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ABSTRACT: This paper proposes a fast plagiarism
detection algorithm in large-scale data. Plagiarisms of
superficial descriptions, such as “copy and paste”, can
be detected using a simple document similarity based
on string matching. The algorithm reduces the effort for
computing the document similarity by approximating the
similarity. The effects of the approximation on the
processing time and accuracy are evaluated by conducting
experiments with a data set generated from practical
scholarly documents. The experimental results show that
the algorithm based on the approximated similarity can
reduce the processing time of the straightforward algorithm
based on the exact similarity to less than one-third in
exchange for a slight decrease of the accuracy.
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1. Introduction

Plagiarism detection in large-scale data requires fast
methods. A huge amount of document data became
available on-line, which encourages plagiarisms from
copyrighted contents and academic documents. To detect
plagiarisms in a suspicious document (called a query

document), we need to investigate a large number of
documents which can be sources of plagiarisms (called
object documents). A definition of a “fast” plagiarism
detection method in large-scale data is that its processing
time is not affected by the number of object documents.

We treat “copy and paste” as plagiarisms in documents.
This formalization in terms of superficial descriptions can
simply formalize a kind of straightforward plagiarisms rather
than plagiarisms of ideas or rough structures of documents.
Defining a document similarity using vector representations
of documents, which is categorized into latent semantic
analysis [18], can be a solution to realize a fast plagiarism
detection method. Similar documents on a vector space
can be found from a large data set within a practical amount
of time using suitable data structures, such as indices
based on locality sensitive hashing [15]. The bag-of-words
model [20] is a simple and effective example of methods
on this approach. A number of plagiarism detection
methods based on the vector space model exist [22, 23,
19]. However, this approach ignores the order of word
occurrences, which can decrease accuracy of detection
for “copy and paste”-type plagiarisms.

We used a general idea of string matching [11] for
detecting “copy and paste”-type plagiarisms. A standard
string matching-based approach is using the edit distance
[26] or its extensions [24], and a number of plagiarism
detection methods based on this approach exist [16, 25].
We used the score vector [14] between two strings, which
is the vector of the numbers of matches between
characters aligned with every possible gap of starting
positions of strings, for plagiarism detection. The vector
for two documents of lengths n is computed in O(n log n)
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time using fast Fourier transform (FFT) [12], such as the
Cooley-Tukey type algorithm [9], while the methods based
on the edit distance and its extensions need O(n2) time.

We modified the FFT-based algorithm to reduce the
processing time for detecting plagiarisms in large-scale
data. The algorithm for computing the score vector between
two documents converts input documents to numerical
matrices, and then applies FFT to the matrices and the
Hadamard product of the transformed matrices. The
modifications are

• To convert documents to small matrices using a random
vector representation of words and

• To estimate features of the output vector using the
Hadamard product.

Then, in the situation that plagiarisms in a query document
are detected from a lot of object documents, the aims of
the modifications are:

• To complete the FFT computations for the object
documents in advance,

• To reuse the result of the FFT computations for the query
document for computing the score vectors with every
object document, and

• To omit the FFT computations for the Hadamard product.

Thus, the number of FFT computations required for
computing the approximated score vectors after an input
of a query document is reduced to be independent of the
number of object documents. The main idea of the
modifications had been proposed in our previous work [6].

We evaluated the effect of the modifications on the
plagiarism detection algorithm. We investigated the
processing time and accuracy of two plagiarism detection
algorithms, the normal one based on the exact score
vectors and the improved one based on the approximated
score vectors, by applying them to a data set generated
from practical documents. As a result of the evaluation,
we found that the modifications can reduce the processing
time in exchange for a slight decrease of accuracy. We
conducted experiments using more general data set than
that used in our previous work [6], and gave precise
analyses on the results using the false discovery rate in
addition to the normal accuracy.

The rest of this paper is organized as follows. Section 2
introduces a plagiarism detection algorithm based on score
vectors, and proposes speed improvements to the
algorithm obtained by approximations of score vectors.
This section also describes the experimental methods to
evaluate the improvement in terms of the processing time
and accuracy of plagiarism detection. Section 3 reports
the experimental results. Section 4 gives considerations
on the results and future directions of our study.

