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Abstract—Code clone detection is an active research domain of software engineering. There are two core demands for clone
detection: scalable detection and complicated clone detection. For scalable detection, existing approaches treat the source code as a
text or token sequence and then calculate their similarity. However, the text-based and token-based approaches are difficult to detect
complicated clone types due to the lack of consideration of code structure. The methods based on intermediate representations of
code can effectively achieve complex clone types detection but are limited by the complexity of representations to be scalable. In this
paper, we propose Code2lmg, a tree-based code clone detector, which satisfies scalability while detecting complicated clones
effectively. Given the source code, we first perform clone filtering by the inverted index to locate the suspected clones. For each
suspected clone, we create the adjacency image based on the adjacency matrix of the normalized abstract syntax tree (AST). Then we
design an image encoder to highlight the structural details further and refine pixels of the image. Specifically, we employ the Markov
model to encode the adjacency image into a state probability image and remove its useless pixels. By this, the original complex tree
can be transformed into a one-dimensional vector while preserving the structural feature of the AST. Finally, we detect clones by
calculating the Jaccard Similarity of these vectors. We conduct comparative evaluations on effectiveness and scalability with eight other
state-of-the-art clone detectors (SourcererCC, NIL, LVMapper, Nicad, Siamese, CCAligner, Deckard, and Yang2018). The
experimental results show that Code2/lmg achieves the best performance among all the comparative tools in terms of both detection
effectiveness and scalability. It indicates that Code2Img can be applicable to scalable complicated clone detection.

Index Terms—Code Clone, Clone Detection, Scalability.

1 INTRODUCTION

With the popularity of the open-source community, more
developers are reusing code by copying, pasting, and mod-
ifying. While cloning code is more convenient than im-
plementing functionality from scratch, code cloning also
raises some issues. For example, the cloned code may not
be secure, i.e., vulnerable code. In addition, code cloning
can inadvertently lead to code copyright disputes, where
code from open-source projects is reused in violation of
license terms. In other words, although code cloning brings
much convenience to software development, it also reduces
software security and increases maintenance costs [1]. Due
to these problems, clone detection has become an active
area of software engineering and is gradually occupying a
prominent position in the field.

Many research works have been proposed to detect code
clones, categorized into two dominant groups according
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to the detection requirements: scalable clone detection and
complicated clone detection. In terms of scalable clone de-
tection, they are mainly text-based and token-based meth-
ods [2]I, [3], [4], [5], [6], [7]. These approaches treat the source
code as plain text or token sequences and directly calculate
their similarities, thus requiring a very short execution time.
However, they cannot cope with complicated clone types
detection due to the lack of consideration of code structure.
To detect complicated clones effectively, clone detectors
based on the code intermediate representation have been
proposed, such as graph-based [8]], [9] and tree-based meth-
ods [10]], [11]. However, they are not applicable to scalable
clone detection. For graph-based approaches, the long gen-
eration time and complex graph structure of program depen-
dency graphs (PDG) and control flow graphs (CFG) lead to a
high overall runtime overhead. To save the graph generation
time, some researchers have proposed detection approaches
based on the abstract syntax tree (AST). However, large-scale
clone detection requires small memory consumption and a
short detection time. The main limitation of the AST-based
method is the tree’s complex structure, so it has to take up
a large amount of memory and a long time for the tree’s
matching. Hence, it is also difficult to meet the needs of
scalable clone detection.

In this paper, we aim to achieve effectiveness and scala-
bility simultaneously in detecting complicated clones from
large-scale source code. Our key idea comes from image
classification, which can handle millions of images while
maintaining a low matching time and memory consump-
tion. Specifically, our paper focuses on addressing one main
challenge.
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How to ef ciently convert the complex tree of a functiorfuture work. Section 6 presents the related work. Section 7
into an image while preserving the tree structure informaeoncludes the present paper.

tion?

To address this challenge, we rst perform clone Itering
using the inverted index to retain suspected clones. For each
suspected clone, we construct its image representation (.e.,
adjacency image) by generating an adjacency matrix for its
normalized AST. In detail, the adjacency image is composed
of the node types and the number of edges of AST, con-
taining the structural feature of the source code. To further
improve the detection effectiveness for complicated clones,
we resort to Markov models, which have been widely used
in other elds as a model that can effectively simplify the
model and bring out the structural details of the model [12],
[13]. We employ the Markov chain to encode the adjacency
image into a state probability image to curve the structural
details of the AST. To reduce the complexity of the image to
save memory, we remove the useless pixels from the state
probability image and generate a one-dimensional vector.
Finally, we adopt the Jaccard Similarity to calculate the
similarity between the vectors to detect clones.

