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Abstract. Automatic plagiarism detection considering a reference cor-
pus compares a suspicious text to a set of original documents in order to
relate the plagiarised fragments to their potential source. Publications
on this task often assume that the search space (the set of reference
documents) is a narrow set where any search strategy will produce a
good output in a short time. However, this is not always true. Reference
corpora are often composed of a big set of original documents where a
simple exhaustive search strategy becomes practically impossible.
Before carrying out an exhaustive search, it is necessary to reduce the
search space, represented by the documents in the reference corpus, as
much as possible. Our experiments with the METER corpus show that
a previous search space reduction stage, based on the Kullback-Leibler
symmetric distance, reduces the search process time dramatically. Ad-
ditionally, it improves the Precision and Recall obtained by a search
strategy based on the exhaustive comparison of word n-grams.

1 Introduction

The easy access to a wide range of information via electronic resources such
as the Web, has favoured the increase of plagiarism cases. When talking about
text, plagiarism means to use text written by other people (even adapting it
by rewording, insertion or deletion), without any credit or citation. In fact, the
reuse of self-written text is often considered as self-plagiarism.

Plagiarism detection with reference tries to find the source of the potentially
plagiarised fragments from a suspicious document in a set of reference docu-
ments. Some techniques based on the exhaustive comparison of suspicious and
original documents have already been developed. These techniques apply com-
parison of sentences [7], structure of documents [15] and entire documents [10].
Examples of the used comparison strategies are dot plot [15] and n-grams [10].

One of the main difficulties in this task is the great size of the search space,
i.e., the reference documents. To our knowledge, this problem has not been
studied deeply enough, neither there are published papers on this issue. Given a
suspicious document, our current research is precisely oriented to the reduction
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of the search space. The proposed approach is based on the Kullback-Leibler
distance, which has been previously applied to many applications, ranging from
image retrieval [5] to document clustering [13]. The reduction of search space for
plagiarism detection is a more specific case of clustering: instead of grouping a set
of related documents, the task is to define a reduced set of reference documents
containing texts with a high probability of being the source of the potentially
plagiarised fragments in a suspicious document. The final objective is to relate
potentially plagiarised sentences to their source. Our experiments show that a
reduction of the search space based on the Kullback-Leibler distance improves
processing time as well as the quality of the final results.

The rest of the paper is structured as follows. Section 2 gives an overview
of plagiarism detection including some state-of-the-art approaches. Section 3
defines the proposed method for reducing the search space as well as it describes
the exhaustive search strategy we have opted for. Section 4 gives a description of
the corpus we have used for our experiments. Section 5 describes the experiments
and the obtained results. Finally, Section 6 gives some conclusions and draws
future work.

2 Plagiarism Detection Overview

In automatic plagiarism detection, a correct selection of text features in order to
discriminate plagiarised from non-plagiarised documents is a key aspect. Clough
[3] has delimited a set of features which can be used in order to find plagiarism
cases such as changes in the vocabulary, amount of similarity among texts or
frequency of words. This kind of features has produced different approaches to
this task.

Intrinsic plagiarism analysis [11] is a different task from plagiarism detection
with reference. It captures the style across a suspicious document in order to find
fragments that are plagiarism candidates. This approach saves the cost of the
search process, but it does not give any hint about the possible source of the
potentially plagiarised text fragments.

In those cases where a reference corpus is considered, the search process has
been based on different features. Ferret [10] considers text comparison based on
word n-grams. The reference, as well as the suspicious text, is split into trigrams,
composing two sets which are compared. The amount of common trigrams is
considered in order to detect potential plagiarism cases. PPChecker [7] considers
the sentence as the comparison unit in order to compare local similarity. It
differentiates among exact copy of sentences, word insertion, word removal and
rewording on the basis of a Wordnet-based word expansion process.

A major difficulty in this task is the dimension of the reference corpus D.
Even assuming that D contains the source document of the plagiarised frag-
ments in a suspicious text s, the search strategy must be efficient enough to
accurately find it in a reasonable time. An exhaustive comparison of sentences,
paragraphs or any other text chunk si in order to answer the question: is there

a chunk si ∈ s included in a document of D? could be impossible if D is very
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large. The complexity of the comparison process is O(n · m), where n and m
are the lengths of s and D in fragments. Some efforts have already spend to
improve the search speed, such as fingerprinting [16]. In this case a numerical
value (fingerprint), which becomes the comparison unit, is assigned to each text
chunk of the reference as well as the suspicious text. However, in this case each
suspicious document is still compared to the entire reference corpus. In [15] a
structural comparison of documents in order to reduce the search space is per-
formed. Unfortunately, this method requires reference and suspicious documents
written in LATEX.