2. Methods

This section introduces a plagiarism detection algorithm
based on a document similarity, and proposes a speed
improvement to the algorithm. This section also describes
how the effects of the improvement were evaluated.

2.1 Preliminaries
A document is defined to be a list of words. Let W be a set
of words, called a vocabulary, and σ = ⎪W⎪the vocabulary
size. For an integer n > 0, Wn is the set of the documents
of length n over W. For a document p of length n, pi for 0 ≤
i < n is the ith word of p. For documents p and q, pq is the
concatenation of p and q. For a word w and an integer n >
0, wn is the documents of n w’s. Let x ∉ W be the never-
match word and δ a function from (W ∪{x}) × (W ∪{x}) to
{0, 1} such that δ (v, w) is 1 if v, w ∈ W and v = w, and 0
otherwise.

We regard an n-dimensional vector as the n × 1 matrix.
For any matrix M, MT denotes the transposed matrix of M,
and Mi, j the (i, j)-element of M for 0 ≤ i, j. For an m × n matrix
M, Mc is the m-dimensional vector whose ith element is

 for 0 ≤ i<m.

Let Fn be the matrix of discrete Fourier transform (DFT)
with n sample points, that is, the (i,  j)-element of Fn is wn

ij

for 0 ≤ i, j < n. where . The result of Fnv for
any n-dimensional vector v is computed in O(n log n) time
using FFT.

The circular convolution u * v of n-dimensional vectors u
and v is the n-dimensional vector whose ith element for
0 ≤ i < n is

(1)

where ui = ui+n and vi = vi+n for any i. Using the convolution
theorem [10] with DFT,

(2)

where o is the operator of the Hadamard product. Therefore,
u * v is computed in O(n log n) time using three O(n log n)
computations of FFT and O(n) multiplications.

2.2 Document Similarity
This subsection introduces a measure of document
similarity which we used for plagiarism detection and an
efficient algorithm that computes the document similarity.

The score vector C(p, q) between p ∈ Wm and p ∈ Wn is
defined to be the (m + n - 1)-dimensional vector whose ith
element for 0 ≤ i < m + n - 1 is

(3)
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Figure 1. The score vector ci for 0 ≤ i < 11 between two documents p = “to be or not to be” and q = “two be or not two be”.

where q′ = xm-1qxm-1. Figure 1 shows an example of the
score vector of two documents.

The score vector between two documents of lengths m
and n (m ≤ n) over W is computed in O(σn logm) time using
the algorithm based on the convolution theorem and FFT
[12]. We show the FFT-based algorithm for two documents
of the same length n using matrix processing. This
algorithm can be extended to documents of different lengths
by dividing the longer document in the same way as the
technique used in [2].

First, we extend the idea of the circular convolution of
vectors to matrices. This is a simple combination of
separated computations for multiple vectors into a matrix.
For two n × d matrices M and N, M * N is defined to be the
n × d matrix whose (i, j) -element for 0 ≤ i < n and 0 ≤ j < d
is

(4)

where Mi, j = Mi+n, j and Ni, j = Ni+n, j for any i and j. Then, using
the convolution theorem with DFT,

(5)

Therefore, M * N is computed from M and N in O(dn log n)
time using an FFT.

The O(σn log n) algorithm is obtained by defining a function
f from Wn to a set of l × σ matrices such that C (p, q) = (f (p-

1) * f(q))c and l = O(n).

Let ϕ be a bijection from W to {0, 1,..., σ - 1} and ϕ (x) = 0.
Then, φo is the function from W ∪ (x) to {0, 1}σ such that the
ith element of φo(w) for 0 ≤ i < σ and w ∈ W ∪ {x} is 1 if ϕ (w)
= i and w ∈ W, and 0 otherwise. We call φo the one-hot
vector representation of words. Then, Φo is defined to be
a function from (W ∪ {x})n to a set of n × d matrices such
that, for p ∈ (W ∪ {x})n,

Figure 2. Examples of score vectors between documents that contain an instance of plagiarism (left) and no instance
of plagiarism (right)

(6)

For any

(7)

Let l = 2n - 1. Using Equations 3 and 7, for 0 ≤ i < l,
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(8)

Let q′ = p-1qxn-1 and q′′ = qxn-1. Using Equations 6 and 8,

(9)

Note that the conversions of p and q to Φo (q′) and Φo (q′′)
require O(lσ) time even by a naive method, and that the
computation of C(p, q) from the result of Φo (q′) * Φo (q′′)
consists of O(lσ) additions.