We implement a novel system, Code2lmgand evaluate
its detection accuracy and scalability on a widely used
benchmark datasets, BigCloneBenciBCB) [14]. We compare
Code2lmgwith eight state-of-the-art clone detectors, namely
SourcererCd15], NIL [16], LVMapper[17], Nicad [7], Siamese
[18], CCAligner [2], Deckard[19], and Yang2018[20]. As
for detection performance, our experimental results show
that Code2lmgoutperforms the above detectors, especially
for complicated Type-3 clones. As for scalability, Code2lmg
takes only 7 hours and 39 minutes to complete the 250-
MLOC codebase detection, which takes the shortest time
among the comparative tools. In summary, the results prove
that Code2lmgachieves the best detection effectiveness and
ef ciency among all the comparative detectors at the same
time. It indicates that Code2lmgsan be applicable to scalable
complicated clone detection.

Contributions. In summary, our paper makes the fol-
lowing contributions:

We propose a novel approach to transform an AST
into a simple image representation while retaining
the structural details of the source code. The trans-
formation helps to avoid high-cost tree comparison
and high memory occupation.

We implement Code2Imd, a tree-based detector that
simultaneously balances the effectiveness of compli-
cated clone detection and supports 250-MLOC large-
scale code detection.

We conduct extensive evaluations in terms of ef-
fectiveness and scalability. The experimental results
show that Code2Imgis superior to the other eight
state-of-the-art clone detectors (.e., SourcererC{15],
NIL [16], LVMapper [17], Nicad [7], Siamese[18],
CCAligner [2], Deckard[19], and Yang2018[20]).

Paper Outline. Section 2 introduces the related de ni-
tions and a motivating example. Section 3 describes the
system architecture of Code2lmgSection 4 reports the exper-
imental results. Section 5 discusses the threat to validity and

1. https://github.com/tao7777/code2img

2 DEFINITION AND MOTIVATION

This section presents the formal de nition of code clone
types and our insights from a motivating example.

2.1 De nition

In this part, we introduce the formal de nitions of clone
types that we adopt throughout the paper, following the
prior works [21], [22].

Fig. 1: Examples of different clone types

Type-1 Clones (T1, Textual Similarity) are identical code
fragments, excluding spaces, blank lines, and comments.

Type-2 Clone (T2, Lexical Similarity) are identical code
fragments except for some renamed unique identi ers ( i.e.,
function name, class name, variables).

Type-3 Clone (T3, Syntactic Similarity) are syntacti-
cally similar differ only at statement-level. Speci cally, these
fragments have statements added, modied, or deleted
from each other. Moreover, due to the confused boundary



between the de nitions of Type-3 and Type-4 clones, the
BigCloneBenclBCB) [23] dataset further classi es T3 clones
into subcategories. It is based on the code similarity score
of line-level and token-level after T1 and T2 normalization.
Speci cally, they are Very Strongly Type-3(VST3) ( 90%
similarity), Strongly Type-3(ST3) (70%-90% similarity), and
Moderately Type-ZMT3) (50%-70% similarity).

Type-4 Clone (T4, Semantic Similarity) indicates syn-
tactically dissimilar fragments that implement the same
functionality. T1, T2, and T3 clones demonstrate textual
similarity, whereas T4 clones represent functional similarity.

To better elaborate on the different types of clones, we
adopt an example from the BCB dataset [23], as shown in
Figure 1. They are the T1 to T4 clones of a source function,
which all have similar functionality with transposing a two-
dimensional matrix. The T1 clone is identical to the source
function except for the addition of comments at lines 2-
3. The T2 clone differs from the source function only in a
variable name, i.e.,LImage instead of Image . Additionally,
it can be seen that the T3 clone is textually dissimilar to
the source function, as re ected in the function names,
variable names, and variable types are completely different.
However, they have some syntactic similarities, i.e., trans-
pose the matrix by nested loops. Obviously, detecting T3
clones is harder than the Types 1-2 clones. T4 clone also
exchanges the rows and columns of a matrix, adding some
exception-catching statements, so the lexical and syntactic
differs greatly. Detecting T4 clones requires a deep under-
standing of the semantics of the code, so it is not practical
to implement T4 clone detection for large-scale code. In this
paper, we focus on achieving scalable T3 clone detection.

2.2 Motivation

In this part, we use a motivating example to illustrate how
we proposed the tree-based image transformation to detect
code clones. The example is the T3 clone in Figure 1, which
is regarded as a complicated T3 clone {.e.,MT3 in the BCB
dataset [23]).

