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The Revolution will be complete when the language is perfect.
— George Orwell, 1984
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1
INTRODUCTION

1.1

text-to-text generation

Text-to-text generation is generally defined as automatically producing a target text from a source text in the same language. It is part of the larger
field of Natural Language Generation (NLG), which is the part of artificial
intelligence that deals with the natural language processing task of generating natural language (McDonald and Pustejovsky, 1985; Paris et al., 1991;
Bateman, 1997; Ratnaparkhi, 2000; Reiter and Dale, 2000). Traditionally NLG
was mainly concerned with generating natural language from non-linguistic
data, such as knowledge databases or logical forms (Reiter and Dale, 2000).
One example is the automatic generation of weather forecast reports from
weather data (Goldberg et al., 1994; Reiter and Dale, 1997; Belz, 2008). In
the last decade the work in NLG has shifted gradually towards more dataoriented approaches (Krahmer and Theune, 2010). With the availability of
more and more textual data for these approaches, partly due to the growth
of the web, text-to-text generation has been able to flourish and is considered
an increasingly important part of NLG.
Nowadays, many popular natural language applications are in fact textto-text applications. Question answering (QA), for instance, can be applied
to collections of documents instead of databases. QA is an application that
takes a question as input and generates an answer in natural language that
should contain the answer to the question posed (Voorhees, 2001; Ravichan-
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dran and Hovy, 2002). For example, a user can enter the query “Who is the
author of the Lord of the Rings?” and expect the answer “J.R.R. Tolkien”.
The QA system will retrieve the answer to the question by querying a document collection, matching the question and returning the result in natural
language. Another application is automatic summarization (Corston-Oliver,
2001; Mani, 2001; Neto et al., 2002; Daume and Marcu, 2005). In automatic
summarization, texts are shortened automatically by selecting only the most
relevant sentences and removing redundant words. These are two examples
of applications that process natural language input and turn it into natural language output, and can be seen as application domains of text-to-text
generation techniques.
One of the main challenges in text-to-text generation is generating wellformed output. The sentences that a text-to-text application produces should
be grammatical (often called fluency) and should have a meaningful relation
with its input (such as an entailment relation), depending on the application
(often called adequacy). Besides that, additional constraints can be introduced: for example, in summarization the output text should be shorter
than the input text, in Question Answering the output should contain the
information that the question asks for.
Sentential paraphrase generation, sentence simplification, sentence compression and sentence fusion are all text-to-text generation techniques operating on the sentence level (Dras, 1997). This means that text generation is
in these cases restricted to sentence generation. This also means that it is
a challenge to model text features such as the use of anaphors and context
are often not modeled adequately. However, Siddharthan (2006) describes
a method to preserve cohesive relations during the simplification process.
Sentential text-to-text generation techniques can be helpful for various NLP
applications, such as Information Retrieval and Question Answering (for
instance, by query expansion (McKeown, 1979; Anick and Tipirneni, 1999;
Ravichandran and Hovy, 2002; Riezler et al., 2007)). If a question Answering (QA) system is unable to find an answer for a question, the system can
benefit from paraphrasing or simplifying the question. For example, when
the question is : “Who is the author of the Lord of the Rings?” And the document collection that the QA system queries only contains “J.R.R Tolkien
wrote the Lord of the Rings” paraphrasing “is the author of” into “wrote”
would greatly help the system. Sentential paraphrase generation can also
help machine translation (MT). A sentence that cannot be translated properly by a system because parts of it are not known by the MT system can be
paraphrased into a sentence the system can translate containing only words
and phrases that are. Sentence compression and sentence fusion can help
create a coherent summary of a text or of multiple texts by removing non-
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essential parts of a sentence or by combining two or more related sentences
into one sentence containing the important bits, thereby improving automatic summarization and multi-document summarization (Barzilay et al.,
1999; Barzilay and Elhadad, 2003; Marsi and Krahmer, 2005; Filippova and
Strube, 2008; Hendrickx et al., 2009). Paraphrase generation can also be valuable for the automatic evaluation of machine translation or automatic summarization. Typically automatic evaluation of these tasks relies on matching
the output of the system to a set of human produced reference translations
or summaries. The coverage of these references can be increased by paraphrasing them to create more diverse references (Zhou et al., 2006; Kauchak
and Barzilay, 2006; Madnani et al., 2007; Snover et al., 2010).
Since the monolingual text-to-text generation field is relatively new, no
established methods exist yet. The challenges faced in the research area of
machine translation are however similar to the challenges in monolingual
text-to-text generation. Both disciplines are for example involved in generating grammatically correct output and in generating output that is meaningfully related to the input of the system. An interesting venue for research
is then the application of established methods in machine translation to diverse text-to-text generation tasks. This bring us to the first research question
we aim to answer in this thesis, which is:
1. How can a statistical machine translation model be applied to a collection of monolingual text-to-text generation tasks?
One of the main challenges in text-to-text-generation is acquiring good
quality data. In statistical machine translation this can be done relatively easily, for instance by training the model on examples of translations into the
desired languages of the proceedings of the European Parliament (Koehn,
2005). For text-to-text generation this is typically less straightforward. The
nature of the data is dependent on the task it is used for. For paraphrase
generation for instance, we would need a similar parallel corpus as used in
statistical machine translation. But instead of aligning sentences and their
translations, we now need to have sentences aligned with their paraphrases.
Large paraphrase corpora are hard to come by. The same is true for corpora for sentence simplification and sentence compression. The corpora that
are available are often relatively small and most of the data is English. The
second research question we pose is then:
2. How can good parallel monolingual corpora be created?
In addition to the challenge of the acquisition of data, there is the issue
of evaluation. One factor in making successful text-to-text applications is a
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proper evaluation methodology. In Machine Translation the methodology of
automatic evaluation is well established (Papineni et al., 2002). The BLEU
metric and other similar metrics compare the machine translation output
to some reference translations and measure to what degree they match by
counting n-gram overlaps. Papineni et al. (2002) have demonstrated that
BLEU correlates well with human judgements1 . Our third research question,
then, is if a similar evaluation methodology can be applied to text-to-text
generation, where previously mostly human judgements have been used to
assess the output of NLG systems:
3. To what extent can text-to-text generation be evaluated automatically?
In the remainder of this chapter, we will first discuss Statistical Machine
Translation and its application to monolingual text-to-text generation problems, and then we will discuss the subareas we will cover, namely paraphrase generation, sentence simplification, sentence compression, and language transformation.
1.2

statistical machine translation

Statistical Machine Translation (SMT) is the process where target translations
are generated from a source text on the basis of statistical models whose
parameters are derived from large bilingual text corpora aligned on the sentence level (Brown et al., 1990, 1993; Och et al., 1999; Och and Ney, 2000b).
Large parallel corpora, such as the multilingual proceedings of the European
Parliament (Europarl), are available for many language pairs. The SMT approach regards the translation process as a stochastic optimization problem.
A learning algorithm can be applied to the bilingual corpus which models
the translation process, by finding alignments between words or phrases in
the two languages. With the resulting probabilistic model, previously unseen sentences in the source language can then be automatically translated
in the target language by a decoder.
Let us assume that we wish to translate a sentence F in one language,
whose words are f1 , f2 , ..., fn to a sentence E in another language. If we wish
to find the optimal translation Ê = e1 , e2 , ..., em , we are searching for the most
likely translation. This means we are searching for the sentence E for which
the probability of P(E|F) is the highest. Using Bayes’ rules we can rewrite
this as
1 BLEU has received criticism as well by for instance Callison-Burch et al. (2006b), who argue
human evaluation should be used when comparing MT systems
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Ê = argmaxE P(E|F)
P(F|E)P(E)
= argmaxE
P(F)
= argmaxE P(F|E)P(E)

Here, P(F|E) models the quality of the phrase translations (adequacy) and
is represented by the translation model. P(E) models the fluency of the resulting sentence and can be modeled using a language model. The language
model is typically an n-gram model trained on monolingual data, such as
SRILM (Stolcke, 2002).
Instead of operating just on the word level, most SMT systems nowadays
operate on the phrase level, where phrases are sequences of words (Zens
et al., 2002; Koehn et al., 2003). Phrase-based machine translation (PBMT)
attempts to translate each phrase f̄i from sentence F in one language into
a phrase ēi that will be part of sentence E in another language. This is denoted by the probability distribution φ(f̄i |ēi ) After the translation process
there is an optional reordering process called distortion, which accounts for
word order variation between languages. The further away from its initial
position a translated phrase is placed, the lower its distortion probability
will be. Distortion is described by d(ai − bi−1 ) where ai is the start position
of the translated phrase ēi and bi−1 is the end position of the translation
of the phrase ēi−1 . When we focus only on translation and leave the language model temporarily out of the picture, the translation process can be
described by
P(F|E) =

I
X

φ(f̄i |ēi )d(ai − bi−1 )

i=1

There are two phases which can be distinguished in the translation pipeline:
alignment and decoding. The alignment procedure can start with word alignment using IBM models and a probabilistic Hidden Markov Model (HMM)
alignment algorithm (Och and Ney, 2000a). An example of a word alignment
matrix can be seen in Figure 1.1. These word alignments are then combined
into phrase alignments by a process called symmetrizing. The alignment
process produces a phrase table with aligned phrases and scores indicating
the probability of the alignment. An example from a phrase table for Dutch English is given in Table 1.1. The decoder tries to translate a source sentence
by finding the target sentence that optimizes the translation and language
model probabilities. This is typically a search problem, and most decoders
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use a variant of A∗ search, a heuristically informed search algorithm (Koehn
et al., 2003).
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a
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bruja
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Figure 1.1: An example of word alignments between an English and a Spanish sentence

1.3

statistical machine translation for text-to-text generation

Monolingual text-to-text generation can be seen as a translation task within
a language. One of the requirements for such an approach is a monolingual
parallel corpus. F and E are now sentences in the same language, and the
output sentence E has to meet certain constraints. In the case of paraphrasing, E should be different in form from F but roughly equal in meaning. In
the case of compression, E should be shorter than F, but should still contain
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source phrase

target phrase

φ(f|e)

φ(e|f)

banaan is

bananas have

0.5

1

banaan

banana of

1

0.0833333

banaan

banana

0.0416667

0.416667

banaan

bananas

0.0145278

0.5

Table 1.1: Sample from a Dutch - English phrase table, showing phrases with alignment scores

the most important information, and in case of simplification it should be
simpler than F. If we view these tasks as translation tasks, we have to collect monolingual corpora for these tasks. These corpora are not as readily
available as bilingual corpora, and when they are available they are significantly smaller than most bilingual corpora. We will discuss several viable
approaches to collecting data in order to construct corpora for these tasks.
One way of constructing a monolingual parallel corpus is the use of multiple translations of the same source texts. Different translators may have
different ways of translating the information in a source text, meaning the
different output sentences are in fact paraphrases. They contain the same information in different wordings. Barzilay and McKeown (2001) constructed
a corpus containing multiple English translations of five classic novels including Madame Bovary and 20,000 Leagues Under the Sea, and Marsi and
Krahmer (2007) did this for Dutch. Below is an example of two translations
of a sentence found in different translated versions of Madame Bovary:
(1.1)

1. Emma burst into tears and he tried to comfort her, saying things
to make her smile.
2. Emma cried, and he tried to console her, adorning his words
with puns.

One issue that arises when using multiple translations is the problem
of sentence alignment. Sometimes sentences shift position or sentences are
fused or split. This means that the information contained in one sentence
in one translation can be spread over multiple sentences in another translation. Barzilay and McKeown (2001) use the sentence alignment techniques
described by Gale and Church (1993) as a first step to construct their corpus.
Pang et al. (2003) used multiple translations of Chinese news articles to
obtain a corpus of paraphrases. They obtained these translations from the
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Multiple-Translation Chinese Corpus, originally created to be used with the
BLEU Machine Translation evaluation metric (Papineni et al., 2002). Sentences from these translations were manually aligned.
Quirk et al. (2004) were the first to try collecting monolingual parallel corpora for paraphrasing by using clusters of news articles that cover the same
event. Because the articles in each cluster do not always report the same
information they are not strictly parallel texts, but comparable texts. They
are, however, likely to contain words, phrases and sentences with similar
meaning, because they report on the same event. From each cluster, Quirk
and colleagues selected comparable sentences by using a string edit distance
heuristic proposed by Dolan et al. (2004). They used the resulting corpus
for monolingual machine translation. Below are two sentential paraphrases
from their corpus:
(1.2)

1. Dzeirkhanov said 36 people were injured and that four people,
including a child, had been hospitalized.
2. Of the 36 wounded, four people including one child, were
hospitalized, Dzheirkhanov said.

This example contains rewording, rephrasing, deletion, insertion and reordering. These are all possible operations in monolingual text-to-text generation.
authors

source

n aligned
sentences

Barzilay and McKeown (2001)

Translations of books

26,201

Pang et al. (2003)

Translations of news articles

109,230

Quirk et al. (2004)

Clusters of news articles

153,403

Table 1.2: Number of aligned paraphrases of various corpora derived from monolingual parallel or comparable corpora

Table 1.2 lists a collection of text-to-text corpora containing paraphrases
along with their size. If we take into account that statistical machine translation systems can easily use models of several million aligned sentences,
we can conclude that the existing monolingual text-to-text corpora are not
particularly large.
One way of obtaining sufficiently large corpora for text-to-text generation
tailored towards paraphrasing is the use of bilingual parallel corpora. The
advantage is that the abundance of bilingual corpora can be exploited for
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monolingual tasks in this way. The extraction of paraphrases by using a
pivot approach on bilingual corpora was proposed by Bannard and Burch
(2005). English paraphrases are obtained by pivoting through foreign language phrases, given a phrase table containing English phrases aligned to
foreign phrases. An example of this approach can be seen in Figure 1.2
Generally, multiple paraphrases can be extracted for each source phrase.
These can be ranked by using translation model probabilities:
X
P(E2 |E1 ) =
P(E2 , F|E1 )
F

=

X

P(E2 |F, E1 )P(F|E1 )

F

≈

X

P(E2 |F)P(F|E1 )

F

Here, E1 is the source phrase and E2 the target phrase in the desired language and F is the phrase in a foreign language.
dead

bodies

cadáveres

cadáveres

corpses

Figure 1.2: By pivoting over a Spanish translation, the paraphrasing phrase “dead
bodies” for “corpses” can be discovered

The pivot approach has since been extended and improved by using syntactic information (Chiang et al., 2005; Madnani et al., 2007; Callison-Burch,
2008; Zhao et al., 2009) and extended to be able to handle sentential paraphrases (Ganitkevitch et al., 2011). Although the pivot approach allows us
to collect larger paraphrase corpora, there are some drawbacks. First of all,
the extracted paraphrase pairs are quite restricted. Pivoted phrases will for
instance not likely contain re-orderings. Using syntactic information to get
higher quality paraphrases will probably restrict the extracted paraphrases
even more. Another drawback is that this approach is specifically tailored
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towards paraphrasing and it will therefore probably not be easy to adapt
this approach to related tasks such as sentence simplification.
We have discussed mainly approaches concerning paraphrases, but other
areas have also received some attention. Zhu et al. (2010) examine the use of
paired documents in English Wikipedia and Simple English Wikipedia for
sentence simplification. Simple English Wikipedia is an encyclopedia written
in simple English mainly for people that have difficulty understanding the
regular English Wikipedia, such as children, second language learners, and
people with comprehension difficulties such as dyslexia. Zhu et al. (2010)
paired sentences from both versions of Wikipedia to build their parallel corpus. (Cohn and Lapata, 2007) constructed a corpus of manual compressions
from text from news broadcasts. (Vandeghinste and Tjong Kim Sang, 2004)
describe the collection of a parallel corpus of television program transcripts
and subtitles in order to perform sentence compression for subtitle generation. They do this for Dutch. In general, it is fair to say, however, that suitable
large data-collections of this kind are still thin on the ground.
1.4

this thesis

In this thesis we discuss four variants of monolingual text-to-text generation, which we briefly characterize in the rest of this section. In Chapter 2
we discuss sentential paraphrase generation. Sentential paraphrase generation is the generation of a target sentence that is different in structure from
the source sentence, but carries approximately the same meaning. In Chapter 3 we investigate sentence simplification. Sentence simplification is the
process of generating a target sentence that is easier to understand than the
source sentence, while still largely retaining the same meaning. In Chapter
4 we discuss sentence compression: generating a shorter target sentence that
still expresses the most important information from the source sentence. In
Chapter 5 we discuss monolingual language transformation. We define this
as the process of transforming a sentence from one diachronic variant of a
language to a sentence in another diachronic variant of that language. In the
final chapter we discuss the results from the previous four chapters and we
elaborate on the general conclusions that we draw.
1.4.1

Paraphrase generation

Paraphrasing can generally be defined in terms of semantic equivalence. In
a strict sense paraphrasing is a form of mutual entailment: sentence A and
sentence B are paraphrases if sentence A entails sentence B and sentence B
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entails sentence A. But generally a paraphrase is a reformulation of a text
into another text that still contains similar semantic content to the original
text. Paraphrasing can occur at several levels: individual words can be replaced by their synonyms, but also by more general or more specific words.
On a higher level is phrasal paraphrasing, where phrases are replaced by semantically similar phrases. These can be syntactic phrases but also patterns
of word sequences. If an entire sentence is rephrased into another sentence
that has the same semantic content we speak about a sentential paraphrase
(Madnani and Dorr, 2010). An example of a sentential paraphrase is below.
(1.3)

1. The explosion injured twelve people.
2. A dozen persons were wounded by the blast.

In this example we see word substitution using synonyms (“blast” replacing “explosion”, “persons” replacing “people”) but also phrase replacement
(“twelve” is paraphrased into “a dozen” ) and syntactic rewriting; while the
first sentence is active, the second sentence is passive. We have seen that
a factor of consideration when paraphrasing automatically with monolingual parallel corpora is the amount of data available. An alternative is to
use non-parallel monolingual text and using distributional similarity (Lin
and Pantel, 2001b; Bhagat and Ravichandran, 2008). Harris (1954) was the
first to propose that a language possesses a distributional structure: words
or phrases occurring in the same distribution of contexts are likely to have
similar meanings. Lin and Pantel (2001b) created a corpus of sentences from
newspaper texts for which they created dependency parses. They measure
distributional similarity over paths found in these dependency trees. Ultimately, they induce inference rules that look like this:

X found answer to Y ⇔ X solved Y
X caused Y ⇔ Y is blamed on X

Although the amount of data available for this approach is vast, distributional similarity leads to much more noise in the acquired paraphrase
patterns. Because the patterns are quite generic, often not only paraphrases
are found, but also other related phrases such as hyponyms, co-hyponyms,
hypernyms and even antonyms. In addition to that, this approach assumes
a dependency parser, which might not be available for every language.
We are interested in the large scale collection of direct paraphrases to be
used in a monolingual machine translation system. In Chapter 2, we present
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our novel approach to sentential paraphrase generation. We will start with
the description of the methodology to collect the training data for this approach. We propose using a news aggregator website to collect news headlines. We argue that headlines are a good source for paraphrasing, because
editors and journalists actively rephrase sentences describing a news event
in order to produce a unique and compelling headline. Furthermore, these
headlines can be collected in large quantities for multiple languages. We will
also discuss our proposal for a new sentential paraphrase generation model,
which is a phrase-based machine translation approach with re-ranking of the
output (PBMT-R), which we argue can easily be used for a variety of textto-text generation tasks. Finally, we discuss the evaluation of this approach
using automatic measures and test subjects.
1.4.2

Sentence simplification

Sentence simplification can be defined as the process of producing a version
of a sentence that is easier to understand by applying some edit operations
to that sentence, while still preserving the semantic content of the original
sentence. These operations can include changing some of the lexical material
or grammatical structure of that sentence, or deleting difficult superfluous
words. This is essentially a variant of paraphrasing, with the additional constraint that the new sentence should be easier to understand than the original. Below is an example from the simplification dataset collected by Zhu
et al. (2010):
(1.4)

1. original: However, the bulk of the river flows through tropical
rainforest, where there are few roads and even fewer cities, so
there is no need for crossings.
2. simplification: For most of its course, the river flows through
tropical rainforest, there are very few roads and cities.

In this example we see that phrases may be paraphrased (“the bulk of the
river”, “for most of its course”), and can even be deleted (“so there is no
need for crossings”). Our aim is to apply the monolingual SMT text-to-text
generation approach to sentence simplification by feeding the model simplification data. Simplification data can be harvested from Simple Wikipedia,
which is a simplified encyclopedic website, aimed at cognitively impaired
readers, second language learners and children. Sentences from the Simple
Wikipedia articles can be aligned to their equivalents from the regular English Wikipedia to construct a simplification corpus (Zhu et al., 2010; Woodsend and Lapata, 2011; Coster and Kauchak, 2011). In Chapter 3 we use such
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a corpus to generate simplifications and compare to similar approaches. We
evaluate the output of these approaches both automatically and by using
human judges. Additionally we investigate the feasibility of using automatic
readability metrics to evaluate sentence simplification.
1.4.3

Sentence compression

Sentence compression is the act of producing a summary of a sentence so
that the new sentence is shorter in length than the original sentence. The
length of the sentence is reduced by keeping only the most important information contained in the sentence. In this way we summarize, but not
on the document but rather on the sentence level. This particular form of
compression is useful for applications such as subtitle generation, but also
as a preprocessing step to improve summarization applications. The most
straightforward manner in which we can compress a sentence is to delete a
subset of its words, which can be seen as a variant of extractive summarization (Knight and Marcu, 2002; Turner and Charniak, 2005; McDonald, 2006;
Cohn and Lapata, 2007; Galley and McKeown, 2007). An example from the
broadcast compression corpus by Cohn and Lapata (2007) is below. This
corpus contains manual extractive compressions of sentences from news articles.
(1.5)

1. original: It not only gets you out of that hot kitchen, but
according to the Barbecue Industry Association, 91 percent of
folks say that they like to cook outdoors because they love the
taste of grilled foods.
2. compression: It not only gets you out, but according to the
Barbecue Industry Association, 91 percent of folks love grilled
foods.