3 Method Definition

Given a reference corpus of original documents D and a plagiarism suspicious
document s, our efforts are oriented to efficiently localise the subset of documents
D′ such that |D′| ≪ |D|. The subset D′ is supposed to contain those documents
d with the highest probabilities of including the source of the plagiarised text
fragments in s. After obtaining this subset, an exhaustive search of the suspicious
sentences in s over D′ can be performed. Our search space reduction method,
the main contribution of this work, is based on the Kullback-Leibler symmetric
distance.

3.1 The Kullback-Leibler Distance

The proposed search space reduction process is based on the Kullback-Leibler
distance, which has shown good results in text clustering [2, 13]. In 1951 Kullback
and Leibler proposed the after known as Kullback-Leibler divergence (KLd) [8],
also known as cross-entropy. Given an event space, KLd is defined as in Eq.
1. Over a feature vector X , KLd measures the difference (or equality) of two
probability distributions P and Q.

KLd(P || Q) =
∑

x∈X

P (x)log
P (x)

Q(x)
. (1)

KLd is not a symmetric measure, i.e., KLd(P || Q) 6= KLd(Q || P ). Due to
this fact, Kullback and Leibler (and also some other authors) have proposed sym-
metric versions of KLd, known as Kullback-Leibler symmetric distance (KLδ).
Among the different versions of this measure, we can include:

KLδ(P || Q) = KLd(P || Q) + KLd(Q || P ) , (2)

KLδ(P || Q) =
∑

x∈X

(P (x) − Q(x))log
P (x)

Q(x)
, (3)

KLδ(P || Q) =
1

2

[

KLd

(

P || P + Q

2

)

+ KLd

(

Q || P + Q

2

)]

, (4)

KLδ(P || Q) = max(KLd(P || Q), KLd(Q || P )) . (5)
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The equations correspond respectively to the versions of Kullback and Leibler
[8], Bigi [2], Jensen [6] and Bennet [1]. A comparison of these versions showed
that there is no significant difference in the obtained results [13]. We use Eq. 3
due to the fact that it only implies an adaptation of Eq. 1 with an additional
subtraction. The other three options perform a double calculation of KLd, which
is computationally more expensive.

Given a reference corpus D and a suspicious document s we calculate the
KLδ of the probability distribution Pd with respect to Qs (one distance for each
document d ∈ D), in order to define a reduced set of reference documents D′.
These probability distributions are composed of a set of features characterising
d and s (Subsections 3.2 and 3.3). An exhaustive search process (Subsection 3.4)
can then be applied on the reduced set D′ instead of the entire corpus D.

3.2 Features Selection

A feature selection must be made in order to define the probability distributions
Pd. We have considered the following alternative techniques:

1. tf (term frequency). The relevance of the i-th term ti in the j-th document
dj is proportional to the frequency of ti in dj . It is defined as:

tfi,j =
ni,j

∑

k nk,j
, (6)

where ni,j is the frequency of the term ti in dj and is normalised by the
frequency of all the terms tk in dj .

2. tfidf (term frequency-inverse document frequency). The weight tf of a term
ti is limited by its frequency in the entire corpus. It is calculated as:

tfidfi,j = tfi,j · idfi = tfi,j · log
|D|

|{dj | ti ∈ dj}|
, (7)

where |D| is the number of documents in the reference corpus and |{dj | ti ∈
dj}| is the number of documents in D containing ti.

3. tp (transition point). The transition point tp∗ is obtained by the next equa-
tion:

tp∗ =

√
8 · I1 + 1 − 1

2
. (8)

I1 is the number of terms tk appearing once in dj [12]. In order to give more
relevance to those terms around tp∗, the final term weights are calculated
as:

tpi,j = (〈tp∗ − f(ti, dj)〉 + 1)−1 , (9)

where, in order to guarantee positive values, 〈·〉 is the absolute value function.

The aim of the feature selection process is to create a ranked list of terms.
Each probability distribution Pd is composed of the top terms in the obtained list,
which are supposed to better characterise the document d. We have experimented
with [10, . . . , 90]% of the terms with the highest {tf,tfidf,tp} value in d (Section
5).
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3.3 Term Weighting

The probability (weight) of each term included in Pd is simply calculated by Eq.
6, i.e., P (ti, d) = tfi,d. These probability distributions are independent of any
other reference or suspicious document and must be calculated only once.