We calculate the Jaccard similarity of the token, AST, and
AST's adjacency matrix of the pair of codes, respectively.
As for token similarity, we rst tokenize the source code to
obtain the token sequence of the source code. Then the token
sequences of the two functions are put into Set; and Set,
respectively. For AST similarity, we extract the AST of these
two functions and then put the nodes of the two ASTs into
Set; and Set,. Then we compute the Jaccard similarity of
token and AST as in the formula of set_Jacc sim 1. From
the formula, we can calculate that the token's similarity is
0.38 and the AST's similarity is 0.43, as shown in Table 1.

jSetl\ Setzj
jSetl[ Setzj

Even though ASTs can effectively characterize the code
structure and even semantics, the structure of ASTs is too
complex to be applicable to scalable clone detection. There-
fore, we further simplify the ASTs while preserving their
structural information. In particular, we extract the number
of edges between all node types of the targeted ASTs to
construct their adjacency matrices (M1 and M3). Then cal-
culate the Jaccard similarity of the adjacency matrices, as

set_Jacc_sim =
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in the equation 2 below. The adjacency matrix similarity of
example code pair is calculated as 0.63, as shown in Table 1.

MM,
kM1k® + kM2k?> MM,

We pick a similarity threshold as in previous work [16],
[15]. They set the threshold to 0.7, meaning that the methods
based on token, AST, and AST's adjacency matrix all result
in false negatives, i.e., the code pair detected non-clones.
In detail, the low similarity of the token is since that these
share very few tokens. The similarity of AST is low since
the number of nodes in AST varies greatly, and the number
of identical nodes is even rarer, indicating that it is dif cult
to detect MT3 clones by directly matching AST. However,
after further abstraction of the AST to obtain its adjacency
matrix, the similarity of the adjacency matrix is signi cantly
improved. It can be inferred that the simpli cation of the
AST is effective in enhancing its structural information, but
still hard to detect T3 clones.

mtx _Jacc_sim =

@)

TABLE 1: The similarity of different code representations

Representation Token AST AST's Adjacency Matrix ~ AST's Probability Matrix
0.38 0.43 0.63 0.83

0.27 0.6 0.59 0.79

Example's Similarity

Average Similarity

Based on the above observations, we further re ne the
information of the AST's adjacency matrix to highlight the
structural features of the AST better to reinforce T3 clone
detection. Considering that research work in other elds has
demonstrated that Markov chains can be used to simplify
the model's complexity and emphasize the model's struc-
tural details [12], [13], we optimize the adjacency matrix
of AST with the help of the Markov chain model. Specif-
ically, we treat the adjacency matrix of the AST as a state
transition matrix. The probability transition matrix of the
state transition matrix is then derived using the Markov
model. The detailed transformation is as the formula 3,
where prob_trans_mtx[i][j] presents the state transition
probability from node type i to node type j in an AST and
M 1[i][j ] indicates the number of occurrences of the edges
between node type i to node type j in the AST. k and n
denote a node type and the number of node types in the
AST, respectively.

M. [i]fj]
k=o M1[i][K]

Finally, we use the formula 2 to calculate the Jaccard similar-
ity of the probability transition matrices, whose nal result

is 0.83. It can be seen that it is higher than the similarity of
the token, tree, and tree adjacency matrix and exceeds 0.7,
so it can be correctly detected as a clone.

In addition, we randomly select 1000 MT3 clones from
the BCB dataset and calculate their average Jaccard similar-
ity, as shown in Table 1. It can be seen that only the proba-
bility matrix exceeds 0.7 among the total average similarity.
In other words, only the probability transition matrix can
support complex clone detection. Therefore, we can infer
that Markov chains help capture the tree's structural details
and thus improve clone detection's effectiveness, especially

prob_trans _mitx[i][j] = ?3)



for the complicated clone types. Inspired by these insights,
we propose a novel approach to transform complex ASTs
into probability matrix-based images to obtain a briefer
code representation for effective and scalable code clone
detection.

3 APPROACH

In this section, we introduce Code2lmga scalable and ef -
cient code clone detector with a tree-based image transfor-
mation.

3.1 System Overview

The framework of Code2Imds shown in Figure 2, which con-
sists of four main phases: Data Preprocessinglone Filtering
Structure Encodingand Clone Detecting

Data Preprocessingrhis phase aims to normalize the
type-speci ¢ tokens of the AST and generate the
inverted index by N-line hash for each code block
of the normalized code.

