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Abstract

assuming the source document was well written.
Unfortunately, extracts generated this way are often
documents of low readability and text quality, and
contain much redundant information. The conciseness can be improved when sentence extraction is
interfaced with sentence compression, where words
and clauses are deleted based on rules typically operating over parsed input (Jing, 2000; Daumé III
and Marcu, 2002; Lin, 2003; Daumé III, 2006; Zajic
et al., 2007; Martins and Smith, 2009).

The task of selecting information and rendering it appropriately appears in multiple contexts in summarization. In this paper we
present a model that simultaneously optimizes
selection and rendering preferences. The
model operates over a phrase-based representation of the source document which we obtain by merging PCFG parse trees and dependency graphs. Selection preferences for individual phrases are learned discriminatively,
while a quasi-synchronous grammar (Smith
and Eisner, 2006) captures rendering preferences such as paraphrases and compressions.
Based on an integer linear programming formulation, the model learns to generate summaries that satisfy both types of preferences,
while ensuring that length, topic coverage and
grammar constraints are met. Experiments on
headline and image caption generation show
that our method obtains state-of-the-art performance using essentially the same model for
both tasks without any major modifications.

1

An alternative abstractive or “bottom-up” approach involves identifying high-interest words and
phrases in the source text, and combining them into
new sentences guided by a language model (Banko
et al., 2000; Soricut and Marcu, 2007). This approach has the potential to work well, breaking out
of the single-sentence paradigm. Unfortunately, the
resulting summaries are not always coherent — individual constituent phrases are often combined without any semantic constraints — or grammatical beyond the n-gram horizon imposed by the language
model.

Introduction

Summarization is the process of condensing a source
text into a shorter version while preserving its information content. Humans summarize on a daily basis and effortlessly, yet the automatic production of
high-quality summaries remains a challenge.
Most work today focuses on extractive summarization, where a summary is created by identifying
and subsequently concatenating the most important
sentences in a document. The advantage of this approach is that it does not require a great deal of linguistic analysis to generate grammatical sentences,

Constituent deletion and recombination are
merely two of the many rewrite operations professional editors and abstractors employ when creating
summaries (Jing, 2002). Additional operations include truncating sentences, aggregating them, and
paraphrasing at word or syntax level. Furthermore,
professionals write summaries in a task-specific
style. News headlines for example are typically
short (three to six words), written in the present
tense and active voice, and often leave out forms of
the verb be. There are also different ways of writing
a headline either directly by stating what the docu-
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ment is about or indirectly by raising a question in
the reader’s mind, which the document answers.
The automatic generation of summaries similar to
those produced by human abstractors is challenging
because of the many constraints imposed by the task:
the summary must be maximally informative and
minimally redundant, grammatical, coherent, adhere
to a pre-specified length and stylistic conventions.
Importantly, these constraints are conflicting; the
deletion of certain phrases may avoid redundancy
but result in ungrammatical output and information
loss.
In this paper we propose a model for summarization that attempts to capture and optimize these constraints jointly. We learn both how to select the
most important information (the content), and how
to render it appropriately (the style). Selection preferences are learned discriminatively, while a quasisynchronous grammar (QG, Smith and Eisner 2006)
captures rendering preferences such as paraphrases
and compressions. The entire solution space of
possible extractions and QG-generated paraphrases
is searched efficiently through use of integer linear programming. The ILP framework allows us to
model naturally as constraints, additional requirements such as sentence length, overall summary
length, topic coverage and, importantly, grammaticality.
We argue that QG is attractive for describing rewrite operations common in summarization.
Rather than assuming a strictly synchronous structure over the source and target sentences, QG identifies a “sloppy” alignment of parse trees assuming
that the target tree is in some way “inspired by” the
source tree. A key insight in our approach is to
formulate the summarization problem at the phrase
level: both QG rules and information extraction operate over individual phrases rather than (as is the
norm) sentences. At this smaller unit level, QG
rules become more widely applicable and compression falls naturally because only phrases deemed important should appear in the summary.
We evaluate the proposed model on headline generation and the related task of image caption generation. However, there is nothing inherent in our
formulation that is specific to those two tasks; it is
possible for the model to generate longer or shorter
summaries, for a single or multiple documents. Ex514

perimental results show that our method obtains
state-of-the-art performance, both in terms of grammaticality and informativeness for both tasks using
the same summarization model.

