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Abstract

Dense vector representations of words, and more re-
cently, sentences, have been shown to improve performance
in a number of NLP tasks. We propose a method to perform
unsupervised extractive and abstractive text summarization
using sentence embeddings. We compare multiple variants
of our systems on two datasets, show substantially improved
performance over a simple baseline, and performance ap-
proaching a competitive baseline.

1. Introduction
Dense vector representations of words [21, 24] have seen

many successful applications in NLP [3, 30, 28]. More re-
cently, dense vector representations of sentences have been
shown to be successful at tasks such as predicting textual
similarity and textual entailment, and in sentiment classifi-
cation [11, 33]. In this project, we propose a method to use
sentence embeddings, specifically those trained by Weiet-
ing et al. [33] to detect paraphrases for text summarization.

Text Summarization is the process of condensing source
text into a shorter version, preserving its information con-
tent and overall meaning. With the explosion of data avail-
able on the Web in the form of unstructured text, efficient
methods of summarizing text are important, due to the in-
ability of people to assimilate vast quantities of informa-
tion. Text summarization techniques typically employ vari-
ous mechanisms to either identify highly relevant sentences
in the text or remove redundant phrases/sentences [5]. We
propose to cluster sentences projected to a high dimensional
vector space to identify groups of sentences that are seman-
tically similar to each other and select representatives from
these clusters to form a summary.

Summarization tasks can be categorized in a number of
ways. One of these is the length of the summary, which
can broadly be classified into methods that aim to create
a headline or a set of keywords, and methods that aim to
generate a short but coherent sequence of sentences. We
tackle the second type of task. Our method is unsupervised,
which is important given that most datasets for this type of

summarization task are relatively small in size.
Another broad classification of summarization tech-

niques is into extractive and abstractive summarization. Ex-
tractive summarization methods identify relevant sentences
from the original text and string them together to form a
summary. Abstractive summarization methods are those
that can generate summary sentences that are not present
in the original text[5]. We propose both an extractive and
abstractive summarization paradigm, both of which are ap-
plicable to any sentence embedding. We test our approach
using two state of the art sentence embedding techniques -
skip thought vectors [11] and paraphrastic sentence embed-
dings [33].

2. Related Work
Text summarized is a fairly well-studied problem in lit-

erature right from the late 1950s. One of the first attempts
to solve this problem came from Luhn et al [17] which
used used high-frequency words present in the document to
score a sentence for relevance. Over the years, several tech-
niques have been applied for solving this problem including
some recent attempts using neural networks [26, 16, 22, 14].
[26, 16, 22] use various forms of attention based encoder
decoder models to generate keyword/headline style sum-
maries. In contrast, our method is used for generating multi-
sentence summaries, where sentences in the summary are
expected to deal with distinct semantic concepts. [14] use
an auto-encoder to learn a low dimensional embedding of a
paragraph and could be potentially be used for summariza-
tion because as the length of the document increases, the
system is likely to generate a condensed version of the orig-
inal document. However, this has not actually been tested
in this manner on text summarization.

This idea of clustering sentences in a high-dimensional
space has also been used for text summarization in the past
[19, 20, 2]. However, those systems used TF-IDF represen-
tations of sentences (which are only applicable in a multi-
document summarization system) instead of sentence em-
beddings. Another class of vector space based methods use
Latent Semantic Indexing [6] to identify sentences that best
explain latent concepts in the document [29, 32].
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Another class of text summarization methods is graph
based approaches. These range from modelling the docu-
ment as a similarity graph with sentences as nodes [12] to
lexical chains [1, 27]. We compare our methods against one
such method that operates on a word-level graphical repre-
sentation of a document [9].

There have also been a some earlier attempts at per-
forming supervised extractive summarization, which use a
variety of features such as content and title words, sen-
tence location, sentence length, upper case words and cue
phrases, to classify sentences in a text to be summary or
non-summary sentences [23, 13, 4].