Clone Filtering This phase is targeted to search for
clone candidates in the inverted index and calculate
the N-lines similarity to obtain the suspected clones.
Structure Encoding For the suspected clones, this
phase rst transforms the AST into an adjacency
image by the adjacency matrix of AST's node types.
Then encodes the adjacency image with the Markov
model to obtain the state probability image and
remove its useless pixels to get the nal vector.

Clone Detecting This phase aims to detect clones
within the suspected clones by calculating the Jac-
card similarity between their nal vectors.

3.2 Data Preprocessing

Code2lmgocuses on building a scalable clone detector. For
the purpose of a trade-off between scalability and semantic
preservation, we use AST as an intermediate representation
of the code. Compared to the graph representations of code,
generating ASTs does not require any compilation and is
time-saving. Therefore, it satis es the needs of clone detec-
tion for large-scale. In addition, it also has the advantages
of various development languages and code fragments of
different sizes. We perform static analysis to parse the source
code and extract its AST. In detail, since we conduct all
the experiments on the dataset written in Java, we adopt
JavaparsdR4] to parse the Java les and generate their ASTs.
To ensure the resilience of Code2Imgfor T2 clones, we
normalize the type-speci ¢ tokens of the AST. Speci cally,
we analyze all the T2 clone codes in the BCB dataset and
nd six types of nodes whose tokens change between the
clone pairs. They are all node types related to identi er,
including SimpleName , Name StringLiteralExpr ,
BooleanLiteralExpr ,  IntegerLiteralExpr , and
DoubleLiteralExpr . Figure 3 shows the normalization
result of SourceFunction in Figure 1. According to the
de nition of T2 clones, they differ only in the name of the
identi er. Therefore, T2 clones are identical in both the tree
structure and the code information after normalizing the
tokens of these six types of nodes. So we can infer that the
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normalization helps Code2Imgo tolerate T2 clone changes,
thus detecting simple clones more ef ciently.

After the code normalization, we calculate the N-line
Hashfor the source code. An N-line represents a code block
consisting of consecutive N lines code. For example, we
generate three3-linesfor a part of SourceF unction of Figure
1, as shown in Figure 3. For the implementation, we stitched
the code of theseN lines into a long string. Then, we com-
pute a hash value for the text of this string, which is an N-
line Hashof the code fragment. It can be inferred that a code
fragment containing M code lines will generate M N +1
N-line Hashes So we can obtain nine 3-line Hashedor the
function in Figure 3. We can know that if two pieces of code
share anN-line Hash there are N identical consecutive code
lines between them. Therefore, the more the same N-line
Hashesexist in a code pair, the greater their similarity. With
the help of N-line Hash Code2Ilmgan quickly locate the code
pairs that may have similar relationships.

To locate pairs with identical code blocks, we resort
to the inverted index. Inverted indexing is an information
retrieval technique that allows fast retrieval of documents
containing a word as a query and is often used in clone
detection techniques [16], [15]. We adopt a dictionary as the
data structure to store the inverted index. Speci cally, the
keys are the N-line Hash and the values are the names of
all source codes containing this N-line Hash In other words,
all source code names containing this N-line Hash can be
quickly obtained in the inverted index by searching for the
key as this Hash value. Therefore, we create an inverted
index for locating the code sharing the consecutive code
lines to improve detection ef ciency.

3.3 Clone Filtering

With the help of the inverted index, Code2lmgperforms
clone location and clone ltration in this phase. The location
part is designed to locate the candidate clones that share
consecutive lines of code with the target source code. In
other words, it helps to lter non-clones where the text has
almost no similarity quickly. The lItration part aims to Iter
out obvious non-clones and those almost identical codes to
retain suspected clones that require clone detection.

The location phase targets locating the clone candidates,
which are kept for the Itration part. For the target source
code, we rst extract its AST and perform normalization
on it, following section 3.2 described. Then we calculate
its N-line Hashesand use them as the keys to search for
the inverted index. As a result, the codes that share the N-
line Hasheswith the source code can be located by inverted
indexing, while those without the same N-line Hash are
considered completely dissimilar and be quickly Itered
out. These retained codes are called candidate clones.

