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Abstract—Cross-language multidocument summarization is the
task to generate a summary in a target language (e.g., Chinese)
from a collection of documents in a different source language (e.g.,
English). Previous methods such as the extractive and compressive
algorithms focus only on single sentence selection and compression,
which cannot make full use of the similar sentences containing
complementary information. Furthermore, the translation model
knowledge is not fully explored in previous approaches. To address
these two problems, we propose in this paper an abstractive
cross-language summarization framework. First, the source
language documents are translated into target language with a
machine translation system. Then, the method constructs a pool of
bilingual concepts and facts represented by the bilingual elements
of the source-side predicate-argument structures (PAS) and their
target-side counterparts. Finally, new summary sentences are
produced by fusing bilingual PAS elements with the integer linear
programming algorithm to maximize both of the salience and
translation quality of the PAS elements. The experimental results
on English-to-Chinese cross-language summarization demonstrate that our proposed method outperforms the state-of-the-art
extractive systems in both automatic and manual evaluations.
Index Terms—Abstractive cross-language summarization,
predicate-argument structure, translation model, integer linear
programming..

I. INTRODUCTION

C

ROSS-LANGUAGE summarization (CLS) is the task
of producing a summary in a different target language
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(e.g. Chinese) from a collection of documents in a source
language (e.g. English) [1]. In big data era nowadays, the data
especially texts comes from different languages. To understand
the content gist of the documents written in an unfamiliar
language, CLS becomes very helpful for us. In this work, we
focus on English-to-Chinese CLS.
Ideally, CLS is not a problem if machine translation (MT) is
good enough. In that case, one can just generate the summary in
the source language and then convert it into target language with
the MT system. However, the translation quality is still far from
satisfactory although the MT technology has made promising
progress in the past decades. Thus, it is a crucial issue how to
make full use of the translation models (TM) in CLS.
Existing methods for CLS fall in two categories: extractionbased and compression-based. Most of the CLS systems apply
the extraction-based approach which in turn can be divided into
three classes. Take English-to-Chinese CLS for example, one
method directly extracts summary sentences from English documents using only English side features and then automatically
translates the English summary into Chinese summary. The second one firstly translates the English documents into Chinese
and then extracts summary sentences from the translated Chinese documents. The third one takes both English documents
and the translated Chinese counterparts into account and extracts
Chinese summary sentences with features in both languages [2].
Recently, [3] proposes a compressive method for CLS. This
approach simultaneously performs sentence selection and compression. The sentence scores are calculated based on the aligned
bilingual phrases which are obtained using online MT service.
Compression is performed by deleting the phrases which are
redundant or badly translated.
It should be noted that the above methods concerning solely
single sentence selection and compression cannot merge several
salient and well-translated facts from different sentences. For example, the two English sentences and their Chinese translations
in the top half of Fig. 1 talk about different but relevant facts
for the same concept president bush. Due to the redundancy
requirements, the extraction-based approach can only pick
one Chinese sentence from the two and the compression-based
one may delete some noisy or badly translated phrases from the
selected sentence. Obviously, the sentence combining the facts
from both of the two sentences shown in the bottom half in
Fig. 1 should be a much better choice. In this study, our goal is
to generate Chinese summaries consisting of such sentences.
To achieve this goal, we propose an abstractive CLS (ACLS)
framework which is inspired by the abstractive algorithms in
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1) To the best of our knowledge, we are the first to propose
a novel ACLS framework.
2) We introduce PAS to define bilingual concepts and facts.
Furthermore, TM knowledge is employed to measure the
translation quality of the bilingual concepts and facts.
3) Our CLS framework can significantly outperform the
state-of-the-art extractive methods in terms of automatic
ROUGE metric and manual linguistic quality.
Fig. 1. An example for our ACLS based on PAS fusing. In the top half,
two English sentences addressing the same entity and topic are annotated with
the PAS. Red bold words are predicates. ARG0, ARG1, ARG2 and AM-TMP denote respectively agent, patient, benefactive and time. The Chinese translations
are also given in the example. The bottom half shows the result by merging the
elements of different PAS considering both the salience and translation quality
of the arguments.

monolingual document summarization [4]–[7]. In our ACLS
framework, we assume that all the summary sentences are produced by merging the bilingual concepts and facts1 which are
salient and well-translated. In this work, we define concepts and
facts in predicate-argument structures (PAS). PAS for a sentence
are usually automatically annotated by semantic role labelling
[8], in which each predicate indicates an event and the arguments express the relevant information of this event (as shown
in Fig. 1). Thus, concepts are defined by ARG0 that denotes
the theme of the event. The facts are defined by two components: core facts represented by predicate+ARG1 (ARG2) and
auxiliary facts represented by AM-TMP (AM-LOC). Given the
English documents and the automatically translated Chinese
counterparts, human writers can generate the Chinese summary
sentences by recognizing and merging the concepts and facts (elements of PAS) which are most important and well translated.
In this study, we attempt to simulate this process automatically.
Specifically, we use Fig. 1 to illustrate the main idea of our
ACLS framework. The input English documents are first translated into Chinese using a MT system. Meanwhile, the English
sentences are parsed into PAS. Then, we recognize the bilingual concepts and facts with word alignments which can be
automatically estimated. For example, the phrases in the same
color in Fig. 1 denote the same concept or fact. The core algorithm lies in two sub-models: one adopts the TM augmented
algorithm to measure the salience and translation quality of the
bilingual concepts and facts, and the other applies the integer
linear programming (ILP) to select and re-organize the concepts
and facts into valid and fluent Chinese summary sentences so as
to maximize the salience and translation quality of the summary
sentences in a global manner. In Fig. 1, the concept president
bush and the facts made his visit, to the region, authorised federal disaster assistance and for the affected areas are selected
while others are ignored due to unimportance or low translation
quality.
We make the following contributions in this paper:
1 The terminology of concept and fact is inspired by the work [7] in which
noun phrases are concepts and verb phrases are facts. We will make detailed
comparison in the related work.