Another approach is to rephrase the sentence into a shorter sentence, allowing also paraphrasing operations. This approach has received considerably less attention (Cohn et al., 2008; Zhao et al., 2009). An example of abstractive compression from the abstractive corpus by Cohn et al. (2008) can
be observed below.
(1.6)

1. original: Snow, high winds and bitter disagreement yesterday
further hampered attempts to tame Mount Etna, which is
threatening to overrun the Sicilian town of Zafferana with
millions of tons of volcanic lava.
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2. compression: Bad weather and disagreement yesterday further
hampered attempts to tame Mount Etna, which is threatening
the Sicilian town of Zafferana.
We are interested in applying the monolingual text-to-text SMT model to
the task of generating abstractive compressions of sentences. In Chapter 4
we describe a novel memory-based sentence compression model which performs extractive compression. We describe how we combine this model with
the SMT model. We compare this hybrid approach to a purely extractive approach and we let human judges evaluate the output of our systems. Again,
we also perform automatic evaluation.
1.4.4

Language transformation

Language transformation can be defined as the process of translating between diachronically distinct language variants, such as the translation of
Middle English texts to Modern English. Below is an example from the Canterbury Tales:
(1.7)

1. original: A MONK ther was, a fair for the maistrie,
An outridere, that lovede venerie,
2. transformation: A MONK there was, one of the finest sort,
An outrider; hunting was his sport;

The first sentence from the example is the Middle English text, the bottom sentence is the modern English transformation. This is again a task that
might be tackled by using the monolingual SMT approach. However, for
these tasks data is typically sparse. In general, the older the language variant is, the less data there are available. Another point to take into account
is that the modern translations often are not literal, for instance because of
the additional constraint of a rhyming scheme. On the other hand, the example above demonstrates that the different variants actually exhibit a certain
amount of character overlap. In Chapter 5 we describe methods to use character overlap to boost the SMT model. One method we use is introducing
a preprocessing step before we use monolingual SMT: we use a dynamic
programming approach that finds alignments of phrases based on character
overlap. Another approach is to use character bigrams in the translation process instead of words. We compare these approaches to a standard Monolingual SMT approach and let human judges evaluate the output. Additionally
we perform automatic evaluation.

1.4 this thesis

1.4.5

General discussion and conclusion

In Chapter 6 we draw general conclusions on the results of applying our
models to the various text-to-text generation tasks: paraphrase generation,
sentence simplification, sentence compression, and language transformation.
We will discuss the advantages and disadvantages of using monolingual
SMT for these tasks and show where this approach works and where it
does not. Additionally, we will discuss our data collection method for paraphrase generation. Finally, we discuss our manual and automatic evaluation
methodology.
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PA R A P H R A S E G E N E R AT I O N

In this chapter we investigate the automatic generation of paraphrases by
using machine translation techniques. Three contributions we make are the
construction of a sufficiently large paraphrase corpus, a re-ranking heuristic
to use machine translation for paraphrase generation and a proper evaluation methodology. A large parallel corpus is constructed by aligning clustered headlines that are crawled from a news aggregator site. To generate
sentential paraphrases we use a standard phrase-based machine translation (PBMT) framework modified with a re-ranking component (henceforth
PBMT-R). We demonstrate this approach for Dutch and English and evaluate
by using human judgements collected from 76 participants. The judgments
are compared to two automatic machine translation evaluation metrics. We
observe that as the paraphrases deviate more from the source sentence, the
performance of the PBMT-R system degrades less than that of the word substitution baseline system.

this chapter is based on: Wubben, S., van den Bosch, A.P.J., & Krahmer,
E.J. Creating and using large monolingual parallel corpora for sentential paraphrase
generation (under revision for journal publication)
Earlier versions of this work were presented at: 12th European Workshop on
Natural Language Generation, 20th Computational Linguistics in the Netherlands, 6th International Language Generation Conference
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Paraphrasing can be defined as transforming a word, phrase, sentence orl
onger text segment in a language from its original surface form to an alternative surface form in the same language that still expresses approximately
the same semantic content as the original. An increasing number of Natural
Language Processing (NLP) applications rely on the automatic extraction
or generation of semantically similar units. This helps these applications
broaden their coverage and generally improves their performance. Aside
from an interest in using word substitution methods that rely on semantic
lexical resources, research in phrasal and sentential paraphrase generation
has become more and more popular.
The use of paraphrase generation has been demonstrated to be valuable
for question answering (Lin and Pantel, 2001a; Riezler et al., 2007), machine
translation (Callison-Burch et al., 2006a; Marton et al., 2009) and the evaluation thereof (Russo-Lassner et al., 2006; Kauchak and Barzilay, 2006; Zhou
et al., 2006; Pado et al., 2009). Adding certain constraints to paraphrasing allows for additional useful applications. When the constraint is specified that
a paraphrase should be shorter than the input text, paraphrasing can be used
for sentence compression (Knight and Marcu, 2002; Barzilay and Lee, 2003).
Another specific task that can be approached this way is text simplification,
to convert for example medical terms into layperson’s English (Elhadad and
Sutaria, 2007; Deléger et al., 2009), or for subtitle generation (Daelemans
et al., 2004).
Two important problems arise when developing a system that learns to
generate paraphrases automatically from examples, namely how to obtain
a sufficient number of examples to train the system on, and how to evaluate properly. We present a paraphrase corpus composed of data crawled
from Google News to create a parallel corpus, and a standard PBMT framework modified with a re-ranking component (PBMT-R) to learn phrase alignments and generate paraphrases. We demonstrate this approach on Dutch
and English and perform an extensive evaluation using human judgements
collected from 76 participants, as well as two automatic machine translation
evaluation metrics. Our approach can easily be adapted to other languages.
2.1.1

Phrase-based machine translation (PBMT) for paraphrasing

Sentential paraphrase generation can be approached as a monolingual machine translation task, where the source and target languages are the same

2.1 introduction

(Quirk et al., 2004; Bannard and Burch, 2005; Callison-Burch, 2008; Zhao
et al., 2009; Wubben et al., 2010) and where the output should be different
in form from the input but similar in meaning. Statistical machine translation (SMT) typically makes use of large parallel corpora to train a model
on. These corpora need to be aligned at the sentence level. Large parallel
corpora, such as the multilingual proceedings of the European Parliament
(Europarl), are readily available for many languages.
Phrase-based machine translation (PBMT) is a form of SMT where the
translation model aims to translate longer sequences of words (“phrases") in
one go, solving part of the word ordering problem along the way that would
be left to the decoder and the target language model in a word-based SMT
system (Koehn et al., 2003). One advantage of PBMT is that it is adaptable to
any language pair for which there is a parallel corpus available. The PBMT
model makes use of a translation model, derived from the parallel corpus,
and a language model, derived from a monolingual corpus in the target language. The language model is typically an n-gram model with smoothing.
For any given input sentence, a search is carried out producing an n-best
list of candidate translations, ranked by the decoder score, a complex scoring function including likelihood scores from the translation model and the
target language model. In principle, all of this should be transportable to a
data-driven machine translation account of paraphrasing. For this to work,
however, a preferably large collection of data is required, which in this case
would be pairs of sentences that paraphrase each other.
2.1.2

Parallel corpora for paraphrasing

Two recently published surveys on paraphrasing address the need for paraphrase corpora to further develop research into paraphrasing (Madnani and
Dorr, 2010; Androutsopoulos and Malakasiotis, 2010). Androutsopoulos
and Malakasiotis observe that not many such parallel corpora currently exist,
and that the ones that do exist are not even close to the size of corpora generally used to train statistical machine translation systems (Androutsopoulos
and Malakasiotis, 2010). Barzilay and McKeown suggest building parallel
paraphrase corpora by using multiple human translations of literary works
originally written in a different language (Barzilay and McKeown, 2001). The
fact that different translators may use different wordings can be exploited to
find paraphrase pairs within a language. In general, for the machine translation approach to paraphrasing to work, first the texts need to be aligned
at the sentence level to obtain sentence pairs that can be used in a parallel
monolingual corpus, where each sentence in translation T1 is ideally seman-
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tically equivalent to each sentence in translation T2 in language L. Pang et al.
use a similar approach to obtain paraphrases from the Multiple Translation
Chinese corpus which contains eleven English translations of Chinese news
articles on the sentence level (Pang et al., 2003).
Shinyama et al. use named entity recognition to extract paraphrases from
various news articles describing the same event. The Microsoft Research
Paraphrase Corpus (MSR) (Quirk et al., 2004; Dolan et al., 2004; Nelken
and Shieber, 2006) is a paraphrase corpus constructed in an unsupervised
manner. The MSR contains 5,801 pairs of sentences that were extracted from
news sources on the Web, along with human annotations indicating whether
each pair captures a paraphrase/semantic equivalence relationship. Of these
sentences, the judges agreed that 67% were indeed paraphrases. Cohn et al.
developed a monolingual parallel corpus consisting of 900 sentence pairs annotated with alignments at the word and phrase level, which also contained
sentences from the MSR (Cohn et al., 2008).
In the field of textual entailment recognition efforts have also been made
to construct textual entailment corpora. Burger and Ferro generated a corpus
of textual entailment pairs by pairing sentences from the lead paragraph of
news articles with the headlines of the articles. They were able to collect
100,000 entailment pairs in this manner.
While these corpora are valuable, for a statistical paraphrasing approach
to work they are generally several orders too small. Preferably, such systems are trained on hundreds of thousands to millions of parallel sentences,
where the available paraphrase corpora contain several thousand sentences
at best. One solution to this problem is to leverage the abundance of bilingual parallel corpora to find paraphrases. Bannard and Burch use a bilingual corpus and a pivot language to construct a monolingual phrase-table
(Bannard and Burch, 2005). They do this by aligning phrases across the two
languages and then harvesting all phrases aligned to one phrase in the pivot
language as paraphrases. In contrast to using a pivot language, we demonstrate that it is possible to construct a sufficiently large parallel corpus without relying on a second language, but by harvesting different headlines for
the same event. This has several advantages. One reason to use headlines is
that these are abundant on the Web in many languages, and every day new
ones appear describing real world events. The real world knowledge implicitly present in the system stays up to date this way: it will know that in this
time frame (early 2013) “Barack Obama” can be paraphrased as “The President
of the United States”. A more crucial reason is that there is much paraphrastic
variety in headlines. Different journalists and news editors will try to come
up with their own unique headlines that describe the same event. Another
reason is that we have less of a problem dealing with sentence alignment
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between two texts to construct the parallel corpus, because headlines can be
clustered relatively accurately by news aggregators such as Google News.
Finally, headlines tend to be shorter than regular sentences and therefore
words and phrases in them are easier to align.
2.1.3

Evaluation

As Callison-Burch et al. argue, automatic evaluation of paraphrasing is
problematic (Callison-Burch et al., 2008). The essence of paraphrasing is
to be able to generate a sentence that paraphrases a source, but that is at
the same time structurally different from that source. Automatic evaluation
metrics in related fields such as standard multilingual machine translation
(e.g. BLEU (Papineni et al., 2002)) operate on a notion of joint semantic and
structural similarity, while paraphrasing aims to achieve semantic similarity, but also structural dissimilarity. As Madnani and Dorr rightfully observe, precision and recall are not suited when evaluating sentential paraphrase generation, because no exhaustive list of paraphrases can exist (Madnani and Dorr, 2010). Madnani and Dorr state that semantic similarity and
paraphrase recognition metrics can be applied to generated sentential paraphrases. Yet, besides semantic similarity there are more criteria that are applicable to paraphrases: they should also be grammatical, and they should
be structurally dissimilar to the source sentence. There have been efforts to
develop automatic metrics for the evaluation of paraphrases, such as ParaMetric (Callison-Burch, 2008) and PEM (Liu et al., 2010). ParaMetric is used
to measure performance in alignment between two given sentences, and is
not suited to measure the performance of a sentential paraphrase generation
method given unseen sentences. PEM (Paraphrase Evaluation Metric) seems
a promising approach in that it addresses the three crucial parts in paraphrase evaluation, namely fluency, adequacy and to some extent structural
dissimilarity (PEM measures lexical dissimilarity). PEM makes no use of reference paraphrases; rather, it makes use of bilingual parallel corpora through
the pivot approach. This suggests it might be biased towards paraphrasing
approaches that use statistical machine translation and in particular pivot approaches. Another approach is to look at dissimilarity to the source sentence
in addition to similarity to a collection of reference paraphrases. This is the
approach we take and which has also been investigated by (Chen and Dolan,
2011). Chen and Dolan propose a new metric called PINC, which can be seen
as a complement to BLEU: it measures the n-gram overlap between output
and source sentence. The higher the overlap, the lower the PINC score. The
idea is that good paraphrases show a high amount of overlap with refer-
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ence paraphrases, and low overlap with the source sentence. We evaluate
the output of our system by comparing it to a word substitution baseline,
which uses a semantic lexicon and a language model to perform edit operations to construct a paraphrasing sentence, and a randomly selected human
authored paraphrasing headline. We do this for Dutch and English and let
76 participants rate the paraphrases. We also take into account automatic
machine translation evaluation metrics to see whether these correlate with
human judgements, and show the results at different edit distances.
We expect the paraphrases generated by humans to score highest, and we
consider this a soft upper bound for a paraphrasing system. We also expect
that the PBMT-R system will perform better than the baseline, because it
can do more complex paraphrasing operations than mere word substitution.
In addition, we expect to see an effect of coverage: there are more headlines available for English than for Dutch, and also the semantic lexicon that
we use for English has broader coverage than the one we use for Dutch.
Therefore, we expect to see higher performance for the English systems
than for the Dutch. Furthermore, we believe the extent to which a system
paraphrases is an important aspect of its functioning. We expect that as the
output of a paraphrasing system is increasingly dissimilar from the input
sentence, the quality of the paraphrase is increasingly at risk, as the probability of paraphrasing errors increases. We expect that this detrimental effect
will be smaller in the PBMT-R system and more pronounced in the baseline, as relatively few phrasal substitutions may lead to better paraphrases
than relatively many single-word substitutions. On the topic of automatic
measures, we think that the standard MT evaluation metrics will show some
correlation to human judgement, but only to a small extent, as sentential
paraphrasing is not simply about achieving similarity to a reference, and
variations are probably greater in paraphrasing than in translating.
One way to solve this problem is to use a single monolingual corpus. From
such a corpus one can extract semantically similar words using Harris’ hypothesis of distributional similarity. (Lin and Pantel, 2001a) adapt the distributional similarity approach to dependency trees to find inference rules,
resulting in the DIRT corpus. A drawback of this approach is that while the
templates that are extracted often do express a textual entailment relation,
this is often not a semantic equivalence as is needed for a paraphrase approach. Bilingual parallel corpora have the advantage that the two sides of
the corpus are semantically equivalent. A popular method is to leverage the
great number of multilingual parallel corpora to extract paraphrases. (Bannard and Burch, 2005) use a bilingual corpus and a pivot language to construct a monolingual phrase-table. They do this by aligning phrases across
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the two languages and then harvesting all phrases aligned to one phrase in
the pivot language as paraphrases. A logical alternative is to construct a true
monolingual parallel corpus. (Barzilay and McKeown, 2001) built a parallel
monolingual corpus using different translations of literary works.
2.2

data collection

For the development of our data collection method we use headline data
from the DAESO corpus1 , a parallel monolingual treebank for Dutch (Marsi
and Krahmer, 2007). Part of the data in the DAESO corpus consists of headline clusters crawled from Google News in the period April–August 2006.
Google News uses clustering algorithms that consider the full text of each
news article, as well as other features such as temporal and category cues,
to produce sets of topically related articles. The crawler stores the headline
and the first 150 characters of each news article crawled from the Google
News Website. Roughly 13,000 clusters were retrieved. Table 2.1 shows part
of a cluster. It is clear that although clusters deal roughly with one subject,
the headlines can represent quite a different perspective on the content of
the article; certain headlines are paraphrases, others are clearly not. To obtain only paraphrase pairs, the clusters need to be more coherent. In the
DAESO project 865 clusters were manually subdivided into sub-clusters of
headlines that show clear semantic overlap. Sub-clustering is no trivial task.
Consider, for instance, the sentences in the example containing ’Afghanistan’
or ’Uruzgan’. They can be seen as related to each other, but then the reader
must know that Uruzgan is a province in Afghanistan where the Dutch UN
force was stationed. Also, there are numerous headlines that cannot be subclustered with other headlines, such as the first three headlines shown in the
example.
These automatically annotated data form the basis for our first goal, the
development of a method to extract paraphrase pairs from headline clusters.
We divide the annotated 865 headline clusters in a development set of 40
clusters, while the remaining 825 are used as test data. The headlines are
stemmed using the Porter stemmer for Dutch (Kraaij and Pohlmann, 1994).
Instead of a word overlap measure as used by (Barzilay and Elhadad, 2003),
we use a modified TF.IDF word score as suggested by (Nelken and Shieber,
2006). Each sentence is viewed as a document, and each original cluster as
a collection of documents. For each stemmed word i in sentence j, T Fi,j is

1 http://daeso.uvt.nl/
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Kamp : Veiligheid grootste probleem in Uruzgan
(Kamp: Security biggest problem in Uruzgan)
Met gevechtsheli op Afghaanse theevisite
(With attack helicopter on Afghan tea-visit)
Bevel overgedragen aan Nederlandse commandant
(Command transferred to Dutch commander)
Nederlandse missie Uruzgan officieel begonnen
(Dutch mission Uruzgan officially started)
Nederlandse opbouwmissie in Afghanistan begint
(Dutch construction mission in Afghanistan begins)
Missie Uruzgan begonnen
(Mission Uruzgan has begun)
Eerste dag missie Uruzgan
(First day mission Uruzgan)
Soldaten opbouwmissie Uruzgan keren terug
(Soldiers construction mission Uruzgan return)
Eerste militairen komen terug uit Afghanistan
(First servicemen come back from Afghanistan)
Eerste groep militairen Afghanistan keert terug
(First group of servicemen return from Afghanistan)
Kwartiermakers keren terug uit Uruzgan
(Quartermasters return from Uruzgan)
Opgelucht onthaal van militairen uit Uruzgan
(Relieved welcome of servicemen from Uruzgan)
Opgelucht onthaal van Uruzgan-gangers
(Relieved welcome of Uruzgan-goers)
Table 2.1: Part of a sample headline cluster crawled in August 2006 with English
glosses. Each box represents a collection of headlines that can be considered paraphrases within the cluster.
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a binary variable indicating if the word occurs in the sentence or not. The
TF.IDF score can then be defined as follows:
TF.IDFi = T Fi,j · log

|D|
|{dj : ti ∈ dj }|

|D| is the total number of sentences in the cluster and |{dj : ti ∈ dj }| is
the number of sentences that contain the term ti . These scores are used
in a vector space representation. The similarity between headlines can be
calculated by using a cosine similarity function on the headline vectors.
type

precision

recall

k-means clustering 0.66

0.44

pairwise similarity

0.41

0.76

Table 2.2: Precision and recall for both alignment methods

2.2.1

Clustering

The first approach we investigate to align paraphrasing headlines is clustering. The original Google News headline clusters that we crawled are reclustered into finer grained sub-clusters. We use the k-means implementation in the CLUTO2 software package. The k-means algorithm assigns k
centers to represent the clustering of n points (k < n) in a vector space. The
total intra-cluster variance is minimized by the function
V=

k X
X

(xj − µi )2

i=1 xj ∈Si

where µi is the centroid of all the points xj ∈ Si .
The PK1 cluster-stopping algorithm as proposed by (Pedersen and Kulkarni, 2006) is used to find the optimal k for each sub-cluster:
PK1(k) =

Cr(k) − mean(Cr[1...δK])
std(Cr[1...δK])

Here, Cr is a criterion function and δK is the minumum difference between
two consecutive criterion values to stop clustering. As soon as PK1(k) exceeds a threshold, k − 1 is selected as the optimum number of clusters.
2 http://glaros.dtc.umn.edu/gkhome/views/cluto/
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To find the optimal threshold value for cluster stopping, optimization is
performed on the development data. The optimization function we use is an
F-score:
(1 + β2 ) · (precision · recall)
Fβ =
(β2 · precision + recall)
We count the number of alignments between possible paraphrases. For instance, in a cluster of four sentences, 6 alignments can be made. In our case,
precision is the number of alignments retrieved from the clusters which are
relevant, divided by the total number of retrieved alignments. Recall is the
number of relevant retrieved alignments divided by the total number of relevant alignments.
We use an Fβ -score for evaluation of the alignments. We favor precision
over recall, because we are interested in obtaining correct alignments rather
than obtaining many alignments. However, we do not want to optimize for
precision alone, because we still want to retrieve a fair number of paraphrases and not only the ones that are very similar. Thus, we set beta = 0.25,
which reflects our preference for precision. Through optimizing Fβ -score on
our development set, we find an optimal threshold for the PK1 algorithm
thpk1 = 1. For each original cluster, k-means clustering is then performed
using the k found by the cluster stopping function. In each newly obtained
cluster all headlines can subsequently be aligned pair-wise.
2.2.2

Pairwise similarity

Another approach for aligning paraphrasing headlines is to directly calculate similarities for each pair of headlines within a cluster. If the similarity
exceeds a certain threshold, the pair is accepted as a paraphrase pair. If it
is below the threshold, it is rejected. However, as (Barzilay and Elhadad,
2003) have pointed out, this type of sentence alignment is only effective to
a certain extent. Beyond that point, context is needed. With this in mind,
we adopt two thresholds and the cosine similarity function to calculate the
similarity between two sentences:
cos(θ) =

V1 · V2
kV1kkV2k

where V1 and V2 are the word vectors of the two sentences being compared
and kV1k and kV1k are the magnitudes of the vectors. If the similarity is
higher than the upper threshold, it is accepted. If it is lower than the lower
threshold, it is rejected. In the remaining case of a similarity between the
two thresholds, similarity is calculated over the contexts of the two headlines,
namely the text snippet that was retrieved with the headline. If this similarity
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exceeds the upper threshold, it is accepted. Threshold values as found by
optimizing on the development data using again an F0.25 -score, are T hlower =
0.2 and T hupper = 0.5. An optional final step is to add transitive alignments.
For instance, if headline A is paired with headline B, and headline B is
aligned to headline C, headline A can be aligned to C as well. We do not
add these alignments, because when one incorrect alignment is made, this
process adds a large number of incorrect alignments, particularly in large
clusters.
2.2.3

Alignment evaluation

The 825 clusters in the test set contain 1,751 sub-clusters in total. In these subclusters there are 6,685 clustered headlines. Another 3,123 headlines are not
part of a cluster. Table 2.2 displays the precision and recall of paraphrase
detection of our two approaches. We observe that pairwise calculation of
similarity with the back-off strategy of using context performs better than kmeans clustering when we aim for higher precision. The k-means clustering
approach suffers from outlying headlines that cannot be clustered. If we
artificially ignore those headlines, k-means clustering achieves a precision
of 0.91 and a recall of 0.43. However, because we do not know beforehand
which headlines can be clustered and which cannot, we must conclude that
k-means clustering performs worse than pairwise similarity in this setting.
2.2.4

Obtaining headline paraphrase pairs

We choose the pairwise similarity approach to extract paraphrasing headline pairs from new expanded datasets consisting of roughly 51,000 English
headline clusters and 31,000 Dutch headline clusters, crawled from Google
News in 2006 and in 2010. This method produces a collection of 9.3 million
pairwise alignments of 1.9 million unique headlines for English and 841,588
pairwise alignments of 394,056 unique headlines for Dutch3 . Example alignments created with this approach are given in Figure 2.1. To our knowledge
this new paraphrase source is several orders larger than existing paraphrase
corpora.