The clone lItration part is proposed to calculate the
similarity of N-lines between the target code and clone
candidates to Iter further. The code pairs share a large
portion of N-lines, meaning they have many identical lines
of code, so the two codes are likely clones. Conversely,
if the code pairs have few shared N-lines, it means that
their texts vary signi cantly, i.e.,they are non-cloned pairs.
Based on the above analysis, we calculate the similarity
of N-lines between the two codes, code block sim, by the



Fig. 2: System overview of Code2Img

Fig. 3: Example of normalization and 3-linesgeneration

following formulas. C; and C, denote two pieces of source
code. nlines (C;) and nlines (C,) are the list of N-line Hash

generated by C; and C,, whose lengths arejnlines (C,)j and
jnlines (C,)j, respectively. Besides,common_nlines denotes
the number of the their shared N-lines. In other words,

nlines (C) is the ordered sequence of N-line Hashes.

common_nlines (Cy; C,) = jnlines (C1) \ nlines(C,)j (4)

common_nlines (Cy; Cy)

lock sim =
code block sim max (jnlines (Cy)j ; jnlines (C,)])

®)

We set the non-clone threshold 1 and the clone threshold
2. If the code block sim is lower than 1, it is judged
as non-clone. Conversely, if the code block sim is higher
than 2, it is regarded clone. Finally, only code pairs with
code block sim greater than 1and lessthan 2 are the sus-
pected clones for image transforming and clone detecting.
The clone location part effectively helps Code2imgto
locate candidate clones. In addition, the Itration part for
normalized code can quickly detect most T1 and T2 clones
while ltering out obvious non-clones, retaining the sus-
pected clones. Therefore, only a small portion of code pairs
require clone detection, signi cantly reducing the overall
time overhead of Code2Iimg

3.4 Structure Encoding

AST is a complex code representation, and it is dif cult to
cope with large-scale detection by directly matching AST for
clone detection. However, images have the inherent advan-
tages of fast matching and small space occupation, which
match the core requirements of clone detection. Therefore,
we convert the AST into images for clone detection for
suspected clone pairs.

In the image generation part, we extract the adjacency
matrix to create its image representation for the normalized
AST. The AST can intuitively re ect the structure of the
source code. Besides, the structural information stored in the
AST is essential for complex clone types detection. Inspired
by this, we characterize the structure of the AST by the
adjacency matrix. Speci cally, AST is a tree data structure
that consists of nodes and edges. The left part of Figure 4
shows an AST's subtree of the normalized SourceF unction
in Figure 1, which represents the tree for lines 1-2 of the
function. To obtain the detailed number of node types,
we parse over 100-MLOC codes using Javaparsef24] and
nd that there are 70 node types in the ASTs, including
58 kinds of type nodes and 12 types of token nodes. The
token nodes are the leaf nodes of AST (the double-layer
hollow rectangles in Figure 4), and others are the type
nodes (the single-layer solid rectangles). For example, the
SimpleName (with blue double-layer hollow rectangles)
denotes a kind of token nodes, whose token is VARL
Besides, the ArrayAccessExpr  (with orange single-layer
solid rectangles) is a type node. These node types and edges
mainly curve the structure of AST. Therefore, we construct
the adjacency matrix based on the number of edges between
different types of nodes and transform the adjacency matrix
into an image. In other words, each pixel of the image
(i.e.,img1][il[j ]) indicates the number of occurrences of the
edges between node type i to node type j in an AST.
The right part of Figure 4 shows an example to illustrate
the image transformation. For example, it can be seen that
the edge from node NameExpr (the pink solid single-layer
rectangles) to node SimpleName (the blue hollow double-
layer rectangles) has appeared twice, so their corresponding
pixel is set to 2 in the adjacency image. In addition, since
there can be no edge relationship between token nodes, the
adjacency image is58 70 pixels.

Based on the observation in Section 2.2, the adjacency
matrix characterizes the general structure of the AST but



Fig. 4: A detailed example of structure encoding in Code2Img

does not re ect the structural details. So we design the
image encoder part to further re ne the image details and
optimize the image structure. Speci cally, we resort the
Markov model to highlight the critical information of the
adjacency matrix to improve the detection effectiveness.
Markov chains assume that the probability of state transfer
at a certain moment depends only on its previous state,
effectively helping to simplify the complexity of the model
and emphasize the structural details. Therefore, Markov
chains are widely used in many time series models, such
as recurrent neural network§RNN) [25]. By considering the
adjacency matrix as a transition matrix, it can be converted
into an image based on the state probability transition. In
detail, the img; denotes the adjacency matrix, and the img»
denotes the probability transition matrix. The transforma-
tion equation is as follows.
imgz[i]j] = ool U]
k=0 'mgl[|][k]
In this way, the new image (namely, state probability image)
is also 58 70 pixels, of which the pixel img2[i][j] presents
the state transition probability from node type i to node type
j inthe AST.

