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Abstract—Topic-focused multi-document summarization
aims to produce a summary given a speciﬁc topic description
and a set of related documents. It has become a crucial
text processing task in many real applications that can help
users consume the massive information. This paper presents
a novel extractive approach based on supervised lazy random
walk (SuperLazy). This approach naturally combines the
rich features of sentences with the intrinsic sentence graph
structure in a principled way, and thus enjoys the advantages
of both the existing supervised and unsupervised approaches.
Moreover, our approach can achieve the three major goals of
topic-focused multi-document summarization (i.e. relevance,
salience and diversity) simultaneously with a uniﬁed ranking
process. Experiments on the benchmark dataset TAC2008 and
TAC2009 are performed and the ROUGE evaluation results
demonstrate that our approach can signiﬁcantly outperform
both the state-of-the-art supervised and unsupervised methods.
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I. I NTRODUCTION
With the massive explosion of information on the Web,
it has become increasingly important to provide improved
mechanisms to present and explore online textual information. Topic-focused multi-document summarization [1], [2],
[3], [4] has proved to be an effective and efﬁcient way to
present and help people consume online information. Given
a speciﬁed topic description (e.g. a user query or a short narrative), topic-focused multi-document summarization aims
to create a short summary over a set of topic-related documents, which conveys the most important aspects of the
topic. Generality, there are three major goals [5] one needs
to achieve simultaneously in topic-focused multi-document
summarization: Relevance: The summary needs to either
answer the need for information expressed in the topic or
explain the topic. Salience: The summary has to neglect
those trivial contents and preserve the salient information.
Diversity: There should be less redundant information in the
summary. In this way, we can cover as many aspects of the
topic as possible within limited summary space.
Here we focus on extractive summarization approaches for
topic-focused multi-document summarization, which extract
sentences from the original documents to compose a summary [6], [7], [8], [9]. Extractive approaches can be further
cast into two categories, namely supervised approaches [10],
[11], [8] and unsupervised approaches [6], [12], [13]. In
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most supervised approaches, summarization is viewed as
a two-class classiﬁcation problem at the sentence level. A
classiﬁcation function is trained by considering rich linguistic and statistical features, including similarity between
sentences, sentence location, term prominence, presence or
absence of certain syntactic features and so on. However, the
intrinsic structure among sentences from all the documents,
which helps unveil both the local and global sentence relationships, is seldom exploited in the supervised approaches.
On the other hand, many unsupervised approaches treat
summarization as graph-based ranking problem, by taking
into account the global information collectively computed
from the entire sentence graph. However, unsupervised approaches cannot make full use of the rich features mentioned
above and often rely on heuristic rules that are difﬁcult
to generalize. Moreover, most existing approaches lacks a
uniﬁed process that can automatically balance the relevance,
salience and diversity in summarization. Some additional
heuristic strategies or iterative process have often been
applied to achieve diversity [3], [7], [12].
In this paper, we propose a novel extractive approach
based on supervised lazy random walk (SuperLazy) for
topic-focused multi-document summarization. This approach
naturally combines the rich features of sentences with the
intrinsic sentence graph structure in a principled way, and
thus enjoys the advantages of both the existing supervised
and unsupervised approaches. Moreover, we can achieve the
three major goals of topic-focused multi-document summarization simultaneously with a uniﬁed ranking process.
Speciﬁcally, our approach leverages a process of random
walk with restart [14] over the sentence graph in essentials,
and introduces self-loop over sentence nodes to make the
random walk “lazy” (i.e., the random walker stays at the
node with some probability). Intuitively, by making the topic
as the restart node, the random walk with restart over the
sentence graph will obtain a topic biased PageRank over
sentence nodes. Meanwhile, by introducing self-loop over
sentence nodes, we can make nodes compete with each other
to emphasize salient sentence nodes and more importantly,
achieve diversity. Therefore, if we properly set the strengths
of edges (between nodes) and self-loops, the ﬁnal ranking of
sentences under the lazy random walk can achieve relevance,
salience and diversity in a uniﬁed way.
Rather than setting the strengths of edges and self-loops
in a heuristic way, we develop a learning method in a
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supervised way that learns these strengths (i.e., random walk
transition probabilities) so that the lazy random walk on
such a weighted sentence graph is more likely to visit “positive” nodes (i.e. summary sentences) than “negative” nodes
(i.e. non-summary sentences). We show that we can leverage
rich sentence features to learn the strengths efﬁciently.
A set of experiments is conducted based on the benchmark
dataset of TAC2008 and TAC2009 to evaluate our approach.
The ROUGE evaluation results show that our approach can
signiﬁcantly outperform both the state-of-the-art supervised
and unsupervised baseline methods.
The rest of the paper is organized as follows: Section
2 discusses some background and related work. Section 3
describes our approach in detail. Section 4 demonstrates our
evaluation results and the conclusion is made in Section 5.

