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Abstract

Multi-document summarization aims
to distill the most important informa-
tion from a set of documents to gen-
erate a compressed summary. Given
a sentence graph generated from a
set of documents where vertices rep-
resent sentences and edges indicate
that the corresponding vertices are
similar, the extracted summary can
be described using the idea of graph
domination. In this paper, we pro-
pose a new principled and versatile
framework for multi-document sum-
marization using the minimum domi-
nating set. We show that four well-
known summarization tasks includ-
ing generic, query-focused, update,
and comparative summarization can
be modeled as different variations de-
rived from the proposed framework.
Approximation algorithms for per-
forming summarization are also pro-
posed and empirical experiments are
conducted to demonstrate the effec-
tiveness of our proposed framework.

1 Introduction

As a fundamental and effective tool for docu-
ment understanding and organization, multi-
document summarization enables better in-
formation services by creating concise and
informative reports for a large collection of
documents. Specifically, in multi-document
summarization, given a set of documents as
input, the goal is to produce a condensa-
tion (i.e., a generated summary) of the con-
tent of the entire input set (Jurafsky and
Martin, 2008). The generated summary can

be generic where it simply gives the impor-
tant information contained in the input doc-
uments without any particular information
needs or query/topic-focused where it is pro-
duced in response to a user query or related
to a topic or concern the development of
an event (Jurafsky and Martin, 2008; Mani,
2001).

Recently, new summarization tasks
such as update summarization (Dang and
Owczarzak, 2008) and comparative summa-
rization (Wang et al., 2009a) have also been
proposed. Update summarization aims to
generate short summaries of recent docu-
ments to capture new information different
from earlier documents and comparative
summarization aims to summarize the
differences between comparable document
groups.

In this paper, we propose a new principled
and versatile framework for multi-document
summarization using the minimum domi-
nating set. Many known summarization
tasks including generic, query-focused, up-
date, and comparative summarization can be
modeled as different variations derived from
the proposed framework. The framework
provides an elegant basis to establish the
connections between various summarization
tasks while highlighting their differences.

In our framework, a sentence graph is first
generated from the input documents where
vertices represent sentences and edges indi-
cate that the corresponding vertices are sim-
ilar. A natural method for describing the
extracted summary is based on the idea of
graph domination (Wu and Li, 2001). A
dominating set of a graph is a subset of ver-
tices such that every vertex in the graph is



either in the subset or adjacent to a vertex in
the subset; and a minimum dominating set
is a dominating set with the minimum size.
The minimum dominating set of the sentence
graph can be naturally used to describe the
summary: it is representative since each sen-
tence is either in the minimum dominating
set or connected to one sentence in the set;
and it is with minimal redundancy since the
set is of minimum size. Approximation algo-
rithms are proposed for performing summa-
rization and empirical experiments are con-
ducted to demonstrate the effectiveness of
our proposed framework. Though the dom-
inating set problem has been widely used in
wireless networks, this paper is the first work
on using it for modeling sentence extraction
in document summarization.

The rest of the paper is organized as fol-
lows. In Section 2, we review the related
work about multi-document summarization
and the dominating set. After introduc-
ing the minimum dominating set problem
in graph theory in Section 3, we propose
the minimum dominating set based frame-
work for multi-document summarization and
model the four summarization tasks includ-
ing generic, query-focused, update, and com-
parative summarization in Section 4. Sec-
tion 5 presents the experimental results and
analysis, and finally Section 6 concludes the
paper.

2 Related Work

Generic Summarization For generic
summarization, a saliency score is usually
assigned to each sentence and then the sen-
tences are ranked according to the saliency
score. The scores are usually computed
based on a combination of statistical and
linguistic features. MEAD (Radev et al.,
2004) is an implementation of the centroid-
based method where the sentence scores
are computed based on sentence-level and
inter-sentence features. SumBasic (Nenkova
and Vanderwende, 2005) shows that the
frequency of content words alone can also

lead good summarization results. Graph-
based methods (Erkan and Radev, 2004;
Wan et al., 2007b) have also been proposed
to rank sentences or passages based on the
PageRank algorithm or its variants.

Query-Focused Summarization In
query-focused summarization, the informa-
tion of the given topic or query should be
incorporated into summarizers, and sen-
tences suiting the user’s declared information
need should be extracted. Many methods for
generic summarization can be extended to
incorporate the query information (Saggion
et al., 2003; Wei et al., 2008). Wan et al.
(Wan et al., 2007a) make full use of both
the relationships among all the sentences in
the documents and relationship between the
given query and the sentences by manifold
ranking. Probability models have also been
proposed with different assumptions on the
generation process of the documents and
the queries (Daumé III and Marcu, 2006;
Haghighi and Vanderwende, 2009; Tang et
al., 2009).