II. ACLS FRAMEWORK
In the English-to-Chinese summarization, we take the English
documents as input and create a Chinese summary as output.
This process is completed in five steps in our ACLS framework. First, we translate the English documents into Chinese
counterparts with a MT system, and meanwhile parse the English sentences into PAS. Second, a pool of bilingual concepts
and facts are recognized and extracted with automatically estimated word alignments. Third, the salience score and translation
quality of the bilingual concepts and facts are calculated respectively. Fourth, we employ integer linear optimization model to
formalize the sentence generation task with multiple designed
constraints. Finally, we perform some post-processing work to
improve the readability of the produced Chinese summary sentences. In the following sections, each step will be introduced
in detail.
A. Document Translation and PAS Parsing
In order to improve the reproducibility of our method, we apply the state-of-the-art online Google Translate2 to translate all
the sentences in the English documents into Chinese. Note that
no pre-processing such as tokenization and lowercasing is performed for English sentences, since we find that Google Translate obtains better translation results for the sentences without
lowercasing and tokenization.
It is emphasized in the introduction section that the final
summary is composed by the elements of PAS. Therefore, the
quality of English PAS parsing is very important. The task of
PAS parsing is to recognize every predicate in the sentence
and identify all the relevant arguments for each predicate. This
task is usually performed through semantic role labelling [8].
In this paper, we employ the approach proposed in [9] which
can better handle the sentences containing multiple predicates.
Take the second English sentence in Fig. 1 for example. There
are two predicates authorised and made in this sentence, and
they share the same agent president bush. Few methods provide
good solutions to this problem. Fortunately, [9]–[11] designed
a smart discriminative model incorporating global features to
constrain the shared arguments for different predicates so that
the predicted semantic roles are more consistent. This method
achieves the state-of-the-art 77.0% F1-score on English PropBank.

2 https://translate.google.com/
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Fig. 2. An example of recursive PAS. ARG0:{the company}, predicate: has
and ARG1:{a 1/2 percent share of the Florida market} server as ARG1 in the
outer PAS.

B. Acquisition of Bilingual Concepts and Facts
In our ACLS, the bilingual concepts and facts serve as the
basic units for summary sentence generation. This section introduces how to extract the set of bilingual concepts and facts.
We first determine the concepts and facts in the English sentences and then find the corresponding Chinese counterparts.
Given an English sentence annotated with PAS, we evaluate
each PAS to check whether it is valid for concept and fact extraction. Here, a PAS is valid if and only if there are at least
ARG0 and ARG1 in it3 . Then, for each valid PAS, we define
and extract the concepts and facts for each predicate in a monolingual manner.
Concept: ARG0 is regarded as the concept of an event. For
example, president George Bush and president bush are concepts
in Fig. 1.
Fact: predicate+ARG1 (ARG2) is defined as the core fact
of an event. AM-TMP (AM-LOC) is defined as the auxiliary
fact. The auxiliary fact appears in the final summary only when
the corresponding core fact appears. Take Fig. 1 as an example,
made his second visit, made to the region, authorised federal
disaster assistance, authorised for the affected areas and made
plans for an inspection tour of the state are core facts. yesterday
and since the hurricane hit are auxiliary facts.
Other arguments such as ARG3, ARG4, AM-ADV and AMMOD are not considered in our framework because they are not
core elements of an event. It is worth noting that many PAS are
recursive. That is one PAS is part of another, just as Fig. 2 shows.
Nevertheless, they are equally treated when we construct the
pool of bilingual concepts and facts. When generating the final
summary, we will impose constraints to avoid the co-occurrence
of the recursive PAS (as shown in Equation (15)).
To obtain the aligned Chinese part for the given English concepts and facts, we need word alignment between the English
sentence and its Chinese translation. However, such information is not provided by Google Translate. To solve this problem,
we attempt to design an algorithm to automatically align the
sentence pair in word level.
The main idea behind this algorithm is that an unsupervised
method using latent-variable log-linear models is leveraged first
to learn the word alignment model on a large set of bilingual
sentence pairs (English and Chinese). Then the model is employed to predict the word alignment between the sentences in
the English documents and their Chinese translations.
It is well-known that adequate unlabelled data (without word
alignment annotation) would lead to effective models leant by
3 This

constraint guarantees the completeness of an event.

Fig. 3. An example of word alignment and the extraction of bilingual concepts
and facts. During extraction, Chinese boundary words will be expanded if they
have no alignment and they are not punctuations.

unsupervised approaches. Fortunately, there are a lot of parallel
data for Chinese and English in MT community. As we deal with
news summarization in this study, we use the news data released
by LDC4 which consists of about 2.1 million Chinese-English
sentence pairs.
Given the large-scale parallel sentence pairs, we apply the
unsupervised method proposed in [12] which designs a latentvariable log-linear model with the contrastive estimation strategy to learn the word alignment model with non-local features.
The method is to optimize the following objective function:

P (x, y; θ)
P (x, θ) =
y∈Y(x)



=

y∈Y(x)

exp(θ · φ(x, y))

(1)

Z(θ)

x is sentence pairs without word alignment. y denotes the
latent-variable word alignment. φ(x, y) can be any local and
global feature such as lexical translation probability obtained
by the toolkit GIZA++5 . θ is the feature weight and Z(θ) denotes partition function which is difficult to calculate. To avoid
the calculation of Z(θ), [12] employs the noisy contrastive estimation method to optimize the following objective:
J(θ) = log

I

P (x(i) ; θ)
i=1

P (
x(i) ; θ)

.