More precisely, the score vector can be computed using
the set Wp, q of the words that appear in both p and q
instead of the total vocabulary W. In this case, the
processing time is bound by O(σp, qn log n) for σp, q = ⎟ Wp, q⎟.

2.3 Plagiarism Detection
This subsection defines plagiarism detection and its
accuracy, and introduces a plagiarism detection algorithm
that uses the FFT-based algorithm.

Plagiarism detection is to predict either “positive” or
“negative” for instances of plagiarism between a pair of
documents. The accuracy of a plagiarism detection
algorithm is defined to be the ratio of the number of correct
predictions to the number of total predictions. The precision
is the ratio of the number of correct predictions with
“positive” to the number of total predictions with “positive”.
The recall is the ratio of the number of correct predictions
with “positive” to the number of actually positive pairs.

The plagiarism detection algorithm in this paper is defined
as follows:

1. Calculate the score vector between two input
documents using the FFT-based algorithm, and

2. Predict “positive” or “negative” using the obtained score
vector and a classifier.

We expected that the shape of a score vector has a peak
that corresponds to an instance of plagiarism if it exists.
Figure 2 shows examples of score vectors between positive
and negative pairs. We assume that some pairs of
documents with a label of “positive” or “negative” are given
as training data. The classifier in the second process was
defined by applying a support vector machine with a linear
kernel to 3-tuples of

• The maximum element of the score vector,

• The average of the elements of the score vector, and

• The length of the shorter document

for the pairs in the training data. The computation for the
maximum and the average of the elements needs O(n)
time; therefore, the resulting processing time of the
algorithm is mainly due to the O(n log n) computation for
the score
vector.

2.4 Improvement
We modified the plagiarism detection algorithm defined
in Subsection 2.3 to speedup it in a situation that we
detect plagiarisms in large-scale data.

We assume the situation that we compute the score vector
between a query document q ∈ Wn and each of object pi ∈
Wn documents pi ∈ Wn for 1 ≤ i ≤ N which are given in
advance. In the straightforward method, we need to repeat
computing a score vector N times, and hence the
processing time is O(σ −p, qNn log n) for the average σ −p, q of
σpi, q defined for each object document pi (1 ≤ i ≤ N). The
main part of the computation for the score vector is the
O(n log n) computation of FFT, and this computation for a
single score vector requires 3σpi, q  computations of FFT.
Therefore, the total number of FFT computations in this
situation is 3σ −

pi, q N, that is,

(a) σ −p, q N times for DFT of the object documents,

(b) σ −pi, q N times for DFT of the query document, and

(c) σ −pi, q N times for the inverse of DFT (IDFT).

The computations for (c) can be reduced to N using the
acceleration method proposed by Baba [4]. Therefore, the
number of FFT computations required in this straightforward
method is (2σ −p, q + 1) N. The normal plagiarism detection
algorithm is based on this method and the one-hot vector
representation of words.

We aimed to reduce the number of FFT computations to
a constant d by applying two modifications to the
algorithm.

We call the modified algorithm the improved plagiarism
detection algorithm.

The first modification is to convert documents to small
matrices using a random vector representation of words.
The aims of this modification are (1) to complete the
computations for (a) before the input of a query document
and (2) to reduce the computations for (b) to d. The
difficulty is that we cannot define Wp, q before the input of a
query document and the total vocabulary W can be very
large. The size of the intermediate data processed in the
FFT-based algorithm is proportional to the total vocabulary
size, and hence the data should be too large to store
them if we use the one-hot vector representation of words.
Concretely, the intermediate data is the matrices FlΦo
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(p′)’s for object documents p’s processed for computing
Φo(p′)  ∗ Φo(q′′)using the convolution theorem in Subsection
2.2. Therefore, we need a vector representation of words
with a small dimensionality which is (1) defined
independently of a query document and (2) defined
universally to every object document.