3 The aligned headline collection can be found at http://ilk.uvt.nl/~swubben/
resources.html

27

28

paraphrase generation

Police investigate Doherty drug pics
Doherty under police investigation
Police to probe Pete pics
Pete Doherty arrested in drug-photo probe
Rocker photographed injecting unconscious fan
Doherty ʼinjected unconscious fan with drugʼ
Photos may show Pete Doherty injecting passed-out fan
Doherty ʼinjected female fanʼ

Figure 2.1: Part of a sample headline cluster, with aligned paraphrases
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We use the collection of automatically obtained aligned headlines to train
a paraphrase generation model using a phrase-based machine translation
(PBMT) framework, extended with a post-hoc re-ranking model based on
dissimilarity, resulting in our model PBMT-R. We compare this approach to
a word substitution baseline. The generated paraphrases along with their
source headlines are presented to human judges, whose ratings are compared to a collection of automatic machine translation evaluation metrics.
2.3.1

PBMT-R

We use the Moses software to train a PBMT model (Koehn et al., 2007). In
general, a statistical machine translation model normally finds a best translation Ẽ of a text in language F for a text in language E by combining a
translation model P(F|E) with a language model P(E):
Ẽ = arg max∗ P(F|E)P(E)
E∈E
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In addition, in phrase-based machine translation the sentence F is segmented into a sequence of I phrases during decoding. Each source phrase
can then be translated into a phrase in the target language to form sentence
E. These phrases may be reordered. Phrase-based machine translation is described in more detail in Chapter 1.
The GIZA++ statistical alignment package is used to perform the word
alignments, which are later combined into phrase alignments in the Moses
pipeline (Och and Ney, 2003) to build the paraphrase model. GIZA++ implements IBM Models 1 to 5 and an HMM word alignment model to find
statistically motivated alignments between words. We first tokenize our data
before training a re-caser. We then lowercase all data and use all unique
headlines in the training data to train an n-gram language model with the
SRILM toolkit (Stolcke, 2002). Then we invoke the GIZA++ aligner using
the training paraphrase pairs. We run GIZA++ with standard settings and
we perform no optimization. Finally, we use the Moses decoder to generate
paraphrases for our test data.
To expand the functionality of Moses in the intended direction we perform post-hoc re-ranking on the output based on dissimilarity to the input.
We do this to select output that is as different as possible from the source
sentence, so that ideally multiple phrases are paraphrased; at the same time,
we base our re-ranking on a top-n of output candidates according to Moses,
with a small n, to ensure that the quality of the output in terms of fluency
and adequacy is also controlled for. Setting n = 10, for each source sentence
we re-rank the ten best sentences as scored by the decoder according to the
Levenshtein Distance (or edit distance) measure (Levenshtein, 1966) at the
word level between the input and output sentence, counting the minimum
number of edits needed to transform the source string into the target string,
where the allowable edit operations are insertion, deletion, and substitution
of a single word and casing is ignored. In case of a tie in Levenshtein Distance, we select the sequence with the better decoder score. When Moses is
unable to generate ten different sentences, we select from the lower number
of outputs. The resulting headlines are de-tokenized and re-cased using the
previously trained re-caser.
2.3.2
2.3.2.1

Word substitution baseline
English

The PBMT-R results are compared with a word substitution baseline. For
each noun, adjective and verb in the sentence this model takes that word
and its part-of-speech tag and retrieves from the English WordNet (Fellbaum,
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1998) all synonyms from all synsets the word occurs in. The English WordNet contains over 200K word-sense pairs. The word is then replaced by all of
its synset words, and each replacement is scored by the trained SRILM language model also used in the PBMT-R system. The highest scoring alternative is kept. If no relevant alternative is found, the word is left unaltered. We
use the Memory Based Tagger (Daelemans et al., 1996) trained on the Brown
corpus to compute the part-of-speech tags. The WordNet::QueryData4 Perl
module is used to query WordNet.
2.3.2.2

Dutch

The word substitution baseline for Dutch works similarly to the English
baseline and relies on the Cornetto database instead of WordNet. Cornetto
is a lexical semantic database for Dutch, similar to WordNet. It includes
40K entries, covering the most generic and central part of the Dutch language (Vossen et al., 2008). As with the English system, all synonyms for
a given word are extracted and the synonym which scores best in the sentence according to the language model is kept. The SRILM language model
is trained on the Dutch headline paraphrase corpus.
2.4

evaluation

A human judgement study was set up to evaluate the generated paraphrases
by both the baseline and the PBMT-R system, and to compare these with a
human produced referent. The human judges rated both adequacy and fluency, and their judgements are compared to automatic evaluation measures
in order to gain more insight into the automatic evaluation of paraphrasing.
2.4.1
2.4.1.1

Method
Participants

Participants were 76 students of Tilburg University, who participated for partial course credits. All were native speakers of Dutch, and all were proficient
in English, having taken a course on Academic English at university level.
2.4.1.2

Materials

We randomly selected 1,000 headline clusters for Dutch and 1,000 headline
clusters for English that appeared online in January 2011. Each cluster con4 http://search.cpan.org/dist/WordNet-QueryData/QueryData.pm
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sisted of between 10 and 50 aligned paraphrasing headlines. We used these
clusters as multiple references for our automatic evaluation measures to account for the diversity in real-world paraphrases, as the aligned paraphrased
headlines in Figure 2.1 witness. For each participant we randomly selected
40 clusters, and from each cluster we randomly selected one headline as the
source headline. Each headline was used as input for the word substitution
baseline and the PBMT-R system, to generate two target paraphrases. In addition, we randomly selected one of the aligned headlines in a cluster to
serve as the human produced upper bound to compare our systems with.
For each source headline, we thus generated three target headlines (word
substitution, PBMT-R, human-produced paraphrase). Each participant saw
40 different source headlines.
operation

sentences

single word replacement

50%

single word deletion or insertion

34%

word/phrase reordering

11%

phrase replacement

33%

sentence rewriting

2%

Table 2.3: Analysis of a sample of output from the English PBMT-R system indicating the number of sentences containing one or more of the specified edit
operations.

2.4.1.3 Procedure
Participants were randomly assigned to the Dutch (N = 36) or English (N =
40) condition. In one version participants rated only Dutch target headlines,
in the other they rated English ones. The instructions were otherwise identical for both versions. Participants were told that they participated in the
evaluation of a system that could automatically generate headlines, and that
they would see one source headline and three automatically generated paraphrases of that headline. They were not informed of the fact that we evaluated two different systems and always included one human reference headline. Following earlier evaluation studies (Doddington, 2002; Snover et al.,
2009), we asked participants to evaluate both the fluency and adequacy of
the target headlines on a five point Likert scale. Fluency was defined in
the instructions as the extent to which a sentence reads well: is it good,
clear Dutch or English? Adequacy was defined as the extent to which the
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sentence is a good paraphrase of the example sentence. In the instruction
this was illustrated with an example, where the source headline (for the English condition) was “Egyptian government orders Al Jazeera shutdown”,
and examples were given of paraphrases that were adequate but not fluent
(“Government Egypt want Al Jazeera stop"), and fluent but not adequate
(“Egyptian government orders CNN shutdown"). If the instructions were
clear, the experiment started. During the experiment, participants were in a
sound-proof booth with a computer. Each source headline was presented on
the computer screen, together with the three target headlines. The order of
these targets on the screen was randomized, to prevent a bias towards one
of the paraphrases. The experiment was individually performed, and selfpaced; participants could take as much time as they required. On average
the experiment lasted 33 minutes for English and 28 minutes for Dutch.
2.4.1.4

Data analysis

In total we collected 76 (participants) × 40 (clusters) × 3 (targets) = 9120
judgements. In practice, it turned out that the baseline system failed to generate a paraphrase in 12% of the cases for English and in 21% of the cases for
Dutch. These could not be included in the analysis, so that the total number
of collected judgements was lower. Since we are interested in the amount
of edit operations a system performs and how these influence the evaluation, we computed the Levenshtein Distance (LD) from the source sentence
of each target sentence at the word level ignoring casing. We created bins of
LD 1, 2, 3, 4, and a collapsed bin of 5 or more to prevent data sparseness.
We performed two kinds of analyses. First we analyzed the human judgements in a by-item Multivariate Analysis of Variance (MANOVA) with Levenshtein Distance (levels: 1, 2, 3, 4, 5+), System (levels: word substitution,
PBMT, human reference) and Language (levels: Dutch, English) as fixed factors and fluency and adequacy as dependent variables. Planned pairwise
comparisons were made with the Bonferroni method.
Next, we evaluated the paraphrases using two automatic metrics, originating from the evaluation of machine translation: the BLEU (Papineni et al.,
2002) and NIST (Doddington, 2002) metrics. BLEU measures n-gram overlap
between strings, and is expressed as a score between 0 and 1, with higher
scores representing more overlap. Different scores are calculated for n-grams
of different size, up to n-grams of four. NIST is a BLEU variant giving more
importance to less frequent (and hence more informative) n-grams. For each
of the target paraphrases used in the evaluation experiment we compute
BLEU and NIST scores, which we submitted to a MANOVA with the same
design as used for the human judgements. We used the remaining headlines

2.4 evaluation

for each cluster as the reference paraphrases for the automatic measures. In
addition, we look at the correlations between the human judgements and
the automatic metrics.
system

LD English

LD Dutch

fail rate English

fail rate Dutch

Word Sub

2.73

1.76

12%

21%

PBMT-R

2.57

2.88

0%

0%

Human

5.76

4.40

0%

0%

Table 2.4: Levenshtein distance and fail rate of output of the various systems

2.4.2

Results

Table 2.4 offers statistics showing the average LD of the target paraphrases in
the cases where the system could find one, and the percentage of cases where
the system was not able to generate a paraphrase of the source sentence. It
can be observed that in general the PBMT-R system executes roughly equally
many as the baseline for English, and more than the baseline for Dutch. Human produced paraphrases tend to differ more from the source. In addition,
for 12 percent of the English sentences and 21 percent of the Dutch sentences
the word substitution baseline could not provide a paraphrase. The PBMT-R
system provided a paraphrase for every sentence.
2.4.2.1 Human judgements
Next, we analyzed the human judgements of fluency and adequacy of the
target paraphrases. As expected, on both measures, the baseline word substitution system scored lowest (fluency: Mf = 2.86, adequacy: Ma = 2.61),
and the randomly selected human reference scored highest (Mf = 4.18.,
Ma = 3.24) with the PBMT-R system sandwiched in between (Mf = 3.32,
Ma = 2.86), showing a significant main effect for both fluency (F(2, 7584) =
449.33, p < .001) and adequacy (F(2, 7584) = 95.48, p < .001). All pairwise
comparisons were statistically significant (p < .001). In addition, main effects
were found for Language and Levenshtein Distance, but these are qualified
by interactions with System. A significant interaction was found between
Language and System, for both fluency (F(2, 7584) = 147.93, p < .001) and
adequacy (F(2, 7584) = 27.11, p < .001). These interactions are illustrated in
Figure 2.2, and suggest that the effect of language is larger for the Baseline

33

34

paraphrase generation

System

Headline

Source

U.S. Issues Call To Action To Support Breastfeeding

PBMT-R

US issues call to action for breastfeeding support

Word Sub

United States government Issues Phone call To
Action To Support Breastfeeding

Source

Kuwait PM survives confidence vote

PBMT-R

Kuwaiti PM survives vote of confidence

Word Sub

Kuwait Autopsy survives assurance ballot

Source

John Edwards engaged to long-time mistress
Rielle Hunter

PBMT-R

Edwards gets engaged to longtime girlfriend
Rielle Hunter

Word Sub

Toilet Edwards engaged to long-time kept
woman Rielle Huntsman

Source

Elizabeth Edwards’ will makes no mention of
her husband

PBMT-R

Elizabeth Edwards’ to makes no mention of husband

Word Sub

Elizabeth Edwards’ will makes no reference of
her hubby

Source

Carlina White Update: Ann Pettway Admits She
Stole Infant in 1987, Says FBI

PBMT-R

White Carlina Update: Ann pettway admits she
stole baby in 1987 years, FBI says

Word Sub

Carlina White Update: Ann Pettway Admits She
Stole Baby in 1987, Says Federal Bureau of Investigation

Source

Beckhams expecting their fourth child

PBMT-R

Beckham, Wife Expecting Third Child

Word Sub

Beckhams expecting their fourth kid

Table 2.5: Examples of generated English paraphrases where the PBMT-R system
scores significantly better than the baseline (top) and where the baseline
scores better (bottom)
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than for the PBMT-R system, which might be due to the larger coverage of
the English WordNet and the higher quality of the English language model.
In addition, a significant interaction was found between Levenshtein Distance and System for fluency (F(8, 7584) = 11.89, p < .001), whereas the same
interaction showed a trend towards significance for adequacy (F(8, 7584) =
3.37, p = .071). These effects are illustrated in Figure 2.3. First consider the
results for fluency. It can be seen that fluency judgements of the human reference sentences do not vary with Levenshtein Distance, whereas the scores
for the automatic systems show a steady decline as distance increases. Crucially, the performance of the PBMT-R system decreases less than the word
substitution baseline beyond LD = 1. The picture for adequacy is slightly
different: here all systems score lower as a function of LD, which is what
one would expect given that the more distant a sentence is, the more likely
it is that its content is also different. Crucially, however, while at LD = 1 the
PBMT-R system scores roughly comparable to the baseline system, the two
diverge more starting from LD = 2, and the PBMT-R system scores closer to
the human reference than to the Baseline at LD = 5+.
2.4.2.2 Automatic measures
The results of the automatic evaluation metrics were analyzed next. We
found that the baseline word substitution system attains the lowest scores
(BLEU = 0.11, NIST = 7.00), and the randomly selected human reference
scored highest (BLEU = 0.28, NIST = 8.19). We see that the PBMT-R system again scores between those two (BLEU = 0.18, NIST = 8.11), showing
a significant effect for both BLEU (F(2, 7584) = 200.91, p < .001) and NIST
(F(2, 7584) = 105.54, p < .001). In addition, main effects of Language and
System are found, but these are again qualified by interactions.
Significant interactions between Levenshtein Distance and System were
found for both BLEU (F(8, 7584) = 5.790, p < .001) and NIST (F(8, 7584) =
14.070, p < .001). These interactions can be explained by looking at Figure 2.4: at LD = 1, the word substitution baseline and the PBMT system
score roughly comparable and substantially lower than the human referent. However, when considering larger distances, the scores show a decreasing trend, but the scores for the PBMT-R system drop less than those of
the word substitution baseline. At LD = 5 the PBMT-R system scores very
comparable to the human baseline; this pattern is especially pronounced
for the NIST scores. In addition, significant interactions were found of Language and System, for both BLEU (F(4, 7584) = 3.781, p < .01) and NIST
(F(4, 7584) = 4.329, p < .01), illustrated in Figure 2.5 respectively. This figure shows that, even though the PBMT-R system always scores higher than
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English
Dutch

4.5

fluency

4
3.5
3
2.5

Word Sub

PBMT-R
system

Human

PBMT-R
system

Human

3.4
3.2
3
adequacy

36

2.8
2.6
2.4
2.2
Word Sub

Figure 2.2: Fluency scores (top) and adequacy scores (bottom) per language as a
function of system

the word substitution system, the difference is more pronounced for English
than for Dutch.
In general, it is fair to say that the results of the automatic evaluation mirror those of the human judgements. This is confirmed by a correlation analysis. We found a strong correlation between BLEU and NIST, as expected,
but, more interestingly, we also found that both correlate significantly and
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Word Sub
PBMT-R
Human

fluency

4

3.5

3

2.5

1

2

3

4

5

LevenshteinDistance
4

adequacy

3.5

3

2.5

2
1

2

3

4

5

LevenshteinDistance
Figure 2.3: Fluency scores (top) and adequacy scores (bottom) per system as a function of Levenshtein Distance

positive with fluency (r = .10 for BLEU, and r = .06 for NIST, both p < .001)
and adequacy (r = .12 for BLEU, and r = .13 for NIST, both p < .001).
Table 2.3 lists a breakdown of the paraphrasing operations the PBMT-R
approach has performed. The number indicates the percentage of generated
headlines out of a sample of 160 English generated headlines that contain
one of the specified edit operations. Phrase replacements should be interpreted as a replacement involving multi-word phrases. Sentence rewriting
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Figure 2.4: BLEU scores (top) and NIST scores (bottom) per system as a function of
Levenshtein Distance

means that the sentence is fundamentally changed in its entirety, for instance
changing from passive to active and vice versa. We observe that even though
the PBMT-R system is capable of manipulating multi-word phrases, the most
frequent change is still single word replacement, and a majority of changes
involve single word edits (replacements, insertions, or deletions). Yet, a substantial number of changes made by the PBMT-R system involve more complex phrasal manipulations and re-orderings. Examples of generated English
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Figure 2.5: BLEU scores (top) and NIST scores (bottom) per language as a function
of system

headlines are displayed in Table 2.5. The top three examples indicate headlines where the PBMT-R output received high scores and the baseline output
received low scores, while the bottom three examples show headlines where
the baseline found a better paraphrase than the PBMT-R system. In general the PBMT-R scores well when it finds correct phrase replacements and
re-orderings, and the baseline scores badly when it substitutes words with
irrelevant synonyms, or when it tries to substitute proper nouns that also
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exist as common nouns ("John" and "Hunter" in the third example). Some
interesting errors can be observed in the bottom three examples. Here, the
PBMT-R system makes different kinds of errors: in the fourth example the
output is ungrammatical ("to makes" ), in the fifth example we observe an
erroneous re-ordering ("White Carlina") and insertion "1987 years", and in
the last example the PBMT-R system makes an error in content, replacing
"fourth" with "third".
2.5

conclusion and discussion

In this chapter we have presented a method to build a corpus of aligned
sentential paraphrases. We have created this corpus by crawling a news aggregator site (in our case Google News) and aligning these headlines based
on overlap. We used a standard PBMT framework with a dissimilarity component to generate the output paraphrases for two languages, English and
Dutch, and compared this approach to a word substitution baseline.
In general, we found that the PBMT-R system outperforms the word substitution system on all dimensions of evaluation: it always succeeds in generating a paraphrase, while the baseline system fails to do so on 12% (English)
to 21% (Dutch) of the source sentences. If we concentrate on the cases where
the baseline system succeeds in generating a paraphrase, we find that the
PBMT-R paraphrases are on average more dissimilar to the source sentences,
as shown by their higher average Levenshtein distance. The human evaluators rated the output of the PBMT-R system higher than that of the baseline
system, both in terms of adequacy and fluency. The human judgements show
that while the performance of the baseline system drops substantially with
higher Levenshtein distances, the PBMT-R system shows a less steep decline
on both dimensions of evaluation. The automatic evaluation metrics (BLEU
and NIST) reveal a similar pattern.
Even though the general picture is remarkably consistent, a number of
language effects are found. In particular, we can see that the word substitution baseline for English performs better than for Dutch (both according to
the human judges, and in terms of the automatic metrics). This is not unexpected since the English semantic lexical resource has a higher coverage
than its Dutch counterpart (which is also reflected by the higher percentage
of cases in which the baseline system fails to generate a paraphrase), and
that the language model for English may be better than that for Dutch as it
is trained on more headline data. We would like to stress that the word substitution baseline is an informed baseline, which is nevertheless improved
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upon by the PBMT-R system. At the same time, the scores for human reference paraphrases reveal that there is still substantial room for improvement.
The use of a PBMT framework combined with the exploitation of crawled
corpora of aligned headlines is a feasible strategy; human judges preferred
the output of our PBMT-R system over the output of the word substitution
system. However, it should be noted that the fluency of the PBMT-R system
output is still very much below the fluency of human produced headlines.
We have also addressed the problem of automatic paraphrase evaluation. We
measured BLEU and NIST scores, and observed that these automatic scores
correlate with human judgements to some degree. Overall they show the
same picture: the selected human paraphrase scores best, followed by the
PBMT-R system and the word substitution baseline comes in last. Because
standard MT metrics such as BLEU and NIST do not take into account the
notion of dissimilarity, these scores tend be high when few edits are made
and drop as the paraphrases deviate more from the source sentence. When
edit distance is considered, the decline of the scores of different systems can
be compared.
We feel that our approach of using a corpus of crawled and aligned headlines together with an off-the-shelf PBMT package, modified to re-rank on
dissimilarity (PBMT-R), is an important contribution in paraphrase research,
as it allows the research to extend beyond English. We note that automatic
evaluation of sentential paraphrase generation is a very important problem.
Not only should a generated paraphrase be judged by its semantic similarity to the input sentence (adequacy), but also on its fluency, and it should
obey the constraint that it be structurally different from the input sentence.
The interactions between adequacy, fluency, and structural dissimilarity deserve more research. It might be feasible to modify MT evaluation metrics
to automatically evaluate generated paraphrastic sentences.
It is worth noting that headlines sometimes use a particular kind of language. This “headlinese” is often shorter than regular language, apparent in
its syntax where for instance articles or verbs can be omitted. In certain contexts headlines can contain puns or jokes which might also translate badly
in other context. Despite the current bias to the headline genre, we believe
the results show that an advantage of our approach is that it is able to paraphrase entire sentences: it paraphrases those parts of sentences that it can
paraphrase, and leaves other parts intact, such as parts it has not encountered before. This is different from bilingual translation, where all material
needs to be translated, even when some of the input is unknown. In this
sense, paraphrasing as monolingual machine translation is an easier task
than multilingual translation, and our results indicate that our system indeed performs reasonably well. However, it can also be argued that para-
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phrasing has a harder aspect: in multilingual translation, all we need to do
is to find a valid translation. In paraphrasing, we need to find a valid translation and this translation needs to be sufficiently different from the source
sentence.
Our system, trained on the corpus of crawled and aligned headlines, may
be usable in other domains and genres as well; it may be possible to train a
language model on text from the new domain, and use the translation model
acquired from the headlines to generate paraphrases for the new domain.
We are also interested in capturing other monolingual text-to-text data, such
as simplification or compression data, but acquiring monolingual parallel
corpora for different domains is no trivial task.

