contribution to the final sum-
mary generation.
Table 3
Performance of QODE with a comparison to representative algorit

System ROUGE-1

QODE 0.4015
(0.3957–0.41076)

Graph-based
(Wan, 2009)

0.4101

Graph-based
(Wan & Xiao, 2009)

0.4031

Graph-based
(Wei, Li, Lu, & He, 2010)

–

Support Vector Classification
(Vapnik, 1995)

–

Ranking SVM
(Joachims, 2002)

–

Regression
(Ouyang, Li, Li, & Lu, 2011)

–

NIST baseline –
In Tables 3 and 4, we provide the performance comparison on
DUC 2006 and DUC 2007. As an unsupervised learning algorithm,
the performance of QODE is comparable to the supervised learning
based algorithms. Therefore, we can still conclude that our system
is able to achieve state-of-the-art performances giving the suffi-
cient results in various rounds.

From the performance comparison based on ROUGE scores, we
could also find that the supervised learning method which is inte-
grated with the training stage could achieve best performance in
some specific dataset. For example, supervised learning based
regression (Ouyang et al., 2011) obtained best ROUGE-SU4 on
DUC 2006; supervised learning based regression algorithm
(Joachims, 2002) got best ROUGE-1 and ROUGE-2 on DUC 2007.
But we can still find, as an unsupervised learning algorithm, the
proposed QODE achieved best performance of ROUGE-2 &
ROUGE-SU4 on DUC 2005, ROUGE-2 on DUC 2006, and
ROUGE-SU4 on DUC 2007. To other cases, the performance of
QODE is comparable to the supervised learning based algorithms.
Therefore, we can still conclude that our system is able to achieve
state-of-the-art performances giving the sufficient results in vari-
ous rounds.

As we know, the proposed method does not assume the exis-
tence of a training stage, which means we need not the labeled
data (manually created summaries). Compared with unlabeled
hms on the DUC 2006 dataset.

ROUGE-2 ROUGE-SU4

0.0928 0.1479
(0.0884–0.0972) (0.1440–0.1521)
0.0886 0.1420

0.0851 0.1400

0.0899 0.1427

0.0834 0.1387
(0.0793–0.0876) (0.1344–0.1428)
0.0890 0.1443
(0.0852–0.0928) (0.1403–0.1477)
0.0926 0.1485
(0.0883–0.0969) (0.1443–0.1525)
0.0491 0.0962



Table 4
Performance of QODE with a comparison to representative algorithms on the DUC 2007 dataset.

System ROUGE-1 ROUGE-2 ROUGE-SU4

QODE 0.4295 0.1163 0.1685
(0.4233–0.4355) (0.1119–0.1205) (0.1645–0.1723)

Graph-based
(Wan, 2009)

0.4204 0.1030 0.1460

Graph-based
(Wan & Xiao, 2009)

– 0.1123 0.1682

Graph-based
(Wei, Li, Lu, & He, 2010)

0.4211 0.1103 0.1628
(0.4152–0.4274) (0.1063–0.1144) (0.1588–0.1670)

Support Vector Classification
(Vapnik, 1995)

– 0.1075 0.1616
(0.1032–0.1120) (0.1573–0.1659)

Ranking SVM
(Joachims, 2002)

0.4301 0.1175 0.1682
(0.4237–0.4365) (0.1134–0.1219) (0.1642–0.1725)

NIST baseline 0.3091 0.0599 0.1036

Table 5
Performance comparison of typical QODE with different structures on the DUC 2005
dataset.

System ROUGE-1 ROUGE-2 ROUGE-SU4

QODE 0.3751 0.0775 0.1341
(0.3687–0.3809) (0.07341–0.08136) (0.1303–0.1378)

QODE_30-H3 0.3681 0.0750 0.1306
(0.3623–0.3738) (0.07124–0.07864) (0.1271–0. 1321)

QODE_no-dp 0.3699 0.0746 0.1308
(0.3638–0.3755) (0.07104–0.07790) (0.1275–0.1341)
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data, in real-world applications, the labeled information are always
insufficient. When relying on the efforts of experienced human
experts, manually created summaries are often difficult, expensive,
or time consuming to obtain. By contrast, with the growing avail-
ability of a large number of documents from text corpora, abun-
dant unlabeled data are available. Thus, it is much more practical
to construct a document summarization model based on unsuper-
vised learning framework. It is one of important advantages of the
proposed method.