To realize the first modification, we used the random vector
representation of words φr defined as follows. Let φr be a
function from W ∪ {x} to {-1, 0, 1}d such that φr(x) is the d-
dimensional zero-vector and φr(w) for w ∈ W is a vector
chosen randomly from {-1, 1}d. The score vector computed
using φr is an approximated one, but the FFT- based
algorithm can be extended to this weighted version of the
score vector [5]. The expectation of an approximated value
based on the randomness of choosing 1 or -1 equals to
the exact one multiplied by d, and the variance is bound
by a number independent of σ [7]. Note that the
dimensionality of a vector representation should be at least
σp,q -1 for computing score vectors between p and q exactly
using the FFT-based algorithm [3].

The second modification it to estimate features of the
output vector using intermediate data. The aim of this
modification is to omit the computations for (c). We
expected that the data before the IDFT in the FFT-based
algorithm, that is, the result Fv of DFT of the output vector
v, contain information for plagiarism detection. We used
this intermediate vector for plagiarism detection instead
of the score vector. The intermediate vector is (FlΦo(p′))c
for the intermediate data FlΦo(p′) in the previous context
(Φo will be replaced to Φr defined for φr when the first
modification is applied). Figure 3 shows examples of
intermediate vectors for positive and negative pairs. To
make a classifier for the second process in the base
algorithm, we applied a support vector machine with a
linear kernel to 3-tuples of

• The maximum element of the intermediate vector,

• The average of the elements of the intermediate vector,
and

• The length of the shorter document

for the pairs in the training data. This definition of tuples is
obtained by replacing “the score vector” in that defined
for the normal algorithm by “the intermediate vector”.

2.5 Evaluation
We evaluated the effects of our modifications by applying
the normal and improved plagiarism detection algorithms
defined in Subsection 2.4 to a data set.

The data set used for our experiment was a set of
document pairs with “copy and paste”-type plagiarisms
generated randomly. We used 2,500 pairs of abstracts of
scholarly papers. The pairs were chosen from 15,908
abstracts of articles published in Nature [1] from 1997 to
2016 so that

• An abstract of each pair is the nearest neighbor of the
other abstract based on the similarity of the bag-of-words
model in the total set, and

• The length of each abstract is longer than 100 words
and shorter than 300 words.

We generated plagiarisms for 1,250 pairs chosen
randomly from the 2,500 pairs by inserting a sentence in
an abstract into the other on the condition that

• The sentence is chosen randomly from the first abstract,

• The sentence is inserted into a randomly chosen position
of the second abstract, and

• The length of the sentence is longer than 5% of that of
the second abstract.

The positive and negative pairs were divided equally into
2,000 pairs for training and 500 pairs for test in validation.
The data set corresponds to a case where our improvement
is necessary to speedup detecting plagiarisms with an
acceptable accuracy. The information of simple word
occurrences is not sufficient for detecting plagiarisms in
this case. The accuracy of a plagiarism detection based
on the bag-of-words similarity and an optimized threshold
for the training and test data was 0:490. Additionally, the

Figure 3. Examples of intermediate vectors between documents that contain an instance of plagiarism (left) and no
instance of plagiarism (right)
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random vector representation of words is necessary for
applying our improvement to the plagiarism detection
algorithm. The size σ of the total vocabulary of the data
set was 48174. Therefore, it is not practical that we apply
the improved algorithm to the one-hot vector representation
of words.

We investigated the processing time and the accuracy of
the normal and improved plagiarism detection algorithms.
As shown in Subsection 2.4, the normal algorithm requires
(2σ −p, q + 1) N computations of FFT for the average σ −p, q of
vocabulary sizes defined for each object document. The
improved algorithm requires d computations of FFT for
the dimensionality d of the random vector representation
of words which can be customized. For a criterion of
plagiarism detection accuracy, we used the precision for
the point where the recall is 0:98 or higher in addition to
the normal accuracy. We increased the cost parameter
for the negative class in the support vector machine as
integral multiples of that for the positive class. Thus, what
we measured is summarized as follows:

• The processing time of the normal plagiarism detection
algorithm for several N and the average of the restricted
vocabulary sizes,

• The processing time of the improved plagiarism detection
algorithm for several d and N,

• The two types of accuracy of the normal plagiarism
detection algorithm, and

• The two types of accuracy of the improved plagiarism
detection algorithm for several d.