2

Related work

Much effort in automatic summarization has been
devoted to sentence extraction which is often formalized as a classification task (Kupiec et al., 1995).
Given appropriately annotated training data, a binary classifier learns to predict for each document
sentence if it is worth extracting. A few previous approaches have attempted to interface sentence
compression with summarization. A straightforward
way to achieve this is by adopting a two-stage architecture (e.g., Lin 2003) where the sentences are
first extracted and then compressed or the other way
round.
Other work implements a joint model where
words are deleted and sentences selected from a document simultaneously (Daumé III and Marcu, 2002;
Martins and Smith, 2009; Woodsend and Lapata,
2010). ILP models have also been developed for
sentence rather than document compression (Clarke
and Lapata, 2008). Dras (1999) discusses the application of ILP to reluctant paraphrasing, i.e., the task
of choosing between paraphrases while conforming
to length, readability, or style constraints. Again,
the aim is to rewrite text without, however, content selection. Rewrite operations other than deletion tend to be hand-crafted and domain specific
(Jing and McKeown, 2000). Notable exceptions are
Cohn and Lapata (2008) and Zhao et al. (2009) who
present a model that can both compress and paraphrase individual sentences without however generating document-level summaries.
Headline generation is a well-studied task within
single-document summarization, due to its prominence in the DUC-03 and DUC-04 evaluation competitions.1 Many approaches identify the most informative sentence in a given document (typically the
first sentence for the news genre) and subsequently
apply a form of sentence compression such that
the headline meets some length requirement (Dorr
1 Approaches

to headline generation are too numerous to list
in detail; see the proceedings of DUC-03 and DUC-04 for an
overview.

et al., 2003). The compressed sentence may also be
“padded” with important content words or phrases
to ensure that the topic of the document is covered
(Zajic et al., 2004). Other work generates headlines
in a bottom-up fashion starting from important, individual words and phrases, that are glued together to
create a fluent sentence. For example, Banko et al.
(2000) draw inspiration from Machine Translation
and generate headlines using statistical models for
content selection and sentence realization.

Relatively little work has focused on caption generation, a task related to headline generation. The
aim here is to create a short, title-like description of
an image embedded in a news article. Like headlines, captions have to be short and informative. In
addition, a good caption must clearly identify the
subject of the picture and establish its relevance to
the article. Feng and Lapata (2010a) develop extractive and abstractive caption generation models
that operate over the output of a probabilistic image annotation model that preprocesses the pictures
and suggests keywords to describe their content.
Their best model is an extension of Banko et al.’s
(2000) word-based model for headline generation to
phrases.

Our own work develops an ILP-based summarization model with rewrite operations that are not limited to deletion, are defined over phrases, and encoded in quasi-synchronous grammar. The QG formalism has been previously applied to parser adaptation and projection (Smith and Eisner, 2009), paraphrase identification (Das and Smith, 2009), and
question answering (Wang et al., 2007); however
the use of QG in summarization is novel to our
knowledge. Unlike most synchronous grammar formalisms, QG does not posit a strict isomorphism between a source sentence and its target translation; it
only loosely links the syntactic structure of the two,
and is therefore well suited to describing the relationship between a document and its abstract. We
propose an ILP formulation which not only allows
to efficiently search through the space of many QG
rules but also to incorporate constraints relating to
content, style, and the task at hand.
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3

Modeling

There are three components to our model. Content
selection is performed discriminatively; an SVM
learns which information in the source document
should be in the summary, and gives a real-valued
salience score for each phrase. QG rules are used
to generate compressions and paraphrases of the
source sentences. An ILP model combines the output of these two components into an output summary, while optimizing content selection and surface
realization preferences jointly.
3.1