(2)

 is ranFor each parallel sentence pair x, a noisy example x
domly generated. Then, the algorithm is optimized to guarantee
 and partition function Z(θ) can
x have higher probability than x
be cancelled out.
With the trained log-linear model, the English document sentences and their Chinese translations can be automatically annotated with word alignment. Top half in Fig. 3 gives an example
for an English sentence, its Chinese translation and the word
alignment. Using the word alignment, we can determine the

4 https://www.ldc.upenn.edu/. The catalogue number includes LDC2000T50,
LDC2002L27, LDC2002T01, LDC2003E07, LDC2003E14, LDC2003T17,
LDC2004T07, LDC2005T06, LDC2005T10 and LDC2005T34.
5 http://www.statmt.org/moses/giza/GIZA++.html
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Chinese part6 of each English arguments and form the bilingual
concepts and facts just as shown in the bottom half of Fig. 3.
C. Translation and Salience Score Calculation
Given the pool of extracted bilingual concepts and facts, the
next task is to calculate their scores which provide the evidence
whether they should be chosen in final summary generation. In
our CLS framework, we expect the Chinese summary sentence
to be both salient and well translated. Thus, we consider two
types of scores: translation score and salience score.
For the translation score, we not only measure the translation
confidence of the bilingual concepts and facts, but also measure
the fluency of the Chinese translation. Translation confidence
estimation is a tough issue in MT community. Here, we adopt
the geometric average of the lexical translation probabilities
to approximate the translation confidence. Given a bilingual
concept or fact (e, c) and a word alignment a between the English word positions i = 0, . . . , n and the Chinese word positions j = 0, . . . , m, we calculate p(c|e, a) using the following
formulae:
⎫ 1
⎧
m
⎬m +1
⎨

1
p(cj |ei )
. (3)
p(c|e, a) =
⎭
⎩
|{i|(i, j) ∈ a}|
0

∀(i,j )∈a

In which p(cj |ei ) denoting the lexical translation probability of
the Chinese word cj given the English word ei can be obtained
using GIZA++ on the same news bilingual data mentioned in the
previous section7 . The geometric average is employed to eliminate the influence of length variation. p(e|c, a) can be computed
in a similar way. Then, the average of p(c|e, a) and p(e|c, a)
will be used to approximate the translation confidence. In our
future work, we will try other methods, such as measuring the
translation confidence in phrase embedding space [13] or in tree
structures [14].
We measure the fluency of the Chinese translation with a
word-based trigram language model as follows:
p(c) = p(c0 ) · p(c1 ) ·

m


p(cj |cj −2 cj −1 ).

(4)

j =2

The language model is trained using the toolkit SRILM8 with
Kneser-Ney discounting strategy on the Chinese side of the parallel news data which is introduced in the previous section. The
product of translation confidence and language model probability will serve as the TM score.
The salience score indicates the importance of a concept or
fact in the documents. Previous methods designed many types
of salience, such as position-based method [15], ranking score
based method [2], [16], concept-based method [17], [18] and
statistical feature based method [19]. Instead of sentences considered in the most of the approaches, bilingual phrases are
6 We assume that the aligned Chinese part is contiguous. We will finally delete
the unrelated words if the Chinese part is discontinuous.
7 It should be noted that lexical translation probability is obtained using a
different training data from that used for Google Translate since we do not
know the training data adopted by Google.
8 http://www.speech.sri.com/projects/srilm/

Fig. 4. The simplified illustration of the bilingually-informed CoRank
algorithm. Each vertex denotes a English or Chinese concept (fact) and each
edge represents the relationship between two vertexes.

our focus, which allows us to design more appropriate silence
calculation methods.
On one hand, we adopt the concept-based approach proposed
by [17] in which named entity coverage is calculated to denote
the salience score. Since named entities should be the same in
translation equivalents, we just need to recognize the named
entities in the English side for the bilingual concepts and facts.
We first apply Stanford Named Entity Recognizer [20] to extract
all the English named entities in bilingual concepts and facts.
Suppose an English document contains N unique named entities
and a bilingual concept (or fact) in this English document has
n unique named entities. Then we use n/N as the NE salience
score.
On the other hand, we attempt to take full advantage of the
bilingual information and try to adapt the bilingually-informed
sentence CoRank algorithm [2] to calculate ranking salience
score for the concepts and facts. The main idea behind the
CoRank algorithm is that the source English concepts (facts) and
the translated Chinese parts are simultaneously ranked using a
unified graph-based algorithm (as shown in Fig. 4).
The CoRank algorithm first needs to calculate three similarity
matrices M en = (Mijen )n ×n , M ch = (Mijch )n ×n and M ench =
(Mijench )n ×n . (Mijen )n ×n is computed as follows:
(Mijen )n ×n =

en
simcosine (phen
i , phj ),

if i = j

0,

otherwise

.

(5)

en
In which simcosine (phen
i , phj ) is calculated with standard cosine measure and each term weight is computed using TF-IDF
formulae. M ch = (Mijch )n ×n is calculated in a similar way on
the word level. And Mijench is computed using the following
equation
en
ch
ch
simcosine (phen
i , phj ) × simcosine (phi , phj ).
(6)
Note that these three matrices are symmetric and each row
will be normalized. The ranking salience scores for English and

Mijench =
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Chinese are denoted by v = [v(phen
and u =
i )]n ×1
[u(phch
i )]n ×1 and they are calculated iteratively using the following equations:


v(phen
Mjien v(phen
Mjiench u(phch
(7)
i )=α
j )+β
j )
j

u(phch
i )=α



j

Mjich u(phch
j )+β

j



Mjiench v(phen
j ).

(8)

j

ch
We then employ the sum rs(phi ) = v(phen
i ) + u(phi ) to
represent the ranking score of the ith concept or fact.
Finally, the weighted sum of TM score, NE score and ranking
score is employed to denote the overall score of a bilingual
concept or fact.

D. Summary Sentence Construction
With the pool of bilingual concepts (facts) and their scores,
our problem becomes how to choose the desirable subset of
the bilingual concepts and facts in order to construct the final
Chinese summary. A summary sentence is composed by a concept and at least one core fact. We formalize this problem as
an integer linear optimization task which generates all the summary sentences at the same time. We first introduce the objective
function and then detail all the constraints.
1) Objective Function: Our CLS framework aims at producing a Chinese summary which can maximize both of the salience
score and the translation score. Each summary sentence is generated by composing the best concepts and facts which optimize
the following objective function:


αi SiC −
αij (SiC + SjC )SimC
max :
ij
i

+



i< j

βi SiCF −

i

+


i



βij (SiCF + SjCF )SimCF
ij

i< j

γi SiAF −



γij (SiAF + SjAF )SimAF
ij .