3. Results

Figure 4 shows the processing time of the normal and
improved plagiarism detection algorithms applied to N =
200 × i object documents for 1 ≤ i ≤ 5. The dimensionality of
the random vector representation of words in the improved
algorithm was set to be d = 32, 64, and 128. The processing
time for each N in the result is the average of the values
for 100 query documents. The average σ −p, q of the restricted
vocabulary size in the normal algorithm was 38.1. The
processing time of plagiarism detection in 1000 object
documents was 2.42 sec for the normal algorithm and 0.69
sec for the improved algorithm with d = 128.

The accuracy and the precision for over 0.98 recall of the
normal algorithm were 0.970 and 0.961, respectively.

Figure 4. Processing time of the normal and improved plagiarism detection algorithms against the number of object
documents

Figure 5. Accuracy of the improved plagiarism detection algorithms
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Figure 5 shows the two types of accuracy of the improved
algorithm with d = 2i for 1 ≤ i ≤ 7. The two types of accuracy
of the improved algorithm for d = 128 were 0.944 and 0.798.

4. Discussion

4.1 Major Conclusion
We achieved a fast algorithm for plagiarism detection with
large-scale data in exchange for an amount of decrease
in accuracy. As shown in Figure 4, the improved algorithm
can reduce the processing time for detecting plagiarisms
and the advantage over the normal algorithm is remarkable
for cases with a large number of object documents. Figure
5 shows that the decrease in the two types of accuracy
paid for the speedup is acceptable. For example, in the
case where the dimensionality of the vector representation
of words is 128, the accuracy decreased approximately
0.026 points but the processing time was reduced to less
than one-third. The precision with a recall which is 0.98 or
higher was approximately 0.8, which can realize a
screening of object documents for plagiarism detection
with a 20% false discovery rate.

4.2 Key Findings
The number of FFT computations processed in the
improved plagiarism detection algorithm is independent
of the number of object documents, but the total processing
time still depends on the number. With the aid of the argue
in Subsection 2.4, the processing time is O(dnN + dn log
n) for the dimensionality d of the vector representation of
words, the length n of each document, and the number N
of object documents. The advantage of the processing
time of the improved algorithm over that of the normal
algorithm is increased by the length of each document in
addition to the number of object documents. The
processing time of the normal algorithm is O(σ −p, q Nn log
n) for the average σ −p, q of the vocabulary size defined for
each document pair (p, q) as we shown in Subsection
2.4. Therefore, the coefficient of N depends on n log n in
the normal algorithm, while that in the improved algorithm
depends on n.

4.3 Future Directions
One of our future work is to reduce the space required for
the improved plagiarism detection algorithm. To implement
the algorithm, we need to store the intermediate data for
computing score vectors as we mentioned in Subsection
2.4. The size of the data is approximately 4d-hold of the
original document data for the dimensionality d of a vector
representation of words. An idea to solve the problem is
thinning the intermediate data. In the improved algorithm,
we used the intermediate vector obtained from the
intermediate data. The intermediate vector is, intuitively,
a kind of spectrum of the output score vector, because
the vector is the result of DFT of the score vector. The
plagiarism detection accuracy is expected to be preserved
even by using part of the intermediate vector, while we
used every element of the vector in the proposed method.
This idea corresponds to that of high- and low-pass filters
with FFT used in image processing [17].

Another future work is to extend the proposed method to
other types of plagiarism. The proposed method took
account of superficial descriptions of documents, but other
complex plagiarisms, such as cross-language one [13,
8], may require considering some kinds of semantics of
documents. A possible approach to this task is using vector
representations of words that represent a word similarity.
Recent study in neural networks enabled us to obtain
vector representations of words from actual document
data, and some of them effectively represent a word
similarity with a small dimension [21]. Our method can
use general vector representation of words [5], such as
the random one defined in Subsection 2.4. Therefore, our
method is expected to be applicable to other complex
plagiarisms.

5. Conclusion

We proposed a plagiarism detection algorithm based on
a simple document similarity and improved the processing
time of the algorithm in its implementation with large-scale
data. We evaluated the effect of the improvement by
conducting experiments with document data that included
plagiarisms. As a result, we found that the improvement
can reduce the processing time of the algorithm to less
than one-third in exchange for a 0.026 points decrease of
the accuracy.
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