manifold ranking to select topic-related, diverse and salient
sentences for topic-focused summarization.
III. O UR A PPROACH
We leverage random walk with restarts over sentences
graph to address both the criteria of relevance and salience
simultaneously. Meanwhile, we introduce self-loops over
sentence nodes to make the random walk “lazy”. A node
with a heavy self-loop is likely to “absorb” the visits of its
neighbors with light self-loops. Therefore, we can make the
nodes “compete” with each other on “absorbing” visits to
emphasize salient sentence nodes to achieve diversity in a
uniﬁed process if we can set the strengths of edges and selfloops properly. Inspired by [22], we aim to leverage the rich
sentence features (e.g. features that consider the passages)
to help capture both the strengths of edges and self-loops in
a principled way. We achieve this by developing a learning
method that use rich features to learn the strength function
in a supervised way.

II. R ELATED W ORKS
A variety of approaches have been proposed for topicfocused multi-document summarization. Most of them can
be categorized as either abstractive [15] or extractive [4].
Extractive summarization involves assigning scores to
some units (e.g. sentences, paragraphs) of the documents
and extracting the sentences with highest scores, which
can be further categorized as supervised and unsupervised
approaches. Supervised extractive approaches usually treat
the summarization task as a two-class classiﬁcation problem
at the sentence level. For example, the Support Vector
Machine (SVM) [16] based methods focus on constructing
a decision boundary between summary sentences and nonsummary sentences [10], [11]. Besides, Maximum Entropy
[17], Hidden Markov Models [9], Conditional Random Field
[8], and Regression models [4] have also been adopted to
leverage the rich sentence features for summarization.
Some unsupervised extractive approaches take summarization as a metric-based sentence ranking problem, e.g.
MMR [18] and information-theoretical models [6]. Recently,
many unsupervised graph-based approaches have emerged
which leverage the sentence graph for summarization. For
example, Erkan and Radev [7] proposed LexRank, a variant
of PageRank, for generic text summarization. Topic-sensitive
LexRank [12] has been applied to the task of query-focused
summarization. Mihalcea and Tarau [19] proposed another
random-walk-based model TextRank, which was applied to
single-document summarization. Zha [20] proposed a mutual
reinforcement principle for sentence extraction using HITS.
Wan et al. [3] applied a manifold-ranking algorithm to
query-focused summarization.
To capture diversity in ranking process, DivRank [13]
leveraged a vertex-reinforced random walk, which can simulate the “rich-get-richer”phenomenon to achieve salience
and diversity simultaneously for summarization. Absorbing
random walk [21] was also applied to achieve a diverse rank
for summarization. Du et al. [5] introduced sink points into