In addition, we nd that the AST is a non-loop structure,
which means that not all node types of the AST will have
edge relations between them. Therefore, the state probability
image is sparse, with many pixels being zero (i.e., the use-
less pixels). Unfortunately, the sparse images waste storage
space and have a high time overhead for computing image
similarity. To further optimize the image, we propose to
remove the image's useless pixels in the image encoder part.
Speci cally, we analyze over 100-MLOC codes and generate
the state probability images of their ASTs. The statistical
results show that only 672 state transition probability has
appeared in these state probability images. However, the
state probability image can store the 4,060 types of transition
probability ( 58 70 pixels), indicating that nearly 5/6 of

(6)

the space of the image is wasted. Therefore, we set each
of these 672 state transitions probability as an element
to construct a one-dimensional vector. Finally, a AST can
be represented by al 672 vector while preserving the
structural information of the AST. As shown in nal vector

in Figure 4, the two colorful squares above each element
represent the two states, respectively. The element indicates
the probability of transferring from the top rectangle (the
previous state) to the bottom rectangle (the next state).

In brief, in the image generation part, Code2lmg rst
generates an adjacency image for the AST, representing the
adjacency information of the AST. In the image encoder
part, the adjacency image is then transformed into a state
probability image to highlight the structural information.
Finally, a one-dimensional vector is generated by removing
useless pixels, thus improving detection ef ciency.

3.5 Clone Detecting

In this part, Code2lmgveri es whether the target source
code and each suspected clone are a true clone. We calculate
the Jaccard Similarity of the vectors generated by previous
phases as formula(l). In addition, we set a verication
threshold  for Jaccard Similarity to distinguish between
clones and non-clones. Speci cally, if the similarity score
Jacc_sim is greater than the threshold, the code pair is
regarded a clone; otherwise, it is a non-clone.

4 EXPERIMENTS

In this section, all experiments are centered on answering
the following Research Questions (RQs):

RQ1: What is the overall performance of Code2Imgn
code clone detection?

RQ2: What is the detection performance of Code2Iimg
compared to other state-of-the-art methods?

RQ3: What is the time performance of Code2lmg
compared to other state-of-the-art clone detectors?



4.1 Experimental Settings
4.1.1 Dataset Description

We conduct experiments on a widely used dataset, Big-
CloneBench (BCB) [14]. It is manually labeled as “clone” and
“non-clone” for more than 8,000,000 function pairs, where
the “clone” labels include clone types from Type-1 to Type-4,
as described in Section 2.1. It should be noted that T4 being
semantic clones, identifying them is costly, while Code2lmg
focuses on large-scale clone detection. Therefore, we pay
attention to other types rather than T4 clones.

4.1.2 Implementation

For the key parameters, Code2Iimgrequires N for N-lines,
Itration thresholds 1, 5, and veri cation threshold . To
ensure that the parameter values are convincing, we refer
to machine learning for parameter selection. Speci cally, for
parameter selection (RQ1), we randomly divide the dataset
into ve subsets, we pick one subset as the test set and
the others as the training set. We use the training set to
determine the critical parameters of Code2lmgand the test
set to test and report the nal results. The value of N greatly
impacts Code2Ilmgn terms of time overhead and accuracy,
S0 its selection needs to be demonstrated by experiment as
described in Section 4.2. The threshold ; is a threshold to
exclude non-clones, which we set to 0.1, as done by other
clone detectors [17], [16]. As for the threshold », it is a
similarity parameter of N-linesto determine clones directly.
Therefore, we determine the value of 5 by calculating the
code block sim for cloned and non-cloned pairs at different
values of N, as described in Section 4.2. The validation
threshold is a parameter of Jaccard similarity, whose value
affects the accuracy of Code2Ilmg so we conduct detailed
experiments in Section 4.2 to determine it.

For other experiment settings, we run all experiments
on a standard server with 128GB RAM and 16 cores of
CPU. It is important to note that we run all the experiments
with a 32GB memory limit to ensure fairness, especially for
large-scale clone detection. Besides,Code2Ilmgmainly uses
Javaparser [24] to complete data preprocessing.

4.1.3 Metrics

The metrics used to measure the effectiveness ofCode2lmg
are the same as others [10], [26], [27], [28], [29].

True Positive(TP): the number of samples correctly
detected as clones.

True Negative(TN): the number of samples correctly
detected as non-clones.

False PositivéFP): the number of samples incorrectly
detected as clones.