Document Representation

Our model operates on documents annotated with
syntactic information which we obtain by parsing
every sentence twice, once with a phrase structure
parser and once with a dependency parser. The output from the two representations is combined into a
single data structure, by mapping the dependencies
to the edges of the phrase structure tree. The procedure is described in detail in Woodsend and Lapata
(2010). However, we do not merge the leaf nodes
into phrases here, but keep the full tree structure,
as we will apply compression to phrases through
the QG. In our experiments, we obtain this combined representation from the output of the Stanford parser (Klein and Manning, 2003) but any other
broadly similar parser could be used instead.
3.2

Quasi-synchronous grammar

Given an input sentence S1 or its parse tree T1, the
QG constructs a monolingual grammar for parsing,
or generating, the possible translation (or here, paraphrase) trees T2. A grammar node in the target tree
T2 is modeled on a subset of nodes in the source tree,
with a rather loose alignment between the trees.
In our approach, the process of learning the grammar is unsupervised. Each sentence of the source
document is compared to each sentence in the target
document — headline or caption, depending on the
task. Using the combined PCFG-dependency tree
representation described above, we build up a list of
leaf node alignments based on lexical identity, after
stemming and removing stop words. We align direct
parent nodes where more than one child node aligns.
A grammar rule is created if the all the nodes in the
target tree can be explained using nodes from the
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Figure 2: Alternative paraphrases are represented as
a CHOICE sub-tree.
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portant operations for the grammar.
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Figure 1: Examples of QG alignments between
source node (left) and target node (right). (a) alignment of child nodes, involving compression through
deletion; (b) rewriting involving child and grandchild nodes; (c) reordering of child nodes (with further compression through applying other QG rules
on children). Nodes bear phrase and dependency labels. Dotted lines show alignments in the grammar
between source and target child nodes. Examples
are taken from the QG rules discovered in the DUC03 data set of headlines.

source; this helps to improve the quality in what is
inherently a noisy process. Finally, QG rules are created from aligned nodes above the leaf node level,
recording the phrase and dependency label of nodes,
and the alignment of child nodes.
Unlike previous work involving QG which has
used dependency graphs exclusively (e.g., Wang
et al. 2007; Das and Smith 2009), our approach operates over a combined PCFG-dependency representation. As a result, some configurations in Smith and
Eisner (2006) are not so relevant here — instead,
we found that deletions, reorderings, flattening of
nodes, and the addition of text elements were im516

Figure 1 shows some example alignments that are
captured by the QG, with the source node on the
left and the target node on the right. Leaf nodes
have their original text, while other nodes have a
combined phrase and dependency label that they obtain in the merged representation described in Section 3.1 above (e.g., NP/dobj is a noun phrase and a
direct object, NNP/nn is a proper noun and a nominal modifier, whereas NN/– is a head noun). Alignments between the children are shown by dotted
lines. In Figure 1(a), some child nodes are aligned
while others are not present in the target tree. This
type of rule is common in our training data, and typically arises from the compression of names in noun
phrases. Another frequent compression, shown in
Figure 1(b), is flattening the tree structure by incorporating grand-child elements at the child level.
Figure 1(c) shows a rule involving the reordering
of child nodes, and where additional rules are applied recursively to achieve further compression and
a transformation in the phrase constituency.
Paraphrases are created from source sentence
parse trees by applying suitable rules recursively.
Suitable rules have matching structure in terms of
phrase and dependency label, for both the parent and
child nodes. Additionally, the proposed paraphrase
sub-tree must be suitable for the target tree being
created (i.e., the root node of the paraphrase must
match the phrase and dependency label of the corresponding node in the target tree). Where more than
one paraphrase is possible, the alternatives are incorporated into the target parse tree under a CHOICE
node, as is shown in Figure 2. Note that unlike pre-

vious QG approaches, we do not use the probability
model proposed by Smith and Eisner (2006); instead
the QG is used to represent rewrite operations, and
we simply record a frequency count for how often
each rule is encountered in the training data.