(9)

i< j

In which SiC , SiCF and SiAF denote the score of concept Ci ,
core fact CFi and auxiliary fact AFi respectively. αi , βi and γi
are the selection indicators about whether the concept Ci (core
fact CFi and auxiliary fact AFi ) should be chosen. αij , βij and
γij are the co-occurrence indicators for the pairs of concepts
(core facts and auxiliary facts). Simij indicates the similarity
score between Ci (CFi , AFi ) and Cj (CFj , AFj ), and it is
calculated using simcosine (Ci , Cj ) which is introduced in the
previous section.
This objective is similar to that used by [7] in which the
authors try to generate English summary sentences by merging noun phrases and verb phrases in the monolingual multidocument summarization task. In contrast, we adopt a more
natural way that defines an event by using PAS and design a
new TM augmented framework for CLS. Equation (9) attempts
to pick the concepts and facts having highest scores with the
first, third and fifth terms, and meanwhile discourage the selection of similar concepts and facts by using the second, fourth
and last terms. Note that the selected concepts and facts should

come from the same PAS in the original sentence or satisfy the
compatibility constraint. Next, we first introduce the compatibility constraint between concepts and facts, and then we detail
other important constraints which guarantee the validity of the
final summary sentences.
2) Compatibility Constraint: A concept and a fact can be
chosen to make up a summary sentence only when they meet the
compatibility constraint. Given the concept set C, core fact set
CF and auxiliary fact set AF, we define two matrices I|C ||C F|
and I|C F||AF| indicating whether two elements from different
sets are compatible. We define each matrix as follows:
⎧

⎪
⎨ 1, if sim(CFi , CFj ) > threshold
IC i C F j = 1, if sim(Ci , Cj  ) > threshold
(10)
⎪
⎩
0, otherwise
where Ci and CFi  (Cj  and CFj ) belong to the same PAS.
It also includes the case that Ci  = Ci and CFj  = CFj .
sim(CFi  , CFj ) is calculated by cosine similarity in which
we further require that the headwords must be the same. For example, we require the predicates are identical in two core facts
during similarity computation. If the similarity is bigger than
the threshold, we assume that CFi  is an alternative to CFj
IC F i AF j =

1,

if CFi and AFj in the same PAS

0,

otherwise.

. (11)

By defining this matrix, we require that a core fact and an
auxiliary fact are compatible only if they come from the
same PAS.
If IC i C F j = 1, both the concept Ci and the fact CFj can
be selected simultaneously to form a summary sentence. We
then define an indicator θi,j to indicate whether Ci and CFj
co-occur in the final summary sentences. In a similar way, δi,j
is defined to indicate if CFi and AFj co-appear in the final
summary sentences.
Three compatibility constraints are designed for concepts,
core facts and auxiliary facts respectively.
Concept Compatibility Constraint: It enforces the selection
of the concepts to be consistent with the compatibility matrix
I|C ||C F| :

∀i, j, αi ≥ θij ; ∀i,
θij ≥ αi .
(12)
j

Core Fact Compatibility Constraints: These constraints maintain the consistency between the selection of the core facts and
the concepts (between the core facts and auxiliary facts):

θi,j = βj
∀j,
i

∀i, j, βi ≥ δij ; ∀i,



δij ≥ βi .

(13)

j

Auxiliary Fact Compatibility Constraint: It makes sure that the
selection of the auxiliary facts to be consistent with the compatibility matrix I|C F||AF| :

∀j,
δi,j = γj .
(14)
i
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3) Other Constraints: We define some constraints which
are similar to those used in the abstractive monolingual
summarization [7].
Not-Within Constraints: Concepts (or facts) from two recursive PAS structures (illustrated by Fig. 2) cannot be selected
simultaneously since they are obviously redundant
αi + αj ≤ 1, if ∃ P ASC i ⊂ P ASC j
βi + βj ≤ 1, if ∃ P ASC F i ⊂ P ASC F j
γi + γj ≤ 1, if ∃ P ASAF i ⊂ P ASAF j

that only one constraint cannot guarantee the overall length of
the summary.
In addition to the above constraints adopted, we further design
several constraints to control the length of concepts and facts
respectively.
Concept Length Constraints: The concepts indicating the
topic focus vary in their lengths. In order to maintain the diversity of the topics, we control the overall length of concepts
in the final summary:


(15)

where P ASC i ⊂ P ASC j says that the PAS containing Ci is
nested within the PAS containing Cj .
Co-Occurrence Constraints: We know the fact that αij = 1
indicating the concepts Ci and Cj are both selected (αi = 1
and αj = 1). It is also correct for the inverse case. Thus, the
following constraints must be satisfied.
αij − αi ≤ 0

(16)

βij − βi ≤ 0
βij − βj ≤ 0
(17)

γij − γi ≤ 0
γij − γj ≤ 0
γi + γj − γij ≤ 1.

(18)

Pronoun Constraints: As suggested in [7], [19], pronouns
are normally not used by human summary writers due to the
length limitation and content adequacy of the summary. Thus,
the concepts which are pronouns should be excluded in our CLS
framework:
αi = 0, if Ci is pronoun.