A. SuperLazy Summarizer
Given a topic description q and a collection of sentences
S from its related documents, an undirected sentence graph
G(V, E) is constructed, where V denotes all the sentences
and E consists of edges between sentences and self-loops.
Note here the topic description is also viewed as a pseudo
sentence. The basic idea is that we will apply a lazy
random walk originated from q over the sentence graph
G, and select the top ranked nodes according to their
stationary distribution p as summary sentences. Suppose
M = {m1 , · · · , mj } denotes the desired summary sentences
in S, and O = {o1 , · · · , ok } denotes other non-summary
sentences. We aim to bias the lazy random walk so that
it will visit nodes in M more often than nodes in O, i.e.,
pm > po , for each m ∈ M and o ∈ O. We achieve this by
learning a function that will assign each edge and self-loop
a strength so that the random walk will be more likely to
visit nodes in M .
We assume that each edge/self-loop has a corresponding
feature vector φ that describes the relationships between
nodes (e.g. cosine similarity between sentences) and the
node’s attributes (e.g. sentence length). For each edge/selfloop in G, we compute its strength using fw (φ), which is a
non-negative function with respect to φ and parameterized
by w. Here we assume the strength function as
fw (φ) = exp(w · φ).
Function fw models the random walk transition probability
P through computing the strengths of edges and self-loops.
It is exactly the function fw (φ) (i.e. the parameters w) that
we need to learn in the training phase of our approach. The
transition matrix P of our lazy random walk hence can be
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represented as follows

uv )
(1 − α)  exp(w·φ
+ α1(v = q) (u, v) ∈ E,
v exp(w·φuv )
Puv =
0
otherwise
(1)
where α is the restart probability (i.e., with probability α
the random walk jumps back to topic node q).
Now we formalize the learning problem of our approach.
Given a training corpus C = {(q (i) , S (i) )|i = 1, . . . , N },
where q (i) denotes the i-th topic description and S (i) denotes
the collection of sentences from q (i) ’s related documents. We
also denote the human labeled summary sentences from S (i)
for q (i) as M (i) = {m1 , · · · , mj }, and other non-summary
sentences as O(i) = {o1 , · · · , ok }. Sentences in M can be
considered as positive training examples, while those in O as
negative ones. The problem of ﬁnding parameters w of edge
strength function fw (φ) can be formalized as the following
optimization problem:

min L(w) =
w

N


1
w2 + λ
l(po − pm )
2
(i)
i=1

(2)

o∈O
m∈M (i)

where p is the stationary distribution under the lazy random
walk process, pu ∈ p is the probability of node u, and λ
is the regularization parameter that trades-off between the
model complexity and the ﬁt of the model (i.e., how much
the rank constraints pm > po can be violated). Note the
distribution p depends on the transition probability, which
is further decided by edge strength fw (φ) parameterized
with w. Moreover, l(·) is a loss function that assigns a nonnegative penalty according to the difference of the scores
po − pm . If po − pm < 0 then l(·) = 0 since the constraint
pm > po is not violated, while for po − pm > 0, we
have l(·) > 0. There might be different ways to select the
form of the loss function. Here we use Wilcoxon-MannWhitney (WMW) loss l(x) = (1+e−x/b )−1 [22] as it shows
consistent good performance.
Learning
Our goal now is to minimize Eqn. (2) with respect to
the parameter vector w. Here we perform gradient based
optimization method to minimize the loss and ﬁnd the
optimal parameters w. First, we derive the gradient of L(w)
with respect to w:

N

 ∂l(δom )  ∂po
∂pm
∂L(w)
=w+λ
−
(3)
∂w
∂δom
∂w
∂w
(i)
i=1
o∈O
m∈M (i)

where δom = po − pm , and the derivative of WMW loss l(·)
−x/b
+ ex/b )]−1 .
can be easily obtained as ∂l(x)
∂x = [ b (2 + e
∂pu
Now, only ∂w is still left unknown in Eqn. (3).
As aforementioned, the vector p depends on the transition
probability, which is further decided by edge strength fw (φ)

parameterized with w. In other words, we can establish the
connection between vector p and the parameters w through
the random walk transition matrix P. Since the vector
p is the stationary distribution of our lazy random walk,
T
the equation pT =
 p P always holds. It can be further
rewritten as pu = v pv Pvu and taking the derivative now
gives
∂pv
∂Pvu
∂pu 
=
+ pv
.
(4)
Pvu
∂w
∂w
∂w
v
According to Eqn. (1), the derivative of P with respect to
w in Eqn. (4) can be obtained as