3
S E N T E N C E S I M P L I F I C AT I O N

In this chapter we describe a method for simplifying sentences using Phrasebased machine translation (PBMT), augmented with a re-ranking heuristic
based on dissimilarity (PBMT-R), and trained on a monolingual parallel corpus. We compare our system to a word-substitution baseline and two stateof-the-art systems, all trained and tested on paired sentences from the English part of Wikipedia and Simple Wikipedia. Human test subjects judge
the output of the different systems. Analysis of the judgements shows that
by relatively careful phrase-based paraphrasing our model achieves similar simplification results to state-of-the-art systems, while generating better
formed output. We also argue that text readability metrics such as the FleschKincaid grade level should be used with caution when evaluating the output
of simplification systems.

this chapter is based on: Wubben, S., van den Bosch, A.P.J., & Krahmer, E.J. (2012). Sentence simplification by monolingual machine translation , Proceedings of the 50th Annual Meeting of the Association for Computational
Linguistics (pp. 1015-1024). Jeju, Republic of Korea: Association for Computational Linguistics
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3.1

introduction

Sentence simplification can be defined as the process of producing a simplified version of a sentence by changing some of the lexical material and
optionally the grammatical structure of that sentence, while still preserving the semantic content of the original sentence, in order to ease its understanding. Language learners (Siddharthan, 2002), people with reading
disabilities (Inui et al., 2003) such as aphasia (Carroll et al., 1999), and lowliteracy readers (Watanabe et al., 2009) could especially benefit from this
application. It can serve to generate output in a specific limited format, such
as subtitles (Daelemans et al., 2004). Sentence simplification can also serve
to preprocess the input of other tasks, such as summarization (Knight and
Marcu, 2000), parsing, machine translation (Chandrasekar et al., 1996), semantic role labeling (Vickrey and Koller, 2008) or sentence fusion (Filippova
and Strube, 2008).
The main goal of simplification is to make texts more accessible, for instance for low literacy readers. Some of the factors that are known to help
this process are the vocabulary used, the length of the sentences, the syntactic structures present in the text, and the usage of discourse markers. One
effort to create a simple version of English at the vocabulary level was the
creation of Basic English by Charles Kay Ogden (Ogden and Graham, 1935).
Basic English is a controlled language with a basic vocabulary consisting of
850 words. According to Ogden, 90 percent of all dictionary entries can be
paraphrased using these 850 words. An example of a resource that is written using mainly Basic English is the English Simple Wikipedia. Articles in
English Simple Wikipedia are similar to articles found in the traditional English Wikipedia, but written using a limited vocabulary (using Basic English
where possible). Examples of sentences from normal English Wikipedia and
Simple English Wikipedia are displayed in Table 3.1. Generally, the structure of the sentences in English Simple Wikipedia is less complicated and
the sentences are somewhat shorter than those found in English Wikipedia.
We offer more detailed statistics below.
3.1.1

Related work

Most earlier work on sentence simplification adopted rule-based approaches.
A frequently applied type of rule, aimed to reduce overall sentence length,
splits long sentences on the basis of syntactic information (Chandrasekar
and Srinivas, 1997; Carroll et al., 1998; Canning et al., 2000; Vickrey and
Koller, 2008). Siddharthan (2011) investigate regeneration from typed de-
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pendencies for sentence simplification. There has also been work on lexical
substitution for simplification, where the aim is to substitute difficult words
with simpler synonyms, derived from WordNet or dictionaries (Inui et al.,
2003). Another venue of research on text simplification is question generation (Heilman and Smith, 2010).
Zhu et al. (2010) examine the use of paired documents in English Wikipedia
and Simple Wikipedia for a data-driven approach to the sentence simplification task. They propose a probabilistic, syntax-based machine translation
approach to the problem and compare against a baseline of no simplification
and a phrase-based machine translation approach. In a similar vein, Coster
and Kauchak (2011) use a parallel corpus of paired documents from Simple
Wikipedia and Wikipedia to train a phrase-based machine translation model
coupled with a deletion model. Another useful resource is the edit history of
Simple Wikipedia, from which simplifications can be learned (Yatskar et al.,
2010). Woodsend and Lapata (2011) investigate the use of Simple Wikipedia
edit histories and an aligned Wikipedia–Simple Wikipedia corpus to induce
a model based on quasi-synchronous grammar. They select the most appropriate simplification by using integer linear programming.
English Wikipedia:

Blade Runner initially polarized critics: some were
displeased with the pacing, while others enjoyed its
thematic complexity. The film performed poorly in
North American theaters but has since become a cult
film. The film has been hailed for its production design, depicting a "retrofitted" future, and remains a
leading example of the neo-noir genre.

Simple Wikipedia:

Some movie critics did not like Blade Runner because they thought it was slow, but others liked its
many ideas. The movie did not sell many tickets in
North American movie theaters but was more popular in other countries. Even though it did not make
much money, it was liked very much by teachers and
science fiction fans. Blade Runner looked good and
made the future look very dark and old.

Table 3.1: Example sentences from articles from normal English Wikipedia and Simple English Wikipedia.

We follow Zhu et al. (2010) and Coster and Kauchak (2011) in proposing
that sentence simplification can be approached as a monolingual machine
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translation task, where the source and target languages are the same and
where the output should be simpler in form than the input but similar in
meaning. Generated output should be well formed. This means the output
sentences should be fluent and still similar in meaning as the input sentences.
We differ from the approach of Zhu et al. (2010) in the sense that we do not
take syntactic information into account; we rely on PBMT to do its work and
implicitly learn simplifying paraphrasings of phrases. Our approach differs
from Coster and Kauchak (2011) in the sense that instead of focusing on
deletion in the PBMT decoding stage, we focus on dissimilarity, as simplification does not necessarily imply shortening (Woodsend and Lapata, 2011),
or as the Simple Wikipedia guidelines state, “simpler does not mean short”1 .
Table 3.2 shows the average sentence length and the average word length
for Wikipedia and Simple Wikipedia sentences in the PWKP dataset used
in this study (Zhu et al., 2010). These numbers suggest that, although the
selection criteria for sentences to be included in this dataset are biased (see
Section 2.2), Simple Wikipedia sentences are about 17% shorter, while the
average word length is virtually equal.
source

sent. length

token length

Simple Wikipedia

20.87

4.89

Wikipedia

25.01

5.06

Table 3.2: Average sentence and token length statistics for the PWKP dataset (Zhu
et al., 2010).

Statistical machine translation (SMT) has already been successfully applied to the related task of paraphrasing (Quirk et al., 2004; Bannard and
Burch, 2005; Madnani et al., 2007; Callison-Burch, 2008; Zhao et al., 2009;
Wubben et al., 2010). SMT typically makes use of large parallel corpora to
train a model on. These corpora need to be aligned at the sentence level.
Large parallel corpora, such as the multilingual proceedings of the European
Parliament (Europarl), are readily available for many languages. PhraseBased Machine Translation (PBMT) is a form of SMT where the translation
model aims to translate longer sequences of words (“phrases”) in one go,
solving part of the word ordering problem along the way that would be left
to the target language model in a word-based SMT system. PMBT operates
purely on statistics and no linguistic knowledge is involved in the process:
the phrases that are aligned are motivated statistically, rather than linguistically. This makes PBMT adaptable to any language pair for which there
1 http://simple.wikipedia.org/wiki/Main_Page/Introduction

3.2 sentence simplification models

is a parallel corpus available. The PBMT model makes use of a translation
model, derived from the parallel corpus, and a language model, derived
from a monolingual corpus in the target language. The language model is
typically an n-gram model with smoothing. For any given input sentence,
a search is carried out producing an n-best list of candidate translations,
ranked by the decoder score, a complex scoring function including likelihood scores from the translation model, and the target language model. In
principle, all of this should be transportable to a data-driven machine translation account of sentence simplification, provided that a parallel corpus is
available that pairs text to simplified versions of that text.
3.1.2

This study

In this chapter we investigate the use of phrase-based machine translation
modified with a dissimilarity component for the task of sentence simplification. While Zhu et al. (2010) have demonstrated that their approach outperforms a PBMT approach in terms of Flesch Reading Ease test scores, we are
not aware of any studies that evaluate PBMT for sentence simplification with
human judgements. In this study we evaluate the output of Zhu et al. (2010)
(henceforth referred to as ‘Zhu’), Woodsend and Lapata (2011) (henceforth
referred to as ‘RevILP’), our PBMT based system with dissimilarity-based reranking (henceforth referred to as ‘PBMT-R’), a word-substitution baseline,
and, as a gold standard, the original Simple Wikipedia sentences. We will
first discuss the baseline, followed by the Zhu system, the RevILP system,
and our PBMT-R system in Section 3.2. We then describe the experiment
with human judges in Section 3.3, and its results in Section 3.4. We close this
chapter by critically discussing our results in Section 4.5.
3.2
3.2.1

sentence simplification models
Word-substitution baseline

The word substitution baseline replaces words in the source sentence with
(near-)synonyms that are more likely according to a language model. For
each noun, adjective and verb in the sentence this model takes that word
and its part-of-speech tag and retrieves from WordNet all synonyms from
all synsets the word occurs in. The word is then replaced by all of its synset
words, and each replacement is scored by a SRILM language model (Stolcke, 2002) with probabilities that are obtained from training on the Simple
Wikipedia data. The alternative that has the highest probability according to
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the language model is kept. If no relevant alternative is found, the word is
left unchanged. We use the Memory-Based Tagger (Daelemans et al., 1996)
trained on the Brown corpus to compute the part-of-speech tags. The WordNet::QueryData2 Perl module is used to query WordNet (Fellbaum, 1998).
3.2.2

Zhu et al.

Zhu et al. (2010) learn a sentence simplification model which is able to
perform four rewrite operations on the parse trees of the input sentences,
namely substitution, reordering, splitting, and deletion. Their model is inspired by syntax-based SMT (Yamada and Knight, 2001) and consists of a language model, a translation model and a decoder. The four mentioned simplification operations together form the translation model. They use an expectation maximization (EM) algorithm to train the model iteratively. Their decoder greedily generates simplifications with the help of a language model.
It is trained on a corpus containing aligned sentences from English Wikipedia
and English Simple Wikipedia called PWKP. The PWKP dataset consists of
108,016 pairs of aligned lines from 65,133 Wikipedia and Simple Wikipedia
articles. These articles were paired by following the “interlanguage link”3 .
TF*IDF at the sentence level was used to align the sentences in the different
articles (Nelken and Shieber, 2006).
Zhu et al. (2010) evaluate their system using BLEU and NIST scores, as
well as various readability scores that only take into account the output sentence, such as the Flesch Reading Ease test and n-gram language model perplexity. Although their system outperforms several baselines at the level of
these readability metrics, they do not achieve better scores when evaluated
with BLEU or NIST.
3.2.3

RevILP

Woodsend and Lapata (2011)’s model is based on quasi-synchronous grammar (Smith and Eisner, 2006). Quasi-synchronous grammar generates a loose
alignment between parse trees. It operates on individual sentences annotated with syntactic information in the form of phrase structure trees, which
Woodsend and Lapata obtain from parsing with the Stanford parser. Quasisynchronous grammar is used to generate all possible rewrite operations.
Each QG rule describes the transformations necessary to morph a source
subtree into a target subtree. This allows child nodes to be deleted, re2 http://search.cpan.org/dist/WordNet-QueryData/QueryData.pm
3 http://en.wikipedia.org/wiki/Help:Interlanguage_links
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ordered or flattened. Additionally, extra operations are allowed, such as the
introduction of punctuation. Sentence simplification rules are then learned
from the aligned sub-trees. Sentence splitting rules are learned from alignments where one source sentence is aligned to two target sentences. Their
strategy is to identify a node in the source sentence that contributes to both
target sentences. One is then dubbed the main sentence and the other the
auxiliary sentence. The resulting QG rule is a tuple aligning the source node
with a target node in the main sentence, and the entire structure of the auxiliary sentence.
After alignment, the next step is then to employ integer linear programming to generate and select the most appropriate simplification. This process
starts at the root node of the parse tree, and applies QG rules to subtrees
until the leaf nodes are reached. Woodsend and Lapata train two models:
one model is trained on data containing alignments between Wikipedia and
English Simple Wikipedia (AlignILP), and the other model is trained on
data containing alignments between edits in the revision history of Simple
Wikipedia (RevILP). RevILP performs best according to the human judgements conducted in their study. They show that it achieves better scores
than Zhu et al. (2010)’s system and is not scored significantly differently
from English Simple Wikipedia. In this study we compare our approach to
their best performing model, the RevILP model.
3.2.4

PBMT-R

We use the Moses software to train a PBMT model (Koehn et al., 2007). The
data we use is the PWKP dataset created by Zhu et al. (2010). In general, a
statistical machine translation model finds a best translation Ẽ of a sentence
in one language F to a sentence in another language E by combining a translation model that finds the most likely translation P(F|E) with a language
model that outputs the most likely sentence P(E):
Ẽ = arg max∗ P(F|E)P(E)
E∈E

In phrase-based machine translation the sentence F is segmented into a
sequence of I phrases during decoding. Each phrase is then translated into
a phrase to form sentence E. Phrases may be reordered. This is described in
more detail in Chapter 1.
The GIZA++ statistical alignment package is used to perform the word
alignments, which are later combined into phrase alignments in the Moses
pipeline (Och and Ney, 2003) to build the sentence simplification model.
GIZA++ utilizes IBM Models 1 to 5 and an HMM word alignment model to
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Figure 3.1: Levenshtein distance and Flesch-Kincaid score of output when varying
the n of the n-best output of Moses.

find statistically motivated alignments between words. We first tokenize and
lowercase all data and use all unique sentences from the Simple Wikipedia
part of the PWKP training set to train an n-gram language model with the
SRILM toolkit to learn the probabilities of different n-grams. Then we invoke
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the GIZA++ aligner using the training simplification pairs. We run GIZA++
with standard settings and we perform no optimization. This results in a
phrase table containing phrase pairs from Wikipedia and Simple Wikipedia
and their conditional probabilities as assigned by Moses. Finally, we use the
Moses decoder to generate simplifications for the sentences in the test set.
For each sentence we let the system generate the ten best distinct solutions
(or less, if fewer than ten solutions are generated) as ranked by Moses.
Arguably, dissimilarity is a key factor in simplification (and in paraphrasing in general). As output we would like to be able to select fluent sentences
that adequately convey the meaning of the original input, yet that contain
differences that operationalize the intended simplification. When training
our PBMT system on the PWKP data we may assume that the system learns
to simplify automatically, yet there is no aspect of the decoder function in
Moses that is sensitive to the fact that it should try to be different from the
input – Moses may well translate input to unchanged output, as much of
our training data consists of partially equal input and output strings.
To expand the functionality of Moses in the intended direction we perform post-hoc re-ranking on the output based on dissimilarity to the input.
We do this to select output that is as different as possible from the source
sentence, so that it ideally contains multiple simplifications; at the same time,
we base our re-ranking on a top-n of output candidates according to Moses,
with a small n, to ensure that the quality of the output in terms of fluency
and adequacy is also controlled for. Setting n = 10, for each source sentence
we re-rank the ten best sentences as scored by the decoder according to the
Levenshtein Distance (or edit distance) measure (Levenshtein, 1966) at the
word level between the input and output sentence, counting the minimum
number of edits needed to transform the source string into the target string,
where the allowable edit operations are insertion, deletion, and substitution
of a single word. In case of a tie in Levenshtein Distance, we select the sequence with the better decoder score. When Moses is unable to generate
ten different sentences, we select from the lower number of outputs. Figure 3.1 displays Levenshtein Distance and Flesch-Kincaid grade level scores
for different values of n. We use the Lingua::EN::Fathom module4 to calculate Flesch-Kincaid grade level scores. The Flesch-Kincaid grade level score
indicates the readability of a text and is defined as follows:

FKgradelevel = 206.835 − 1.015

total words
total sentences




− 84.6

total syllables
total words

4 http://http://search.cpan.org/~kimryan/Lingua-EN-Fathom-1.15/lib/Lingua/EN/
Fathom.pm
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Figure 3.1 shows that the readability score stays more or less the same,
indicating no relation between n and readability. The average edit distance
starts out at just above 2 when selecting the 1-best output string, and increases roughly until n = 10.
3.2.5

Descriptive statistics

Table 3.3 displays the average edit distance and the percentage of cases in
which no edits were performed for each of the systems and for Simple
Wikipedia. We see that the Levenshtein distance between Wikipedia and
Simple Wikipedia is the most substantial with an average of 12.3 edits. Given
that the average number of tokens is about 25 for Wikipedia and 21 for Simple Wikipedia (cf. Table 3.2), these numbers indicate that the changes in Simple Wikipedia go substantially beyond the average four-word length difference. On average, eight more words are interchanged for other words. About
half of the original tokens in the source sentence do not return in the output.
Of the three simplification systems, the Zhu system (7.95) and the RevILP
(7.18) attain similar edit distances, less substantial than the edits in Simple
Wikipedia, but still considerable compared to the baseline word-substitution
system (4.26) and PBMT-R (3.08). Our system is clearly conservative in its
edits.
system

LD

perc. no edits

Simple Wikipedia

12.30

3

Word Sub

4.26

0

Zhu

7.95

2

RevILP

7.18

22

PBMT-R

3.08

5

Table 3.3: Levenshtein Distance and percentage of unaltered output sentences.

On the other hand, we observe some differences in the percentage of cases
in which the systems decide to produce a sentence identical to the input. In
22 percent of the cases the RevILP system does not alter the sentence. The
other systems make this decision about as often as the gold standard, Simple Wikipedia, where only 3% of sentences remain unchanged. The wordsubstitution baseline always manages to make at least one change.