False NegativgdFN): the number of samples incor-
rectly detected as non-clones.
Accuracy=(TP+TN)/(TP+TN+FP+FN)
Recall=TP/(TP+FN)

Precision=TP/(TP+FP)

F1=2 Precision Recall/(Precision+Recall)

4.1.4 Comparative Tools

We compare Code2lmgwith eight existing state-of-the-art
scalable code clone detectors that support scalable and
complicated T3 (i.e.,MT3 clones):
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SourcererCC [15] calculates the overlapping similar-
ity of the tokens of two methods to detect clones.
LVMapper [17] detects large-variance clones by nd-
ing two similar sequences with more differences.
CCAligner [2] uses a code window that considers e
edit distance for matching to detect large-gap clones.
Siamese [18] transforms Java code into four code
representations to detect different types of clone.
NiCad [7] detects clones by text-line comparison
with the longest common subsequence algorithm.
NIL [16] uses N-grams, an inverted index, and the
LCS to detect large-variance clones.

Deckard [19] clusters the characteristic vectors of
each AST subtree using prede ned rules of two
methods to detect clones.

Yang2018[20] generates an AST with function-level
units and uses the Smith—Waterman algorithm to
calculate the similarity score.

4.2 RQL1: Overall Effectiveness

In this part, we focus on the detection effectiveness of
Code2Imguith different values of key parameters and select
the most appropriate combination of them. Speci cally, the
key parameters include the clone threshold », validation
threshold , and N for N-lines, as described in Section 4.1.2.

Fig. 5: The code block _sim with different N for N-lines

First, we experiment to determine the clone threshold
2 in the phase of clone ltering. It determines whether
a code pair is directly detected as a clone in the Itering
phase. We compute code block sim for all code pairs in the
training set, as described in Section 4.1.2. The distribution
of code block sim for clones and non-clones is shown in
Figure 5. It can be seen that asN grows, the code block sim
of both cloned and non-cloned pairs becomes lower because
the more lines of code a block contains, the less likely it is
to be similar to the other. This means that taking too high
a value for the clone threshold o will result in ineffective
Itering of clone pairs and, conversely, incorrectly Itering
out non-clone pairs. Therefore, to ensure the availability of
Code2Ilmdor most values of N, we set the clone threshold to
0.7. As shown in Figure 5, when 5 is 0.7,Code2Ilmgan lter



out the apparent clone pairs while only incorrectly Itering
out a small number of non-clones with N greater than 3.

Fig. 6: The detection effectiveness ofCode2lmgyith different
validation thresholds

Second, we conduct an experiment to select the ideal
value of the validation threshold . It is a critical parameter
that determines whether a code pair is a clone or not in the
clone detection phase, thus directly affecting the accuracy of
Code2IlmgThe value of as a threshold for Jaccard Similarity
ranges from 0 to 1. Besides, the most of the previous works
have selected 0.7 as the threshold of similarity. To re ne the
experiments, we take values between 0.7 and 0.96 for the
Jaccard Similaritywith a step size of 0.02. In addition, since
the precision and recall re ect the effectiveness of clone de-
tection, we evaluate the effect of different thresholds of on
them. The experimental results are shown in Figure 6, which
is derived from training set. It can be seen that precision
increases slowly after a threshold value greater than 0.9,
while recall always decreases smoothly. Also, considering
that a low precision causes too many false positives, we
choose the ideal value of validation threshold as 0.9.

TABLE 2: Recall and execution time for each N value

N 1 2 3 4 5 6
T1 100 100 100 100 100 100
T2 100 100 100 100 100 100

VST3 100 100 100 100 100 99
ST3 100 99 96 89 79 66
MT3 79 70 60 34 23 15
T4 27 15 4 1 = =

Execution time 12m31s 6m28s 2ml2s 1m49s 1m47s 1m46s

For N of N-lines, its value directly affects the effective-
ness of clone ltering. Speci cally, the larger the value of
N, the more lines of code are contained within a code
block. Then, the fewer the number of code pairs sharing
the N-line hash, the lower the value of code block sim will
be. Therefore, not only less clone candidates are located
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in the clone candidates location phase but more pairs are
ltered in the clone ltration phase. In other words, the
larger the value of N, the fewer pairs of code need clone
detection, resulting in shorter time overhead but worse
detection results. So we need to choose a reasonable value of
N to balance execution time and detection effectiveness. In
addition, we exclude code fragments with less than six lines
of code in the BCB dataset because these are so short and
meaningless to detect. This also means that if we construct
experiments with N greater than six, more code fragments
will be removed, affecting our sample size. For this reason,
we conduct experiments for N from 1 to 6 to evaluate the
detection effectiveness of Code2lmgfor the BCB dataset,
including the recall of each clone type and the overall
execution time. Note that all the experiments are with a
validation threshold  of 0.9.