φuv
∂Puv
=(1 − α)exp(w · φuv ) 
∂w
exp(w · φuv )
v 

(5)
φ
 exp(w · φuv  )

uv
v

.
−
( v exp(w · φuv ))2
u
Therefore, we can compute the gradient ∂p
∂w in an iterative
way [23] like power-method. Up to now, all the components
needed to evaluate the derivative of L(w) in Eqn. (2) can
be obtained. Hence, we can directly minimize L(w) with
a standard quasi-Newton method. Speciﬁcally, we use the
BFGS [24] algorithm for our learning process. Note that
the formalized problem is generally not convex, and the
gradient descent methods will not necessarily ﬁnd the global
minimum. We resolve this by trying several different starting
points to get a good solution in practice.
Prediction
In prediction, we apply our proposed SuperLazy Model
to generate a topic-focused multi-document summary given
a new topic description q  and the sentence collection S 
from its related documents. Speciﬁcally, we construct a
sentence graph G for q  and calculate strengths of edges
and self-loops using the learned strength function fw . We
then perform a lazy random walk process originating from
q  over the sentence graph G . The stationary distribution p∗
of the random walk assigns each node u a probability p∗u .
Nodes are then ordered according to p∗u and the top ranked
nodes are selected as the summary sentences.

B. Feature Space
Many features have proven to be useful for topic-focused
multi-document summarization. Here we discuss several features we adopt in our SuperLazy summarizer. There are two
types of features according to whether they are associated
with the edges between nodes or self-loops, referred as
edge features and self-loop features, respectively. The feature
values are either binary or normalized into the interval [0, 1].
Edge Features
Edge features are used to describe the relationships between different sentences on the sentence graph. We adopt
three common features for this type, i.e., Cosine Similarity, Jaccard Similarity, and Passage Co-occurrence. The
cosine similarity value between two sentences calculated
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based on their term vector representations, which record
the term frequencies. The Jaccard similarity value between
two sentences which measures the ratio of overlapped terms.
Passage Co-occurrence is a binary feature which indicates
whether the two sentences co-occur in a same passage. It is
set to be 1 if they are within one passage, 0 otherwise.

to correlate well with human judgments based on comparison with a single model. They were also used as ofﬁcial
automatic evaluation metrics for TAC2008 and TAC2009
respectively. The results are obtained with ROUGE version
1.5.5 with the settings used for TAC2008.
ROUGE [25] measures summary quality by counting
the number of overlapping units such as n-gram, word
sequences, and word pairs between the computer-generated
summary and the ideal summaries created by humans. The
n-gram recall measure, ROUGE-N, is computed as


Cntmatch (gramn )

Self-loop Features
We also consider features dedicated to self-loops, which
are specially important to bias the lazy random walk process
so that the summary sentences would be visited more times.
The Position of a sentence along the sentence sequence
of a document. If the sentence appears at the beginning of
the document, it is set to be 1, otherwise 0. Length is the
number of terms contained in a sentence after removing the
stop-words. The Log Likelihood of sentence si being generated by the whole
 related document set A, log P (si |A). It
is calculated by tk N (tk , si )logp(tk |A), where N (tk , si )
is the number of occurrences ofterm tk in si and p(tk |A)
can be estimated by N (tk , A)/ j (tj , A). For sentence si ,
Inner-document Degree is the number of edges between
sentence si and sentences from the same document of si . For
sentence si , Intra-document Degree is the number of edges
between sentence si and sentences from other documents
different from that of si . Local Inner-document Degree
Order is a binary feature which indicates whether the Innerdocument Degree of sentence si is the largest among its
neighbors. Local Intra-document Degree Order is another
binary feature which indicates whether the Intra-document
Degree of sentence si is the largest among its neighbors.