3. Background
3.1. Skip Thought Vectors

This work [11] aims to encode sentences in a vector
space using an RNN with LSTM [10]. Sentence embed-
dings are learned in a manner similar to the skip-gram
method for learning word embeddings. The basic idea be-
hind this is that vectors of sentences should be predictive
of the context surrounding those sentences, which in this
case is represented by the vectors of the previous and next
sentences.

3.2. Paraphrastic Sentence Embeddings

Most technqiues that combine word embeddings to form
sentence embeddings are general purpose, learned in an un-
supervised manner, and not targeted towards any specific
task. This work [33] aims to learn how to combine word
embeddings to obtain sentence embeddings that satisfy the
property that sentences that are paraphrases of each other
are embedded near each other in the vector space. This is
done in a supervised manner using known paraphrases. The
authors compare different technqiues for combining word
embeddings and test the learned embeddings on predic-
tion of textual similarity and entailment, and in sentiment
classification. They find that averaging word embeddings
learned in a supervised manner performs best for predic-
tion of textual similarity and entailment. We use this em-
beddings from this model in experiments using paragram
embeddings.

4. Approach
We propose an unsupervised text summarization ap-

proach by clustering sentence embeddings trained to embed
paraphrases near each other. Clusters of sentences are then
converted to a summary by selecting a representative from
each cluster. To select a representative from each cluster,
we propose an extractive and an abstractive method. The
extractive method simply chooses that sentence from the
text whose embedding is the nearest, in terms of Euclidean
distance, to the centroid of the cluster. In the abstractive

method, a decoder is trained to decode embeddings into
sentences. We used a recurrent neural network with long
short term memory [10] to decode embeddings into sen-
tences. Specifically, we used the decoder from [31]. Al-
though that work used the model to obtain natural language
descriptions of videos, the decoder itself simply converts
vectors into sentences. The source of the vector is irrele-
vant. An important point to note is that given an encoder,
we can potentially generate an infinite amount of training
data for the decoder by encoding any available raw text us-
ing the encoder.

When representing sentences in a high-dimensional vec-
tor space, the goal is typically to directly or indirectly em-
bed sentences such that sentences close in meaning are em-
bedded near each other in the vector space. Thus, sentences
that form a cluster in the vector space are likely to be close
in meaning to each other. We exploit this assumption to per-
form summarization. Since sentences that form a cluster in
the vector space are likely to be close in meaning to each
other, it is sufficient to retain one representative from each
such cluster to form a summary.

5. Experiments
5.1. Datasets

The standard datasets for testing summarization tech-
niques are the DUC datasets. Due to complications with
obtaining these datasets, we used the following two datasets
to test our methods in varied domains.

The Tipster dataset [18] is a collection of scientific pa-
pers that appeared in Association for Computational Lin-
guistics (ACL) sponsored conferences. The dataset consists
of 183 documents and the abstract of a paper is taken to be
a model summary of the paper. The metadata in this dataset
was poor and even after removing unwanted sections such
as the references in an automated preprocessing step, some
of these had to be removed manually.

The Opinosis dataset [9] is a collection of sentences ex-
tracted from user reviews grouped by topic. In total there
are 51 such topics with each topic having approximately
100 sentences (on average). The topics are drawn from
Tripadvisor.com (hotels), Amazon.com (products) and Ed-
munds.com (cars). The dataset comes with about 4-5 gold
standard summaries per topic.

5.2. Baseline

Most text summarization methods report results on the
DUC datasets, making it difficult for direct comparison with
our method. We compare our method with the MEAD[25]
and Opinosis [9] methods as baselines.

MEAD[25] is an extractive technique for multiple doc-
ument summarization based on cluster centroids. It uses
a collection of the most important words from the whole
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cluster to select the best sentences for summarization. By
default, the scoring of sentences in MEAD is based on 3 pa-
rameters - minimum sentence length, centroid and position
in text.