4.3. Parameter analysis

There are numerical meta-parameters in the proposed tech-
niques. For the parameters related with the deep model, such as
learning rate and the momentum, we follow the general setting
(Hinton, 2010) for the sake of simplicity. The structure of deep
learning model is another set of parameters. Different with existing
deep learning techniques that determine the structure such as the
number of hidden layers based on intuition, we intend to provide
more meaningful architecture by considering the characters of
document summary tasks. In our implementation, the hidden layer
H1 is used to filter out words appearing accidentally and 1000 hid-
den units are used in this paper. Hidden layer H2 is supposed to
discover the key words, so the number of hidden units depends
on the length of summary. In our experiment, the length is prede-
termined by the DUC tasks with allowance of 250 words, so we use
250 hidden units in H2. Hidden layer H3 is assumed to extract the
candidate sentences for the summary. If the length of the summary
is equal to 250 words, 10-hidden-unit is a reasonable setting of H3.
In Table 5, we provide the performance comparison of typical
QODE with different structures on the DUC 2005 dataset.
Because the number of hidden units in H3 directly determines
the number of candidate sentences extracted by our model, we
first change the number from 10 to 30 in hidden layer H3. From
Table 5, we can find the ROUGE results of QODE_30-H3 are worse
than typical QODE. Moreover, in Table 5, we also list the perfor-
mance of QODE without dynamic programming (QODE_no-dp),
which means the candidate sentences will be directly used to gen-
erate as summaries. It is obvious that we could find the typical
QODE is still better than QODE_no-dp. It means the dynamic pro-
gramming stage is useful to obtain better summaries.

For the parameter used in dynamic programming, we discuss
the influence to ROUGE results on DUC 2005 from query word
importance k. Fig. 3(a) shows the value of ROUGE-2 and Fig. 3(b)
shows the value of ROUGE-SU4 when k varies from 1 to 3. At most
time, the proposed technique has the best performance. ROUGE-2
and ROUGE-SU4 peak together when k is equal to 2.5. Similar to
DUC 2005, the peak points of ROUGE-2 and ROUGE-SU4 curves
can be obtained when k is equal to 2.5 on DUC 2006 and DUC 2007.

4.4. Physical information in deep network analysis

Furthermore, we want to demonstrate the rational of the pro-
posed techniques, whether QODE really has advanced extraction
ability. To demonstrate the extraction ability of proposed QODE,
we analyze the information coverage in every layer using one doc-
ument set D376e that contains 26 documents and 9 human
summaries.

For dataset D376e, the number of nodes in layer H0 is equal to
2032. In our experiment, we set the number of hidden nodes in
layer H1 to 1000. So we keep 1000 words pushed out by H1 and cal-
culate how many of them appear in human summaries. We also
calculate the percentage according to the filtering out 1032 words.
From Table 6, obviously, deep networks intend to find the informa-
tive words.

In layer H2, the number of hidden layer is reduced to 250. As
previously, we calculate how many words pushed out by H2 appear
in human summaries in Table 7. The word coverage of human sum-
mary is about 40%, which is nearly doubled to layer H1. For the con-
venience of comparison, we randomly select 250 words from 2032
nodes and calculate that how many of them appear in human sum-
maries. We repeat the experiments ten times and calculate the
average percentage. A comparison between these two results con-
firms the extraction ability of our proposed techniques again.

There are ten hidden units in layer H3 that correspond to the ten
sentences appearing in the 250-words summary. In Table 8, we list
ten candidate sentences related with corresponding nodes. To
compare with human summary, the ID numbers of human sum-
mary which has similar sentence are also listed. Therefore, by
inheriting the distinguishing extraction ability from the deep
learning model, the proposed QODE pushes out important con-
cepts layer by layer effectively.