Update Summarization and Compara-
tive Summarization Update summariza-
tion was introduced in Document Under-
standing Conference (DUC) 2007 (Dang,
2007) and was a main task of the summa-
rization track in Text Analysis Conference
(TAC) 2008 (Dang and Owczarzak, 2008).
It is required to summarize a set of docu-
ments under the assumption that the reader
has already read and summarized the first
set of documents as the main summary. To
produce the update summary, some strate-
gies are required to avoid redundant informa-
tion which has already been covered by the
main summary. One of the most frequently
used methods for removing redundancy is
Maximal Marginal Relevance(MMR) (Gold-
stein et al., 2000). Comparative document
summarization is proposed by Wang et. al.
(Wang et al., 2009a) to summarize the differ-
ences between comparable document groups.
A sentence selection approach is proposed in



(Wang et al., 2009a) to accurately discrimi-
nate the documents in different groups mod-
eled by the conditional entropy.

The Dominating Set Many approxima-
tion algorithms have been developed for find-
ing minimum dominating set for a given
graph (Guha and Khuller, 1998; Thai et al.,
2007). Kann (Kann, 1992) shows that the
minimum dominating set problem is equiva-
lent to set cover problem, which is a well-
known NP-hard problem. Dominating set
has been widely used for clustering in wire-
less networks (Chen and Liestman, 2002;
Han and Jia, 2007). It has been used to find
topic words for hierarchical summarization
(Lawrie et al., 2001), where a set of topic
words is extracted as a dominating set of
word graph. In our work, we use the min-
imum dominating set to formalize the sen-
tence extraction for document summariza-
tion.

3 The Minimum Dominating Set
Problem

Given a graph G =< V,E >, a dominating
set of G is a subset S of vertices with the
following property: each vertex of G is either
in the dominating set S, or is adjacent to
some vertices in S.

Problem 3.1. Given a graph G, the min-
imum dominating set problem (MDS) is to
find a minimum size subset S of vertices,
such that S forms a dominating set.

MDS is closely related to the set cover
problem (SC), a well-known NP-hard prob-
lem.

Problem 3.2. Given F , a finite collection
{S1, S2, . . . , Sn} of finite sets, the set cover
problem (SC) is to find the optimal solution

F ∗ = arg min
F ′⊆F

|F ′| s.t.
⋃

S′∈F ′

S′ =
⋃
S∈F

S.

Theorem 3.3. There exists a pair of poly-
nomial time reduction between MDS and SC.

So, MDS is also NP-hard and it has been
shown that there are no approximate solu-

tions within c log |V |, for some c > 0 (Feige,
1998; Raz and Safra, 1997).

3.1 An Approximation Algorithm

A greedy approximation algorithm for the
SC problem is described in (Johnson, 1973).
Basically, at each stage, the greedy algorithm
chooses the set which contains the largest
number of uncovered elements.

Based on Theorem 3.3, we can obtain a
greedy approximation algorithm for MDS.
Starting from an empty set, if the current
subset of vertices is not the dominating set,
a new vertex which has the most number of
the adjacent vertices that are not adjacent to
any vertex in the current set will be added.

Proposition 3.4. The greedy algorithm ap-
proximates SC within 1 + ln s where s is the
size of the largest set.

It was shown in (Johnson, 1973) that the
approximation factor for the greedy algo-
rithm is no more than H(s) , the s-th har-
monic number:

H(s) =

s∑
k=1

1

k
≤ ln s+ 1

Corollary 3.5. MDS has a approximation
algorithm within 1+ln∆ where ∆ is the max-
imum degree of the graph.

Corollary 3.5 follows directly from Theo-
rem 3.3 and Proposition 3.4.

4 The Summarization Framework

4.1 Sentence Graph Generation

To perform multi-document summarization
via minimum dominating set, we need to
first construct a sentence graph in which each
node is a sentence in the document collection.
In our work, we represent the sentences as
vectors based on tf-isf, and then obtain the
cosine similarity for each pair of sentences.
If the similarity between a pair of sentences
si and sj is above a given threshold λ, then
there is an edge between si and sj .