Opinosis [9] is a graph based method for unsupervised
text summarization evaluated on the Opinosis dataset. This
framework is well-suited to capture highly redundant opin-
ions/text to generate concise abstractive summaries. A tex-
tual graph is first constructed that represents the text to
be summarized, words in the text forming nodes of the
graph and adjacent words generating directed edges be-
tween nodes. Unique properties of this graph (redundancy
capture, collapsable structures, gapped subsequence cap-
ture) are used to explore and score various subpaths that
help in generating candidate abstractive summaries. The
graph structure naturally captures redundancies and col-
lapsible structures which outperforms the MEAD system
[25]. The authors of this work show that more than 60%
of the sentences generated as part of their summaries are
judged as human-generated, making 40% of generated sen-
tences non-readable (as picked by human evaluators). graph
emphasizes too much on the surface order of words. As a
result, it cannot group sentences at a deep semantic level.

5.3. Variants of the system

We implemented the extractive and abstractive tech-
niques using two types of sentence embeddings - skip
thought vectors [11] and paragram embeddings [33].

For training the decoder, we attempted a few variants.
We vary the vocabulary of the decoder and its training set.
We tried both restricted (domain specific) and generic vo-
cabularies and training sets. In a restrcited training set, the
training data for the decoder only consisted of encoded sen-
tences from the summarization corpus itself. The restricted
vocabulary only contained words used in these sentences.

For the more general training set, we combined sen-
tences from the two summarization corpora used (discussed
in section 5.1) and the Brown corpus [7, 8]. The general vo-
cabulary contained words from all these sentences. We did
not include words that occurred less that 3 times in either
the restricted or generic vocabulary.

We also attempted two methods for clustering - K-means
and Mean-shift clustering. We experimented with a range
of parameter settings for each of these. More details on this
are included in the appendix.

5.4. Evaluation

As is standard for text summarization, we evaluate our
systems using ROUGE [34]. ROUGE is based on n-
gram co-occurrence between machine summaries and hu-
man summaries. In our experiments, we report results
with ROUGE-1 and ROUGE-2 metrics. ROUGE-1 and
ROUGE-2 have been shown to have most correlation with

human summaries [15] and higher order ROUGE-N scores
(N ¿1) estimate the fluency of summaries.

6. Results and discussion
The scores of the different systems on ROUGE-1 on the

Tipster dataset can be seen in Table 2. We do not have
scores from the baseline methods on this dataset. We ob-
serve that the extractive systems in general perform sub-
stantially better than the abstractive ones, contrary to our
expectations. On observing the output, we noticed that the
decoder tended to generate a fair number of 〈UNK〉 tokens.
This is possibly because this is a dataset of scientific papers,
which has a number of words that do not occur frequently
enough in the dataset itself, or in the Brown corpus, leading
to poor parameter estimates in the decoder.

We also observe that the systems using Paragram embed-
dings have a higher precision than those using skip-thought
embeddings. However, systems using skip-thought embed-
dings perform better on recall and also on F-score. One
possible reason for the low precision in this dataset is the
presence of a number of rare words, which could be en-
coded to 〈UNK〉 by both embeddings. We also do not see
a clear trend between the different types of abstractive sys-
tems that is consistent across clustering methods. On com-
paring clustering methods, K-means seems to perform bet-
ter than Mean-shift clustering.

Table 3 lists the ROUGE-2 scores of the systems on the
Tipster dataset. We notice that the absolute scores are much
lower than the corresponding scores. This is natural since
the ROUGE-2 metric is based on 2-gram overlap with gold
summaries, as opposed to 1-gram overlap in ROUGE-1.
The trends across different types of systems are otherwise
quite similar to ROUGE-1.

The scores of the different systems and the two baselines
on ROUGE-1 on the Opinosis dataset can be seen in Table
4. This is important because the recall can naively be in-
creased by including more sentences in the summary. We
observe that our systems significantly outperform the sim-
pler MEAD baseline, but do not outperform the more com-
petitive Opinosis baseline, although we approach close to
it. Some sample summaries from various systems on this
dataset can be seen in Table 1.