should be in all likelihood included in the caption.
The model is cast as an integer linear program:
max
x

s.t.
3.3

ILP model

∑ ( fi + λgi )xi

(1a)

∑ li xi ≤ Lmax

(1b)

∑ li xi ≥ Lmin

(1c)

i∈P
i∈P

The objective of our model is to create the most informative text possible, subject to constraints which
can be tailored to the specific task. These relate to
sentence length, overall summary length, the inclusion of specific topics, and grammaticality. These
constraints are global in their scope, and cannot be
adequately satisfied by optimizing each one of them
individually. Our approach therefore uses an ILP
formulation which will provide a globally optimal
solution, and which can be efficiently solved using
standard optimization tools. Specifically, the model
selects phrases and paraphrases from which to form
the output sentence. Here, we focus on a single
sentence as this is most appropriate for title generation. However, multi-sentence output can be easily
generated by setting a summary length constraint.
The model operates over the merged phrase structure trees described in Section 3.1, augmented with
paraphrase choice nodes such as shown in Figure 2
rather than raw text.
Let S be the set of sentences in a document, P be
the set of phrases, and Ps ⊂ P be the set of phrases
in each sentence s ∈ S . Let the sets Di ⊂ P , ∀i ∈ P
capture the phrase dependency information for each
phrase i, where each set Di contains the phrases that
depend on the presence of i. In a similar fashion,
C ⊂ P is the set of choice nodes throughout the document, which represent nodes in the tree where more
than one QG rule can be applied; Ci ⊂ P , i ∈ C are
the sets of phrases that are direct children of each
choice node, in other words they are the individual
alternative paraphrases. Let li be the length of each
phrase i, in tokens.
For caption generation, the model has as additional input a list of tags (keywords drawn from the
source document) that correspond to the image, and
we refer to this set of tags as T . Pt ⊂ P is the set of
phrases containing the tag t ∈ T . We use the probabilistic image annotation model of Feng and Lapata
(2010a) to generate the list of keywords. The latter highlight the objects depicted in the image and
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i∈P

∑

xi ≥ Tmin

(1d)

i∈Pt ,t∈T

x j → xi

∑ x j = xi

∀i ∈ P , j ∈ Di

(1e)

∀i ∈ C , j ∈ Ci

(1f)

∀s ∈ S , i ∈ Ps

(1g)

j∈Ci

xi → ys

∑ ys ≤ NS

(1h)

s∈S

xi ∈ {0, 1}

∀i ∈ P

(1i)

ys ∈ {0, 1}

∀s ∈ S .

(1j)

A vector of binary variables x ∈ {0, 1}|P | indicates
if each phrase is to be part of the output. The vector
of auxiliary binary variables y ∈ {0, 1}|S | indicates
from which sentences the chosen phrases come, see
Equation (1g).
Our objective function (1a) is the weighted sum of
two components for each phrase: a salience score,
and a measure of how frequently the QG rule was
seen in the training data. Let fi denote the salience
score for phrase i, determined by the machine learning algorithm. We apply a paraphrase penalty gi to
each phrase,
 
nr
gi = log
,
Nr
where nr is a count of the number of times this particular QG rule r was seen in the training data, and
Nr is the number of times all suitable rules for this
phrase node were seen. If no suitable rules exist,
we set gi = 0. The intuition here is that common
paraphrases should be more trustworthy, and thus
are given a smaller penalty than rare ones. Paraphrase penalties are weighted by the constant parameter λ. which controls the amount of paraphrasing
we allow in the output. The objective function is
the sum of the salience scores and paraphrase penalties of all the phrases chosen to form the output of a
given document, subject to the constraints in Equa-