For generic summarization, we use all sen-
tences for building the sentence graph. For
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Figure 1: Graphical illustrations of multi-document summarization via the minimum dominating set. (a):
The minimum dominating set is extracted as the generic summary. (b):The minimum weighted dominating
set is extracted as the query-based summary. (c):Vertices in the right rectangle represent the first document
set C1, and ones in the left represent the second document set where update summary is generated. (d):Each
rectangle represents a group of documents. The vertices with rings are the dominating set for each group,
while the solid vertices are the complementary dominating set, which is extracted as comparative summaries.

query-focused summarization, we only use
the sentences containing at least one term
in the query. In addition, when a query q
is involved, we assign each node si a weight,
w(si) = d(si, q) = 1 − cos(si, q), to indicate
the distance between the sentence and the
query q.

After building the sentence graph, we can
formulate the summarization problem using
the minimum dominating set. A graphi-
cal illustration of the proposed framework is
shown in Figure 1.

4.2 Generic Summarization

Generic summarization is to extract the most
representative sentences to capture the im-
portant content of the input documents.
Without taking into account the length lim-
itation of the summary, we can assume that
the summary should represent all the sen-
tences in the document set (i.e., every sen-
tence in the document set should either be
extracted or be similar with one extracted
sentence). Meanwhile, a summary should
also be as short as possible. Such summary of
the input documents under the assumption is
exactly the minimum dominating set of the
sentence graph we constructed from the in-
put documents in Section 4.1. Therefore the
summarization problem can be formulated as
the minimum dominating set problem.

However, usually there is a length restric-
tion for generating the summary. More-

Algorithm 1 Algorithm for Generic Summariza-
tion
INPUT: G, W
OUTPUT: S

1: S = ∅
2: T = ∅
3: while L(S) < W and V (G)! = S do
4: for v ∈ V (G)− S do
5: s(v) = |{ADJ(v)− T}|
6: v∗ = argmaxv s(v)
7: S = S ∪ {v∗}
8: T = T ∪ADJ(v∗)

over, the MDS is NP-hard as shown in Sec-
tion 3. Therefore, it is straightforward to use
a greedy approximation algorithm to con-
struct a subset of the dominating set as the
final summary. In the greedy approach, at
each stage, a sentence which is optimal ac-
cording to the local criteria will be extracted.
Algorithm 1 describes an approximation al-
gorithm for generic summarization. In Al-
gorithm 1, G is the sentence graph, L(S) is
the length of the summary, W is the maxi-
mal length of the summary, and ADJ(v) =
{v′|(v′, v) ∈ E(G)} is the set of vertices
which are adjacent to the vertex v. A graph-
ical illustration of generic summarization us-
ing the minimum dominating set is shown in
Figure 1(a).

4.3 Query-Focused Summarization

Letting G be the sentence graph constructed
in Section 4.1 and q be the query, the query-



focused summarization can be modeled as

D∗ = argminD⊆G
∑

s∈D d(s, q) (1)

s.t. D is a dominating set of G.

Note that d(s, q) can be viewed as the weight
of vertex in G. Here the summary length is
minimized implicitly, since if D′ ⊆ D, then∑

s∈D′ d(s, q) ≤
∑

s∈D d(s, q). The problem
in Eq.(1) is exactly a variant of the minimum
dominating set problem, i.e., the minimum
weighted dominating set problem (MWDS).

Similar to MDS, MWDS can be reduced
from the weighted version of the SC problem.
In the weighted version of SC, each set has a
weight and the sum of weights of selected sets
needs to be minimized. To generate an ap-
proximate solution for the weighted SC prob-
lem, instead of choosing a set i maximiz-
ing |SET (i)|, a set i minimizing w(i)

|SET (i)| is

chosen, where SET (i) is composed of uncov-
ered elements in set i, and w(i) is the weight
of set i. The approximate solution has the
same approximation ratio as that for MDS,
as stated by the following theorem (Chvatal,
1979).

Theorem 4.1. An approximate weighted
dominating set can be generated with a size
at most 1 + log∆ · |OPT |, where ∆ is the
maximal degree of the graph and OPT is the
optimal weighted dominating set.

Accordingly, from generic summarization
to query-focused summarization, we just
need to modify line 6 in Algorithm 1 to

v∗ = argmin
v

w(v)

s(v)
, (2)

where w(v) is the weight of vertex v. A
graphical illustration of query-focused sum-
marization using the minimum dominating
set is shown in Figure 1(b).

