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ABSTRACT
Many on-line services allow users to describe their opinions about
a product or a service through a review. In order to help other users
to find out the major opinion about a given topic, without the effort
to read several reviews, multi-document summarisation is required.
This research proposes an approach for extractive summarisation,
supporting different scoring techniques, such as cosine similarity or
divergence, as a method for finding representative sentences. The
main contribution of this paper is the definition of an algorithm for
sentence removal, developed to maximise the score between the
summary and the original document. Instead of ranking the sen-
tences and selecting the most important ones, the algorithm itera-
tively removes unimportant sentences until a desired compression
rate is reached. Experimental results show that variations of the
sentence removal algorithm provide good performance.
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1. INTRODUCTION & MOTIVATION
The expansion of the Web has provided an increasing number of
social media sources such as blogs, discussion forums and other
services, where users can express their opinions about products,
companies or people. Finding out what other people think has al-
ways been an important part of our decision-making process [11].
For example, customers can exploit opinion-oriented information
before buying a product. In order for this information to be effec-
tive and not overwhelming, intelligent sentiment-aware tools are
needed.
Automatic document summarisation is an important task which
provides an effective access to information. It has been extensively
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explored as means to reduce the information overload [10]. The
purpose of a summariser is to provide the user with the most im-
portant information from the original source, in a short form.
In the context of opinions, document summarisation can help to
find out a concise way to express what the different users think
about products and services. Given a set of reviews, a retrieval
system could respond to information needs such as find opinions
about the sound quality of the new iPod, but the users would still be
required to read a number of sentences in order to understand what
the pivot opinion is.
In order to provide a snippet representing this pivot opinion, a sum-
mariser can be joined to the aforementioned retrieval system, as a
second-stage component. Figure 1 provides an overview of such a
two-stage system, showing the pipeline which leads from the infor-
mation need (e.g. tell me the major opinion about a topic) to the
generation of a short answer to the query.
This work focuses on how an extractive summariser can provide
such a short snippet from a set of redundant sentences, similarly to
the scenario described above.
The main contribution of this work consists in the definition of
a novel approach to summarisation, based on Sentence Removal
(SR). This technique removes the less important sentences until
the desired summary length is reached. With this approach, the
summarisation procedure considers the importance of a candidate
summary as a whole, rather than focusing on the importance of a
single sentence, and tries to maximise the coverage of relevant in-
formation. Different scoring techniques can define the importance
of sentences, and an experimental study which explores cosine sim-
ilarity and divergence is reported.

2. BACKGROUND & RELATED WORK
Automatic document summarisation is the task of presenting a
shortened version of a document, or a set of documents, containing
the most important information expressed in the source. Profes-
sional human abstractors can produce high-quality summaries, but
they often require domain-specific knowledge, as well as time and
costs which could be unaffordable. Intelligent tools for summari-
sation are crucial in the process of information reduction.

2.1 Sentence Extraction
Traditional sentence extraction techniques apply different methods
for determining the importance of sentences [10]. Experiments in
sentence extraction based on significance scores have been reported
since the 1950’s. Later research has investigated the combination
of different features for identifying significant sentences [4]. Word
frequency has been associated with cue words presence, title and
heading words presence and structural information such as sen-
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Figure 1: Two-stage system for summarising opinions.

tence location. A weighted combination of these features is used
to select the sentences to extract.
Instead of using subjective weights to combine features, a corpus
can be used to train a classifier. With this approach, the summarisa-
tion task has been faced as a sentence classification task. A Naive-
Bayes classifier has been used to determine whether a sentence has
to be selected to generate the summary [7].
Other approaches based on word statistics include the use of TF-
IDF weighting, which is commonly incorporated in most of the
current summarisation systems [10], or the application of the
log-likelihood ratio test for the identification of highly descrip-
tive words, commonly referred to as topic signatures. The log-
likelihood approach has been shown to be particularly effective in
the task of multi-document summarisation of news [3].

