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Résumé.

On décrit notre approche au problème de l’appariement de résumés/articles scientifiques proposé
par le programme DÉfi Fouille de Textes (DEFT). Nous avons développé un algorithme d’appariement de textes
qui utilise des ressources quasiment indépendantes de la langue. L’algorithme crée des representations de documents tout en utilisant le système SUMMA et les compare grâce à une mesure de similarité cosinus qui nous
permet de sélectionner le meilleure candidat pour former la paire. Nos résultats indiquent que cette approche est
très précise et qu’elle pourrait s’appliquer à d’autres langues.

Abstract.

We describe our solution to the abstract-document matching problem proposed in the DÉfi
Fouille de Textes (DEFT) evaluation programme. We have developed a text matching algorithm using quasi language independent resources. Our algorithm creates document representations using the SUMMA system and
compares representations using a cosine similarity measure selecting the best matching candidate. Results indicate that the solution is highly accurate and could be applied to other languages.
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Introduction

The DÉfi Fouille de Textes (DEFT) evaluation programme focuses on natural language processing technologies
for text mining problem solving in the French language. Different challenges have been put forward in previous
editions of DEFT such as that of opinion mining (Grouin et al., 2009) or text classification (Grouin et al., 2008).
The DEFT 2011 evaluation chapter proposed two different text mining tasks for participating teams : (i) identify
the publication year of a given French article and (ii) identify the source document (out of a pool of documents)
for a given text abstracts (“abstract document matching” problem).
In our first participation in DEFT, we concentrated on the abstract-document matching problem only. The data set
for the abstract-document matching problem is a set of scientific articles and their abstracts. These were published
in reviews in the field of humanities. The corpus was transformed into the following three components :
– ART : the set of articles with their author abstracts removed ;
– RES : the set of author’s abstracts ;
– TXT : same as ART but where introduction and conclusion sections have been removed from the articles.
Information about article’s authors and titles was removed. Examples of matching documents are shown in Figures 1 (abstract), 2 (article), and 3 (article w/o introduction/conclusion).
Two subtasks were proposed for the abstract-document matching problem : (i) identify for each abstract in RES
the article in ART where the abstract comes from, and (ii) identify for each abstract in RES the text in TXT where
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F IG . 1 – Abstract used during training
the abstract comes from. This problem is related to the abstract-descriptors matching problem we have proposed
for manual evaluation of automatic text summarization systems (Saggion & Lapalme, 2002).
In DEFT, in addition to providing a single answer per abstract, there was the possibility of providing a set of
matching documents, each with an associated confidence score where the confidence scores for a given abstracts
have to add up to 1 (i.e., a probability distribution).
We developed our “abstract to text” matching solution in a very short period of time taking advantage of our
SUMMA toolkit (Saggion, 2008a) which can be used to compare different document representations and which
has been used successfully in previous evaluation campaign such as multi-document summarization (Saggion &
Gaizauskas, 2004) or text clustering (Saggion, 2008a) which require document representations to be compared.
In the rest of this short communication we first describe how we have developed our system using available
components and how we propose a solution (Section 2), we then describe the evaluation framework and results
we have obtained (Section 3), and finally close the paper with a discussion and outlook (Section 4).

2

Document Processing

For basic document processing we have used functionalities available in the SUMMA toolkit (Saggion, 2008b)
and GATE system (Maynard et al., 2002).

2.1

SUMMA Functionalities in DEFT

SUMMA operates on GATE document representations and computes feature values for different text units. For
example, for text summarization it computes different features for sentences to measure sentence relevance (i.e.,
sentence position, sentence-title similarity, sentence-document centroid similarity, etc.) ; these are implemented
components (e.g., processing resources) which can be integrated in stand-alone applications. Features and annotations computed in SUMMA are added to the document representations and in this way passed from one module
to the next one. The main SUMMA components used in DEFT were : (i) a module to create corpus statistics, (ii) a
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F IG . 2 – Article used during training

module to compute word document statistics, (iii) a flexible module to compute document vectors, and (iv) a module to compute document-document similarity measures. The DEFT algorithm is very simple and uses SUMMA
as a Java library.

2.2

Processing Steps

Each document collection (ART, RES, TXT) was processed as illustrated in Figure 4 :
– First the collection of documents is transformed into XML format (for DEFT this was a simple document
renaming procedure necessary for subsequent processes) and saved to data stores for more efficient processing
since GATE needs considerable amount of memory for the documents ;
– Second, a basic document processing step takes place to identify different types of words in the document. In
order to identify words in the documents we used a default tokenizer available in the GATE system. We have
tried to use the French language tools from GATE (e.g. named recognition, etc.), but we finally gave up because
these are very limited, containing mostly English resources which are of little help in the analysis of French
language ;
– Third, an inverted document frequency table is created based on the set of documents to be processed (i.e.,
there is a table computed for each document collection). The table is created with functionalities available in the
SUMMA summarization toolkit. Given a corpus of tokenized documents, an inverted document frequency table
is created and stored to disk. The value of inverted document frequency for term t is idf (t) = log(N +1/Mt +1)
where Mt is the number of documents containing t and N is the number of documents in the collection ;
– Finally, a vector representation for each document in the collection is created. We also use SUMMA which
implements the vector space model for this purpose (Salton, 1988). The tool computes token statistics including
term frequency – the number of times each term occurs in the document (tf). Each vector contains for each term
occurring in the text fragment, the value tf(t)*idf(t) (term frequency * inverted document frequency for term
t). The vector creation component in SUMMA is flexible enough to allow specification of types of tokens
to exclude, or a list of stop words to ignore, etc. For the experiments reported here we have not included
punctuations, symbols, or numerical tokens in the vector representations. Figure 5 presents a document analysed
with the tools and shows two vectors computed for the document : a tf*idf vector and a normalized tf*idf vector
where the normalized values are obtained dividing the tf*idf of each term by the vector’s Euclidean norm.
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F IG . 3 – Article w/o introduction/conclusion used during training