4.4 Update Summarization

Give a query q and two sets of documents C1

and C2, update summarization is to gener-
ate a summary of C2 based on q, given C1.
Firstly, summary of C1, referred as D1 can

be generated. Then, to generate the update
summary of C2, referred as D2, we assume
D1 and D2 should represent all query related
sentences in C2, and length of D2 should be
minimized.

Let G1 be the sentence graph for C1. First
we use the method described in Section 4.3 to
extract sentences from G1 to form D1. Then
we expand G1 to the whole graph G using
the second set of documents C2. G is then
the graph presentation of the document set
including C1 and C2. We can model the up-
date summary of C2 as

D∗ = argminD2

∑
s∈D2

w(s) (3)

s.t. D2 ∪D1 is a dominating set of G.

Intuitively, we extract the smallest set of sen-
tences that are closely related to the query
from C2 to complete the partial dominating
set of G generated from D1. A graphical il-
lustration of update summarization using the
minimum dominating set is shown in Fig-
ure 1(c).

4.5 Comparative Summarization

Comparative document summarization aims
to summarize the differences among compa-
rable document groups. The summary pro-
duced for each group should emphasize its
difference from other groups (Wang et al.,
2009a).

We extend our method for update summa-
rization to generate the discriminant sum-
mary for each group of documents. Given
N groups of documents C1, C2, . . . , CN ,
we first generate the sentence graphs
G1, G2, . . . , GN , respectively. To generate
the summary for Ci, 1 ≤ i ≤ N , we
view Ci as the update of all other groups.
To extract a new sentence, only the one
connected with the largest number of sen-
tences which have no representatives in any
groups will be extracted. We denote the ex-
tracted set as the complementary dominat-
ing set, since for each group we obtain a
subset of vertices dominating those are not
dominated by the dominating sets of other



DUC04 DUC05 DUC06 TAC08 A TAC08 B
Type of Summarization Generic Topic-focused Topic-focused Topic-focused Update

#topics NA 50 50 48 48
#documents per topic 10 25-50 25 10 10

Summary length 665 bytes 250 words 250 words 100 words 100 words

Table 1: Brief description of the data set

groups. To perform comparative summariza-
tion, we first extract the standard dominat-
ing sets forG1, . . . , GN , respectively, denoted
as D1, . . . , DN . Then we extract the so-
called complementary dominating set CDi

for Gi by continuing adding vertices in Gi to
find the dominating set of ∪1≤j≤NGj given
D1, . . . , Di−1, Di+1, . . . , DN . A graphical il-
lustration of comparative summarization is
shown in Figure 1(d).

5 Experiments

We have conducted experiments on all four
summarization tasks and our proposed meth-
ods based on the minimum dominating set
have outperformed many existing methods.
For the generic, topic-focused and update
summarization tasks, the experiments are
perform the DUC data sets using ROUGE-
2 and ROUGE-SU (Lin and Hovy, 2003) as
evaluation measures. For comparative sum-
marization, a case study as in (Wang et al.,
2009a) is performed. Table 1 shows the char-
acteristics of the data sets. We use DUC04
data set to evaluate our method for generic
summarization task and DUC05 and DUC06
data sets for query-focused summarization
task. The data set for update summariza-
tion, (i.e. the main task of TAC 2008 sum-
marization track) consists of 48 topics and 20
newswire articles for each topic. The 20 arti-
cles are grouped into two clusters. The task
requires to produce 2 summaries, including
the initial summary (TAC08 A) which is
standard query-focused summarization and
the update summary (TAC08 B) under the
assumption that the reader has already read
the first 10 documents.

We apply a 5-fold cross-validation proce-
dure to choose the threshold λ used for gen-
erating the sentence graph in our method.

5.1 Generic Summarization

We implement the following widely used or
recent published methods for generic sum-
marization as the baseline systems to com-
pare with our proposed method (denoted
as MDS). (1) Centroid: The method ap-
plies MEAD algorithm (Radev et al., 2004)
to extract sentences according to the fol-
lowing three parameters: centroid value,
positional value, and first-sentence overlap.
(2) LexPageRank: The method first con-
structs a sentence connectivity graph based
on cosine similarity and then selects im-
portant sentences based on the concept of
eigenvector centrality (Erkan and Radev,
2004). (3) BSTM: A Bayesian sentence-
based topic model making use of both the
term-document and term-sentence associa-
tions (Wang et al., 2009b).