2.2 Sentiment Summarisation
Previous work in summarisation of opinionated documents has
been focusing on different domains of user-generated content. The
idea of a single sentence extraction, to determine the polarity of the
whole document, has been suggested in [1], although results on the
polarity classification task have not been reported.
Dealing with short web comments, the task of extracting the top
sentiment keywords has been faced exploiting Pointwise Mutual
Information, and the result can be presented in a tag cloud [12].
Feature-based Sentiment Analysis extracts the different aspects of
a topic, providing polarity information about it. Aggregating per-
aspect sentiments easily leads to the generation feature-based sum-
maries, but previous works in this direction have mainly focused on
the aspect identification and sentiment classification tasks [6, 2].

3. EXTRACTIVE SUMMARISATION
In this section the task of extractive summarisation is formalised.
A collection T has a number of topics < t1, ..., tm >. A topic
tj is composed by a number of documents < d1, ..., dk >, each
of which is composed by a number of sentences. A topic is hence
composed by all the sentences < s1, ..., sn > belonging to the k
documents. The case k = 1 is called single-document summarisa-
tion, while k > 1 represents multi-document summarisation. The
task of extractive summarisation is to select the subset of sentences
and to combine them into a summary which better represents the

topic. In order to form the summary, a length limit has to be con-
sidered, based on the number of sentences or the number of words.
For each sentence s belonging to a topic t, its probability distribu-
tion over terms is given by:

P (w|s, t, T ) =
X
d∈t

P (w|d, T ) · P (d|s, T ) (1)

P (d|s, T ) can be obtain via the Bayesian rule:

P (d|s, T ) =
P (s|d, T ) · P (d)

P (s)
(2)

then calculating P (s|d, T ) as follows:

P (s|d, T ) =
Y
w∈s

P (w|d, T ) (3)

and considering a uniform distribution for P (d) and P (s).
For the estimation of P (w|d, T ), linear smoothing is adopted:

P (w|d, T ) = λd · P (w|d) + (1− λd) · P (w|T ) (4)

where P (w|d) is the relative frequency of a termw in the document
d, and P (w|T ) is the relative frequency of a term w in the whole
collection of topics T , i.e. the background model. The parameter
λd is defined as a Dirichlet mixture, i.e. |d|

|d|+µ , where |d| is the
document length, and µ is defined as the average document length.

3.1 Sentence Selection
Traditionally, summarisation approaches build the summary by se-
lecting the most significant sentences from the original source. In
order to measure the significance of a sentence, one can employ
different ranking techniques. Once the sentences are ranked, the
top l sentences will form the summary.
The ranking techniques analysed in this work are based on similar-
ity and divergence. Sentences can be ranked with the purpose of
maximising their similarity with the given topic, i.e.:

scoreSIM(s, t) := sim(Ps, Pt) (5)

where sim can be any similarity metric, Ps is the term probability
distribution for the sentence s, as defined in Equation 1, and Pt is
the relative frequency distribution over the topic t. In this work, co-
sine similarity is employed as similarity metric. A baseline which
forms the candidate summary picking the top l sentences according
to Equation 5 is referred to as GreedySIM in the experiments.
A different approach to score sentences consists in minimising a
measure of dissimilarity between a sentence and the given topic.
In this work, Kullback-Leibler (KL) divergence is used. KL-
divergence quantifies the proximity of two probability distributions.
In particular, it measures the information lost when approximating
a probability distribution P with a candidate distribution Q:

DKL(P ||Q) =
X
i

Pi · log
“ Pi
Qi

”
(6)

Given a topic t to summarise, for each sentence s belonging to the
topic, one can calculate the following score:

scoreDIV(s, t) := −DKL(Pt||Ps) (7)

where the minus sign indicates that the lowest divergence gives the
highest score. A baseline which forms the candidate summary pick-
ing the top l sentences according to Equation 7 is referred to as
GreedyDIV in the experiments.
Rather than selecting sentences individually, a different possibility
is to select directly the subset of sentences which maximises the



chosen score. The brute-force approach consists in enumerating all
the combinations of l sentences (desired output length) out of the n
forming the given topic. The concatenation of the l sentences with
the highest score will form the summary. This is different from
selecting one sentence at a time, as the language model for the con-
catenation will be different from the language model for the indi-
vidual sentences. The two baselines implementing the brute-force
approach adopting the scores as in Equations 5 and 7 are referred
to as, respectively, BFSIM and BFDIV in the experiments.