tions (1b)–(1j). The latter provide a natural way of
describing the requirements the output must meet.
Constraints (1b) and (1c) ensure that the generated output stays within the acceptable length range
of (Lmin , Lmax ) tokens. Equation (1d) is a setcovering constraint, requiring that at least Tmin words
in T appear in the output. This is important where
we want to focus on some aspect of the source document, for instance on the subject of an image.
Constraint (1e) ensures that the phrase dependencies are respected and thus enforces grammatical
correctness. Phrases that depend on phrase i are contained in the set Di . Variable xi is true, and therefore
phrase i will be included, if any of its dependents
x j ∈ Di are true. The phrase dependency constraints,
contained in the set Di and enforced by (1e), are the
result of three principles based on the typed dependency information:
1. Where the QG provides alternative paraphrases, it makes sense of course to select only
one. This is controlled by constraint (1f), and
by placing all paraphrases in the set Di for the
choice node i.
2. Where there are no applicable QG rules to
guide the model, in general we require all child
nodes j of the current node i to be included in
the summary if node i is included. As exceptions, we allow the subtree represented by node
j to be deleted if the dependency label for the
connecting edge i → j is of type advcl (adverbial clause) or some form of conj (conjunction).
3. In general, we force the parent node p of the
current node i to be included in the output if i
is, resulting in all ancestors up to the root node
being included. We allow a break, and the subtree at i to be used as a stand-alone sentence, if
the PCFG parser has marked i with an S (sentence) label.
Constraint (1g) tells the ILP to output a sentence if
one of its constituent phrases is chosen. Finally, (1h)
limits the output to a maximum of NS sentences.

4

Experimental Set-up

As mentioned earlier we evaluated the performance
of our model on two title generation tasks, namely
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headline and caption generation. In this section we
give details on the corpora and grammars we used,
model parameters and features. We also describe the
baselines used for comparison with our approach,
and explain how system output was evaluated.
Training We obtained phrase-based salience
scores using a supervised machine learning algorithm. For the headline generation task, the full
DUC-03 (Task 1) corpus was used for training;
it contains 500 documents and 4 headline-style
summaries per document. For the captions, training
data was gathered from the CNN news website.2
We used 200 documents and their corresponding
captions. Sentences were first tokenized to separate
words and punctuation, and then parsed to obtain
phrases and dependencies as described in Section 3
using the Stanford parser (Klein and Manning,
2003). Document phrases were marked as positive
or negative automatically. If there was a unigram
overlap (excluding stop words) between the phrase
and any of the original title or caption, we marked
this phrase with a positive label. Non-overlapping
phrases were given negative labels.
Our feature set comprised surface features such as
sentence and paragraph position information, POS
tags, and whether high-scoring tf.idf words were
present in the phrase. Additionally, the caption training set contained features for unigram and bigram
overlap with the title. We learned the feature weights
with a linear SVM, using the software SVM-OOPS
(Woodsend and Gondzio, 2009). This tool gave us
directly the feature weights as well as support vector values, and it allowed different penalties to be
applied to positive and negative misclassifications,
enabling us to compensate for the unbalanced data
set. The penalty hyper-parameters chosen were the
ones that gave the best F-scores, using 10-fold validation.
For each of the two tasks, QG rules were extracted
from the same data used to train the SVM, resulting
in 2,910 distinct rules for headlines and 2,757 rules
for the captions. Table 1 shows that for both tasks,
the majority of rules apply to PP and NP phrases.
Both tasks involve considerable compression, but
the proportions of the rewrite operations involved indicate differences in style between them. Compared
2 See

http://edition.cnn.com/.

Label
PP
NP
S
SBAR

Prop’n
Proportion for Label
of set Unmod Del Ins Re-ord
40%
5% 93% 12%
6%
31%
5% 87% 14%
7%
20%
1% 96% 15%
7%
6%
4% 95% 28%
6%
(a) Headlines

Label
PP
NP
S
SBAR

Parameter
Min length
Max length
Min keywords
Max sentences
Paraphrase

Lmin
Lmax
Tmin
NS
λ

Headlines
8
16
0
5
0.2

Captions
8
20
2
1
0.1

Table 2: ILP model parameters for the two tasks.