(19)

Sentence Number Constraints: We control the sentence number of the final summary to make the summary as concise as
possible

αi ≤ K.
(20)
i

In which K is a predefined maximum sentence number.
Summary Length Constraints: Sentence number constraint
cannot guarantee the overall length of the final summary. Therefore, we control the overall length with the following constraint



αi l(Ci ) +
βi l(CFi ) +
γi l(AFi ) ≤ L. (21)
i

i

(23)

where Lmin
C F is the predefined minimum core fact length.
Note that the above objective function and all the constraints
are linear. Thus, ILP can solve such kind of problem. In this
work, we employ lp_solve package9 to get the exact solution to
our problem.
E. Postprocessing
After running the ILP toolkit, we can obtain the best concept
ˆ and auxiliary fact subset AF.
ˆ
subset Ĉ, core fact subset CF
Now, we need to combine the elements from different sets into
valid sentences. This task is performed in two steps. First, we
determine which ones belong to the same summary sentence.
Second, we reorganize the elements to make them in good order.
In the first step, we know that a summary sentence contains
one and only one concept. Therefore, we pick a concept Ĉi from
Ĉ. Then, we find related core and auxiliary facts according to
the compatibility relations θ and δ.
In the second step, we determine the final order of concept
Ĉi and its related facts. We put the concept at the beginning
and then rearrange the facts according to their natural order
in the original documents. If two facts are located in different
documents, we use the timestamps of the documents.
It is worth noting that the concepts and facts are bilingual
and include English and Chinese parts respectively. Therefore,
we have two choices to obtain the final Chinese summary. On
one hand, we can directly use the Chinese part to serve as
the summary sentences. On the other hand, we can first get
the English summary and then automatically translate it to
Chinese with Google Translate again. We will compare the performance between these two alternatives.

i

In which L is a predefined maximum summary length (e.g. 100
words). The above two constraints should be employed at the
same time as suggested in [7] because we find in experiments

(22)

where LC is a predefined minimum concept length.
Core Fact Length Constraints: It is suggested in [19] that
short core fact cannot convey the complete information of an
event. Thus, we avoid the selection of core fact whose length is
too short
∀i, βi ≥ Lmin
CF

The similar constraints for core facts CF and auxiliary facts
AF are listed as follows:

βi + βj − βij ≤ 1

αi l(Ci ) ≥ LC

i

αij − αj ≤ 0
αi + αj − αij ≤ 1.

1847

9 http://lpsolve.sourceforge.net/

1848

IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 24, NO. 10, OCTOBER 2016

III. EXPERIMENTS
A. Experimental Setup
Most of the available summarization datasets, such as Document Understanding Conferences (DUC10 ) and TAC11 , are all
prepared for multi-document summarization in monolingual
language. In contrast, there are few special datasets for CLS.
In this study, we employ the same dataset12 used by [2], [3] to
evaluate the performance of our method. This dataset is just an
extension to the original DUC 2001 evaluation data for English
multi-document summarization, in which there are 30 English
document sets. Each set containing a bunch of documents talks
about the same topic. NIST organizers provide three human
written summaries in English for each document set (about 100
words in each summary). These reference summaries are then
manually translated into Chinese so that the English documents
and the Chinese summaries become the test data for CLS.
In our ACLS framework, there are several hyper-parameters.
We empirically set these hyper-parameters as follows. Through
manual evaluation in 200 instances, we find that the best similarity threshold in Equation (10) for finding alternative concepts and facts is 23 . Since the reference summary is about 100
words, we set the sentence number K in Equation (20) and summary length L in Equation (21) to K = 5 and L = 100. We use
13
LC = 18 and Lmin
C F = 4 to avoid too short concepts and core
facts.
Next, we first evaluate our method using automatic evaluation metric ROUGE [21] and then give the results of manual
linguistic quality evaluation.
B. Experimental Results
We will compare our ACLS system with other four baselines:
1) Baseline-EN: This system first performs extractive summarization on English documents and then automatically
translate the English summary into Chinese. It is called
summarization-translation scheme.
2) Baseline-CH: This baseline first automatically translates
all the English documents into Chinese and then extracts summary from the Chinese translations. It is named
translation-summarization scheme.
3) CoRank: It is a state-of-the-art extractive CLS system
that designs a graph-based CoRank algorithm to extract
the Chinese summary sentences using both English and
Chinese information [2].
4) PBCS: This a phrase-based compressive CLS system
which performs summary sentence extraction and redundant phrase deletion simultaneously [3].
In our ACLS framework, we investigate four variations according to the features used and summary generation styles:
1) ACLS-EN: This is our ACLS system that employs only the
salience score (NE score and ranking score) to indicate
10 http://duc.nist.gov/
11 http://www.nist.gov/tac/
12 Many

thanks to Wan’s research group for providing us this dataset.
also test L C = 16, 17, 19, 20 and L min
C F = 3, 5. And we observe no
significant difference for these settings.

the importance of a concept or fact. And it first generates
the English summary sentences by composing English
parts of the selected bilingual concepts and facts, and
the English summary is then automatically translated into
Chinese summary.
2) ACLS-EN-TM: This system is similar to ACLS-EN except
that it adopts both the salience score and the TM score as
the significance indicator of the concepts and facts.
3) ACLS-CH: This system uses the same features as ACLSEN. The difference is that ACLS-CH directly generates
the Chinese summary from the bilingual concepts and
facts. ACLS-EN assumes that the composed English sentence is very good and will lead to better Chinese translations. ACLS-CH assumes that the English summary sentences may contain some noise and will lead to bad Chinese translations.
4) ACLS-CH-TM: It applies the same Chinese summary generation style as ACLS-CH does and it utilizes the same
feature as that used in ACLS-EN-TM.
To verify the superiority of our PAS-based abstractive summarization method, we further compare our approach to another
abstractive summarization method which generates summary
by selecting and merging the salient and well-translated noun
and verb phrases. It extends the monolingual summarization
approach [7] and adds the TM score when calculating the significance of the noun and verb phrases. We call this phrase-based
abstractive summarization method PBAS.
To avoid the inconsistency problem of Chinese word segmentation, we just evaluate all the systems on the Chinese character
level. ROUGE-1.5.5 package14 is employed for automatic evaluation. This evaluation metric measures the summary quality
by counting the matched units such as ngrams and skip ngrams
between system summary and the reference summary. We report results using the following scores: ROUGE-1 (unigrams),
ROUGE-2 (bigrams) and ROUGE-SU4 (skip bigram with a
maximum gap of 4).
Table I gives the ROUGE scores of our proposed methods
and the baselines. We find the similar phenomenon reported
in [2], [3] that translation-summarization scheme (BaselineCH) performs better than summarization-translation scheme
(Baseline-EN). This indicates that Chinese-side information is
more helpful than English-side information if our target is to produce Chinese summary. The other two baselines using both-side
knowledge (CoRank and PBCS) can obtain better performance.
Specifically, the compression-based method PBCS outperforms
the sentence extraction based method CoRank. The reason is
that PBCS can find and delete some redundant phrases for each
sentence, while CoRank just maintains the original sentences.
It is interesting that our reimplemented CoRank method differs
slightly from the reported CoRank approach in [3]. It is mainly
due to different outputs of Google Translate in different time
periods.
The last four rows in Table I demonstrate that our ACLS
framework can outperform all the extraction-based baselines in
all metrics. When comparing our methods to the compression-