Our method outperforms the simple Cen-
troid method and another graph-based Lex-
PageRank, and its performance is close to the
results of the Bayesian sentence-based topic
model and those of the best team in the DUC
competition. Note however that, like clus-
tering or topic based methods, BSTM needs
the topic number as the input, which usually
varies by different summarization tasks and
is hard to estimate.

5.2 Query-Focused Summarization

We compare our method (denoted as
MWDS) described in Section 4.3 with some
recently published systems. (1) TMR (Tang
et al., 2009): incorporates the query in-
formation into the topic model, and uses
topic based score and term frequency to
estimate the importance of the sentences.
(2) SNMF (Wang et al., 2008): calculates
sentence-sentence similarities by sentence-
level semantic analysis, clusters the sentences



DUC04
ROUGE-2 ROUGE-SU

DUC Best 0.09216 0.13233
Centroid 0.07379 0.12511

LexPageRank 0.08572 0.13097
BSTM 0.09010 0.13218
MDS 0.08934 0.13137

Table 2: Results on generic summariza-
tion.

DUC05 DUC06
ROUGE-2 ROUGE-SU ROUGE-2 ROUGE-SU

DUC Best 0.0725 0.1316 0.09510 0.15470
SNMF 0.06043 0.12298 0.08549 0.13981
TMR 0.07147 0.13038 0.09132 0.15037
Wiki 0.07074 0.13002 0.08091 0.14022

MWDS 0.07311 0.13061 0.09296 0.14797

Table 3: Results on query-focused summariza-
tion.

via symmetric non-negative matrix factoriza-
tion, and extracts the sentences based on the
clustering result. (3) Wiki (Nastase, 2008):
uses Wikipedia as external knowledge to ex-
pand query and builds the connection be-
tween the query and the sentences in doc-
uments.

Table 3 presents the experimental compar-
ison of query-focused summarization on the
two datasets. From Table 3, we observe that
our method is comparable with these sys-
tems. This is due to the good interpretation
of the summary extracted by our method,
an approximate minimal dominating set of
the sentence graph. On DUC05, our method
achieves the best result; and on DUC06,
our method outperforms all other systems
except the best team in DUC. Note that
our method based on the minimum dominat-
ing set is much simpler than other systems.
Our method only depends on the distance to
the query and has only one parameter (i.e.,
the threshold λ in generating the sentence
graph).
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We also conduct experiments to empiri-

cally evaluate the sensitivity of the threshold
λ. Figure 2 shows the ROUGE-2 curve of our
MWDS method on the two datasets when λ
varies from 0.04 to 0.26. When λ is small,
edges fail to represent the similarity of the
sentences, while if λ is too large, the graph
will be sparse. As λ is approximately in the
range of 0.1−0.17, ROUGE-2 value becomes
stable and relatively high.

TAC08 A TAC08 B
ROUGE-2 ROUGE-

SU

ROUGE-2 ROUGE-

SU

TAC Best 0.1114 0.14298 0.10108 0.13669
TAC Median 0.08123 0.11975 0.06927 0.11046

MWDS 0.09012 0.12094 0.08117 0.11728

Table 4: Results on update summarization.

5.3 Update Summarization

Table 4 presents the experimental results on
update summarization. In Table 4, ‘TAC
Best” and “TAC Median” represent the best
and median results from the participants of
TAC 2008 summarization track in the two
tasks respectively according to the TAC 2008
report (Dang and Owczarzak, 2008). As
seen from the results, the ROUGE scores of
our methods are higher than the median re-
sults. The good results of the best team
typically come from the fact that they uti-
lize advanced natural language processing
(NLP) techniques to resolve pronouns and
other anaphoric expressions. Although we
can spend more efforts on the preprocessing
or language processing step, our goal here is
to demonstrate the effectiveness of formaliz-
ing the update summarization problem us-
ing the minimum dominating set and hence
we do not utilize advanced NLP techniques
for preprocessing. The experimental results
demonstrate that our simple update summa-



Topic Complementary Dominating Set Discriminative Sentence Selection Dominating Set
1 · · · U.S. Secretary of State Madeleine

Albright arrives to consult on the
stand-off between the United Na-
tions and Iraq.

the U.S. envoy to the United Na-
tions, Bill Richardson, · · · play down
China’s refusal to support threats of
military force against Iraq

The United States and Britain do not
trust President Saddam and wants
cdotswarning of serious consequences
if Iraq violates the accord.

2 Thailand’s currency, the baht,
dropped through a key psycho-
logical level of · · · amid a regional
sell-off sparked by escalating social
unrest in Indonesia.