Given a suspicious document s, a preliminary probability distribution Q′
s is

obtained by the same weighting schema, i.e., Q′(ti, s) = tfi,s. However, when
comparing s to each d ∈ D, in order to determine if d is a source candidate of
the potentially plagiarised sections in s, Q′

s must be adapted.
The reason is that the vocabulary in both documents will be different in most

cases. Calculating the KLδ of this kind of distributions could result in an infinite
distance (KLδ(Pd || Q′

s) = ∞), when a ti exists such that ti ∈ d and ti /∈ s. The
probability distribution Qs does depend on each Pd. In order to avoid infinite
distances, Qs and Pd must be composed of the same terms. If ti ∈ Pd ∩ Q′

s,
Q(ti, s) is smoothed from Q′(ti, s); if ti ∈ Pd \ Q′

s, Q(ti, s) = ǫ. This is simply a
back-off smoothing of Q. In agreement with [2], the probability Q(ti, s) will be:

Q(ti, s) =

{

γ · Q′(ti | s) if ti occurs in Pd ∩ Q′
s

ǫ if ti occurs in Pd \ Q′
s

. (10)

Note that terms occurring in s but not in d are not relevant. γ is a normali-
sation coefficient estimated by:

γ = 1 −
∑

ti∈d,ti /∈s

ǫ , (11)

respecting the condition:

∑

ti∈s

γ · Q′(ti, s) +
∑

ti∈d,ti /∈s

ǫ = 1 . (12)

ǫ is smaller than the minimum probability of a term in a document d. After
calculating KLδ(Pd || Qs) for all d ∈ D, it is possible to define a subset of source
documents D′ of the potentially plagiarised fragments in s. We define D′ as the
ten reference documents d with the lowest KLδ with respect to s.

3.4 Exhaustive Search Process

Once the reference subcorpus D′ has been obtained, the aim is to answer the
question “Is a sentence si ∈ s plagiarised from a document d ∈ D′?”. Plagia-
rised text fragments use to appear mixed and modified. Moreover, a plagiarised
sentence could be a combination of various source sentences. Due to these facts,
comparing entire documents (and even entire sentences) could not give satisfac-
tory results.

In order to have a flexible search strategy, we codify suspicious sentences and
reference documents as word n-grams (reference documents are not split into
sentences). It has been shown previously that two independent texts have a low
level of matching n-grams (considering n > 1). Additionally, codifying texts in



528 A. Barrón-Cedeño, P. Rosso, and J.-M. Bened́ı

this way does not decrease the representation level of the documents. In the
particular case of [10], this has been shown for trigrams. In order to determine if
the i-th sentence si is plagiarised from d, we compare the corresponding sets of n-
grams. Due to the difference in the size of these sets, we carry out an asymmetric
comparison on the basis of the containment measure [9], a value in the range of
[0, 1]:

C(si | d) =
|N(si) ∩ N(d)|

|N(si)|
, (13)

where N(·) is the set of n-grams in · .
Once every document d has been considered, si becomes a candidate of being

plagiarised from d if the maximum C(si | d) is greater than a given threshold.

4 The Corpus

In our experiments, we have used the XML version of the METER corpus

[4]. This corpus was created as part of the METER (MEasuring TExt Reuse)
Project.1 The METER corpus is composed of a set of news reported by the Press
Association (PA). These news were distributed to nine British newspapers (The
Times, The Guardian, Independent and The Telegraph, among others), which
can use them as a source for their own publications.

For experimental purposes, we have considered 771 PA notes as the original
documents, which is the entire set of PA notes in this corpus version. The corpus
of suspicious documents is composed of 444 newspaper notes. We selected this
subset due to the fact that the fragments in their sentences are identified as ver-

batim, rewrite or new. These labels mean that the fragment is copied, rewritten
or completely independent from the PA note, respectively.

Verbatim and rewritten fragments are triggers of a plagiarised sentence si.
si is considered plagiarised if it fulfils the inequality |siv

∪ sir
| > 0.4|si| , where

| · | is the length of · in words whereas siv
and sir

are the words in verbatim and
rewritten fragments, respectively. This condition avoids erroneously to consider
sentences with named entities and other common chunks as plagiarised. Some
statistics about the reference and suspicious corpora are included in Table 1. The
pre-processing for both reference and suspicious documents consists of word-
punctuation splitting (w, → [w][, ]) and a Porter stemming process [14].2

5 Experiments

As we have pointed out, the aim of the proposed method is to reduce the search
space before carrying out an exhaustive search of suspicious sentences across the
reference documents.