Prop’n
Proportion for Label
of set Unmod Del Ins Re-ord
30%
17% 81% 7%
4%
29%
17% 76% 11%
3%
27%
10% 84% 16%
6%
10%
13% 80% 16%
3%
(b) Captions

Table 1: QG rules generated for (a) headline and
(b) caption tasks (top 4 labels shown). The columns
show label of root node, proportion of the full ruleset, then the proportions of rules for this label involving no modification, deletions, insertions and
re-orderings.

to headlines, captions involve slightly less deletion
and a higher proportion of the phrases are unmodified. The QG learning mechanism also discovers
more alignments between source sentences and captions than it does for the headline task.
Title generation For the headline generation task,
we evaluated our model on a testing partition from
the DUC-04 corpus (75 documents, Task 1). For the
caption task, we used the test set (240 documents)
described in Feng and Lapata (2010a). Their corpus
was downloaded from the BBC news site and contains documents, images, and their captions.3
We created and solved an ILP for each document. For each phrase, features were extracted and
salience scores calculated from the feature weights
determined through SVM training. The distance
from the SVM hyperplane represents the salience
score. Parameters for the ILP models for the two
tasks are shown in Table 2. The λ parameter was
set to 0.2 to ensure that paraphrases were included;
other parameters were chosen to capture the prop3 Available
from http://homepages.inf.ed.ac.uk/
s0677528/data.html.
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erties seen in the majority of the training set. Note
the maximum number of sentences allowed to form
a headline is set to 5 as some of the headlines in the
DUC dataset contained multiple sentences.
To solve the ILP model we used the ZIB Optimization Suite software (Achterberg, 2007; Koch,
2004). The solution was converted into a sentence
by removing nodes not chosen from the tree representation, then concatenating the remaining leaf
nodes in order.
Model Comparison For the headline task, we
compared our model to the DUC-04 standard baseline of the first sentence, truncated at the first word
boundary after 75 characters; and the output of the
Topiary system (Zajic et al., 2004), which came top
in almost all measures in the DUC-04 evaluation.
In order to generate a headline, Topiary first compresses the lead sentence using linguistically motivated heuristics and then enhances it with topic keywords. For the captions, we compared our model
against the highest-scoring document sentence according to the SVM and against the probabilistic
model presented in Feng and Lapata (2010a). The
latter estimates the probability of a phrase appearing in the caption given the same phrase appearing
in the corresponding document and uses a language
model to select among many different surface realizations. The language model is adapted with probabilities from an image annotation model (Feng and
Lapata, 2010b).
Evaluation We evaluated the quality of the headlines using ROUGE (Lin and Hovy, 2003). The
DUC-04 dataset provides four reference headlines per document. We report unigram overlap
(ROUGE -1) and bigram overlap (ROUGE -2) as a
means of assessing informativeness, and the longest
common subsequence (ROUGE -L) as a means of as-

sessing fluency. Original DUC-04 ROUGE parameters were used. We also use ROUGE to evaluate the
automatic captions with the original BBC captions
as reference.
In addition, we evaluated the generated headlines
by eliciting human judgments. Participants were
presented with a news article and its corresponding headline and were asked to rate the latter along
two dimensions: informativeness (does the headline
capture the article’s most important information?),
and grammaticality (is it fluent and easy to understand?). The subjects used a seven point rating scale;
an ideal system would receive high numbers for
both measures. We randomly selected twelve documents from the test set and generated headlines with
our model. We also included the output of Topiary
and the human written DUC-04 headlines as a gold
standard. We thus obtained ratings for 48 (12 × 4)
document-highlights pairs.
We elicited judgments for the generated captions
in a similar fashion. Participants were presented
with a document, an associated image, and its caption, and asked to rate the latter (using a 1–7 rating
scale) with respect to grammaticality and informativeness (does it describe succinctly the content of
the image and document?). Again, we randomly selected 12 document-image pairs from the test set and
generated captions for them using the highest scoring document sentence according to the SVM, our
ILP-based model, and the output of Feng and Lapata’s (2010a) system. We also included the original
BBC captions as an upper bound. Both studies were
conducted over the Internet using WebExp (Keller
et al., 2009). 80 unpaid volunteers rated the headlines and 65 the captions, all self reported native English speakers.