In this dataset, our abstractive systems outperform the
extractive systems as expected. This is a simpler dataset in
terms of vocabulary, as they are reviews written by general
consumers, which possibly helps us learn a better decoder.
Also, as expected, the best performing abstractive system
is the one using the restricted vocabulary but the generic
training data. We expected a restricted vocabulary to im-
prove performance as it reduces the number of parameters
in the decoder, and generic training data would help as it is
larger in size.

Also, we observe a similar trend to the Tipster dataset
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when comparing types of embeddings. Again the Paragram
embeddings perform better on precision, and skip-thought
embeddings perform better on recall. However, as the vo-
cabulary is less difficult, the improved precision of Para-
gram embeddings is sufficient to result in a higher F score.
Another reason why we believe high precision is helpful
in this dataset is that the gold standard summaries are very
short, often just one or two sentences.

We observe similar trends in ROUGE-2, as seen in Table
5. Again, we come close to the Opinosis, but do not man-
age to outperform it, although we do overtake the simpler
MEAD baseline by a comfortable margin.

Between the two datasets, the ROUGE-1 scores are com-
parable but we do better on ROUGE-2 on Opinosis. Since
higher N-gram based ROUGE metrics tend to measure flu-
ency, the simpler vocabulary of the Opinosis dataset proba-
bly results in the increased ROUGE-2 score.

One factor we believe could be holding back our abstrac-
tive systems is that we could not spend much time tuning
the hyperparameters of the deep network. Since the origi-
nal network in [31] is tuned for input vectors of a different
size, it is possible that we could perform better using differ-
ent hyperparameters. Another possible method to improve
our systems would be to incorporate an additional check or
score to decide whether a cluster of sentences is sufficiently
important to be represented in the summary.

7. Conclusion

We demonstrate how the clustering of sentence embed-
dings can be used to perform both extractive and abstrac-
tive text summarization. We compare several variants of
our proposed system on two datasets. We show improved
performance over a simple baseline and performance ap-
proaching a competitive baseline system. We believe that
our system could outperform the baseline system with ad-
ditional hyperparameter tuning or an additional relevance
check on summary sentences. A follow-up study of our
work would be on how to sequence the cluster centroids
which form the summary, to result in maximum fluency.
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Ground Truth Video camera is great. Very easy to use. Video quality is excellent.
Paragram-kmeans-
extractive

as for the video camera it’s a nice addition considering it’s an mp3 player first and foremost,
i think people are going to go into this and think maybe i can replace my old video, no . even
the built, in video camera is very good .

Paragram-kmeans-
abstractive-generic-generic

The video camera is great and 〈UNK〉 but a big camera is 〈UNK〉 even if the picture in.

Skipthought-kmeans-
extractive

it takes video and has a really cool radio feature on it, according to the kids .

Skipthought-kmeans-
abstractive-generic-generic

〈UNK〉 the video camera is just good and has fun fun for every day ..

Table 1. Some sample summaries generated by various systems and ground truth for the same document

Extractive /
Abstractive

Embedding Clustering
method

Vocabulary Training
data

Precision Recall F score
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thought
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Extractive /
Abstractive

Embedding Clustering
method

Vocabulary Training
data

Precision Recall F score

Baseline - MEAD 0.0916 0.4932 0.1515
Baseline - Opinosis 0.4482 0.2831 0.3271

Extractive Paragram K-means 0.4323 0.1347 0.2003
Extractive Paragram Mean Shift 0.3443 0.1598 0.2127
Abstractive Paragram K-means Restricted Restricted 0.3543 0.2107 0.2598
Abstractive Paragram K-means Restricted Generic 0.3588 0.2004 0.2531
Abstractive Paragram K-means Generic Generic 0.3537 0.1963 0.249
Abstractive Paragram Mean Shift Restricted Restricted 0.2691 0.2734 0.2667
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Abstractive Paragram Mean Shift Generic Generic 0.2819 0.2531 0.2626
Extractive Skip-

thought
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Abstractive Skip-
thought
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Table 4. ROUGE-1 results on the Opinosis dataset
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Appendix
Here we report results on validation data (20% of the

available data) for both Tipster and Opinosis datasets. The
experiments reported here were used in choosing hyper pa-
rameter values for k-means (number of clusters) and mean-
shift clustering (bandwidth) for the test data (Tables 2-5).