ROU GE − N =

S∈{Ref s} gramn ∈S





S∈{Ref s} gramn ∈S

Cnt(gramn )

,

where n is the length of the n-gram, Cntmatch (gramn )
is the maximum number of n-grams co-occurring in a
candidate summary and a set of reference summaries Ref s,
and Cnt(gramn ) is the number of n-gram in the reference
summaries.
B. Baseline Methods
We compared our proposed SuperLazy summarizer with
both the state-of-the-art unsupervised and supervised approaches. Among the extensive unsupervised approaches,
we choose Leading Sentence Selection (LEAD), Maximal
Marginal Relevance (MMR), Personalized PageRank (PPR),
Manifold Ranking (MR), DivRank (DR), and GrassHopper
(GH) as baselines. We also choose Support Vector Machine
(SVM) as a supervised baseline for comparison.
LEAD is a simple baseline approach which selects the
leading sentences of documents to compose the summary.
It can be considered as a lower bound of extractive approach for topic-focused multi-document summarization.
MMR method [18] measures the relevance and diversity
independently and provides a linear combination, called
“marginal relevance”, as the metric. The summary sentences
are then selected iteratively according to the metric. PPR
[26] is a widely used random walk based ranking approach,
which is appropriate for identifying relevant and salient
sentences for summary. MR approach [27] is a graph-based
ranking approach using the graph regularization. It is capable
of giving higher ranks to the salient sentences which are
close to the topic on the manifold. An iterative sentence
selection process is required to achieve diversity. DR [13]
is also a graph-based ranking approach which uses a vertexreinforced random walk. It focuses on achieving diversity
in sentence ranking for summary. GH [21] conducts an
absorbing random walk over the graph. It aims to capture
diversity in ranking by iteratively select top ranked nodes
and set it as absorbing state. SVM [16] is widely used
as a binary classiﬁer, which is a supervised approach that
generally used to distinguish summary sentences from nonsummary sentences. Additional steps are taken to remove
redundant sentences.

IV. E XPERIMENTS
A. Datasets and Evaluation Metric
Topic-focused multi-document summarization has been
one of the main tasks in Text Analysis Conference (TAC)
hold by NIST1 for several years. In our experiments, we
use datasets of TAC2008 and TAC2009. TAC2008 provided
48 topics and TAC2009 provided 44 topics. Each topic was
composed of 20 relevant documents from the AQUAINT2 collection of news articles. The documents were further
equally divided into two datasets: Document Set A and
Document Set B. All the documents in set A chronologically
preceded the documents in set B. In TAC task, a 100word summary was required to be generated for each set
of documents. The summary of Set A should be a topicfocused multi-document summary, and that of B should be
a update summary. Since here we focus on the performance
comparison of topic-focused multi-document summarization
(i.e. the summary for set A), we did not show the summarization results on set B.
In our evaluation, we use the ROUGE-1 (unigram-based),
ROUGE-2 (bigram-based) and ROUGE-SU4 (an extended
version of ROUGE-2) recall metrics, which have been shown
1 http://www.nist.gov
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C. Evaluation Results
1) Evaluation Results on Benchmark of TAC2009: We
ﬁrst conducted performance comparison based on the benchmark dataset TAC2009. We split the 44 topics of dataset
TAC2009 into 4 folders. Each time we select 3 folders for
training/tuning the parameters and the remaining 1 folder for
testing. The 4-fold cross-validation results are demonstrated
in Table I. The numbers in the parentheses are the relative
improvements compared with baseline method LEAD.
Table I
T HE S UMMARIZATION P ERFORMANCE BASED ON A 4-F OLD C ROSS
VALIDATION ON TAC2009

Method
LEAD
PPR
MMR
GH
MR
DR
SVM
SuperLazy

ROUGE-1
0.30192
0.36163
0.34291
0.36802
0.35499
0.36571
0.35889
0.38210

ROUGE-2
0.06311
0.08490
0.07915
0.08927
0.08612
0.08283
0.09103
0.10857

ROUGE-SU4
0.09869
0.12497
0.11138
0.12469
0.12072
0.12306
0.12794
0.14245

From the results we can see that, our approach outperforms all the unsupervised baselines in terms of all the
ROUGE metrics consistently. When compared with the overall best performed unsupervised approach GH, the relative
improvement over the ROUGE-1, ROUGE-2 and ROUGHSU4 scores of our approach is 3.8%, 21.6% and 14.2%,
respectively. It indicates that by leveraging rich sentence
features and learning the model in a supervised way, we
can achieve better quality in summarization. Meanwhile,
our SuperLazy approach can also outperform the supervised
approach SVM in terms of all the evaluation metrics. In
comparison with SVM method, The relative improvements
over the ROUGE-1, ROUGE-2 and ROUGH-SU4 scores
of our approach are 6.5%, 19.3% and 11.3%, respectively.
This shows that by exploring the intrinsic local and global
structure over sentences, we can learn a better summarization

