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Abstract. Sentence compression aims to produce a shorter version of
an input sentence and it is very useful for many Natural Language appli-
cations. However, investigations in this field are frequently task focused
and for English language. In this paper, we report machine learning ap-
proaches to compress sentences in Portuguese. We analyze different ap-
plication contexts and the available features. Our experiments produce
good results, outperforming some previously investigated approaches.

1 Introduction

The sentence compression task aims to produce a shorter version of a sentence
[9] and it may be useful for many Natural Language applications. As an example,
in compressive summarization, the systems produce summaries with the most
relevant content of one or more related texts and they compress some sentences
before their inclusion in the summaries [9, 11, 8, 10, 15, 2, 6].

The current sentence compression methods usually delete some tokens or arcs
in a syntactic tree of the input sentence [9, 17, 13, 4, 2, 8, 16], and these methods
frequently only use information from the input sentence, although the situations
and compression applications are varied and have the potential to provide differ-
ent features and hints to the task. In this paper, we have investigated sentence
compression approaches based on machine learning techniques, employing dif-
ferent types of features in order to analyze different application contexts. We
have performed experiments for texts written in Portuguese and show that our
methods outperform some previously investigated approaches.

The paper is organized as follows. We briefly introduce the main related
work in Section 2. Our dataset is presented in Section 3. Our methods and
the investigated features are presented in Section 4. In Section 5, we show the
evaluation methodology based on different application contexts and the results
of our methods. Some final remarks are presented in Section 6.
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2 Related Work

In one of the most used approaches in the area, [17] shows a sentence compression
method based on deletions of segments in a syntactic tree using the Noisy-
Channel framework. The authors report the problem of lack of datasets for the
training process and improve their method by applying unsupervised approaches
and some manually produced constraints.

[7] performs machine learning experiments for Portuguese by using a Decision
Tree technique. They investigate syntactic and semantic features extracted by
the PALAVRAS parser [3] and others based on the documents that the input
sentence came from, as frequency of the token and position of the sentence.

[2] presents a compressive module for summarization based on Integer Linear
Programming (ILP) in a similar way to [12]. Their system uses a bi-gram model
as sentence representation and makes deletions over the arcs from the depen-
dency tree. They use features based on the labels of the arcs in the tree, shallow
features (frequency of the words, if the word is a stopword, its position in the
sentence and document) and analysis of modifier tags (as negation, temporal
words, and others). Furthermore, they use hard constraints, which avoid some
arc deletions, in order to produce more grammatical sentences.

[16] investigates features based on two kinds of sentence representation, a list
of tokens and a tree of syntactic dependencies, used with ILP. The authors say
that this approach shows better results because these two kinds of knowledge
complement each other.

[6] presents a sentence compression method based on token deletion using the
deep learning framework. The authors defend the use of this approach because of
the low performance of syntactic parsers. Their best results were achieved with
embedding vectors obtained by a skip gram model [14] with 256 dimensions.

3 Dataset

We selected a dataset with 770 sentence pairs (25,966 tokens, including punctu-
ation marks) of original sentences and their respective compressed versions from
the Priberam Compressive Summarization Corpus (PCSC) [1]. In the PCSC
corpus, there are 801 texts/documents organized into 80 clusters and 160 sum-
maries (two for each cluster) that were manually made based on the compressive
summarization approach.

When there were two or more compressed possibilities for the same source
sentence in the corpus (there was a total of 78 cases like this), we have maintained
only its shortest version. This way, we aim to produce a compression method
that learns as many token deletions as possible. Aiming to maintain the data
unbiased, we have also removed eventual duplicated pairs.

4 Our Methods

We handled the sentence compression task as a token deletion approach in a
traditional classification problem of machine learning, in which we must to an-
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swer the question “Should this token be deleted?” for each token in the input
sentence.

We have initially experimented three sceneries of features (Sentence, Docu-
ment and Summary) based on the diversity of available information on different
applications. For instance, in compressive summarization, we may use infor-
mation of the input sentence, its source text and the output summary being
produced. On the other hand, in text simplification, we only have the input
sentence and its text. Furthermore, we also have used background features that
may be added in any of these sceneries.

In the context of the Sentence, we have only used information from the input
sentences, as simple shallow features and features derived from the syntactic
and semantic analyses. As shallow features1, we have used: if the token is inside
parentheses; if the token occurs in the beginning (if it is one of the 20% first
tokens), ending (if it occurs after the 80% first tokens) or in the middle of
the sentence (otherwise); if the token is a stopword; the two previous and next
tokens; and the token itself. It is important to say that, for the two last features,
we have used a stemmer in order to reduce the dimensionality of the machine
learning model. For the remaining features, we have used information extracted
by the PALAVRAS parser [3], as: the POS (Part of Speech) of the token and
of the two previous and next tokens; available syntactic functions of the token
in the dependency tree; and semantic information (named entity and semantic
class labels presented by PALAVRAS) of the token. Furthermore, PALAVRAS
expands syntactic contractions (do = de + o; dele = de + ele; no = em + o).
Thus, in order to produce compressed sentences with the same tokens of the
input sentences, we contract these expansions with a simple set of manually
developed rules.