3.3 evaluation

3.3
3.3.1

evaluation
Participants

Participants were 46 students of Tilburg University, who participated for partial course credits. All were native speakers of Dutch, and all were proficient
in English, having taken a course on Academic English at University level.
3.3.2

Materials

We use the test set used by Zhu et al. (2010) and Woodsend and Lapata
(2011). This test set consists of 100 sentences from articles found in English
Wikipedia, paired with sentences from corresponding articles in English Simple Wikipedia. We selected only those sentences where every system would
perform minimally one edit, because we only want to compare the different systems when they actually generate altered, assumedly simplified output. From this subset we randomly pick 20 source sentences, resulting in 20
clusters of one source sentence and 5 simplified sentences, as generated by
humans (Simple Wikipedia) and the four systems.
3.3.3

Procedure

The participants were told that they participated in the evaluation of a system that could simplify sentences, and that they would see one source sentence and five automatically simplified versions of that sentence. They were
not informed of the fact that we evaluated in fact four different systems and
the original Simple Wikipedia sentence. Following earlier evaluation studies (Doddington, 2002; Woodsend and Lapata, 2011), we asked participants
to evaluate simplicity, fluency and adequacy of the target headlines on a
five point Likert scale. Fluency was defined in the instructions as the extent
to which a sentence is proper, grammatical English. Adequacy was defined
as the extent to which the sentence has the same meaning as the source
sentence. Simplicity was defined as the extent to which the sentence was
simpler than the original and thus easier to understand. The order in which
the clusters had to be judged was randomized and the order of the output
of the various systems was randomized as well.
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3.3.4

Automatic measures

The results of the automatic measures are displayed in Table 3.4. In terms
of the Flesch-Kincaid grade level score, where lower scores are better, the
Zhu system scores best, with 7.86 even lower than Simple Wikipedia (8.57).
Increasingly poor Flesch-Kincaid scores are produced by RevILP (8.61) and
PBMT-R (13.38), while the word substitution baseline scores worst (14.64).
With regard to the BLEU score, where Simple Wikipedia is the reference,
the PBMT-R system scores highest with 0.43, followed by the RevILP system (0.42) and the Zhu system (0.38). The word substitution baseline scores
lowest with a BLEU score of 0.34.
system

Flesch-Kincaid

BLEU

8.57

1

14.64

0.34

Zhu

7.86

0.38

RevILP

8.61

0.42

PBMT-R

13.38

0.43

Simple Wikipedia
Word Sub

Table 3.4: Flesch-Kincaid grade level and BLEU scores

3.4

results

system

overall

fluency

adequacy

simplicity

Simple Wikipedia

3.46 (0.39)

3.84 (0.46)

2.91 (0.32)

3.68 (0.39)

Word Sub

3.39 (0.43)

3.86 (0.49)

3.58 (0.35)

2.42 (0.48)

Zhu

2.78 (0.45)

2.59 (0.48)

2.82 (0.37)

2.93 (0.50)

RevILP

3.13 (0.36)

3.18 (0.45)

3.28 (0.32)

2.96 (0.39)

PBMT-R

3.47 (0.46)

3.83 (0.49)

3.71 (0.44)

2.88 (0.46)

Table 3.5: Mean scores assigned by human subjects, with the standard deviation
between brackets

3.4 results

3.4.1

Human judgements

To test for significance we ran repeated measures analyses of variance with
system (Simple Wikipedia, PBMT-R, Zhu, RevILP, word-substitution baseline) as the independent variable, and the three individual metrics as well as
their combined mean as the dependent variables. Mauchly‘s test for sphericity was used to test for homogeneity of variance, and when this test was
significant we applied a Greenhouse-Geisser correction on the degrees of
freedom (for the purpose of readability we report the normal degrees of
freedom in these cases). Planned pairwise comparisons were made with the
Bonferroni method. Table 3.5 displays these results.
First, we consider the 3 metrics in isolation, beginning with fluency. We
find that participants rated the fluency of the simplified sentences from
the four systems and Simple Wikipedia differently, F(4, 180) = 178.436, p <
.001, η2p = .799. The word-substitution baseline, Simple Wikipedia and PBMTR receive the highest scores (3.86, 3.84 and 3.83 respectively) and do not
achieve significantly different scores on this dimension. All other pairwise
comparisons are significant at p < .001. RevILP attains a score of 3.18, while
the Zhu system achieves the lowest mean judgement score of 2.59.
Participants also rated the systems significantly differently on the adequacy scale, F(4, 180) = 116.509, p < .001, η2p = .721. PBMT-R scores highest (3.71), followed by the word-substitution baseline (3.58), RevILP (3.28),
and then by Simple Wikipedia (2.91) and the Zhu system (2.82). Simple
Wikipedia and the Zhu system do not differ significantly, and all other
pairwise comparisons are significant at p < .001. The low score of Simple
Wikipedia indicates indirectly that the human editors of Simple Wikipedia
texts often choose to deviate quite markedly from the meaning of the original text.
Key to the task of simplification are the human judgements of simplicity.
Participants rated the simplicity of the output from the four systems and
Simple Wikipedia differently, F(4, 180) = 74.959, p < .001, η2p = .625. Simple
Wikipedia scores highest (3.68) and the word substitution baseline scores
lowest (2.42). Between them are the RevILP (2.96), Zhu (2.93) and PBMT-R
(2.88) systems, which do not score significantly differently from each other.
All other pairwise comparisons are significant at p < .001.
Finally we report on a combined score created by averaging over the fluency, adequacy and simplicity scores. In this way we get one score for each
system indicating the quality of its output. Inspection of this score, displayed
in the leftmost column of Table 3.5, reveals that the PBMT-R system and
Simple Wikipedia score best (3.47 and 3.46 respectively), followed by the
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Wikipedia

the judge ordered that chapman should receive psychiatric
treatment in prison and sentenced him to twenty years to
life , slightly less than the maximum possible of twenty-five
years to life .

Simple
Wikipedia

he was sentenced to twenty-five years to life in prison in
1981 .

Wordthe judge ordered that chapman should have psychiatric
substitution treatment in prison and sentenced him to twenty years to
baseline
life , slightly less than the maximum possible of twenty-five
years to life .
Zhu

the judge ordered that chapman should get psychiatric
treatment . in prison and sentenced him to twenty years
to life , less maximum possible of twenty-five years to life .

RevILP

the judge ordered that chapman should will get psychiatric
treatment in prison . he sentenced him to twenty years to
life to life .

PBMT-R

the judge ordered that chapman should get psychiatric
treatment in prison and sentenced him to twenty years to
life , a little bit less than the highest possible to twenty-five
years to life .

Wikipedia

this array distributes data across multiple disks , but the
array is seen by the computer user and operating system
as one single disk .

Simple
Wikipedia

the user will only see the logical disk.the operating system
will not see the raid , it will see a single disk .

Wordthis table distributes data across more disks , but the array
substitution is seen by the user and computer operating system as a
baseline
single disk .
Zhu

this array sells data across multiple disks but the array is
seen . the computer user and operating as one disk .

RevILP

this array distributes data across many disks . the array is
seen by the computer user and operating system as one
single disk .

PBMT-R

this array distributes data across multiple disks , but the
array is seen by the computer user and operating system
as one single record .
Table 3.6: Example output of the simplification systems

3.5 discussion

word substitution baseline (3.39), which in turn scores higher than RevILP
(3.13) and the Zhu system (2.78). We find that participants rated the systems
significantly differently overall, F(4, 180) = 98.880, p < .001, η2p = .687. All
pairwise comparisons were statistically significant (p < .01), except the one
between the PBMT-R system and Simple Wikipedia.
3.4.2

Correlations

Table 3.7 displays the correlations between the scores assigned by humans
(fluency, adequacy and simplicity) and the automatic metrics (Flesch-Kincaid
and BLEU). We see a significant correlation between fluency and adequacy
(0.45), as well as between fluency and simplicity (0.24). There is a negative
significant correlation between Flesch-Kincaid scores and simplicity (-0.45)
while there is a positive significant correlation between Flesch-Kincaid and
adequacy and fluency. The significant correlations between BLEU and simplicity (0.42) and fluency (0.26) are both in the positive direction. There is no
significant correlation between BLEU and adequacy, indicating BLEU’s relative weakness in assessing the semantic overlap between input and output.
BLEU and Flesch-Kincaid do not show a significant correlation.
3.5

discussion

fluency
adequacy
simplicity
Flesch-Kincaid

adequacy

simplicity

Flesch-Kincaid

BLEU

0.45**

0.24*

0.42**

0.26**

-0.19

0.40**

-0.14

-0.45**

0.42**
-0.11

Table 3.7: Pearson correlation between the different dimensions as assigned by humans and the automatic metrics. Scores marked * are significant at p < .05
and scores marked ** are significant at p < .01

We conclude that a phrase-based machine translation system with added
dissimilarity-based re-ranking of the best ten output sentences can successfully be used to perform sentence simplification. Even though the system
merely performs phrase-based machine translation and is not specifically
geared towards simplification were it not for the dissimilarity-based re-ranking
of the output, it performs not significantly differently from state-of-the-art
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sentence simplification systems in terms of human-judged simplification. In
terms of fluency and adequacy our system is judged to perform significantly
better. From the relatively low average numbers of edits made by our system we can conclude that our system performs relatively small numbers
of changes to the input, that still constitute sensible simplifications. It does
not split sentences (which the Zhu and RevILP systems regularly do); it
only rephrases phrases. Yet, it does this better than a word-substitution baseline, which can also be considered a conservative approach; this is reflected
in the baseline’s high fluency score (roughly equal to PBMT-R and Simple
Wikipedia) and adequacy score (only slightly worse than PBMT-R).
The output of all systems, the original and the simplified version of an example sentence from the PWKP dataset is displayed in Table 3.6. The Simple
Wikipedia sentences illustrate that significant portions of the original sentences may be dropped, and parts of the semantics of the original sentence
discarded. We also see the Zhu and RevILP systems resorting to splitting the
original sentence in two, leading to better Flesch-Kincaid scores. The wordsubstitution baseline changes ‘receive’ in ‘have’, while the PBMT-R system
changes the same ‘receive’ in ’get’, ‘slightly’ to ‘a little bit’, and ‘maximum’
to ‘highest’.
In terms of automatic measures we see that the Zhu system scores particularly well on the Flesch-Kincaid metric, while the RevILP system and
our PBMT-R system achieve the highest BLEU scores. We believe that for
the evaluation of sentence simplification, BLEU is a more appropriate metric than Flesch-Kincaid or a similar readability metric, although it should
be noted that BLEU was found only to correlate significantly with fluency,
not with adequacy. While BLEU and NIST may be used with this in mind,
readability metrics should be avoided altogether in our view. Where machine translation evaluation metrics such as BLEU take into account gold
references, readability metrics only take into account characteristics of the
sentence such as word length and sentence length, and ignore grammaticality or the semantic adequacy of the content of the output sentence, which
BLEU is aimed to implicitly approximate by measuring overlap in n-grams.
Arguably, readability metrics are best suited to be applied to texts that can
be considered grammatical and meaningful, which is not necessarily true for
the output of simplification algorithms. A disruptive example that would illustrate this point would be a system that would randomly split original
sentences in two or more sequences, achieving considerably lower FleschKincaid scores, yet damaging the grammaticality and semantic coherence of
the original text, as is evidenced by the negative correlation for simplicity
and positive correlations for fluency and adequacy in Table 3.7.

3.5 discussion

A valuable modification to the system would be a boost in the number of
edits the system performs, while still producing grammatical and meaningpreserving output. Although the comparison against the Zhu system, which
uses syntax-driven machine translation, shows no clear benefit for syntaxbased machine translation, it may still be the case that approaches such
as Hiero (Chiang et al., 2005) and Joshua (Li et al., 2009), enhanced by
dissimilarity-based re-ranking, would improve over our current system. Furthermore, typical simplification operations such as sentence splitting and
more radical syntax alterations or even document-level operations such as
manipulations of the co-reference structure would be interesting to implement and test.
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SENTENCE COMPRESSION

In this chapter we will discuss the task of sentence compression. We will
present a memory-based approach that can perform compression by deletion (extractive compression) and a hybrid model that makes use of phrasebased machine translation that in addition to deletions can also perform
compressions by paraphrasing longer source phrases into shorter target phrases (abstractive compression). Because no sufficiently large abstractive compression corpora exist, we train the phrase-based machine translation component of the hybrid model on simplification data. We will describe the
extractive and abstractive systems and let human judges evaluate the output of these systems. Although in general we expect humans to evaluate
abstractive compression more positive than extractive compression, abstractive compression is a task that is considerably more difficult than extractive
compression, and there is no abstractive data available. We therefore expect
the extractive approach to be a strong approach.
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4.1

introduction

Sentence compression can be defined as the task of producing a summary of
a single sentence, with the goal of reducing the length of that sentence. The
shortened version of the sentence should still be grammatical and retain the
most important information contained in the source sentence. Consider the
following sentences:
(4.1) “ I can not guarantee that there will be no more coup attempts , ” said
the armed forces spokesman , Brigadier-General Oscar Florendo .
(4.2) “ I can not guarantee that there will be no more coup attempts , ” said
the armed forces spokesman .
(4.3) The armed forces spokesman could not guarantee there will be no
more coup attempts .
Here, sentence (4.1) is an original, uncompressed sentence. Sentences (4.2)
and (4.3) are two human generated compressions, obtained by using different strategies. In (4.2), words from the original sentence have been deleted to
create the compressed sentence. In (4.3), in addition to the deletion of words,
phrases from the original sentence have been paraphrased into shorter phrases
to create an even shorter sentence. In this chapter we explore automatic techniques for sentence compression, which utilize the strategies displayed in
(4.2) and (4.3).
The task of sentence compression is quite similar to the task of summarization, albeit scaled down to the sentence level as opposed to the document
level (Knight and Marcu, 2002). Sentence compression is also a crucial part
of summarization: after the relevant sentences from the document are selected to form the summary, redundant information from these sentences
can be removed by using sentence compression to further reduce the length
of the summary (Lin, 2003; Jing and McKeown, 2000). Other examples of
applications of automatic sentence compression are subtitle generation from
spoken transcripts (Vandeghinste and Pan, 2004; Daelemans et al., 2004),
and displaying text on devices with small screens such as PDA’s or mobile
phones (Corston-Oliver, 2001).
The development of sentence compression models started in support of
summarization, where a summary was realized by deleting a subset of the
text. This approach generates an extract of the text and is called extractive summarization. Much of the prior work has focused on extractive approaches to sentence compression (Knight and Marcu, 2002). Given a source
sentence containing a set of words, this approach tries to find a subset of
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these words that can be dropped to create a new, shorter sentence that is
still grammatical and contains the most important information. More formally, the aim is to shorten a sentence x = x1 , x2 , ..., xn into a substring
y = y1 , y2 , ..., ym where all words in y also occur in x in the same order and
m < n. Sentence (4.2) is an example. Different techniques have been used
for extractive sentence compression, ranging from the noisy-channel model
(Knight and Marcu, 2002; Turner and Charniak, 2005), large-margin learning
(McDonald, 2006; Cohn and Lapata, 2007) to Integer Linear Programming
(Clarke and Lapata, 2008). (Marsi et al., 2010) characterize these approaches
in terms of two assumptions: (1) only word deletions are allowed and (2) the
word order is fixed. They argue that these constraints rule out more complicated operations such as reordering, substitution and insertion, and reduce
the sentence compression task to a word deletion task. This does not model
human sentence compression accurately, as humans tend to use the more
complicated operations when transforming sentences into a summary (Jing
and McKeown, 2000) as is displayed in example (4.3). This approach is called
abstractive summarization.
In this chapter, we will investigate a memory-based approach to the task
of sentence compression by deletion, and an extension that makes use of
phrase-based machine translation to allow for paraphrasing operations that
shorten the sentence beyond just deletions. We will first describe the memorybased deletion model that can delete phrases to produce shorter sentences.
We then describe the hybrid model that combines the memory-based deletion model with phrase-based machine translation in order to delete phrases,
but also paraphrase parts of the sentence to produce a shorter sentence.
In the hybrid system, the extra compression provided by the paraphrasing
model allows the memory-based deletion model to perform fewer deletions
and yet end up with a similar compression rate as the deletion-only model.
Our hypothesis is that this will result in more natural and structurally better compressions. The paraphrase-based approach has been proven to work
for the related tasks of paraphrasing (Quirk et al., 2004; Zhao et al., 2009;
Wubben et al., 2010) and sentence simplification (Coster and Kauchak, 2011;
Wubben et al., 2012). To test our hypothesis we will evaluate both approaches
by having humans judge the output of both systems at roughly the same
compression rates.
4.1.1

Related work

(Knight and Marcu, 2002) used the Ziff-Davis corpus to extract a selection
of sentences paired with compressions. The Ziff-Davis corpus is a collection
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of news articles about technological products. For each article there is an
abstract. If a sentence from the abstract is a subsequence of words from a
sentence in the article, it is added to the sentence compression collection.
From the collection of over 4,000 articles, Knight and Marcu extract 1067
of these sentence pairs. This low number can be explained by the fact that
many sentences in the abstract do not meet the criteria set by Knight and
Marcu. Parts of the sentences in the articles are often paraphrased to generate the abstract, or sentences are combined to form one sentence in the
abstract. These examples do not fit the definition of sentence compression
as a deletion task and have been left out of their set. In later research, these
non-extractive compressions have also largely been ignored. (Knight and
Marcu, 2002) propose two models to generate a short sentence by deleting a
subset of words: the decision tree model and the noisy channel model, both
based on a synchronous context free grammar. The decision tree model decomposes the rewriting process into a sequence of shift-reduce-drop actions
that lead to deletion. A decision tree is learned this way to incrementally
transform the source tree into the compressed target tree. The noisy channel
model states that a target long sentence T originated from a short source
sentence S and at some point words were added to generate sentence T . The
task is now to find the most likely short sentence S for a given T . This can
be defined as maximizing the following equation:
P(T , S) = P(T )P(T |S)
The probabilities for P(T |S) can be estimated by using the frequencies of
these operations on the parse trees of the sentences in the training data.
Turner and Charniak (2005) and Galley and McKeown (2007) built upon this
model reporting improved results.
McDonald (2006) developed a system using large-margin online learning
combined with a decoding algorithm that searches the compression space
to produce a compressed sentence. He uses a rich feature set of unigrams,
bigrams and part of speech tags in the original sentence and dropped words
and phrases from the original uncompressed sentence, as well as soft syntactic features from the dependency and parse trees of each sentence. Discriminative learning is used to combine the features and weight their contribution
to a successful compression.
Cohn and Lapata (2007) cast the sentence compression problem as a treeto-tree rewriting task. For this task, they train a synchronous tree substitution grammar, which dictates the space of all possible rewrites. By using
discriminative training, a weight is assigned to each grammar rule. These
grammar rules are then used to generate compressions by a decoder. Cohn
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and Lapata achieve state-of-the-art results applying this method to extractive
sentence compression.
One application for which sentence compression has been investigated is
automatic subtitling (Vandeghinste and Pan, 2004). Vandeghinste and Pan
(2004) describe a sentence compression system trained on Dutch transcript subtitle pairs from television programmes. They use tagging, shallow parsing, subordinate clause detection and rules to generate compressions in
Dutch. For each chunk or clause they decide whether to delete it, keep it or
reduce it. Reduction is done by keeping only the head of noun compounds.
In contrast to the large body of work on extractive sentence compression,
work on abstractive sentence compression is relatively sparse. Cohn et al.
(2008) propose an abstractive sentence compression method based on a parse
tree transduction grammar and Integer Linear Programming. To train their
model, they compiled a corpus from 30 newspaper articles from the British
National Corpus (BNC) and the American News Text corpus, containing a
total of 575 sentences. An annotator produced a compression for each sentence. The annotator was instructed to create a compression by using any
rewrite operation: deletion, insertion, reordering or substitution. A transduction grammar is then learned from the pairs of sentences, creating an
extractive model that can transform source sentences into shorter target sentences by deletion. For their abstractive model, the grammar that is extracted
is augmented with paraphrasing rules obtained from a pivoting approach to
a bilingual corpus (Bannard and Burch, 2005). They show that the abstractive model outperforms the extractive model on their dataset. Another paraphrasing approach is the one by Zhao et al. (2009). They use a paraphrase
model inspired by phrase-based machine translation that can be tailored to
perform different tasks. One of these tasks is sentence compression (Zhao
et al., 2009).
4.1.2

This study

In this study we propose a simple memory-based deletion model for sentence compression, which is trained to delete parts of a sentence to produce a
compressed sentence. We compare this approach to a model that combines a
memory-based deletion model with an additional paraphrasing component
to allow for abstractive compression. Our aim is twofold. First, we want
to investigate if it is possible to model the sentence compression task as a
deletion task, where possible deletions are represented by delete operations
on parse trees and stored in memory. Our second aim is to investigate if it
is feasible to improve this extractive method by combining it with a para-
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phrase component which has been shown to be successful in related tasks of
paraphrasing and sentence simplification. Our method is to evaluate the output of the extractive and abstractive model along with a human produced
abstractive compression automatically and by letting human judges judge
the output of the models on two different dimensions. The models are also
evaluated on compression character rate, rather than token compression rate.
Character compression rates are important, because in addition to deleting
tokens we can also compress sentences by paraphrasing longer words into
shorter words, ending up with a shorter sentence in terms of characters, but
not necessarily in terms of tokens. Character counts are also vital to various
applications, such as Twitter, which allows messages of up to 140 characters.
We aim to keep the compression character rates for the different systems
similar, in order to be able to compare the performance of the systems in a
meaningful way (Napoles et al., 2011). The compression rate over characters
is calculated as follows:
CR =

Characterstarget
Characterssource

Because of the versatility of our deletion model, we can adjust the character compression rate as we will demonstrate in the following section where
we discuss the memory-based deletion model. In the subsequent section we
will discuss the hybrid model that combines the deletion based approach
with a monolingual machine translation component. Following that, we will
discuss an experiment conducted with human judges, and we will end the
chapter with a critical discussion of the results.
4.2
4.2.1

sentence compression models
Extractive model

An extractive compression model generates a summary of a sentence by
removing words from the sentence. Consider the following sentences:
(4.4)

1. lebanese parliamentary sessions have to be open to the public .
2. parliamentary sessions have to be open .

The first sentence in this example is the source sentence and the second
sentence is the compression which has been generated by our extractive system by deleting a subset of words in the source sentence. The memory-based
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deletion system creates this extractive summary by removing non-terminal
nodes from the parse tree of the sentence. The system is trained on the manually annotated extractive sentence compression corpus developed by (Clarke
and Lapata, 2008). We use the written part of the corpus, containing pairs
of original and compressed sentences from news articles. The corpus is tokenized and lowercased. Lines consisting of multiple sentences are removed,
because they do not fit in the sentence compression model and cause the
parser to split the line into multiple lines.
Of the 1422 remaining pairs of sentences, the original sentences are then
parsed using the Stanford parser 1 (Klein and Manning, 2003). For each nonterminal node in the parse of the uncompressed sentence, we then check
whether the annotator deleted it to produce the compressed version of the
sentence. Each highest possible node in the parse tree that is deleted then
gets assigned the class "delete". All the children nodes of the "delete" node
receive the class "delete implied" and each of the children of "delete implied"
nodes get the class "delete implied" as well. All other nodes are assigned
the class "keep". The class for each node is stored in memory along with a
selection of features, such as the syntactic category of the node, the syntactic
category of the parent node, the depth of the tree at which the node is located
and the length of the phrase contained within the node. All features that we
use are displayed in Table 4.1 along with the number of different values of
these features in the training set and the information gain ratio, which is
used to weigh the features. We use the syntactic category of the node, the
parent rule and the parent rule combined with the category of the node as
features, as well as the rule of the child node and the depth at which the
node is found (counted from the top node). In addition to these syntactic
features, we also use as features the length of the node measured in words,
the first word of the node and all the words in the node. This is exemplified
in Table 4.2.
We split the instance base into a training set and a development set. The
training set is down-sampled so that the number of "keep" instances is no
bigger than the number of "delete" and "delete implied" combined. We end
up with 33,274 training instances. Note that half of these instances are of the
"keep" category.