13 We

14 http://www.berouge.com/Pages/default.aspx
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TABLE I
EXPERIMENTAL RESULTS OF ROUGE EVALUATION FOR DIFFERENT CLS SYSTEMS
System

Baseline-EN
Baseline-CH
CoRank (reported)
PBCS (reported)
CoRank (reimplemented)
PBAS-EN-TM
PBAS-CH-TM
ACLS-EN
ACLS-EN-TM
ACLS-CH
ACLS-CH-TM

ROUGE-1

ROUGE-2

ROUGE-SU4

P

R

F1

P

R

F1

P

R

F1

0.35666
0.36367
N/A
N/A
0.36852
0.36768
0.37725
0.37074
0.36613
0.37516
0.37554

0.37072
0.36903
N/A
N/A
0.39647
0.40887
0.40633
0.41321
0.42896
0.40550
0.42354

0.35093
0.35822
0.37601
0.37890
0.37551
0.38430
0.38470
0.38848
0.39299
0.38810
0.39393

0.10313
0.10749
N/A
N/A
0.11328
0.11652
0.11917
0.11859
0.11783
0.11966
0.12121

0.11179
0.11215
N/A
N/A
0.12349
0.12696
0.12923
0.13122
0.12604
0.12931
0.13649

0.10375
0.10740
0.12570
0.13549
0.11617
0.12008
0.12196
0.12379
0.12633
0.12376
0.12770

0.11943
0.12256
N/A
N/A
0.12649
0.13020
0.13350
0.13133
0.13067
0.13333
0.13455

0.12599
0.12576
N/A
N/A
0.13668
0.14073
0.14348
0.14619
0.15310
0.14431
0.15167

0.11829
0.12133
0.13352
0.14098
0.12935
0.13351
0.13597
0.13748
0.14022
0.13800
0.14181

In ACLS-EN-TM and ACLS-CH-TM, the weights of the NE score, ranking score and TM score are empirically set by 0.2, 0.5 and 0.3.

based system PBCS, we find that our performance is much better
in ROUGE-1 and slightly better in ROUGE-SU4, while PBCS
wins in ROUGE-2. This phenomenon is easy to understand.
The summary sentence obtained by PBCS comes from single
original sentence and it can guarantee the performance of bigram matching. In contrast, our ACSL framework produces the
summary sentence by fusing several original sentences and this
may violate the correct word ordering. The results indicate that
our method can obtain correct content words and it still remains
room to improve the content word reordering. Note that we also
conduct significance test on F1-measure using the approximate
randomization[36]. We find that the difference between ACLS
and other baselines are statistically significant with p < 0.01
except for the ROUGE-SU4 metric when compared to PBCS.
Among the four variations of our method, we can see that
integrating the TM scores is much beneficial to the performance
improvement (ACLS-EN-TM vs. ACLS-EN and ACLS-CHTM vs. ACSL-CH). This manifests that TM features are indispensable in selecting the concepts and facts with high translation
confidence. Overall, the system ACLS-CH-TM obtains the best
performance in six out of nine metrics. When it is comparing
with ACLS-EN-TM, we can find that it is better to generate
Chinese summary by directly composing the Chinese parts of
the bilingual concepts and facts rather than getting the English
summary first followed by translation again.
We notice from the above experiments that ACLS-CH-TM
performs best compared to other variations. In ACLS-CH-TM,
the ranking score is the most important, and then the NE score
and TM. We first empirically set the weights of the ranking
score, TM and NE score 0.5, 0.3 and 0.2. Then, we plan to
figure out the question whether the performance is very sensitive to the weight settings. Accordingly, we conduct various
experiments by changing the weight settings using a line search
strategy, in which the weight of the TM score varies from 0.1
to 0.5 while others from 0.1 to 0.815 . Table II gives the detailed
results in ROUGE F1 scores. It is interesting to see that most
weight settings can lead to good performance. Specifically, the
ranking score seems to be the most important and high weights
15 The

intervals are chosen according to their importance.

TABLE II
EXPERIMENTAL RESULTS (ROUGE F1) FOR DIFFERENT WEIGHTS OF NE
SCORE, RANKING SCORE AND THE TM SCORE
weights
0.1 0.8 0.1
0.2 0.7 0.1
0.3 0.6 0.1
0.4 0.5 0.1
0.5 0.4 0.1
0.6 0.3 0.1
0.7 0.2 0.1
0.8 0.1 0.1
0.1 0.7 0.2
0.2 0.6 0.2
0.3 0.5 0.2
0.4 0.4 0.2
0.5 0.3 0.2
0.6 0.2 0.2
0.7 0.1 0.2
0.1 0.6 0.3
0.2 0.5 0.3
0.3 0.4 0.3
0.4 0.3 0.3
0.5 0.2 0.3
0.6 0.1 0.3
0.1 0.5 0.4
0.2 0.4 0.4
0.3 0.3 0.4
0.4 0.2 0.4
0.5 0.1 0.4
0.1 0.4 0.5
0.2 0.3 0.5
0.3 0.2 0.5
0.4 0.1 0.5

ROUGE-1

ROUGE-2

ROUGE-SU4

0.39287
0.39289
0.39251
0.39179
0.39173
0.38800
0.38725
0.38190
0.39758
0.39223
0.39687
0.39570
0.39086
0.38586
0.37576
0.39475
0.39393
0.39156
0.38729
0.38050
0.37436
0.39432
0.39002
0.38527
0.37813
0.37142
0.38853
0.38091
0.37520
0.36776