0.115
ROUGE−2
0.11
Average ROUGE−2 Score

We denote our approach based on supervised lazy random
walk as SuperLazy. For training, we leverage the human
extracted summaries as our ground truth. NIST has provided
a set of manual summarization results on TAC2009, which
is extracted by a team of ﬁve human “sentence-extractors”
from the University of Montreal. Therefore, we used such
human extracted summaries as our ground truth for training.
We evaluated the performance of our approach and baseline
methods over both the dataset TAC2008 and TAC2009.
For our SuperLazy approach, we set the parameter λ = 1
and b = 0.1 in our experiment. For the restart probability
α, we set it as 0.2 since it performs best on ROUGE2 evaluation as shown in latter experiments. For other
baselines, we set their parameters (if exist) to the values
as they can achieve their best performances on ROUGE-2
evaluation for summarization.

0.105
0.1
0.095
0.09
0.085
0.08
0.1

0.2

0.3

Figure 1.

0.4

α
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0.6

0.7

0.8

ROUGE-2 Score vs. parameter α.

model. We further conducted statistical tests on the results,
which indicates that all these improvements are statistically
signiﬁcant (p-value< 0.01).
2) Evaluation Results on Benchmark of TAC2008: We
conducted experiments on dataset TAC2008 to further evaluate the effectiveness of our model. Since there is no human
labeled summarization results as ground truth on dataset
TAC2008, we trained our model based on dataset TAC2009
and used dataset TAC2008 as the test set. In this way, we
can also evaluate the generalization ability of our approach.
The evaluation results are shown in Table II, where both the
average ROUGE-N scores and the conﬁdence interval (95%)
are depicted. The evaluation results again demonstrate that
our approach can achieve better performance than both the
state-of-the-art supervised and unsupervised approaches on
dataset TAC2008 in terms of all the ROUGE metrics. This is
consistent with the results we obtained on dataset TAC2009.
The results also indicate that our approach can generalize
very well when we apply it on a different dataset.
Table II
T HE S UMMARIZATION P ERFORMANCE ON TAC2008

Method
LEAD
PPR
MMR
GH
MR
DR
SVM
SuperLazy

ROUGE-1
0.28889
0.36045
0.33666
0.36549
0.36312
0.36548
0.36092
0.36739

ROUGE-2
0.05871
0.08889
0.07533
0.09039
0.09402
0.09077
0.09432
0.09645

ROUGE-SU4
0.09300
0.12708
0.11383
0.13017
0.12910
0.12897
0.12814
0.13070

D. Parameter Tuning
We also conducted experiments to test how the restart
probability α affects the proposed model. Figure 1 shows the
inﬂuence of parameter α on the summarization performance.
As we can see, within a broad range from 0.1 to 0.6,
the SuperLazy summarizer performs quite well with the
best performance achieved when α = 0.2. However, the
performance drops when α becomes increasingly large. This
is a reasonable result according to α’s function. Intuitively,
the parameter α controls for how “far” the random walker

1030

wanders from the topic node q before it jumps back to q and
restarts. High value of α gives very short and local random
walks. Therefore, it would become difﬁcult to ﬁnd the right
summary sentences with such a strong restriction.
V. C ONCLUSION
In this paper, we propose a novel extractive approach,
referred as SuperLazy summarizer, for topic-focused multidocument summarization. Our approach naturally and in a
principled way combines the rich features of sentences with
the intrinsic sentence graph structure for producing better
recommendation. It is a unique model in that it can well
balance the three major facts, namely relevance, salience
and diversity, in a uniﬁed process for topic-focused multidocument summarization. Experimental results on benchmark datasets demonstrate that our approach can signiﬁcantly outperform the other state-of-the-ar baseline methods.
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