With these training instances we are able to train a model to classify new
instances. Our model makes use of memory-based learning (MBL) for classification. MBL stores feature representations of training instances in memory
1 version 2.0.1
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feature
category

number of unique values

Information
Gain Ratio

66

0.042

parent rule

1485

0.047

parent rule
+ category

3815

0.055

child rule

6191

0.057

depth

38

0.020

length

64

0.047

first word

4756

0.048

all words

14368

0.070

Table 4.1: Features with examples, number of unique values of these features and
information gain ratio

without abstraction and classifies unseen instances by matching their feature
representation to all instances in memory, finding the most similar instances.
The class of the new instance is then extrapolated from the most similar instance(s) in memory. Because the task of sentence compression and many
other Natural Language Processing tasks contain many exceptions and lowfrequency instances, it can be argued that memory-based learning is at an
advantage in solving these problems compared to algorithms that abstract
from the instances (Daelemans, 1999). The learning algorithm our system
uses is the IB1 classifier as implemented in TiMBL (version 6.3.2) (Daelemans et al., 2009). IB1 is a supervised decision-tree-based implementation of
the k-nearest neighbor algorithm for learning classification tasks (Aha et al.,
1991). We use TiMBL with default settings, while only varying k. By increasing the number of neighbors (k), we are more likely to select "keep" nodes,
as this class is equally frequent as both other classes ("delete" and "delete implied" ) combined. This means that k acts as a means to control compression
rate: an increase of k will result in an increase of compression rate, meaning
a less aggressive compression. The effect of varying k on compression rate
and F-score can be witnessed in Figure 4.1. The reported F-score is the micro
F-score calculated over precision and recall. Upon inspection of the data in
Figure 4.1 we set k = 3 for the final deletion mode, because the compression
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F-score
compression rate

0.75
0.7
0.65
0.6
0.55
1
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3
k
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Figure 4.1: F-score for the classifier and compression rate when varying k

rate is quite low while the F-score is quite high. Each node that is labelled
as "delete" will be deleted to produce a compressed sentence.
Our system takes the following steps in order to generate an extractive
summary of a sentence: first, the sentence is parsed using the Stanford parser.
Then, for each node we collect a number of features that describe this node.
Table 4.2 is an example of the instance“to the public”. We run the memorybased classifier which assigns a class to each instance. In this example, the JJ
node containing “lebanese” and the PP node containing “to the public” are
classified as “delete”. Finally, we delete all words or phrases belonging to
nodes marked “delete” to generate the output sentence. This process is illustrated in Figure 4.2. This model can be extended to incorporate the “delete
implied” class in its decision to delete or keep a subtree to ensure a more
conservative but also a more precise compression. We leave that extension
for later studies.
4.2.2

Abstractive model

For the hybrid abstractive model we relax the deletion model by setting
k = 4 and have the paraphrasing component take care of the rest of the
compression. Figure 4.1 shows that the F-score of the memory-based classifier remains similar when setting k = 4, while the compression rate goes
up. This means the classifier is less strict, resulting in a reduced removal of
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source:
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.

target:

ø
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.

Figure 4.2: Example deletion in the extractive model. The boxed nodes of the parse
are selected for deletion by the classifier, resulting in a deletion of the
corresponding phrases.
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feature
category

example
PP

parent rule

ADJP=>JJ PP

parent rule
+ category

ADJP=>JJ PP*

child rule

PP=>TO NP

depth

8

length

3

first word

to

all words

to the public

Table 4.2: Examples of features for the instance "to the public"

information. The remaining part of the compression is then done by paraphrasing longer phrases with shorter phrases. In order to make our compressing paraphrasing component work, we need a large aligned abstractive
compression corpus. Because no sufficiently large corpora exists, we instead
use a simplification corpus. The corpus we use is the PWKP corpus by Zhu
et al. (2010). This corpus consists of aligned sentences from articles in English Wikipedia and English Simple Wikipedia. The PWKP dataset consists
of 108,016 pairs of aligned lines from 65,133 English Wikipedia and English
Simple Wikipedia articles. These articles were paired by following the “interlanguage link”2 . TF*IDF at the sentence level was used to align the sentences
in the different articles (Nelken and Shieber, 2006). This dataset was originally developed for sentence simplification. As was demonstrated in Chapter 3, the use of this dataset for the phrase-based machine translation approach to sentence simplification is a viable option. Although simplification
does not necessarily mean compression, in many cases simplified sentences
are in fact compressed as well. (Zhu et al., 2010) report the average sentence
length of the English Wikipedia sentences in the PWKP corpus to be 25.01
tokens, and the English Simple Wikipedia to be 20.87 tokens. The average
token length is 5.06 for English Wikipedia versus 4.89 in Simple English
Wikipedia. Examples of compression in Simple Wikipedia can be observed
in Table 4.3.
2 http://en.wikipedia.org/wiki/Help:Interlanguage_links
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English Wikipedia:

Peter "Pete" Doherty (born 12 March 1979) is an English musician, writer, actor, poet and artist. He is best
known musically for being co-frontman of The Libertines, which he reformed with Carl Barat in 2010.
His other musical project is indie band Babyshambles.

Simple Wikipedia:

Peter Doherty (born 12 March 1979) is an English musician. He is in the popular rock band The Libertines.
He is also in a band called Babyshambles.

English Wikipedia:

Owls are a group of birds that belong to the order Strigiformes, constituting 200 extant bird of prey
species. Most are solitary and nocturnal, with some
exceptions (e.g., the Northern Hawk Owl). Owls hunt
mostly small mammals, insects, and other birds, although a few species specialize in hunting fish.

Simple Wikipedia:

Owls are birds in the order Strigiformes. Most of
them are solitary and nocturnal. They feed on small
mammals, insects, and other birds, and a few species
like to eat fish as well.

Table 4.3: Examples of compression in sentences from articles from normal English
Wikipedia and Simple English Wikipedia.

We use the Moses software to train a PBMT model (Koehn et al., 2007). A
statistical machine translation model normally finds a best translation Ẽ of a
text in language F for a text in language E by combining a translation model
P(F|E) with a language model P(E):
Ẽ = arg max∗ P(F|E)P(E)
E∈E

The sentence F is divided into a sequence of I phrases during decoding
in phrase-based machine translation. Each source phrase is then translated
into a target phrase to form sentence E. These phrases may be reordered.
Machine translation is described in more detail in Chapter 1.
The GIZA++ statistical alignment package is used to perform the word
alignments, which are later combined into phrase alignments in the Moses
pipeline (Och and Ney, 2003) to build the paraphrase model. GIZA++ implements IBM Models 1 to 5 and an HMM word alignment model to find

4.3 evaluation

statistically motivated alignments between words. We first tokenize our data.
We then lowercase all data and use all Simple Wikipedia sentences from
the PWKP dataset to train an n-gram language model with the SRILM
toolkit (Stolcke, 2002). Then we invoke the GIZA++ aligner using the training pairs. We run GIZA++ with standard settings and we perform no optimization. We then prune the resulting phrase table, keeping only phrases
that have a translation that is shorter or of equal length, measured in characters.
We use the Moses decoder to generate compressions for the sentences in
our test data. To expand the functionality of Moses in the intended direction we perform post-hoc re-ranking on the output based on the character
compression rate relative to the input sentence. We do this to select output
that is as short as possible; at the same time, we base our re-ranking on a
top-n of output candidates according to Moses, with a small n, to ensure
that the quality of the output in terms of fluency and importance is also
controlled for. Setting n = 10, for each source sentence we re-rank the ten
best sentences as scored by the decoder according to the compression factor
measured in characters between input and output sentence. In case of a tie
in compression factor, we select the sequence with the better decoder score.
When Moses is unable to generate ten different sentences, we select from the
lower number of outputs.
Two example source sentences with generated compressions by humans
and the two systems are displayed in Table 4.4. In the first sentence, we
see that the extractive and abstractive model both delete the same parts of
the sentence. In addition, the abstractive model paraphrases “defence establishments” incorrectly as “free companies”. In the second sentence, we see
that the abstractive model does not perform deletion, but only compresses
the sentence by paraphrasing “expenditure” into “us”. The replacement of
“exercise” by "practise" does not yield any compression. In contrast, the extractive model erroneously deletes “said”. We can also see that the human
references are also not perfect, in this example “spokeswoman” is replaced
by the erroneous “spokewoman”.
4.3

evaluation

To evaluate the output of our systems we collect automatic scores (ROUGE
scores and character compression rates) as well as human judgements on
two different dimensions (fluency and importance).
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source

cutbacks in local defence establishments is also a factor in some constituencies .

human referent

cutbacks in local defence establishments is also a factor .

extractive model

cutbacks in defence establishments is a factor .

abstractive
model

cutbacks in free companies is a factor .

source

the family expenditure surveys will be a part of the
exercise , ” a spokeswoman said .

human referent

the family expenditure surveys will be included , " a
spokewoman said .

extractive model

the family expenditure surveys will be a part of the
exercise , ” a spokeswoman .

abstractive
model

the family use surveys will be a part of the practice ,
” a spokeswoman said .
Table 4.4: Example output

4.3.1

Participants

The participants in this evaluation study were 19 students of Tilburg University, who participated for partial course credits. All participants were native
speakers of Dutch, and all were proficient in English, having taken a course
on Academic English at University level.
4.3.2

Materials

To test our systems we need a data set containing abstractive compressions
of sentences. We use the test set developed by (Cohn and Lapata, 2008). This
test set is part of a corpus of 30 news articles from the British National Corpus and the American News Text corpus for which they obtained manual
compressions from human annotators. These compressions were generated
by two annotators who were asked to use any appropriate rewriting operation (deletion, reordering, substitution, addition) to compress the sentence.
We randomly pick 35 source sentences, resulting in 35 clusters of one source
sentence and three compressed sentences, as generated by humans, the Ex-
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tractive model (i.e. the memory-based deletion model) and the Abstractive
model (i.e. the hybrid phrase-based machine translation model). The training material for the abstractive model is from another domain than the test
set, so the performance of the abstractive model will probably be lower than
when we would use training and testing materials from the same domain.
Since no sufficiently large news corpus of abstractive compressions exists,
using out of domain data is the only choice.
4.3.3

Procedure

The participants were told that they participated in the evaluation of a system that could compress sentences, and that they would see one source sentence and three automatically compressed versions of that sentence. They
were not informed of the fact that we were actually evaluating two different
systems and a human referent. Following earlier evaluation studies (Knight
and Marcu, 2002; Clarke and Lapata, 2008; Cohn and Lapata, 2008) we asked
participants to evaluate fluency and importance of the target compressions
on a five point Likert scale. Fluency was defined in the instructions as the
extent to which a sentence is proper, grammatical English. Importance was
defined as the extent to which the sentence has retained the important information from the source sentence. The order in which the clusters had to be
judged was randomized and the order of the output of the various systems
was randomized as well.
4.4

results

We will first report on the scores assigned by the automatic measures, followed by human judgements and the correlations between automatic and
human assigned scores.
4.4.1

Automatic measures

As is witnessed in Table 4.5, the two systems achieve a similar character
compression ratio of 0.74. This is not quite as low as the human compression ratio, which is 0.58. For the automatic evaluation we use ROUGE (Lin,
2004) (Recall-Oriented Understudy for Gisting Evaluation). ROUGE is a set
of metrics widely used in the evaluation of automatic summarization. It
compares an automatically produced summary against one or more human
produced reference summaries. In the context of summarization of news
articles, ROUGE has been shown to correlate with human evaluations in re-
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gards of how well the contents match (Lin, 2004). It has also been used to
evaluate Sentence Compression (Zajic et al., 2007; Liu and Liu, 2009). We use
the F-measure for both ROUGE-1 (measuring only unigrams) and ROUGESU4, which measures skip-bigrams with a maximum gap of 4 tokens. For
both ROUGE-1 and ROUGE-SU4 the Extractive model receives the highest
scores (0.56 and 0.34 respectively).
system

compression rate

ROUGE-1

ROUGE-SU4

human referent

0.58 (0.16)

-

-

extractive

0.74 (0.17)

0.56 (0.19)

0.34 (0.22)

abstractive

0.74 (0.13)

0.53 (0.18)

0.29 (0.18)

Table 4.5: Character compression rates of the different systems and the human referent and ROUGE scores with standard deviations between brackets

4.4.2

Human judgements

In this section we report on the human judgements. To test for significance of
the difference in judgements of the different systems we ran repeated measures analyses of variance with system (human referent, Extractive model,
Abstractive model) as the independent variable, and the three individual
metrics as well as their combined mean as the dependent variables. Mauchly‘s
test for sphericity was used to test for homogeneity of variance, and when
this test was significant we applied a Greenhouse-Geisser correction on the
degrees of freedom (for the purpose of readability we report the normal degrees of freedom in these cases). Planned pairwise comparisons were made
with the Bonferroni method. Table 4.6 displays these results.
system

overall

fluency

importance

human referent

3.61(0.47)

3.98 (0.53)

3.24 (0.46)

extractive

3.39 (0.33)

3.29 (0.37)

3.50 (0.35)

abstractive

3.10 (0.38)

2.94 (0.39)

3.26 (0.45)

Table 4.6: Mean scores assigned by human subjects, with the standard deviation
between brackets

First, we consider the 2 metrics in isolation, beginning with fluency. We
find that participants rated the fluency of the compressed sentences from
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the two systems and the human referent differently, F(2, 36) = 65.186, p <
.001, η2p = .784. All other pairwise comparisons are significant at p < .001.
The human referent receives the highest score (3.98), followed by the extractive model (3.29) and the abstractive model scores lowest (2.94).
The participants also rated the systems significantly differently on the importance scale, F(2, 36) = 4.575, p < .001, η2p = .203. The Extractive model
scores significantly higher (3.50) than the Abstractive model (3.26) at p <
.001. The difference in score between the Extractive model and the human
referent approaches significance (3.24) at p < .07.
Finally we report on a combined score that is created by averaging over
the fluency and importance scores. Inspection of this score, displayed in
the leftmost column of Table 4.6, reveals that the referent and the extractive
model score best (3.61 and 3.39 respectively) and not significantly differently,
followed by the significantly lower scoring abstractive model (3.10) (p <
.001).
4.4.3

Comparison with Cohn and Lapata (2008)

Unfortunately we were unable to acquire the output from Cohn and Lapata’s systems. Therefore, we can only compare our results to their results,
while bearing in mind the caveat that their method, test subjects and sample of sentences all differ from ours. Cohn and Lapata evaluate on 30 randomly chosen sentences from the test set. They collected fluency (in their
paper called Grammaticality) and importance ratings from 19 judges over
the internet for the extractive model, the abstractive model and the human
referent. Their reported results are in Table 4.7. In general, their extractive
model receives lower scores than our extractive model, while compressing
less (0.83 is the character compression rate of their system, compared to 0.74
of ours). Their abstractive model gets higher fluency scores but lower importance scores than our abstractive model, but still compressing less (0.79
versus 0.74).
system

fluency

importance

compression rate

human referent

4.51

4.02

0.58

extractive

3.10

2.43

0.83

abstractive

3.38

2.85

0.79

Table 4.7: Results reported by Cohn and Lapata (2008)
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4.4.4

Correlations

To gain some insight in the effect of compression rate on automatic and human judgements, we evaluate the correlations between the various variables.
For this, we use the mean scores for only the generated sentences. When we
consider the Pearson correlation between the different mean scores for the
two systems, we see that the ROUGE metrics show no significant correlation
with human judgements or character compression rates. We do see significant correlations between importance and fluency (0.56) , importance and
compression rate (0.68) and fluency and compression rate (0.24). The high
correlation between importance and compression rate supports the notion
that the more a sentence is compressed, the more important information is
lost in the process.

importance
fluency
compression rate
ROUGE-1

fluency

compression rate

ROUGE-1

ROUGE-SU4

0.56**

0.68**

0.09

0.11

0.24*

0.14

0.13

0.11

0.16
0.93**

Table 4.8: Pearson correlation between the different dimensions as assigned by humans and the automatic metrics. Scores marked * are significant at p < .05
and scores marked ** are significant at p < .01

4.5

discussion

We have applied an extractive memory-based deletion model and an abstractive model that uses memory-based deletion plus phrase-based monolingual
machine translation to the task of sentence compression. We have measured
character compression rates for the systems and the referent and we have
reported ROUGE-1 and ROUGE-SU4 scores for the generated compressions.
In addition, we have evaluated our systems by having humans judge the
output of the systems and a human authored compression on both fluency
and importance. In terms of both automatic and human assigned scores,
the abstractive version of the model fails to achieve higher scores than the
extractive model on similar compression rates. Additionally, we have measured character compression rates for the systems and the referent and we
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have reported ROUGE-1 and ROUGE-SU4 scores for the generated compressions.
We think that the fact that the abstractive model performs worse than the
extractive model can be attributed to various factors. First, the extractive
memory-based deletion model is a strong model: it can effectively create
compressions at relatively low compression rates. Although it can be argued
that compression is not a deletion only task, deletion remains the easiest
operation to automatically perform and is also the most effective in terms of
character compression counts. Secondly, no sufficiently large corpora exist
for abstractive sentence compression. Instead, we opted to train our abstractive phrase-based machine translation paraphrasing component on simplification data, which might not be ideal for the compression task. We opted to
prune the resulting phrase-table, to only keep the entries that actually compress. It is worth mentioning that the test set is from another domain than
the training data: news messages versus Wikipedia data. It should also be
taken into account that the input on which the paraphrasing system works
has already been compressed by the extractive component. This means that
the parts that can most easily be compressed have most likely already been
deleted by the extraction model. We also see that the human referent does
not score highest on importance. This can be explained by the fact that the
human referent has a much lower compression rate than the systems (0.58
versus 0.74). This means that inevitably more information will be lost.
The deletion-based model can be expanded by adding a decoding process
that selects the most appropriate deletions through the use of a language
model and statistics generated by the classifier to generate better formed
sentences. We have several tools at our disposal to tweak the compression
process. On the one hand, we can use the “delete implied” class in the output
of our classifier to generate more conservative but better informed compressions. On the other hand, we can approach human levels of compression
rate by lowering k. How these variables impact compression quality is an
interesting question.
We think the phrase-based machine translation paraphrasing component
can be improved as well. One thing that would be needed for that is a large
parallel abstractive sentence compression corpus. A possible venue for future exploration is the use of edit histories in Wikipedia for the purpose of
creating such a corpus. In the process of editing Wikipedia many editors
add, rephrase or remove information. Rephrasings that shorten sentences
might be harvested and used in sentence compression.