In the scenery of Document, in addition to the Sentence features, we have
also extracted information from the documents of the sentences, as follows: the
position of the sentence in the document; if the token occurs in the most relevant
sentence in the document (which is the sentence with the most frequent words);
and the token frequency in the document (normalized by the log).

For the Summary scenery, in addition to the features above, we also have
used information based on the summarization process, as follows: if the token was
used in previous selected sentences in the summary; and the sentence position in
the summary. It is important to say that we have used the available summaries
in the PSCP corpus in order to extract these features.

We have also experimented Background features based on an embedding
vector representation of words, in which each word is represented by a numeric
array of n dimensions with values trained in a big text corpus. We have used
vectors of 256 dimensions made by a Skip gram model [14], as performed by
[6], over 1,008,353 texts from the G1 portal2. We have applied this vector rep-
resentation in order to calculate lexical similarities among tokens and use them
as features (the similarity of the token for the two previous and next tokens).

1 Those that require limited linguistic processing.
2 It is a famous news web portal in Brazil, at g1.globo.com
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Here, the idea is to identify pairs of terms that are very similar between each
other and, therefore, may be simplified, as: names of companies (e.g., Microsoft
Corporation may be simplified to Microsoft) and names of famous people (e.g.,
President Dilma Rousseff may be simplified to President Dilma or only Dilma),
and others.

Finally, since the sentence compression process is interpreted as a sequence
of token deletions from the sentence and, therefore, the decision if we will keep
or remove a token probably affects the next decisions in the sentence, we have
also included features that indicate if the two previous tokens in the Context
of the target token were removed.

We have experimented 5 machine learning algorithms from different ap-
proaches, as follows: Decision Tree; Logistic Regression; MultiLayer Perceptron
(MLP); Näıve Bayes; and Support Vector Machine (SVM). Furthermore, we have
also experimented an Ensemble approach [5], in which a set of methods are used
in order to classify the inputs by using a voting system (weighted or not). In this
paper, our Ensemble method is simply composed of all the previously mentioned
methods with a weighted voting strategy based on the evaluated f-measure values
of the methods.

5 Evaluation

We used the ten-fold cross-validation strategy in order to perform our experi-

ments. We report the traditional Precision (
|correctly classified tokens|

|compressed sentence|
), Recall

(
|correctly classified tokens|

|original sentence|
)3 and F-measure (F-1) metrics.

We contrast our methods with the system presented by Kawamoto and Pardo
[7]4, which investigated the Decision Tree framework for Portuguese language,
and the compression method used by Almeida and Martins [2]. Table 1 shows
the evaluation results, in which we organize the methods on the rows and the
scores on the columns. In the first column, we present the groups of features
that were used. For instance, the Logistic Regression approach, using Sentence,
Background, and Context features, presents a 0.887 f-measure.

One may see that Logistic Regression produced the best results, largely out-
performing the baseline methods. We believe that Almeida and Martins method,
which is based on the ILP approach, did not show good results probably be-
cause of the size of the dataset, since we train and evaluate this method with
a cross-validation methodology. It is also interesting to see that, although there
are differences in performance for the different application sceneries, the results
are not very different. This may happen due to the fact that all the sceneries
probably use the same main features (the ones related to the Sentence scenery).

Finally, a factor that we did not explore and that may be important is the
compression rate. We simply adopted the compressed sentences in the corpus,

3 Where | • | is the size of •.
4 To the best of our knowledge, it was the first sentence compression investigation for

Portuguese.
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Features Method Precision Recall F-measure

Kawamoto and Pardo [7] 0.616 0.577 0.596
Almeida and Martins [2] 0.491 0.460 0.475

Decision Tree 0.870 0.885 0.878
Ensemble 0.736 0.783 0.759

Sentence + Logistic Regression 0.882 0.892 0.887
Background + Näıve Bayes 0.658 0.457 0.558
Context MLP 0.729 0.764 0.746

SVM 0.869 0.872 0.870

Decision Tree 0.857 0.875 0.866
Ensemble 0.855 0.880 0.867

Document + Logistic Regression 0.881 0.892 0.887
Background + Näıve Bayes 0.693 0.471 0.582
Context MLP 0.774 0.793 0.784

SVM 0.869 0.872 0.870

Decision Tree 0.859 0.855 0.857
Ensemble 0.881 0.891 0.886

Summary + Logistic Regression 0.882 0.892 0.887
Background + Näıve Bayes 0.693 0.471 0.582
Context MLP 0.776 0.808 0.792

SVM 0.869 0.872 0.870
Table 1. Evaluation of the compressed sentences produced by our methods in different
sceneries

without explicitly modeling the compression rate as a parameter. However, it is
known that the number of deleted tokens is directly influenced by the desired size
of the summary that contains the compressed sentences. Therefore, our machine
learning is probably biased by this, but so far we have not analyzed its impact
in our results.

6 Final Remarks

We have investigated 6 machine learning techniques for sentence compression in
three different application sceneries for texts in Portuguese. For each application
context, we have presented a different set of features. In general, we have pro-
duced good results that outperformed some previous approaches for Portuguese,
but we believe that there is still room for improvements. Future work includes
the investigation of some hard constraints to avoid the production of ungram-
matical compressed sentences, as performed by many previous investigations [9,
8, 2, 16, 6], as well as the investigation of more sophisticated methods.
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