From Tables 6–8, we have demonstrated the extraction ability
of QODE by calculating the information coverage in each layer.
As we known, by relying on the layer-wise information representa-
tion of RBM, deep learning methods have the ability to learn the



Fig. 3. Performance comparison vs. k.

Table 6
The statistical analysis of words in layer H1.

Words Numbers In human summary Percentage

Filtering out words 1032 65 6.3
Remaining words 1000 211 21.2

Table 8
Candidate sentence extracted in layer H3.

Sentence with union of key words in automatically
extracted summary

Id of human’s summary

An international war crimes tribunal covering the
former Yugoslavia formally opens in The Hague
today with a request for the extradiction from
Germany of a Bosnian Serb alleged to have
killed three Moslem prisoners

A, B, C, D, E, G, H, I, J
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multi-level representation of data and overcome the ‘‘vanishing
gradient problem’’ when layers become deeper. In the proposed
algorithm, we do not just satisfy to make use of the advantages
of deep learning models. In the proposed QODE, we integrated
query information in initial weight setting, penalty procession,
and summary importance maximization. As shown in Table 2, each
step has its contribution to the final summary generation. Thus, it
could explain why and how the rate of information coverage is
high in every layer of the model.
The extradiction is important to the tribunal – the
first international war crimes court since the
Nuremberg trials after the second world war –
because it has no power to try suspects in
absentia

B, C, D, E, G, H, I, J

World News in Brief: Court rules on border A, C, D, E, G, H, I, J
The International Court of Justice in The Hague

ruled in Chad’s favor in a 20-year border dispute
with Libya which has caused two wars

B, D, E, H, I, J

Maybe we’ll go full circle; the World Court can
condemn this action and then the Soviets can
defy that body, just as the United States defied
the court’s condemnation of our embargo of
Nicaragua

C, D, G, I, J

Ever since the Reagan Administration walked out of
the Hague to protest Nicaragua’s claim of
illegality in U.S. aid to the Contras, the State
Department has opposed submitting to the
World Court any case that involves the use of
military force

H, I, J

They refused to appear in the World Court 10
years ago when Washington sought the release
of American hostages in Tehran

H, I, J

A year after Noriega’s capture, the court was still
hearing arguments on whether Bush could be
subpoenaed and the World Court was in
preliminary hearings on Panama’s complaint

J

4.5. Crowdsourcing experiment on query word

In this paper, we propose a deep learning model to automati-
cally summarize query-oriented multi-documents based on given
queries. To integrate query information into the final
multi-documents summary, in our paper, three different processes
are included. The query oriented initial weight setting strengthens
the influence from query word according to set a maximum value
rather than a random initial value to the connection matrix A1. In
the query oriented penalty process, the reconstruction error in
query word is penalized more than others. In summary generation
step, the query word is set with a higher weight in dynamic pro-
gramming to maximize the importance of the summary. In our
previous empirical validation, all of them demonstrate its own con-
tribution to the final summary generation. In our preliminary work
(Liu et al., 2012), we focus on the query-oriented deep learning
model rather than discuss the influence from different query
words. In Section 4.5, we try to analyze the influence of query
words based on the crowdsourcing experiment on Amazon’s
Mechanical Turk (MTurk) platform.
Table 7
The statistical analysis of words in layer H2.

Words Number In human summary Percentage

Random words 250 34 13.6
Key words 250 99 39.6
Crowdsourcing is a distributed model that assigns tasks tradi-
tionally undertaken by employees or contractors to an undefined
crowd (Brabham, 2008). As we known, MTurk has become popular
as a source of experimental data. It offers a potential paradigm for
engaging a large number of users for low time and monetary costs.
Tasks can involve any kind of efforts, such as participating in
After six months of uproar, the U.S. district court
judge in Miami ordered that the case proceed to
trial

Null

Mr. Edwin Williamson, a legal adviser to the U.S.
State Department who will address the court
later in the proceedings, said yesterday, ‘This
(court) action in no way inhibits what the
Security Council is doing’

Null



Fig. 4. Histogram of the average repeated numbers of each query in ground truth summary for every topic.
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surveys, performing experiments, or answering certain specialized
questions. Researchers have adopted MTurk to conduct user stud-
ies on image annotation (Loni et al., 2014), document relevance
(Bashir et al., 2013). In our studies, I am investigating the impor-
tance of query word on multi-documents summarization based
on MTurk crowdsourcing platform.