0.12506
0.12591
0.12599
0.12593
0.12549
0.12439
0.12177
0.11390
0.12922
0.12584
0.12803
0.13063
0.12309
0.11879
0.10978
0.12705
0.12770
0.12421
0.11914
0.11558
0.10945
0.12817
0.12153
0.11809
0.11327
0.10859
0.11820
0.11568
0.11209
0.10630

0.13985
0.14019
0.13991
0.13981
0.13959
0.13810
0.13729
0.13207
0.14329
0.13974
0.14265
0.14406
0.13872
0.13565
0.12915
0.14128
0.14181
0.13987
0.13616
0.13256
0.12828
0.14198
0.13886
0.13524
0.13091
0.12697
0.13625
0.13285
0.12942
0.12522

can guarantee the summarization quality. It is in line with our
cognition since the first and most important task of summarization is to extract the salient parts from original documents.
Table II also demonstrates that TM score is helpful when its
weight is not too big (not bigger than 0.4). The best overall
performance is obtained when setting the weights to be 0.4 for
the NE score and ranking score, and 0.2 for the TM score.
To demonstrate the superiority of our abstractive summarization by merging PAS from different sentences, we further compare our method to the (noun-verb) phrase-based abstractive
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approach PBAS (line 7-8 in Table I). PBAS-EN-TM is similar to ACLS-EN-TM except that PBAS-EN-TM generates final
summary by fusing noun-verb phrases from different sentences.
PBAS-CH-TM is similar to ACLS-CH-TM. In our experiments,
we also perform a line search strategy to determine the feature
weights of PBAS. In PBAS-EN-TM, the best weights are 0.6,
0.3 and 0.1 for the ranking score, NE score and TM score respectively. In PBAS-CH-TM, the best weights are 0.6, 0.2 and
0.2. The results show that our PAS-based method significantly
outperforms the (noun-verb) phrase-based method.
We then analyze the results and find that the difference is
mainly due to the granularity problem of the noun and verb
phrases. The noun and verb phrases usually ignore the temporal
and locational information as shown in Fig. 1, and these phrases
are either too long or too short. If a long phrase contains noise
or parts of it are badly translated, the phrase will be discarded
even if some parts of this phrase are salient and well translated.
For example, PBAS can only extract the long verb phrase made
his second visit to the region since the hurricane hit from the
original sentence NP(President George Bush) NP(yesterday)
VP(made his second visit to the region since the hurricane hit)
in Fig. 1. The long verb phrase does not get the high salience and
translation score, and the whole phrase is not chosen in the final
summary. However, in our method, the sentence in PAS is split
into six parts A0(President George Bush), AM-TMP(yesterday),
predicate(made), A1(his second visit), A2(to the region) and
AM-TMP(since the hurricane hit). We then successfully select
three salient and well-translated parts, and obtain the summary
sentence President George Bush made his second visit.
C. Manual Linguistic Quality Evaluation
To test whether our method indeed improves the summary
quality compared to the state-of-the-art CoRank method, we ask
ten native Chinese annotators to measure the summary quality of
different systems in different linguistic aspects. In DUC, the linguistic quality of summary is evaluated in five aspects including:
Grammaticality (GR), Non-Redundancy (NR), Referential Clarity (RC), Topical Focus (TF) and Structural Coherence (SC).
Following [3], we calculate the average score and standard
deviation16 for each linguistic aspect and the results are displayed in Table III. Overall, our methods (ACLS-CH and ACLSCH-TM) achieve higher scores in most of the aspects. Specifically, ACLS-CH is slightly worse than CoRank in GR. It is
because that summary sentences in ACLS-CH are generated
by combining different parts from several original sentences
and some grammar mistakes would happen. By adding the TM
features (including language model scores), the system ACLSCH-TM can perform as well as CoRank does. It indicates that
TM scores lead to more fluent summary sentences. For example, a phrase are more potent spreaders of the infection than
are blacks and its badly translated Chinese part are chosen as
a part of summary sentence in ACLS-CH although the translation and language model probability of the bilingual phrase
is very low. In contrast, ACLS-CH-TM selects an alternative
16 Each

time we randomly choose 20 summaries out of 30.

phrase are about six times as common among blacks as whites
in the final summary since its Chinese translation has a high
translation and language model probability. Using the bilingual
information provides the chance for our algorithm to find the
key phrase which is both salient and well-translated.
For NR scores, we notice that the three systems perform similarly and we find that the concepts and facts extracted from
original sentences still contain unimportant parts. Take the second summary sentence in Fig. 5 as an example, the phrase face
a bill in respect of such properties, Lloyd ’s exposure there
contains uninformative part Loyd’s exposure there which our
method fails to recognize.
The scores of RC show that our methods obtain much clearer
referential relations than CoRank does. It is due to the constraint
that disallows the selection of pronouns such as semantically
unimportant he or they. For TF, we are happy to see that our
methods can obtain much higher scores, which reveals that the
summary generated by our methods is more cohesive and better
fits the theme of the original documents. For example, we can
focus on the storm Hurricane Andrew in the final summary as
shown in Fig. 5. In Table III, we also observe some gains in SC.
D. Case Study
To have a better understanding, we choose the first document set D04 in DUC 2001 dataset to compare the summary
results between our proposed abstraction-based method ACLSCH-TM and the extraction-based model CoRank. Fig. 5 shows
the results in which CoRank’s output is given on the top half
and ACLS-CH-TM’s output is listed on the bottom half. The
original English parts are also displayed for reference.
The top half in Fig. 5 shows that the extraction-based system
CoRank can mainly extract the theme-related summary sentences. The Chinese sentences are relatively fluent due to whole
sentence extraction. However, the disadvantages are also very
obvious. For one thing, the sentence-based extraction contains
much noise and redundancy. For example, Although there had
already been some preliminary guesses at the level of insurance
claims in the second sentence is not important and should be
deleted. For another thing, this system is apt to generate Chinese
summary sentences which are badly translated. For instance,
watch in the third sentence is incorrectly translated. Finally and
the most importantly, the extraction-based models cannot merge
the key information from different original sentences.
In contrast, our abstraction-based method ACLS-CH-TM
has the capability to address these issues. As shown in the
bottom half of Fig. 5, the summary sentences are generated in different ways. The fourth sentence is a compressed
one produced by deleting the unimportant parts of an original sentence. The other four summary sentences are created
by merging the key informative phrases (facts) from different
original sentences. The second sentence is derived from three
original sentences while the remaining three come from two
original sentences. Table IV reports the number distribution
of original sentences used to generate a new abstractive sentence. We can see from the table that more than 60% summary
sentences are constructed by merging two or more original
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TABLE III
MANUAL LINGUISTIC QUALITY EVALUATION RESULTS OF DIFFERENT CLS SYSTEMS
System
CoRank
ACLS-CH
ACLS-CH-TM