3.2 Sentence Removal Algorithm
This section describes the proposed approach to extractive sum-
marisation via a Sentence Removal (SR) algorithm. Instead of se-
lecting important sentence, the idea behind this technique is based
on removing iteratively the less important ones, until the desired
output size is reached. With this method, the algorithm tries to
maximise the importance of the candidate summary as a whole,
and does not only focus on the importance of a single sentence. In
other words, the purpose is to condense the information in the orig-
inal source while trying to ensuring its coverage in the summary at
the same time. Algorithm 1 shows the procedure to obtain the can-
didate summary. The procedure starts with the candidate summary
t′ containing all the original set of sentences, and then iterates un-
til the summary reaches the desired length l. During each iteration,
the procedure removes one sentence such that the score between the
candidate summary and the original set of sentences is maximised.
The score in line 6 can be computed using again Equations 5 or 7
In the results section, the systems implementing the SR algorithm
as in Algorithm 1 are denoted with SRSIM and SRDIV depending on
the scoring function.

Algorithm 1 Sentence Removal algorithm.
Input: t {topic to summarise}
Input: l {output size in n. of sentences}
1: t′ ← t
2: while |t′| > l do
3: for all si in t′ do
4: t′i ← t′ \ si
5: end for
6: t′ ← arg max

t′i

(score(t, t′i))

7: end while
8: return t′

A different version of the sentence removal algorithm can be ob-
tained with a variation in the way the candidate summary, at each
iteration step, is selected. Rather than computing the score between
the candidate summary and the original set of sentences, one can
compute the score between the candidate summary t′i, and the can-
didate summary at the previous iteration t′. In this case, line 6 of
the procedure has to be replaced with:

t′ ← arg max
t′i

(score(t′, t′i))

The systems implementing this variation of the algorithm are la-
belled as SR′SIM and SR′DIV. This version of the algorithm could
also be exploited to shift the topic of the summary towards a par-
ticular sub-topic, e.g. via a topic query.

4. EXPERIMENTAL STUDY
An experimental study has been performed using a dataset suitable
for multi-document summarisation. The dataset provides a number

Recall
ROUGE-1 ROUGE-2 ROUGE-SU4

MEAD 49.32 † 10.58 23.16 †
GreedySIM 33.80 06.43 12.12
BFSIM 22.32 05.75 05.43
SRSIM 37.46 09.29 13.80
SR′SIM 15.78 02.64 03.03
GreedyDIV 18.84 03.99 03.91
BFDIV 20.46 05.54 04.97
SRDIV 46.05 08.67 20.10
SR′DIV 15.60 01.44 02.96

Precision
ROUGE-1 ROUGE-2 ROUGE-SU4

MEAD 09.16 01.84 01.02
GreedySIM 15.21 02.78 03.00
BFSIM 29.39 07.78 10.27
SRSIM 19.87 05.18 05.44
SR′SIM 25.36 04.68 08.72
GreedyDIV 30.42 06.64 11.22
BFDIV 30.70 08.36 12.10
SRDIV 09.64 01.77 01.10
SR′DIV 12.70 01.20 02.23

F1-score
ROUGE-1 ROUGE-2 ROUGE-SU4

MEAD 15.15 03.08 01.89
GreedySIM 19.80 03.66 04.19
BFSIM 24.67 06.39 06.42
SRSIM 24.38 06.23 06.31
SR′SIM 19.01 03.28 04.16
GreedyDIV 22.84 04.88 05.47
BFDIV 24.03 06.50 06.59
SRDIV 15.64 02.88 02.03
SR′DIV 13.33 01.25 02.11

F2-score
ROUGE-1 ROUGE-2 ROUGE-SU4

MEAD 26.27 05.43 04.34
GreedySIM 25.19 04.71 05.94
BFSIM 23.05 05.95 05.66
SRSIM 29.92 † 07.54 † 08.28 †
SR′SIM 16.88 02.86 03.37
GreedyDIV 20.20 04.29 04.39
BFDIV 21.68 05.86 05.48
SRDIV 25.39 04.70 04.16
SR′DIV 14.38 01.34 02.38

Table 1: ROUGE scores on the Opinosis dataset. The best over-
all results are shown in bold. The best results within the same
scoring function are shown in italic. Best results labelled with a
† show that the second-best results are outside their 95% confi-
dence interval.