1 http://www.dcs.shef.ac.uk/nlp/meter/
2 We have used the Vivake Gupta implementation of the Porter stemmer, which is

available at http://tartarus.org/∼martin/PorterStemmer/
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Table 1. Statistics of the corpus used in our experiments

Feature Value

Reference corpus size (kb) 1,311
Number of PA notes 771
Tokens / Types 226k / 25k

Suspicious corpus size (kb) 828
Number of newspapers notes 444
Tokens / Types 139k / 19k

Entire corpus tokens 366k
Entire corpus types 33k

Once Pd is obtained for every document d ∈ D, the entire search process is
the one described in Fig. 1.

Algorithm 1: Given the reference corpus D and a suspicious document s:

// Distance calculations
Calculate Q′

s(tk) = tfk,s for all tk ∈ s

For each document d in the reference corpus D

Define the probability distribution Qs given Pd

Calculate KLδ(Pd || Qs)
// Definition of the reduced reference corpus
D′ = {d} such that KLδ(Pd || Qs) is one of the 10 lowest distance measures
nsi

= [n-grams in si] for all si ∈ s

// Exhaustive search
For each document d in the reduced reference corpus D′

nd = [n-grams in d]
For each sentence si in s

Calculate C(nsi
| nd)

If maxd∈D′(C(nsi
| nd)) ≥ Threshold

si is a candidate of being plagiarised from arg maxd∈D′(C(nsi
| nd))

Fig. 1. Plagiarism detection search process.

We have carried out three experiments in order to compare the speed (in
terms of seconds), and quality of the results (in terms of Precision, Recall and
F -measure), of the plagiarism detection process with and without search space
reduction. The experiments explore four main parameters:

1. Length of the terms composing the probability distributions: l = {1, 2, 3}
2. Feature selection technique: tf , tfidf and tp

3. Percentage of terms in d considered in order to define Pd: [10, · · · , 90]%

4. Length of the n-grams for the exhaustive search process: n = {1, 2, . . . , 5}
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In the first and second experiments, we carried out a 5-fold cross valida-
tion. The objective of our first experiment was to define the best values for the
first three parameters of the search space reduction process. Given a suspicious
document (newspaper) s we consider that D′ has been correctly retrieved if it
includes the source document (PA) of s. Figure 2 contains the percentage of sets
correctly retrieved in the experiments carried out over the different development
sets. In the five cases the results were practically the same.
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Fig. 2. Evaluation of the search space reduction process. Percentage of sets correctly
retrieved ({tf, tfidf, tp} = feature extraction techniques, l = term length)

The best results for the three feature selection techniques are obtained when
unigrams are used. Higher n-gram levels produce probability distributions where
a good part of the terms has a weight near to 1. These distributions (where al-
most all the terms have the same probability) do not allow KLδ to determine
how close are two documents. Regarding the feature selection techniques, con-
sidering tf does not give good results. In this case a good number of functional
words (prepositions and articles, for example), which are unable to characterise
a document, are considered in the corresponding probability distributions. The
results obtained by considering tp are close to those of tf . Considering mid-terms
(which tries to discard functional words), seems not to characterise either this
kind of documents because they are too noisy. The results with this technique
could be better with longer documents. The best results in this case are obtained
with tfidf . Functional and other kinds of words that do not characterise the doc-
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ument are eliminated from the considered terms and the probability distributions
characterise correctly the reference (and after the suspicious) document.

Regarding the length of the probability distributions, the quality of the re-
trieval is practically constant when considering tfidf with unigrams. The only
real improvement is achieved when considering 20% of the document vocabulary;
the percentage of correctly retrieved documents increases from 91% to 94% when
10% and 20% of the vocabulary is considered. The best option is to consider the
20% of the vocabulary in order to compose the probability distributions of the
reference documents. In this way we obtain a good percentage of correctly re-
trieved reference documents with a sufficiently low dimension for the probability
distributions. When applying the best parameters over the corresponding test
sets, the obtained results did not show significant variations.

The second experiment aims to explore the fourth parameter (on the exhaus-
tive search process). The containment threshold was varied in order to decide
whether a suspicious sentence was plagiarised or not. Precision, Recall and F -
measure were estimated by considering the five development sets of suspicious
documents. Figure 3 shows the results obtained with n in the range [1, 5] over
the entire reference corpus D.
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Fig. 3. Exhaustive search process evaluation. (n = n-gram level, t =threshold)

The text codification, based on a simple bag of words (n = 1), does not
consider context information and style. This results in a good Recall (practi-
cally constant until threshold = 0.7). However, the probability of a reference
document of containing the entire vocabulary of a suspicious sentence si is too
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high. Due to this reason, Precision is the lowest among all the experiments.
On the other side, considering n-grams of level 4 (and higher) produces a rigid
search strategy. Minor changes in the plagiarised sentences avoid their detection,
resulting in the lowest Recall values.