GR

NR

RC

TF

SC

3.02 ± 0.21
2.95 ± 0.19
3.17 ± 0.22

3.57 ± 0.19
3.63 ± 0.20
3.75 ± 0.16

3.08 ± 0.19
3.26 ± 0.18
3.47 ± 0.19

2.97 ± 0.18
3.16 ± 0.20
3.34 ± 0.19

2.98 ± 0.19
3.15 ± 0.21
3.32 ± 0.22

Fig. 5. The comparison of summary results between ACLS-CH-TM and CoRank on D04 of DUC 2001. Both the original English sentences and Chinese
sentences are given. The top half shows the summary result of CoRank and the bottom half displays the summary result generated by our method ACLS-CH-TM.
The phrases in the same color denote that they are from the same original sentence.

TABLE IV
THE NUMBER DISTRIBUTION OF THE ORIGINAL SENTENCES USED FOR
GENERATING A NEW SENTENCE BY OUR ABSTRACTION-BASED METHOD
ACLS-CH-TM
1
0.36

2

3

≥4

0.267

0.193

0.18

sentences. In the standard extraction-based and compressionbased approaches, several sentences discussing the same topic
may be discarded due to the redundancy processing. The
summary results shown in Fig. 5 reveals that the proposed
abstraction-based framework is able to combine important information from different original sentences by fusing PAS sharing
the same concept.
E. Efficiency of the Proposed Algorithm
The automatic and human evaluations have shown that our
proposed algorithm performs better than other methods in summarization quality. In this subsection, we discuss the efficiency

of the proposed algorithm. The most time-consuming part is the
module applying ILP to select the salient and well-translated
arguments. The run-time varies in different document sets and
ranges from 2 seconds to 4 minutes. According to our analysis
on the 30 document sets, more than 25 document sets only need
less than 10 seconds. Since we run the algorithm in parallel,
the overall demanding run-time is the same as the slowest one
which requires about 4 minutes. We will further improve the
efficiency of the proposed algorithm in our future work.

IV. RELATED WORK
Research works in summarization can be grouped into three
categories: extraction-based methods, compression-based methods and abstraction-based methods. In CLS which we focus in
this paper, researchers have investigated only the methods of the
first two categories.
Extraction-based approaches dominate the CLS community.
Pilot studies investigate this task by utilizing only one language side information (source or target language side) [1],
[22]–[26]. Two main schemes are employed in extraction-based
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methods: summarization-translation scheme and translationsummarization scheme. The former one first produces the summary in the source language and then automatically translate
it into target language. While the latter one first gets the target translations of source language documents and then extract
summary sentences in target language. [2] conducts a comparison and finds that translation-summarization scheme performs
better. Furthermore, [2] proposes a graph-based CoRank algorithm using bilingual knowledge to extract target language
summary sentences. The drawback is that the extraction-based
approaches would retain much noise and redundancy due to the
whole sentence selection.
Compression-based approaches are recently studied in CLS
by [3], in which sentence selection and compression are performed simultaneously. The phrase alignment information of
the bilingual sentences are exploited to calculate the sentence
scores. Meanwhile, the unimportant phrases which are redundant or badly translated will be discarded to keep the summary
sentence as compact as possible. However, the compressionbased methods cannot merge the complementary information
from different original sentences.
Abstraction-based approaches are capable to solve all the
above problems in theory but they are not well studied in CLS. In
monolingual multi-document summarization, abstraction-based
methods [7], [27]–[35] are deeply explored in recent years. For
example, [28] and [29] propose the summary revision method
that revises the summary sentence by rewriting the key phrases
in it. [35] introduces an attention-based neural network model
in order to generate new sentence summary from original sentences. The most relevant work to ours extracts informative
items [31], abstraction schemes [32] or noun and verb phrases
[7] as the basic units for producing the summary sentences.
The difference between our method and these approaches lies
in two aspects. On one hand, the event definition is not so
clear in previous approaches. For instance, [7] assumes that a
noun phrase followed by a verb phrase becomes an event. However, the noun phrase and verb phrase are extracted heuristically
and contain much noise. In contrast, we use the well-defined
PAS as the events and the arguments can be extracted without any heuristics. On the other hand, these studies concern
only the monolingual summarization task. It is well-known that
CLS faces more challenges. It requires that the summary should
be not only concise and informative, but only well translated.
In our proposed method, we integrate the TM scores together
with the salience scores, which leads to better target language
summaries.
V. CONCLUSION AND FUTURE WORK
In this paper, we have presented a novel ACLS framework.
We first assume that an event is composed of the bilingual concepts and facts which are represented by the source language
PAS and their target language translations. We finally generate the target language summary by merging multiple bilingual
PAS structures using integer linear optimization that attempts
to maximize the salience score and the translation quality simultaneously. The automatic and manual evaluations show that

our proposed framework performs much better than the stateof-the-art CLS methods.
In the future work, we plan to design a better algorithm for
translation confidence estimation. Furthermore, we are going to
annotate more CLS dataset so that we are able to automatically
tune the hyper-parameters with a development set.
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