In the task, workers are required to read all news articles for
specific topic and then select the high relevant word items from
all queries words based on these news articles. The qualification
requirement for this task is number of HITS approved should be
greater than or equal to 100. We allowed each HIT to be completed
by 10 unique workers. Since in DUC 2005 dataset, we had 50 topics
to select the relevant words per behavior and had 10 unique work-
ers select each document per behavior, 500 HITs were created. The
monetary reward was based on an effective hourly wage of $4. In
total, 500 HITs were created with $667 for an estimated 167 h of
work. For the actual experiment, 38 workers were granted a qual-
ification to access the HITs. And all of 500 HITS completed by those
qualified workers were approved without rejections.

Fig. 4 shows the histogram of the average repeated numbers of
each query in ground truth summary for every topic. To demon-
strate the differences between different requirements, we provide
two cases of histogram. To Fig. 4(a), we only calculate the repeated
numbers for the query which is more than two workers select. To
Fig. 4(b), the remaining query words are those words which are
more than the average numbers of selection. From these two fig-
ures, we can find most of selected word items appear more than
ten times in the reference summary in both of cases. It supports
that the query words selected by MTurk workers are repeated
many times in reference summary. Thus, these highly related
words can be considered as the true important queries.
Moreover, we count the repeated number for every word in ground
truth summary and provide the average ranking order for each
query word. The average ranking order for the first case is 4.76,
and the average ranking order for the second case is 5.69. From
these results, we could easily know that the selected query words
are more important than others. In different processes of
query-oriented setting, we also tried to use the good query words
(selected by more than two workers) instead of all queries in our
model. But we find that these settings cannot help us to achieve
a better performance in final summary. It means some of query
words are not thought to be close related with summary. But
indeed, they have some underlying relationships with the topic
and can also contribute to summarization task.
5. Conclusions

In this paper, we proposed a novel deep learning model for
query-oriented multi-documents summarization. The main contri-
butions of the work are summarized as follows: (1) Our work is the
first attempt of deep learning methods for the query-oriented
multi-document summarization task; (2) By inheriting the out-
standing abstraction ability of deep learning methods, a novel
framework is proposed to push out important concepts layer by
layer effectively; (3) Under unsupervised learning framework, the
proposed method demonstrates excellent extraction ability and
better summary quality even compared with some representative
supervised learning methods; (4) We provide the statistical analy-
sis of query words based on Amazon’s Mechanical Turk (MTurk)
crowdsourcing platform.

We have already shown that the proposed algorithm is applica-
ble to multi-document summarization task in our experiments.
Actually, it also has good impacts and practical implications in a
wide range of real-world applications in information retrieval and
natural language processing. Furthermore, the proposed algorithm
does not need the training stage, which makes it potentially suit-
able for industry application where the label information is limited.

Although the proposed algorithm has performed better than
existing methods in query-oriented multi-documents summariza-
tion task, there exists much room for improvement. From the per-
formance comparison of Table 4 on the DUC 2007 dataset, we can
observe that the recall measure of the proposed method is rela-
tively low than the ranking SVM algorithm. As we know, the pro-
posed method does not assume the existence of a training
corpus. We believe that the recall measure would be better if we
take the supervised training stage into consideration. Hence, how
to improve the performance of the proposed method by integrating
the effective classifier such as SVM, is the first future work we need
to consider. Another meaningful future work is to improve the effi-
ciency of the proposed method in order to make sure the current
algorithm can be transplanted on the portable devices. Last but
not least, we would like to incorporate the compression decisions
into our method and apply it in abstractive document summariza-
tion task.
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