Lead
Topiary
ILP
DUC
Source

Lead
Topiary
ILP
DUC
Source

Lead
Topiary
ILP
DUC
Source

Table 3: Example headline output.
F&L
ILP
BBC
Source

F&L
ILP
BBC

5

Results

Source

We report results on the headline generation task in
Figure 3, with ROUGE -1, ROUGE -2 and ROUGE L. In ROUGE -1 and ROUGE -L measures, the best
scores are obtained by the Topiary system, slightly
better than the lead sentence baseline, while for
ROUGE -2 the ordering is reversed. Our model does
not outperform the lead sentence or Topiary. Note
that the 95% confidence level intervals reported by
ROUGE are so large that no results are statistically
520

The chances for a new, strictly secular government in
Turkey faded Wednesday.
TURKEY YILMAZ PARTY ECEVIT chances strictly
secular government faded.
Bulent Ecevit needs Turkey’s two-center right parties to
hammer together secular coalition.
Chance for new, secular, Turkish government fades; what
will Ecevit do now?
Premier-designate Bulent Ecevit needs Turkey’s twocenter right parties to hammer together a secular coalition, but Tansu Ciller, the ex-premier who commands 99
votes in parliament, rebuffed him Wednesday.
U.S. President Bill Clinton won South Korea’s support
Saturday for confronting.
NUCLEAR U.S. President Bill Clinton won for confronting North Korea.
North Koreans have denied construction site has nuclear
purpose.
U.S. warns N. Korea not to waste chance for peace over
alleged nuclear site.
The North Koreans have denied the underground construction site has any nuclear purpose, and it has demanded a dlrs 300 million payment for proving that.
By only one vote, the center-left prime minister of Italy,
Romano Prodi.
PRODI By only one vote center left prime minister and
toppled from power.
Political system changes, Italy is condemned to political
instability.
Prodi loses confidence vote; will stay as caretaker until
new government.
“Unless the Italian political system changes, Italy is condemned to political instability,” said Sergio Romano, a
former diplomat and political science professor.

F&L
ILP
BBC
Source

The former paramedic training officer stood at the next
general election.
The majority are now believing that war in Iraq was
wrong.
L/Cpl Thomas Keys was shot 18 times, his inquest heard.
The majority of people in this country are now believing
that the war in Iraq was wrong, and I do believe we will
get support.
The state government of Victoria take as those tests for
cannabis.
Police in Victoria have begun randomly testing drivers for
the drug ecstasy.
Police say drugs like Ecstasy can be as dangerous as alcohol for drivers.
Police in the Australian state of Victoria have begun randomly testing drivers for the drug ecstasy.
The US Government Professor Holdren called for more
than a year.
“We are experiencing dangerous human disruption of
global climate,” Professor Holdren said.
Sea levels could rise by 4m over the coming century, he
warns.
“We are experiencing dangerous human disruption of the
global climate and we’re going to experience more,” Professor Holdren said.

Table 4: Example caption output.

Model
Lead-1
Topiary
ILP
Reference

0.3
Rouge-1
Rouge-L
Rouge-2

0.25

Score

0.2
0.15
0.1

0
Topiary

Importance
3.30
3.43
4.94
5.17

Table 5: Average human ratings of DUC-04 headlines, for our ILP model, the lead sentence baseline,
the output of Topiary and the human-written reference.

0.05

Lead-1

Grammaticality
4.95
3.03
5.36
5.12

ILP

Figure 3: ROUGE -1, ROUGE -2 and ROUGE -L results on the DUC-04 headlines for our ILP model,
the lead sentence baseline and Topiary.
0.2
Rouge-1
Rouge-L
Rouge-2

Model
SVM
F&L
ILP
Reference

Grammaticality
5.24
4.42
5.49
5.61

Importance
5.01
4.74
5.25
5.18

Score

0.15

Table 6: Average human ratings of captions, for
our ILP model, the sentence baseline chosen by the
SVM, Feng and Lapata’s (2010) model and the reference BBC caption.