2.3

Text Matching

Given two document collections A = {A1 , ..., An } and D = {D1 , ..., Dn } we carry out pair-wise comparison of
documents in A with documents in D and create a similarity matrix (Figure 4) Mi,j for 1 ≤ i, j ≤ n containing
the similarity between document i (e.g., an abstract) and document j (e.g., a full article or article without introduction/conclusion). The similarity metric we use in this work to compare the documents is the cosine of the angle
between two vectors. This metric gives value one for identical vectors and zero for vectors which are orthogonal
(no related). The exact formula we use is as follows :
Pn
cosine(d1 , d2 ) = pPn
i=1

i=1

wi,d1 ∗ wi,d2

(wi,d1 )2 ∗

pPn
i=1

(wi,d2 )2

Here d1 and d2 are document vectors and wi,dk is the weight of term i in document dk (i.e., the tf*idf values). For
the experiment reported here we have used the normalized vectors.
System ID
1 ; 5 ; 8 ; 11
6
2
3; 4
10
7
9

Score
1.000
0.995
0.980
0.975
0.970
0.965
0.909

TAB . 1 – Results for systems matching abstracts (RES) with articles (ART)

2.4

Selecting a Candidate Summary

For each abstract Ai in A we select a document Dj in D such that Mi,j ≥ Mi,k ∀k. For the response without
confidence scores, we returned a set of pairs (Abstracti ,Documentj ), for the response with confidence scores,
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F IG . 4 – Document processing for DEFT 2011
System ID
5; 8
11
6
4
1; 3
2
7
10
9

Score
1.000
0.995
0.990
0.964
0.959
0.954
0.919
0.904
0.873

TAB . 2 – Results for systems matching abstracts (RES) with articles without introduction or conclusion (TXT)
we returned the best (in terms of similarity to the document) 5 triples (Abstracti ,Documentjk ,Confidencei,jk ) for
k = 1, ...5) for each abstract ; where Confidencei,jk is the normalized similarity computed as :
Mi,jk
l=1,...5 Mi,jl

Confidencei,jk = P

3

Experimental Results

Each system response (responsei = (Abstracti ,Documentj )) is compared to the true response and evaluated according to the following formula :

score(responsei ) =

1
0

if the match is correct
otherwise

The system final score is computed as :
Pn
score(S) =

i=0

score(responsei )
n
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System ID
3
10

Score
0.512
0.417

TAB . 3 – Results for systems matching abstracts (RES) with articles (ART) with confidence scores
System ID
3
10

Score
0.402
0.368

TAB . 4 – Results for systems matching abstracts (RES) with articles w/o introduction/conclusion (TXT) with
confidence scores
where n is the number of responses.
We also provided a set of 5 answers per abstract each with a confidence score as previously described (responsei,jk
= (Abstracti , Documentj , Confidencei,jk )). In this case the scores are computed as :

confidence_score(responsei,jk ) =

Confidencei,jk
0

if the match is correct
otherwise

The system final confidence score is computed as :
Pn
Confidence Score(S) =

i=0

confidence_score(responsei,j )
n

where n is the number of responses.
Tables 1 and 2 show respectively results for all systems for matching abstracts with full articles and abstracts with
articles without introductions or conclusions. Systems with similar performance are grouped together. Our system
ID is number 3 which obtains a reasonable score in both tasks being placed in the middle of both tables. Since the
same strategy was used to select ART and TXT responses and the scores for TXT are lower, it appears that this
latter task is slightly more difficult. It is however evident that all systems are able to solve the proposed task.
Where the response with confidence scores is concerned, obtained results are shown on Tables 3 and 4. In addition
to our system (number 3) only other team provided answers with confidence scores (number 10). Results are much
lower than those obtained for unique answers because of the low confidence given to the best matching solution :
the first solutions is almost always the correct one and confidence computation should take into consideration this
fact.

4

Discussion

This paper has described our first participation in the DEFT evaluation campaign. We have developed a solution
able to identify the document where an abstract comes from with very high accuracy using available and quasi
“language independent” tools, in fact only the tokenization process we have used is language dependent, no
sophisticated resources such as morphological analysers or stemmers have otherwise been used. We therefore
argue that our solution could be easily ported to similar tasks in other Romance languages and to English. Because
most systems were able to obtain good accuracy we argue that the task has to be made harder by considering
document collections which are closer in content and form or by considering the cross-lingual matching problem.
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F IG . 5 – Document with normalized and non-normalized vectors computed.
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