79

5
L A N G U A G E T R A N S F O R M AT I O N

In this chapter we investigate language transformation. Language transformation can be defined as translating between diachronically distinct language variants. We investigate the transformation of Middle Dutch into
Modern Dutch by means of machine translation. For diachronic language
transformation we have to rely on parallel data that has been made available consisting of paired sentences from the two diachronic variants of the
language. This means generally not much data is available. We tackle this
problem by making use of the characteristics of the data. We demonstrate
that by using character overlap the performance of the machine translation
process can be improved for this task.

this chapter is based on: Wubben, S., van den Bosch, A.P.J., & Krahmer, E.J. Language transformation using character overlap and machine translation
(submitted for publication)
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5.1

introduction

In this chapter we describe a variant of paraphrasing that is more similar
to machine translation than the approaches described in previous chapters.
We aim to develop a system to translate between diachronically distinct language variants. For research into history, historical linguistics and diachronic
language change, historical texts are of great value. Specifically from earlier
periods, texts are often the only forms of information that have been preserved. One problem that arises when studying these texts is the difference
between the language the text is written in and the modern variant that
the researchers who want to study the texts know and speak themselves. It
takes a great deal of deciphering and interpretation to be able to grasp these
texts. Our aim is to facilitate laymen in studying medieval texts by attempting to generate literal translations of the sentences in the text into modern
language. In particular we focus on the task of translating Middle Dutch to
Modern Dutch. The transformation between language variants, either synchronically or diachronically, is more a regular translation task, just as it is
often impossible to identify two languages as language variants or two different languages. This task differs from other paraphrasing tasks in that we
are not interested in dissimilarity, instead we merely wish to give a likely
translation in Modern Dutch of a Middle Dutch text. For paraphrasing it
is essential to generate from each source sentence a target sentence in the
same language that differs sufficiently from the source sentence while still
carrying the same meaning. The transformation between language variants,
either synchronically or diachronically, is more a regular translation task,
just as it is often impossible to identify two languages as language variants
or two different languages.
Middle Dutch can be defines as a collection of closely related West Germanic dialects that were spoken and written between 1150 and 1500 in the
area that is now defined as the Netherlands and parts of Belgium. One of
the factors that makes Middle Dutch difficult to read is the fact that at the
time no overarching standard language existed. Modern Dutch is defined
as Dutch as spoken from 1500. The variant we investigate is contemporary
Dutch. Another difference with regular paraphrasing is the amount of parallel data available. The amount of parallel data for the variant pair Middle
Dutch - Modern Dutch is several orders of magnitude smaller than our parallel headline data for the paraphrase generation task described in Chapter
2.
We do expect many etymologically related words to show a certain amount
of character overlap between the Middle and Modern variants. An example
of the data is given below, from the work ’Van den vos Reynaerde’, part of

5.1 introduction

the Comburg manuscript that was written between 1380-1425. Here, (5.1) is
the original text, (5.2) is a modern translation in Dutch by Walter Verniers
and (5.3) is a translation in English added for clarity.
(5.1) “Doe al dat hof versamet was,
Was daer niemen, sonder die das,
Hine hadde te claghene over Reynaerde,
Den fellen metten grijsen baerde.
(5.2) “Toen iedereen verzameld was,
was er niemand -behalve de dasdie niet kwam klagen over Reynaert,
die deugniet met zijn grijze baard."
(5.3) “When everyone was gathered,
there was noone -except the badgerwho did not complain about Reynaert,
that rascal with his grey beard."
We can observe that although the texts (5.1) and (5.2) are quite different,
there is a large amount of character overlap in the words that are used. Our
aim is to use this character overlap to compensate for the lower amount
of data that is available. We compare three different approaches to translate Middle Dutch into Modern Dutch: a standard Phrase-Based machine
translation approach, a PBMT approach with additional preprocessing based
on Needleman-Wunsch sequence alignment, and a character bigram based
PBMT approach. The PBMT approach with preprocessing identifies likely
translations based on character overlap and adds them as a dictionary to improve the statistical alignment process. The PBMT approach based on character bigrams rather than translating words, transliterates character bigrams
and in this way improves the transformation process. We demonstrate that
these two approaches outperform standard PBMT in this task, and that the
PBMT transliteration approach based on character bigrams performs best.
5.1.1

Related work

Language transformation by machine translation within a language is a task
that has not been studied extensively before. Related work is the study by Xu
et al. (2012). They evaluate paraphrase systems that attempt to paraphrase a
specific style of writing into another style. The plays of William Shakespeare
and the modern translations of these works are used in this study. They
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show that their models outperform baselines based on dictionaries and outof-domain parallel text.
Work that is slightly comparable is the work by Zeldes (2007), who extrapolates correspondences in a small parallel corpus taken from the Modern
and Middle Polish Bible. The correspondences are extracted using machine
translation with the aim of deriving historical grammar and lexical items.
A larger amount of work has been published about spelling normalization
of historical texts. Baron and Rayson (2008) developed tools for research in
Early Modern English. Their tool, VARD 2, finds candidate modern form
replacements for spelling variants in historical texts. It makes use of a dictionary and a list of spelling rules. By plugging in other dictionaries and
spelling rules, the tool can be adapted for other tasks. Kestemont et al. (2010)
describe a machine learning approach to normalize the spelling in Middle
Dutch Text from the 12th century. They do this by converting the historical
spelling variants to single canonical (present-day) lemmas. Memory-based
learning is used to learn intra-lemma spelling variation. Although these approaches normalize the text, they do not provide a translation.
More work has been done in the area of translating between closely related
languages and dealing with data sparsity that occurs within these language
pairs (Hajič et al., 2000; Van Huyssteen and Pilon, 2009). Koehn et al. (2003)
have shown that there is a direct negative correlation between the size of
the vocabulary of a language and the accuracy of the translation. Alignment
models are directly affected by data sparsity. Uncommon words are more
likely to be aligned incorrectly to other words or, even worse, to large segments of words (Och and Ney, 2003). Out of vocabulary (OOV) words also
pose a problem in the translation process, as systems are unable to provide
translations for these words. A standard heuristic is to project them into the
translated sentence untranslated.
Various solutions to data sparsity have been studied, among them the use
of part-of-speech tags, suffixes and word stems to normalize words (Popovic
and Ney, 2004; De Gispert and Marino, 2006), the treatment of compound
words in translation (Koehn and Knight, 2003), transliteration of names and
named entities, and advanced models that combine transliteration and translation (Kondrak et al., 2003; Finch et al., 2012) or learning unknown words
by analogical reasoning (Langlais and Patry, 2007).
Vilar et al. (2007) investigate a way to handle data sparsity in machine
translation between closely related languages by translating between characters as opposed to words. The words in the parallel sentences are segmented
into characters. Spaces between words are marked with a special character.
The sequences of characters are then used to train a standard machine translation model and a language model with n-grams up to n = 16. They apply

5.1 introduction

their system to the translation between the related languages Spanish and
Catalan, and find that a word based system outperforms their letter-based
system. However, a combined system performs marginally better in terms
of BLEU scores.
Tiedemann (2009) shows that combining character-based translation with
phrase-based translation improves machine translation quality in terms of
BLEU and NIST scores when translating between Swedish and Norwegian
if the OOV-words are translated beforehand with the character-based model.
Nakov and Tiedemann (2012) investigate the use of character-level models
in the translation between Macedonian and Bulgarian movie subtitles. Their
aim is to translate between the resource poor language Macedonian to the
related language Bulgarian, in order to use Bulgarian as a pivot in order to
translate to other languages such as English. Their research shows that using
character bigrams shows improvement over a word-based baseline.
It seems clear that character overlap can be used to improve translation
quality in related languages. We plan to use character overlap in language
transformation between two diachronic variants of a language.
5.1.2

This study

In this study we investigate the task of translating from Middle Dutch to
Modern Dutch. Similarly to resource poor languages, one of the problems
that are apparent is the small amount of parallel Middle Dutch - Modern
Dutch data that is available. To combat the data sparseness we aim to use
the character overlap that exists between the Middle Dutch words and their
Modern Dutch counterparts. Examples of overlap in some of the words
given in example 5.1 and 5.2 can be viewed in Table 5.1. We are interested in
whether we can use this overlap to improve the performance of the translation model. We consider three approaches: (A) Perform normal PBMT without any preprocessing, (B) Apply a preprocessing step in which we pinpoint
words and phrases that can be aligned based on character overlap and (C)
perform machine translation not to words but to character bigrams in order
to make use of the character overlap.
We will first discuss the PBMT baseline, followed by the PBMT + overlap
system and the character bigram PBMT transliteration system in Section 5.2.
We then describe the experiment with validation by human judges in Section 5.4, and its results in Section 5.5. We close with a discussion of our
results in Section 5.6.
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Middle Dutch

Modern Dutch

versamet

verzameld

was

was

niemen

niemand

die

de

das

das

claghene

klagen

over

over

Reynaerde

Reynaert

metten

met zijn

grijsen

grijze

baerde

baard

Table 5.1: Examples of character overlap in words from a fragment of ’Van den vos
Reynaerde’

5.2
5.2.1

language transformation models
PBMT baseline

For our baseline we use the Moses software to train a PBMT model (Koehn
et al., 2007). In general, a statistical machine translation model normally
finds a best translation Ẽ of a text in language F for a text in language E by
combining a translation model P(F|E) with a language model P(E):
Ẽ = arg max∗ P(F|E)P(E)
E∈E

In phrase-based machine translation the sentence F is segmented into a
sequence of I phrases during decoding. Each source phrase is then translated
into a target phrase to form sentence E. Phrases may be reordered. This is
described in more detail in Chapter 1.
The GIZA++ statistical alignment package is used to perform the word
alignments, which are later combined into phrase alignments in the Moses
pipeline (Och and Ney, 2003) to build the language transformation model.
GIZA++ implements IBM Models 1 to 5 and an HMM word alignment

5.2 language transformation models

model to find statistically motivated alignments between words. We first
tokenize our data. We then lowercase all data and use all sentences from the
Modern Dutch part of the corpus to train an n-gram language model with
the SRILM toolkit (Stolcke, 2002). Then we run the GIZA++ aligner using
the training pairs of sentences in Middle Dutch and Modern Dutch. We execute GIZA++ with standard settings and we optimize using minimum error
rate training with BLEU scores. The Moses decoder is used to generate the
translations.
5.2.2

PBMT with overlap-based alignment

Before using the Moses pipeline we perform a preprocessing alignment step
based on character overlap. Word and phrase pairs that exhibit a large
amount of character overlap are added as a dictionary to the parallel corpus that GIZA++ is trained on. This helps to bias the alignment procedure
towards aligning similar words and reduces alignment errors. To perform
the preprocessing step we use the Needleman-Wunsch algorithm (Needleman and Wunsch, 1970). The Needleman-Wunsch algorithm is a dynamic
programming algorithm that performs a global alignment on two sequences.
Sequence alignment is a method to find commonalities in two (or more) sequences of some items or characters. One often used example is the comparison of sequences of DNA to find evolutionary differences and similarities.
Sequence alignment is also used in linguistics, where it is applied to finding the longest common substring or the differences or similarities between
strings.
The Needleman-Wunsch algorithm is a sequence alignment algorithm that
optimizes a score function to find an optimal alignment of a pair of sequences. Each possible alignment is scored according to the score function,
where the alignment giving the highest similarity score is the optimal alignment of a pair of sequences. If more than one alignment yields the highest
score, there are multiple optimal solutions. The algorithm uses an iterative
matrix to calculate the optimal solution. All possible pairs of characters containing one character from each sequence are plotted in a 2-dimensional
matrix. Then, all possible alignments between those characters can be represented by pathways through the matrix. Insertions and deletions are allowed,
but can be penalized by means of a gap penalty in the alignment.
The first step is to initialize the matrix and fill in the gap scores in the top
row and leftmost column. In our case we heuristically set the values of the
scores to +1 for matches, -2 for mismatches and -1 for gaps after evaluating
on our development set. The initialization step can be seen in Table 5.2. After
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Table 5.2: Initialization step of the
Needleman-Wunsch algorithm, filling out the gap
scores of the top row and
left column.
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Table 5.3: The filled out NeedlemanWunsch matrix. Each cell
is filled with the maximum
score of the three possible
edit operations.

Table 5.4: The optimal alignment is a
traceback through the cells
with highest scores, starting at the lower right corner.

this step, we can label the cells in the matrix C(i, j) where i = 1, 2, ..., N and
j = 1, 2, ..., M, the score of any cell C(i, j) is then the maximum of:

qdiag = C(i − 1, j − 1) + s(i, j)
qdown = C(i − 1, j) + g
qright = C(i, j − 1) + g

5.2 language transformation models

Here, s(i, j) is the substitution score for letters i and j, and g is the gap
penalty score. If i and j match, the substitution score is in fact the matching score. The table is filled this way recursively, filling each cell with the
maximum score of the three possible options (diagonally, down and right).
After this is done, an optimal path can be found by performing a traceback,
starting in the lower right corner and ending in the upper left corner, by
visiting cells horizontally, vertically or diagonally, but only those cells with
the highest score. After this process we end up with an alignment, as can be
observed in Table 5.4.
We use the Needleman-Wunsch algorithm to find an optimal alignment of
the Middle Dutch - Modern Dutch sentence pairs. We regard each line as a
sentence. In case of rhyming text, a frequent phenomenon in Middle Dutch
text, lines are usually parts of sentences. We then consider each line a string,
and we try to align as many characters and whitespaces to their equivalents
in the parallel line. We split the aligned sentences in each position where two
whitespaces align and we consider the resulting aligned words or phrases as
alignments. For each aligned word- or phrase-pair we calculate the Jaccard
coefficient and if that is equal or higher than 0.5 we add the aligned words or
phrases to the training material. By using this method we already can find
many-to-one and one-to-many alignments. In this way we help the GIZA++
alignment process by biasing it towards aligning words and phrases that
show overlap. Table 5.5 illustrates this process for two lines.
5.2.3

Character-based transliteration

Another somewhat novel approach we propose for Language Transformation is character-based transliteration. To circumvent the problem of OOVwords and use the benefits of character overlap more directly in the MT
system, we build a translation model based on character bigrams, similar
to Nakov and Tiedemann (2012). Where they use this approach to translate
between closely related languages, we use it to translate between diachronic
variants of a language. Another difference is that we keep the segmentation into bigrams throughout the translation process. The sentences in the
parallel corpus are broken into character bigrams, with a special character
representing whitespaces. These bigrams are used to train the translation
model and the language model. An example of the segmentation process is
displayed in Table 5.6. We train an SRILM language model on the character
bigrams and model sequences of up to 10 bigrams. We then run the standard Moses pipeline, using GIZA++ with standard settings to generate the
phrase-table and we use the Moses decoder to decode the bigram sequences.
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A number of sample entries are shown in Table 5.7. As a final step, we recombine the bigrams into words. The different sizes of the Phrase-table for
the different approaches can be observed in Table 5.8.
Middle Dutch:

hine

hadde+

++te

claghene

over

Reynaerde

,

Modern Dutch:

di-e

++niet

kwam

klag-en-

over

Reynaer-t

,

Jaccard

0.4

0.14

0

0.63

1

0.70

1

Middle Dutch:

+den

fe++llen

met++ten

grijsen

baerde

.

Modern Dutch:

die+

deugniet

met zijn

grijze+

baard+

.

Jaccard

0.50

0.09

0.50

0.71

0.8

1

Table 5.5: Alignment of lines with Jaccard scores for the aligned phrases. A + indicates a gap introduced by the Needleman Wunsch alignment.

original

segmented

Hine

#H Hi in ne e#

hadde

#h ha ad dd de e#

te

#t te e#

claghene

#c cl la ag gh he en ne e#

over

#o ov ve er r#

Reynaerde

#R Re ey yn na ae er rd de e#

,

#, ,#

Table 5.6: Input and output of the character bigram segmenter

5.3

data set

Our training data consists of various Middle Dutch literary works with
their modern Dutch translation. A breakdown of the different works is in
Table 5.9. All works are from the Digital Library of Dutch Literature1 . "Middle Dutch" is a very broad definition. It encompasses all Dutch language
variants spoken and written between 1150 and 1500 in the Netherlands and
Flanders. Works stemming from different centuries, regions and writers can
1 http://www.dbnl.org

5.3 data set

#d da at t#

en n# #d da aa ar

#d da at t#

et t# #s st

#d da at t#

et t# #s

#d da at t#

ie et t# #s st

#d da at t#

ie et t# #s

#d da at t#

la an n#

#d da at t#

le et t#

#d da at t#

n# #d da aa ar ro

#d da at t#

n# #d da aa ar

#d da at t#

n#

#d da at t#

rd da at t#

#d da at ts s#

#d da at t#

#d da at ts si i#

#h he eb bb be en

#d da at ts

#d da at t#

#d da at ts

#w wa at t#

#d da at tt tu

#w wa at t# #j

Table 5.7: Example entries from the character bigram Phrase-table, without scores.

system

lines

PBMT

20,092

PBMT + overlap

27,885

character bigram transliteration

93,594

Table 5.8: Phrase-table sizes of the different models

differ greatly in their orthography and spelling conventions. No variant of
Dutch was considered standard or the norm; Middle Dutch can be considered a collection of related lects (regiolects, dialects). This only adds to the
problem of data sparsity. Our test set consists of a selection of sentences
from the Middle Dutch work Beatrijs. Beatrijs is a Maria legend, detailing
the legend of a nun who deserts her convent for the love of a man. After
many hardships she finds out Maria has acted in her role at the convent,
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and she returns to the convent, without anyone knowing she had been away
for years. It was written around 1374 by an anonymous author.
source text

lines

date of origin

Van den vos Reynaerde

3428

around 1260

The Reis van Sint Brandaan

2312

12th century

Gruuthuuse gedichten

224

around 1400

’t Prieel van Trojen

104

13th century

Various poems

42

12th-14th centuries

Table 5.9: Middle Dutch works in the training set

5.4

experiment

In order to evaluate the systems, we ran an experiment to collect human
rankings of the output of the systems.
5.4.1

Materials

Because of the nature of our data, in which sentences often span multiple
lines, it is hard to evaluate the output on the level of separate lines. Context
is needed to properly evaluate such a line. We therefore choose to evaluate
pairs of lines. We randomly choose a line, and check if it is part of a sensible
sentence that can be understood without context. If that is the case, we select
it to include in our test set. In this way we select 25 pairs of lines. We evaluate
the translations produced by the three different systems for these sentences.
Examples of the selected sentences and the generated corresponding output
are displayed in Table 5.10.
5.4.2

Participants

The participants in this evaluation study were 22 volunteers. All participants
were native speakers of Dutch, and participated through an online interface.
All participants were adults, and 12 were male and 10 female. In addition to
the 22 participants, one expert also performed the experiment, in order to
be able to compare the judgements of the laymen and the expert.

5.4 experiment

Middle Dutch

Si seide: ’Ic vergheeft u dan.
Ghi sijt mijn troest voer alle man

Modern Dutch

Ze zei: ’ik vergeef het je dan.
Je bent voor mij de enige man

PBMT

Ze zei : ’ Ik vergheeft u dan .
Gij ze alles in mijn enige voor al man

PBMT + Overlap

Ze zei : ’ Ik vergheeft u dan .
dat ze mijn troest voor al man

Char. Bigram PBMT

Ze zeide : ’ Ik vergeeft u dan .
Gij zijt mijn troost voor alle man

Middle Dutch

Dat si daer snachts mochte bliven.
’Ic mocht u qualijc verdriven,’

Modern Dutch

omdat ze nu niet verder kon reizen.
’Ik kan u echt de deur niet wijzen,’

PBMT

dat ze daar snachts kon bliven .

’

Ik kon u qualijc verdriven , ’

PBMT + Overlap

dat ze daar s nachts kon blijven .
’ Ik kon u qualijc verdriven , ’

Char. Bigram PBMT

dat zij daar snachts mocht blijven .
’ Ik mocht u kwalijk verdrijven ,

Table 5.10: Example output

5.4.3

Procedure

The participants were asked to rank three different automatic literal translations of Middle Dutch text. For reference, they were also shown a modern
(often not literal) translation of the text by Dutch author Willem Wilmink.
The order of sentences was randomized, as well as the order of the output
of the systems for each sentence. The participants were asked to consider
the extent to which the sentences could be deciphered and understood in
their ranking. The participants were asked to always provide a ranking and
were not allowed to assign the same rank to multiple sentences. In this way,
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each participant provided 25 rankings where each pair of sentences received
a distinct rank. The pair with rank 1 is considered best and the pair with 3
is considered worst.
system

mean rank

95 % confidence interval

PBMT

2.44 (0.03)

2.38 - 2.51

PBMT + Overlap

2.00 (0.03)

1.94 - 2.06

character bigram PBMT

1.56 (0.03)

1.50 - 1.62

Table 5.11: Mean scores assigned by human subjects, with the standard error between brackets and the lower and upper bound of the 95 % confidence
interval

5.5
5.5.1

results
Human judgements

In this section we report on results of an experiment with judges ranking
the output of the systems. To test for significance of the difference in the
ranking of the different systems we ran repeated measures analyses of variance with system (PBMT, PBMT + Overlap, character bigram MT) as the
independent variable, and the ranking of the output as the dependent variable. Mauchly‘s test for sphericity was used to test for homogeneity of variance, but was not significant, so no corrections had to be applied. Planned
pairwise comparisons were made with the Bonferroni method. The mean
ranking can be found in Table 5.11 together with the standard deviation and
95 % confidence interval. We find that participants ranked the three systems
differently, F(2, 42) = 135, 604, p < .001, η2p = .866. All pairwise comparisons
are significant at p < .001. The character bigram model receives the best
mean rank (1.56), then the PBMT + Overlap system (2.00) and the standard
PBMT system is ranked lowest (2.44). We ran a Friedman test on each of
the 25 K-related samples, and found that for 13 sentences the ranking provided by the test subjects was equal to the mean ranking: the PBMT system
ranked lowest, then the PBMT + Overlap system and the character bigram
system scored highest for each of these cases at p < .005. These results are
detailed in Table 5.12. When comparing the judgements of the participants
with the judgements of an expert, we find a significant Pearson correlation
of .65 (p < .001) between the judgements of the expert and the mean of

5.5 results

PBMT

PBMT + overlap

character bigram PBMT

X2

2.05

2.59

1.36

16.636**

2.77

1.82

1.41

21.545**

2.50

1.27

2.23

18.273**

1.95

1.45

2.59

14.273**

2.18

2.36

1.45

10.182**

2.45

2.00

1.55

9.091*

2.91

1.77

1.32

29.545**

2.18

2.27

1.55

6.903*

2.14

2.00

1.86

0.818

2.27

1.73

2.00

3.273

2.68

1.68

1.64

15.364**

2.82

1.95

1.23

27.909**

2.68

2.09

1.23

23.545**

1.95

2.55

1.50

12.091**

2.77

1.86

1.36

22.455**

2.32

2.23

1.45

9.909**

2.86

1.91

1.23

29.727**

2.18

1.09

2.73

30.545**

2.05

2.09

1.86

0.636

2.73

2.18

1.09

30.545**

2.41

2.27

1.32

15.545**

2.68

2.18

1.14

27.364**

1.82

2.95

1.23

33.909**

2.73

1.95

1.32

21.909**

2.91

1.77

1.32

29.545**

Table 5.12: Results of the Friedman test on each of the 25 sentences. Results marked
* are significant at p < 0.05 and results marked ** are significant at
p < 0.01
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the judgements of the participants. This indicates that the judgements of the
laymen are indeed useful.
5.5.2