0.1

0.05

0
SVM

F&L

ILP

Figure 4: ROUGE -1, ROUGE -2 and ROUGE -L results on the BBC captions for our ILP model, the
sentence baseline chosen by the SVM, and Feng and
Lapata’s (2010) model.
significant. We also investigated using an ILP model
with just the QG rules or just dependency label information (see constraint (1e) in Section 3.3). Both
settings gave less compressed output, and the resulting ROUGE scores were lower on all measures. The
ROUGE results for the caption generation task follow a similar pattern (see Figure 4). Our model is
slightly better than the best sentence baseline but
performs worse than Feng and Lapata (2010a). Tables 3 and 4 show example output for the ILP model
and the baselines on the headline and caption tasks
respectively. In the tables, Source refers to the sentence chosen by the ILP, but before any paraphrasing
is applied. We can see that deletion rules dominate,
and a more compressive style of paraphrasing has
been learned for the headline task.
The results of our human evaluation study for
the DUC-04 headlines are summarized in Table 5.
Means differences were compared using a Post-hoc
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Tukey test. The headlines created by our model
were considered significantly more important and
more grammatical than those of the Topiary system (α < 0.01), despite the better overlap of Topiary with the reference headlines as indicated in the
Rouge results above. Compared to the lead sentence
of the article (the DUC-04 baseline), our model was
also rated significantly higher in terms of importance
(α < 0.01) but not grammaticality.
Table 6 summarizes the results of our second
judgment elicitation study. The captions generated
by our model are significantly more grammatical
than those of Feng and Lapata (2010a) (α < 0.01).
The SVM, ILP model and reference captions do not
differ significantly in terms of grammaticality. In
terms of importance, the ILP model is significantly
better than the SVM (α < 0.01) and Feng and Lapata (α < 0.01) and comparable to the reference.
The human ratings are more favorable to our
model than ROUGE for both tasks. There are two
reasons for this. Firstly, the model is not biased towards selecting the lead sentence as a headline/caption and is disadvantaged in ROUGE evaluations as professional abstractors often reuse the lead
or parts of it to create a title. Secondly, the model
often generates an appropriate title that is lexically

distinct from the reference even though it expresses
similar meaning.

6

Conclusions

In this paper we proposed a joint content selection and surface realization model for singledocument summarization. The model operates over
a syntax-rich representation of the source document and learns which phrases should be in the
summary. Content selection preferences are coupled with a quasi-synchronous grammar whose rules
encode surface realization preferences (e.g., paraphrases and compressions). Both types of preferences are optimized simultaneously in an integer linear program subject to grammaticality, length and
coverage constraints. Importantly, the QG allows
the model to adapt to the writing and stylistic conventions of different tasks. The results of our human studies show that our system creates grammatical and informative summaries whilst outperforming
several competitive baselines.
The model itself is relatively simple and achieves
good performance without any task-specific modification. One potential stumbling block may be the
availability of parallel data for acquiring the QG.
The Internet provides a large repository of news
documents with headlines, images and captions. In
some cases news articles are even accompanied with
“story highlights” which could be used as training
data for longer summaries.4 For other domains obtaining such data may be more difficult. However,
our experiments have shown that relatively small
parallel corpora (in the range of 200–500 pairs) suffice to learn many of the writing conventions for a
given task.
In the future, we plan to explore how to integrate more sophisticated QG rules in the generation
process. Currently we consider deletions, reorderings and insertions. Ideally, we would also like to
model arbitrary substitutions between words but also
larger constituents (e.g., subclauses, sentence aggregation). Beyond summarization, we would also like
to apply our model to other generation tasks, such as
paraphrasing and text simplification.
4 On-line

CNN news articles are prefaced by story
highlights—three or four short sentences that are written by humans and give a brief overview of the article.
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