of documents categorised into topics, as well as golden standard
summaries for each topic.
The Opinosis dataset [5] is a collection of opinion-oriented data,
divided into 51 different topics. Each topic represents an aspect of
a product or service, for example Battery Life of the Amazon Kin-
dle, or Food quality of the Holiday Inn London. Each topic includes



a number of sentences (min. 50, max. 575, avg. 139), taken from
different reviews from popular review web sites. For each topic,
4 or 5 golden standard (human-written) summaries are provided.
The data are not labelled according to their sentiment, and different
opinions can be expressed. The golden standard summaries hence
present the pivot opinion for each topic, in a concise way (approx. 2
sentences each). For this reason, the maximum length of the system
generated summaries is fixed to two sentences. Another character-
istic of the data is to be highly redundant, e.g. the topic itself is
often repeated in different sentences.
The ROUGE framework [9] is used to provide a quantitative assess-
ment between the candidate summaries and the golden standards.
Specifically, the results for ROUGE-1, ROUGE-2 and ROUGE-
SU4 are reported. In order to achieve better correlation with hu-
man judgement, multiple golden standard summaries are used [8].
Given the brevity of the summaries, capturing all the relevant in-
formation is particularly challenging. Recall is hence particularly
important, i.e. it is desirable to show all the relevant opinions in the
summaries, yet maintaining their succinct nature. For this reason,
the results for F2-scores, which emphasise the importance of recall
over precision, are also reported. On top of the baselines described
in Section 3.1, this study also reports the results for MEAD [13], a
state-of-the-art extractive summariser based on cluster centroids.

4.1 Results
Table 1 reports the results of the experiments on the Opinosis data
set. The MEAD baseline is extremely competitive with respect
to recall, but shows a drop of performance on the precision side.
Overall, the results show that there is not an individual approach
which clearly outperforms all the others in every metric. In general,
the variation of the sentence removal algorithm, SR′, is outper-
formed by the original definition of SR, for both the cosine and the
divergence-based settings. The SR algorithm consistently achieves
the best recall results within the same scoring function groups
when compared to greedy or brute-force approaches. Observing
the cosine-based systems, the brute-force approach shows the best
F1-scores, but its results are not substantially better than the SR
algorithm. They both outperform the greedy baseline and MEAD.
On the F2-scores side, SR is substantially better than any other
system, including the divergence-based ones and MEAD, with the
second-best results being outside a 95% confidence interval. On the
divergence-based side, the brute-force approach achieves the best
F1-scores due to good performance in precision. Its F2-scores are
slightly better than the SR ones for ROUGE-2 and ROUGE-SU4,
while SR achieves the best ROUGE-1 score for the divergence-
based systems.

5. DISCUSSION & CONCLUSIONS
This paper discussed the use of a summariser as a component of
a two-stage system, which shows opinion-oriented summaries as a
result of an opinion-oriented query. Such a summariser is meant
to take a set of relevant sentences and condense them into a short
summary. The main contribution is the introduction of a novel al-
gorithm for extractive summarisation based on Sentence Removal
(SR). The key idea is to remove unimportant sentences iteratively,
until a desired output length is reached, rather then selecting di-
rectly the important ones. In order to define the importance of a
sentence, a scoring function can be applied. In this work, scores
based on cosine similarity and on divergence have been investi-
gated. An experimental study has compared the performance of the
SR algorithm against MEAD, a state-of-the-art summariser, and
against two baselines, namely greedy and brute-force approaches
which adopt the same scoring function as the SR algorithm. Re-

sults do not conclusively assert which scoring function is overall
better (cosine vs. divergence), and provide promising indication
of the effectiveness of the SR algorithm. In particular, the SR al-
gorithm is comparable to the best baseline in terms of F1-scores,
and it is overall the best approach in terms of F2-scores. Given
the nature of summarisation, and in particular, opinion summari-
sation, future work includes the investigation of an alternative rep-
resentation for sentences, documents and topics. In particular the
hypothesis is that a representation based on subspaces can help to
capture opinions better than a single-dimensional one, because it
directly enables to treat different groups of terms, e.g. opinion-
bearing words, in different ways.
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