Automatic judgements

In order to attempt to measure the quality of the transformations made
by the different systems automatically, we measured NIST scores by comparing the output of the systems to the reference translation. We do realize that the reference translation is in fact a literary interpretation and
not a literal translation, making automatic assessment harder. Having said
that, we still hope to find some effect by using these automatic measures.
We only report NIST scores here, because BLEU turned out to be very
uninformative. In many cases sentences would receive a BLEU score of 0.
Mauchly‘s test for sphericity was used to test for homogeneity of variance
for the NIST scores, and was not significant. We ran a repeated measures
test with planned pairwise comparisons made with the Bonferroni method.
We found that the NIST scores for the different systems differed significantly
(F(2, 48) = 6.404, p < .005, η2p = .211). The average NIST scores with standard
error and the lower and upper bound of the 95 % confidence interval can be
seen in Table 5.13. The character bigram transliteration model scores highest
with 2.43, followed by the PBMT + Overlap model with a score of 2.30 and
finally the MT model scores lowest with a NIST score of 1.95. We find that
the scores for the PBMT model differ significantly from the PBMT + Overlap
model (p < .01) and the character bigram PBMT model (p < .05), but the
scores for the PBMT + Overlap and the character bigram PBMT model do
not differ significantly. When we compare the automatic scores to the human
assigned ranks we find no significant Pearson correlation.
system

mean NIST score

95 % confidence interval

PBMT

1.96 (0.18)

1.58 - 2.33

PBMT + overlap

2.30 (0.21)

1.87 - 2.72

character bigram PBMT

2.43 (0.20)

2.01 - 2.84

Table 5.13: Mean NIST scores, with the standard error between brackets and the
lower and upper bound of the 95 % confidence interval

5.6 conclusion

5.6

conclusion

In this chapter we have described two modifications of the standard PBMT
framework to improve the transformation of Middle Dutch to Modern Dutch
by using character overlap in the two variants. We described one approach
that helps the alignment process by adding words that exhibit a certain
amount of character overlap to the parallel data. We also described another approach that translates sequences of character bigrams instead of
words. Reviewing the results we conclude that the use of character overlap
between diachronic variants of a language is beneficial in the translation
process. More specifically, the model that uses character bigrams in translation instead of words is ranked best. Also ranked significantly better than a
standard phrase-based machine translation approach is the approach using
the Needleman-Wunsch algorithm to align sentences and identify words or
phrases that exhibit a significant amount of character overlap to help the
GIZA++ statistical alignment process towards aligning the correct words
and phrases. We have seen that one issue that is encountered when considering the task of language transformation from Middle Dutch to Modern
Dutch is data sparseness. The amount of lines used to train on amounts to
a few thousand, and not millions as is more common in SMT. It is therefore crucial to use the inherent character overlap in this task to compensate
for the lack of data and to make more informed decisions. The character bigram approach is able to generate a translation for out of vocabulary words,
which is also a solution to the data sparseness problem. One area where
the character bigram model often fails is in translating Middle Dutch words
into Modern Dutch words that are significantly different. One example can
be seen in Table 5.10, where ’mocht’ is translated by the PBMT and PBMT +
Overlap systems to ’kon’ and left the same by the character bigram transliteration model. This is probably due to the fact that ’mocht’ still exists in Dutch,
but is not as common as ’kon’ (meaning ’could’). Another issue to consider
is the fact that the character bigram model learns character mappings that
are occur troughout the language. One example is the disappearing silent ’h’
after a ’g’. This often leads to transliterated words of which the spelling is
only partially correct. Apparently the human judges rate these ’half words’
higher than completely wrong words, but automatic measures such as NIST
are insensitive to this.
We have also reported the NIST scores for the output of the standard
PBMT approach and the two proposed variants. We see that the NIST scores
show a similar pattern as the human judgements: the PBMT + Overlap
and character bigram PBMT systems both achieve significantly higher NIST
scores than the normal PBMT system. However, the PBMT + Overlap and
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character bigram PBMT models do not differ significantly in scores. Interesting is that we find no significant correlation between human and automatic
judgements, leading us to believe that automatic judgements are not viable
in this particular scenario. This is perhaps due to the fact that the reference
translations the automatic measures rely on are in this case not literal translations but rather literary interpretations of the source text in modern Dutch.
The fact that both versions are written in rhyme only worsens this problem,
as the author of the Modern Dutch version is often very creative.
We think techniques such as the ones described here can be of great benefit
to laymen wishing to investigate works that are not written in contemporary
language, resulting in improved access to these older works. Our character
bigram transliteration model may also play some role as a computational
model in the study of the evolution of orthography in language variants,
as it often will generate words that are strictly speaking not correct, but do
resemble Modern Dutch in some way.

6
GENERAL DISCUSSION AND CONCLUSION

In this thesis we studied text-to-text generation. We argued text-to-text generation can be seen as a monolingual machine translation problem, and we
applied monolingual phrase-based machine translation (PBMT) to several
text-to-text generation tasks, namely: sentential paraphrase generation, sentence simplification, sentence compression, and language transformation.
6.1

study 1: paraphrase generation

In Chapter 2 we investigated an approach to collect a parallel sentential
paraphrase corpus of a size that is comparable with bilingual parallel corpora used for statistical machine translation. We described a method that
used a news aggregator site (Google News) to collect headlines and aligned
these headlines based on word overlap. Using this approach a considerable
number of paraphrases can be aligned for which headlines are available on
the news aggregator service. By using this new data collection approach,
paraphrase generation approaches that are based on parallel monolingual
corpora become more viable, because they can be trained on considerably
larger amounts of data. To generate the sentential paraphrases we used a
PBMT approach with re-ranking of the ten best translations based on dissimilarity with the source sentence measured by word Levenshtein distance
(PBMT-R). This approach was used for paraphrase generation in Dutch and
English. We evaluated the output of the paraphrase system for both Dutch
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and English by using human judges. These judges evaluated the output on
the dimensions of fluency (the extent to which the sentence is well formed)
and adequacy (the extent to which the information contained in the source
sentence is retained in the target sentence). Edit distance was evaluated automatically by using Levenshtein distance on the sentence level, with each
token being an atomic unit upon which edit operations can be performed.
The judges preferred the output of the PBMT-R system to an informed word
substitution baseline.
6.2

study 2: sentence simplification

In Chapter 3 we demonstrated that the PBMT-R model can directly be ported
to the task of sentence simplification. We used the PWKP (Zhu et al., 2010)
data set, which contains paired sentences from normal English Wikipedia
and Simple English Wikipedia, to train our system on. We compared our
system to two state of the art sentence simplification systems trained on
similar data (a tree-based translation system by Zhu et al. (2010) and a
synchronous tree grammar mode by Woodsend and Lapata (2011) and an
informed word substitution baseline. Human judges evaluated the output
of the systems on three dimensions: fluency, adequacy and simplicity. While
achieving a similar level of simplicity as the two state of the art systems, the
PBMT-R model scored significantly better in terms of fluency and adequacy.
The PBMT-R model also outperformed the baseline on the dimensions of
simplicity and adequacy. This indicates that while it is conservative in its
edits and does not perform sentence splitting, the PBMT-R model can be
successfully applied to the task of sentence simplification.
6.3

study 3: sentence compression

In Chapter 4 we investigated the task of sentence compression. We compared extractive and abstractive sentence compression. To build an extractive
model we used a memory-based deletion approach and trained this model
on an extractive corpus of sentences from news reports paired with manually created extractive compressions. We showed that our extractive model
can easily be tuned to perform more compression or less compression by
varying the k nearest neighbors in the deletion classifier. We combined this
model with the PBMT-R model trained on the PWKP dataset in order to
create an abstractive model. We tested the systems on the abstractive sentence compression corpus by Cohn and Lapata (2008). Human judges evaluated the output of the systems on two dimensions: fluency and adequacy.

6.4 study 4: language transformation

Compression was measured by using character compression rate, and was
kept the same for both systems. We showed that our systems compress to
a higher degree than state of the art systems, such as the extractive and abstractive systems by Cohn and Lapata (2008), but not as much as humans.
Human judges preferred the extractive compression system over the abstractive compression system on both fluency and adequacy.
6.4

study 4: language transformation

In Chapter 5 we investigated the use of the PBMT in language transformation. We defined language transformation as translating between diachronically distinct language variants. Our focus was on the transformation from
Middle Dutch to Modern Dutch. We described three systems to tackle this
task: a standard PBMT approach, a PBMT approach augmented with overlapbased alignment, and a character bigram PBMT transliteration approach.
Human judges were asked to rank the output of the systems. We found that
the three approaches were ranked significantly differently, with the transliteration PBMT approach being ranked first and the PBMT approach augmented with overlap-based alignment being ranked second.
6.5

answers to the research questions

Taking all this together we can now answer the research questions posed in
Chapter 1.
1. How can a statistical machine translation model be applied to a collection of monolingual text-to-text generation tasks?
We have shown that phrase-based machine translation combined with a
re-ranking heuristic (PBMT-R) can be applied to a collection of text-to-text
generation tasks by applying relatively small modifications to the model.
The re-ranking heuristic that we use is based on Levenshtein distance applied to the word level. This makes sure the model generates output that
differs from its input. For paraphrase generation, the PBMT-R approach outperforms an informed word-substitution baseline. In the case of sentence
simplification the PBMT-R model outperforms two state of the art systems
on adequacy and fluency, and performs similarly on simplification. We have
demonstrated that for language transformation various modifications can be
made to the PBMT model that exploit character overlap and improve the performance of PBMT for this task. We have also demonstrated that character
bigram transliteration can easily be implemented in the PBMT model, which
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has the advantage that it exploits character overlap between diachronic variants and that it can translate words that it has not encountered before in its
training data.
For sentence compression, however, the PBMT-R scores are lower than the
scores of the extractive approach. This can be attributed to several reasons.
One possible reason is that the simplification data is not well suited for
compression. Although on average the sentences are shorter in Simple Wikipedia compared to normal Wikipedia, the aim of Simple Wikipedia is not
to provide compressions, but rather to provide sentences that are easier to
understand. Another potential reason is that the extractive approach is a
very straightforward one that is relatively easy to achieve and yet produces
sentence compression quite successfully. A third reason is the nature of the
task: in machine translation, it is generally bad to delete words from the
sentence, but in sentence compression we do want to delete words if they
do not convey the most important information of the sentence.
In general, as long as the task can be cast as a sentence-to-sentence generation task it is possible to successfully use monolingual machine translation.
There are some limitations to the model. It is not suitable for operations such
as sentence splitting and deletion. This problem can be solved by combining
the PBMT-R model with other modules that perform these operations.
2. How can good parallel monolingual corpora be created?
For all four tasks we used parallel monolingual data, although the size
of the data collections differed from task to task. We have introduced a new
way of collecting large sentential paraphrase corpora from monolingual data
for English and Dutch. We showed how to collect news headlines from news
aggregator sites such as Google News. Headlines are a good source for paraphrases because different news outlets have different ways of formulating
their headlines, yet they still describe the same event. This means that for
each event we get a collection of headlines which is a potential rich resource
of sentential paraphrases. Using overlap based measures we can then extract paraphrase pairs. One advantage is that in this way a great amount
of data can be collected. Another advantage is that news aggregators are
available in various languages, making it easy to use this approach for various languages. A third advantage of these data is the nature of the data;
the headlines we collect are actual paraphrases produced by news editors.
This means that they are not a byproduct of another process, which is the
case in the pivot approach. This also means that actual world knowledge is
captured in the data. It can be argued that headlines use a particular form of
language that is generally shorter than normal English, but we believe the

6.5 answers to the research questions

paraphrase patterns that are learned from these data can also be applied to
other domains. We see our method as a valuable contribution to paraphrase
research in multiple languages and the first to collect sentential paraphrases
on this scale.
For simplification, we used data extracted from the normal English Wikipedia and the Simple English Wikipedia. Sentence pairs extracted from articles from Wikipedia and Simple Wikipedia can be used to model simplification, because the sentences in Simple Wikipedia are in essence simplifications of the sentences in Wikipedia. However, the mapping of sentences
is not always straightforward, as sometimes sentences are split or fused, or
sometimes relevant information is dropped from the sentence. We used an
existing dataset by Zhu et al. (2010), the PWKP dataset, which has been used
in earlier research on sentence simplification.
We used the extractive broadcast corpus by Clarke and Lapata (2008) to
train our memory-based extractive sentence compressor. We again used the
PWKP dataset to train the abstractive part of our sentence compression system, which consists of the PBMT-R model. This abstractive approach was
unable to outperform the extractive model, when tested on the abstractive
sentence compression developed corpus by Cohn and Lapata (2008).
For language transformation we could only use the parallel data that
is available for works that have been manually translated into another diachronic variant. Typically this means not much data is available for language transformation. We have shown, however, that we can use characteristics of these data to overcome the relative sparseness of these data. We
leverage the fact that the two variants of the language share some characteristics and indeed share a lot of characters in the words that are used. This
can be attributed to the fact that the two languages use diachronic variants
of the same words. For our language transformation study we used a collection of parallel texts for Middle Dutch from the Digital Library of Dutch
Literature.
In general the success of collecting monolingual corpora depends on the
task the corpora are used for. For paraphrasing, large amounts of data can
be found, as paraphrases are abundant in news headlines and can be found
relatively easily. In order to construct simplification corpora, the task of constructing corpora is changed into finding simplifications of sentences. This
task is a lot harder, because less sources are available. This also holds true
for compression and transformation.
3. To what extent can text-to-text generation be evaluated automatically?
In order to evaluate the various text-to-text generation applications, we
used human judges in addition to automatic measures. Using automatic
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measures is an accepted procedure in machine translation, as these have
been demonstrated to correlate to a high degree with human judgements by
Papineni et al. (2002) . In monolingual text-to-text generation human judgements are used typically, because in general there are no automatic metrics
which have been proven to correlate highly with human judgements for
these tasks. In all of our studies we observed that the machine translation
evaluation metrics such as BLEU and NIST and the ROUGE summarization
metric showed the same tendencies as the human judgements. In order to
investigate the legitimacy of these results we calculated correlations between
human judgements and automatic metrics.
For the paraphrase generation experiment we found significant correlations between the automatic metrics (BLEU, NIST) and the human judgements (adequacy, fluency). These correlations were however in the low regions (below 0.15). Furthermore, we found that when we split the results
according to edit distance with tokens as atomic units, we can perform a
more meaningful automatic evaluation. As the edit distance increases, automatic scores for systems that are judged to be better tend to show a less steep
decline than those of the lower rated systems. For the sentence simplification
task we measured correlations between BLEU and human judgements (adequacy, fluency, simplicity) and found significant low to medium correlations
between BLEU and fluency and simplicity. We also used the Flesch-Kincaid
grade level readability metric and demonstrated that it is unsuitable for the
evaluation of text-to-text generation. This can be explained by the fact that
this metric only factors in the number of words per sentence and the number of syllables per word. It does not say anything about the content or
the grammaticality of the sentence. For sentence compression and language
transformation we found no significant correlation between automatic metrics and human judgements.
We conclude that although scores assigned by automatic metrics may be
indicative of the quality of text-to-text generation systems, they should be
used with caution, as they are not well suited to handle the large amount of
variety that can occur in the output of monolingual text-to-text generation
systems. One way to deal with this is for automatic metrics to use a large
amount of reference translations (in the monolingual case often paraphrases).
This means the metric can compare the output to multiple references, and
is therefore more likely to match varying output to a reference. We were
able to use multiple references in the paraphrase study, but not in the other
studies. We conclude that automatic evaluation can be used to gain some
insight in the performance of text-to-text generation systems (for example
in system development), but to get the full picture manual evaluation is still
needed.

6.6 future work

6.6

future work

One important direction for future research is improving the PBMT-R model.
We have found that in general it is quite conservative in the edits it performs
and it is limited to single sentences. We have approached text-to-text generation as a sentence-to-sentence task, just as machine translation. However,
text modification or translation is in general more than a strict sentence-tosentence task. As long as the task can be brought down to multiple sentenceto-sentence generations, it is possible to use our approach for these tasks.
Combining the PBMT-R system with systems that perform typical text-totext operations such as sentence splitting and more radical syntax alterations
would be interesting to implement. Another thing that our model does not
take into account is the context of a sentence. Context may be needed to provide an accurate translation of a sentence, or in our case for instance a correct
paraphrase. This is one of the problems that is generally not addressed in
machine translation, and we see this as an interesting direction for future
research. Another interesting direction is the application of our models to
other domains. Applying for instance our paraphrase model on other domains than headlines would give us more insight in the applicability of the
model in those domains.
Another direction of future research is the collection of more diverse corpora. We have demonstrated how to compile a corpus of paraphrasing headlines, but as we mentioned earlier many more domains remain. For simplification and compression sources such as Wikipedia edit histories or pairs
of scientific articles and abstracts might be used. In the process of editing
Wikipedia many editors add, rephrase or remove information. Edits that
shorten sentences can be extracted and used to create such a corpus. It would
be very valuable to collect these corpora in order to improve performance on
these tasks. This also holds for the language transformation task, where we
only used small amounts of data. Obtaining more data could greatly benefit
this task.
The automatic evaluation of monolingual text-to-text generation remains
an unsolved issue as well. We have demonstrated that breaking down the
evaluation to edit distance for paraphrasing or compression rate for sentence compression can aid the evaluation process, but in order to have fully
automatic evaluation the issue of coverage arises. For paraphrase generation, the goal is to create a different variant of a sentence. Any successful
automatic metric should be able to handle this variety of possible generated phrases. Automatic metrics that correlate well with human judgements
could greatly help research in text-to-text generation. These metrics should
take into account fluency, adequacy as well as additional constraints such
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as degree of differentness for paraphrase generation or degree of simplification for sentence simplification. Additional manual evaluation could also
be valuable for text-to-text generation research. Evaluation of simplification
can for example be done in an application for low literacy readers or people
with reading disabilities, in order to investigate how much they benefit from
using such an application.
6.7

conclusion

In sum, we have demonstrated that a machine translation framework can
be used in the context of monolingual text-to-text generation tasks. We have
shown how a phrase-based machine translation system can be modified to
tackle various monolingual text-to-text generation tasks. We believe this approach can be easily adapted to various text-to-text generation tasks in multiple languages. We have also detailed an approach to collect sentential paraphrases on a large scale. These contributions combined result in a method to
quickly build robust yet elegant models that can be used for various monolingual text-to-text generation tasks on the sentence level. Apart from these
tasks themselves, they can also serve as modules in more sophisticated natural language processing pipelines, such as summarization on the document
level, or automatic subtitling, as long as the problem can be brought down
to a sentence-to-sentence generation task.
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S U M M A RY

Text-to-text generation can be defined as the rewriting of a text according
to certain requirements. Performing automatic monolingual text-to-text generation can be instrumental in solving many natural language processing
problems. Paraphrase generation can for instance help increase the range of
applications such as question answering.
Since the monolingual text-to-text generation field is relatively new, no
established methods exist yet. The challenges faced in the research area of
machine translation are however similar to the challenges in monolingual
text-to-text generation. Both disciplines are involved in generating grammatically correct output and in generating output that is meaningfully related to
the input of the system. An interesting venue for research is then the application of established methods in machine translation to diverse text-to-text
generation tasks. The first research question we answer in this thesis is:
1. How can a statistical machine translation model be applied to a collection of monolingual text-to-text generation tasks?
Although generally corpora for machine translation are abundant, the corpora that are available for monolingual text-to-text generation are often relatively small and most of the data is English. The second research question
we pose is then:
2. How can good parallel monolingual corpora be created?
In addition to the challenge of the acquisition of data, there is the issue
of evaluation. One factor in making successful text-to-text applications is a
proper evaluation methodology. This leads to the following research question:
3. To what extent can text-to-text generation be evaluated automatically?
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summary

In each chapter we discuss a different text-to-text generation task. Our research starts In Chapter 2, in which we investigate the automatic generation
of paraphrases by using machine translation techniques. Three contributions
we make are the construction of a sufficiently large paraphrase corpus, a
re-ranking heuristic to use machine translation for paraphrase generation
and a proper evaluation methodology. A large parallel corpus is constructed
by aligning clustered headlines that are crawled from a news aggregator
site. To generate sentential paraphrases we use a standard phrase-based
machine translation (PBMT) framework modified with a re-ranking component (PBMT-R). We demonstrate this approach for Dutch and English and
evaluate by using human judgements collected from 76 participants. The
judgments are compared to two automatic machine translation evaluation
metrics. We observe that as the paraphrases deviate more from the source
sentence, the performance of the PBMT-R system degrades less than that of
the word substitution baseline system.
In Chapter 3 we describe a method for simplifying sentences using the
PBMT-R model, trained on a parallel simplification corpus. We compare our
system to a word-substitution baseline and two state-of-the-art systems, all
trained and tested on paired sentences from the English part of Wikipedia
and Simple Wikipedia. Human test subjects judge the output of the different
systems. Analysis of the judgements shows that by relatively careful phrasebased paraphrasing our model achieves similar simplification results to stateof-the-art systems, while generating better formed output. We also argue
that text readability metrics such as the Flesch-Kincaid grade level should be
used with caution when evaluating the output of simplification systems.In
this chapter we will discuss the task of sentence compression.
In Chapter 4 we present a memory-based approach that can perform sentence compression by deletion (extractive compression) and a hybrid model
that makes use of phrase-based machine translation that in addition to deletions can also perform compressions by paraphrasing longer source phrases
into shorter target phrases (abstractive compression). Because no sufficiently
large abstractive compression corpora exist, we train the phrase-based machine translation component of the hybrid model on simplification data. We
will describe the extractive and abstractive systems and let human judges
evaluate the output of these systems. Although in general we expect humans
to evaluate abstractive compression more positive than extractive compression, abstractive compression is a task that is considerably more difficult
than extractive compression, and there is no abstractive data available. We
therefore expect the extractive approach to be a strong approach.
In this Chapter 5 we investigate language transformation. Language transformation can be defined as translating between diachronically distinct lan-

summary

guage variants. We investigate the transformation of Middle Dutch into
Modern Dutch by means of machine translation. For diachronic language
transformation we have to rely on parallel data that has been made available consisting of paired sentences from the two diachronic variants of the
language. This means generally not much data is available. We tackle this
problem by making use of the characteristics of the data. We demonstrate
that by using character overlap the performance of the machine translation
process can be improved for this task.
We end the thesis with Chapter 6, in which we discuss the results and
answer the research questions.
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