Earlier, driven largely by the declin-
ing yen, South Korea’s stock mar-
ket fell by · · · , while the Nikkei
225 benchmark index dipped be-
low 15,000 in the morning · · ·

In the fourth quarter, IBM Corp.
earned $2.1 billion, up 3.4 percent
from $2 billion a year earlier.

3 · · · attorneys representing President
Clinton and Monica Lewinsky.

The following night Isikoff · · · , where
he directly followed the recitation
of the top-10 list: “Top 10 White
House Jobs That Sound Dirty.”

In Washington, Ken Starr’s grand
jury continued its investigation of the
Monica Lewinsky matter.

4 Eight women and six men were named
Saturday night as the first U.S.
Olympic Snowboard Team as their
sport gets set to make its debut in
Nagano, Japan.

this tunnel is finland’s cross country
version of tokyo’s alpine ski dome,
and olympic skiers flock from rus-
sia, · · · , france and austria this past
summer to work out the kinks · · ·

If the skiers the men’s super-G and
the women’s downhill on Saturday,
they will be back on schedule.

5 U.S. officials have announced sanc-
tions Washington will impose on In-
dia and Pakistan for conducting
nuclear tests.

The sanctions would stop all foreign
aid except for humanitarian purposes,
ban military sales to India · · ·

And Pakistan’s prime minister
says his country will sign the U.N.’s
comprehensive ban on nuclear
tests if India does, too.

6 · · · remain in force around Jakarta,
and at the Parliament building where
thousands of students staged a
sit-in Tuesday · · · .

“President Suharto has given much
to his country over the past 30 years,
raising Indonesia’s standing in the
world · · ·

What were the students doing at the
time you were there, and what was
the reaction of the students to the
troops?

Table 5: A case study on comparative document summarization. Some unimportant words are skipped
due to the space limit. The bold font is used to annotate the phrases that are highly related with the topics,
and italic font is used to highlight the sentences that are not proper to be used in the summary.

rization method based on the minimum dom-
inating set can lead to competitive perfor-
mance for update summarization.

5.4 Comparative Summarization

We use the top six largest clusters of doc-
uments from TDT2 corpora to compare the
summary generated by different comparative
summarization methods. The topics of the
six document clusters are as follows: topic 1:
Iraq Issues; topic 2: Asia’s economic crisis;
topic 3: Lewinsky scandal; topic 4: Nagano
Olympic Games; topic 5: Nuclear Issues in
Indian and Pakistan; and topic 6: Jakarta
Riot. From each of the topics, 30 docu-
ments are extracted randomly to produce a
one-sentence summary. For comparison pur-
pose, we extract the sentence with the max-
imal degree as the baseline. Note that the
baseline can be thought as an approxima-
tion of the dominating set using only one
sentence. Table 5 shows the summaries gen-
erated by our method (complementary dom-
inating set (CDS)), discriminative sentence
selection (DSS) (Wang et al., 2009a) and the
baseline method. Our CDS method can ex-
tract discriminative sentences for all the top-

ics. DSS can extract discriminative sentences
for all the topics except topic 4. Note that
the sentence extracted by DSS for topic 4
may be discriminative from other topics, but
it is deviated from the topic Nagano Olympic
Games. In addition, DSS tends to select
long sentences which should not be preferred
for summarization purpose. The baseline
method may extract some general sentences,
such as the sentence for topic 2 and topic 6
in Table 5.

6 Conclusion

In this paper, we propose a framework to
model the multi-document summarization
using the minimum dominating set and show
that many well-known summarization tasks
can be formulated using the proposed frame-
work. The proposed framework leads to
simple yet effective summarization methods.
Experimental results show that our proposed
methods achieve good performance on sev-
eral multi-document document tasks.

7 Acknowledgements

This work is supported by NSF grants IIS-
0549280 and HRD-0833093.



References

Chen, Y.P. and A.L. Liestman. 2002. Approximating
minimum size weakly-connected dominating sets
for clustering mobile ad hoc networks. In Proceed-
ings of International Symposium on Mobile Ad hoc
Networking & Computing. ACM.

Chvatal, V. 1979. A greedy heuristic for the set-
covering problem. Mathematics of operations re-
search, 4(3):233–235.

Dang, H.T. and K Owczarzak. 2008. Overview of the
TAC 2008 Update Summarization Task. In Pro-
ceedings of the Text Analysis Conference (TAC).

Dang, H.T. 2007. Overview of DUC 2007. In Docu-
ment Understanding Conference.
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