The best results are obtained when considering bigrams and trigrams (best
F -measures are 0.68 and 0.66, respectively). In both cases, the word n-grams are
short enough to handle modifications in the plagiarised fragments as well as long
enough to compose strings with a low probability of appearing in any (but the
plagiarism source) text. Trigram-based search is more rigid, resulting in better
Precision. Bigram-based search is more flexible, allowing a better Recall. The
difference is reflected in the threshold in which the best F -measure values are
obtained for both cases: 0.34 for bigrams versus 0.17 for trigrams. The threshold
with the best F -measure t∗ was after applied to the corresponding test set. The
obtained results were exactly the same ones obtained during the estimation,
confirming that t∗ = {0.34, 0.17} is a good threshold value for bigrams and
trigrams, respectively.

The third experiment shows the improvement obtained by carrying out the
reduction process in terms of speed and quality of the output. Table 2 shows
the results obtained by bigrams when s is searched over D as well as D′, i.e.,
the original and the reduced reference corpora. In the first case, we calculate
the containment of si ∈ s over the documents of the entire reference corpus
D. Although this technique by itself obtains good results, considering too many
reference documents that are unrelated to the suspicious one, produces noise
in the output, affecting Precision and Recall. An important improvement is
obtained when si ∈ s is searched over D′, after the search space reduction
process.

With respect to the processing time, the average time needed by the method
to analyse a suspicious document s over the entire reference corpus D is about
2.32 seconds, whereas the entire process of search space reduction and the analy-
sis of the document s over the reduced subset D′ needs only 0.19 seconds3. This
big time difference is due to three main factors: (1) Pd is pre-calculated for every
reference document, (2) Q′(s) is calculated once and simply adapted to define
each Qs given Pd, and (3) instead of searching the sentences of s in D, they are
searched in D′, which only contains 10 documents.

With respect to the output quality, Precision and Recall become higher when
the search space reduction is carried out. Moreover, this result is obtained con-
sidering a lower containment threshold. The reason for this behaviour is simple:
when we compare s to the entire corpus, each si is compared to many documents
that are not even related to the topic of s, but contain common n-grams. Note
that deleting those n-grams composed of “common words” is not a solution due
to the fact that they contain relevant information about the writing style. The
reduction of the threshold level is due to the same reason: less noisy compar-

3 Our implementation in Python has been executed on a Linux PC with 3.8GB of
RAM and a 1600 MHz processor.
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isons are made and plagiarised sentences that were not considered before are
now taken into account.

Table 2. Results comparison: exhaustive search versus space reduction + exhaustive
search. (P =Precision, R =Recall, F = F -measure, t = avg. processing time (secs.))

Experiment threshold P R F t

Without space reduction 0.34 0.73 0.63 0.68 2.32
With space reduction 0.25 0.77 0.74 0.75 0.19

6 Conclusions

In this paper we have investigated the impact of the application of a search space
reduction process as the first stage of plagiarism detection with reference. We
have additionally explored different n-grams levels for the exhaustive search sub-
process, which is based on the search of suspicious sentences codified as n-grams
over entire documents of the reference corpus. The obtained results have shown
that bigrams as well as trigrams are the best comparison units. Bigrams are good
to enhance Recall whereas trigrams are better to enhance Precision, obtaining
an F -measure of 0.68 and 0.66 over the entire reference corpus, respectively.

The search space reduction method is the main contribution of this work. It
is based on the Kullback-Leibler symmetric distance, which measures how closed
two probability distributions are. The probability distributions contain a set of
terms from the reference and suspicious documents. In order to compose them,
term frequency, term frequency-inverse document frequency and transition point
(tf , tfidf and tp, respectively) have been used as feature selection techniques.
The best results were obtained when the probability distributions were composed
of word unigrams selected by tfidf .

In the experiments a comparison of the obtained results was made (also in
terms of time performance) by carrying out the exhaustive search of n-grams over
the entire as well as the reduced reference corpora. When the search space re-
duction was applied, the entire reference corpus (700 documents approximately)
was reduced to only 10 reference documents. In this optimised condition, the
plagiarism detection process needs on average only 0.19 seconds instead of 2.32.
Moreover, the F -measure was improved (from 0.68 to 0.75 when using bigrams).

As future work we would like to consider a different measure from the Kullback-
Leibler distance for the search space reduction process. Moreover, it would be
interesting to carry out an exhaustive search process based on the fingerprinting
technique (after the reduction process). Additionally, we would like to validate
the obtained results in a bigger corpus composed of larger documents. Unfortu-
nately we do not have knowledge about the existence of a corpus matching the
required characteristics and creating one is by itself a hard task.
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