Fig.1 depicts how ROUGE-1 scores (F-scores) vary as
(a) number of clusters increase for k-means clustering and
(b) bandwidth increases for mean-shift clustering on the
Tipster data. Fig.2 depicts a similar trend for the Opinosis
dataset. We show these variations for both Paragram and
Skip-thought embeddings. We choose hyper-parameter val-
ues corresponding to the highest Rouge-1 scores obtained

on these graphs. We report results in the report above on the
test data for these hyper-parameters. Fig.1(a) and 2(a) show
that the Rouge-1 scores for k-means have varying curves
whereas for mean-shift in Fig.1(b) and 2(b) the curves are
mostly flat after a point. The values shown for mean-shift
clustering are on a fine-grained scale. Prior to running this
experiment, we experiment with a coarser range of band-
width values but found good performance only on this nar-
row range. The paragram and skip-thought embeddings
show a similar trend with respect to each other though the
associated scores vary based on the dataset.

Fig.3 depicts change in ROUGE-2 scores (F-scores) as
(a) number of clusters increase for k-means clustering and
(b) bandwidth increases for mean-shift clustering on the
Tipster data. Fig.4 depicts a similar trend for the Opinosis
dataset. We do not choose hyper-parameters from these ex-
periments since we do not see as significant a change in
ROUGE-2 scores as compared to ROUGE-1. Here again,
mean-shift curves in Fig.3(b) and Fig.4(b) are mostly flat.
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Extractive /
Abstractive

Embedding Clustering
method

Vocabulary Training
data

Precision Recall F score

Baseline - MEAD 0.0184 0.1058 0.0308
Baseline - Opinosis 0.1416 0.0853 0.0998

Extractive Paragram K-means 0.1106 0.0292 0.0449
Extractive Paragram Mean Shift 0.0691 0.0302 0.0405
Abstractive Paragram K-means Restricted Restricted 0.1177 0.0601 0.0776
Abstractive Paragram K-means Restricted Generic 0.1186 0.0549 0.0731
Abstractive Paragram K-means Generic Generic 0.1152 0.0528 0.0708
Abstractive Paragram Mean Shift Restricted Restricted 0.0836 0.0745 0.0762
Abstractive Paragram Mean Shift Restricted Generic 0.1013 0.0744 0.0836
Abstractive Paragram Mean Shift Generic Generic 0.0851 0.0646 0.0715
Extractive Skip-

thought
K-means 0.0604 0.0527 0.0533

Extractive Skip-
thought

Mean Shift 0.0606 0.0515 0.0528

Abstractive Skip-
thought

K-means Restricted Restricted 0.0353 0.0326 0.0326

Abstractive Skip-
thought

K-means Restricted Generic 0.0678 0.0562 0.0596

Abstractive Skip-
thought

K-means Generic Generic 0.0702 0.0561 0.0602

Abstractive Skip-
thought

Mean Shift Restricted Restricted 0.0355 0.031 0.0317

Abstractive Skip-
thought

Mean Shift Restricted Generic 0.0686 0.0536 0.0585

Abstractive Skip-
thought

Mean Shift Generic Generic 0.0716 0.0548 0.06

Table 5. ROUGE-2 results on Opinosis dataset

(a) K-means (b) Mean-shift

Figure 1. Performance of the Tipster dataset evaluated using ROUGE-1 scores.
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(a) K-means (b) Mean-shift

Figure 2. Performance of the Opinosis dataset evaluated using ROUGE-1 scores.

(a) K-means (b) Mean-shift

Figure 3. Performance of the Tipster dataset evaluated using ROUGE-2 scores.

(a) K-means (b) Mean-shift

Figure 4. Performance of the Opinosis dataset evaluated using ROUGE-2 scores.
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