The results of the experiments for the value of N are
shown in Table 2 from evaluating the training set. We can
see that when N = 1 and N = 2, although the detection
performance is highly advantageous, the execution time is
signi cantly larger than the others. In addition, when the
value of N is greater than 4, the time overhead decreases
slightly while the recall decreases signi cantly, so we do
not consider N as 5 or 6. The casesoN =3 and N =4
each have advantages, and both are acceptable in terms of
detection effectiveness and time overhead. Therefore, we
adopt both N = 3 and N = 4 parameter settings for
Code2Ilmg making it suitable for different clone detection
tasks. Speci cally, we recommend the N = 3 setting for
clone detection tasks with a small amount of code, for which
the detection effectiveness is important. Conversely, for
large-scale code clone detection, we recommend Code2Img
with N =4.

To conclude, Code2lmgachieves satisfactory detection
with a clone threshold 5 of 0.7 and validation threshold

of 0.9. For the N value, Code2imgwith N of 3 and 4
has both ideal time overhead and effectiveness, while each
has its own strengths. Therefore, we recommend Code2Img
with N = 3 for better detection performance for small-scale
detection and N to 4 for more scalable clone detection for
large-scale codes.

4.3 RQ2: Effectiveness Comparison with Others

In this part, we conduct comparative experiments with
other state-of-the-art scalable clone detectors on the BCB
dataset. We focus on T1 to MT3 clone detection, as described
in Section 4.1.1. However, to ensure the integrity of the
experiment, we also perform experiments on T4 clones.
We rst evaluate Code2lmgand comparative tools for recall
of above clone types. The results of Code2Imgare derived
from the test set, as described in Section 2.1. Then we
calculate the precision by randomly selecting 400 pairs of
detected clones and manually verifying them, as previous
research works [15], [17]. The results are shown in Table 3. It
should be noted that columns Code2Ilmg(3and Code2Ilmg(4)
denote Code2Imgwith N values of 3 and 4 for the N-lines,
respectively.

We can see thatCode2Imgachieves ideal results on pre-
cision and recall compared to other tools. For recall, both
N values of Code2Imgoutperform the other tools for each



TABLE 3: Recall and precision results for BigCloneBench

Clone Type Code2img(3) Code2lmg(4) CCAligner SourcererCC Siames NIL Nicad LVMapper Deckard Yang2018
T1 100 100 100 94 100 99 98 99 60 100
T2 100 100 100 78 96 97 84 99 52 100
VST3 100 100 99 54 85 88 97 98 62 99
ST3 96 89 65 12 59 66 52 81 31 73
MT3 55 33 14 1 14 19 2 19 12 25
T4 4 1 - 1 - - - 1 -
Precision 98 100 61 100 98 86 99 59 35 95

clone type. Specically, Code2lmgachieves 100% recall for
T1, T2, and VST3. This is because the text-similarity of these
clone types is inherently higher, and it bene ts from our
normalization of the T2 variables, making Code2Imgesilient
to these clone types. For the other T3 types with large
textual variance, Code2Ilmgachieves the best performance.
It is since SourcererCCNIL, LVMapper, Nicad, Siamesgand
CCAlignerare all token-based methods, while Code2Imgs an
AST-based detector. In fact, tree representation can preserve
the source code's structural information, so it can better
capture the similarity of the structure of the code pair
rather than staying at the textual similarity. It is the reason
why Code2Imgand Yang2018achieve good recall. However,
Deckarddetects clone by clustering the characteristic vectors
of each AST's subtree with prede ned rules. We nd that
more than half of the clones have diverse parser tree struc-
tures, especially T3 clones, resulting in Deckards low recall.
Both Code2Imgand Yang2018represent the node types of
AST instead of the original nodes, but Code2lmgalso uses
the Markov model to carve the structural details of the tree
further and thus obtain a higher recall. For T4 clone de-
tection, Code2Imgand all comparative tools perform poorly,
as Code2Iimgand the comparative methods (as described in
Section 4.1.4) are all clone detection tools oriented toward
large-scale clone detection. Therefore,Code2Imgobtains the
highest recall among all the comparative tools.

The precision of Code2lmgaalso performs well, especially
much better than that of NIL, LVMapper, CCAligner, and
DeckardBecauseNIL, LVMapper, and CCAlignerdetect large-
variance and large-gap clones, they have to consider more
characteristics of these clones. As a result, some code blocks
with continuous assignment statements (e.g.,constructors)
and continuous if statements are incorrectly detected as
clones, which leads to their lower precision to detect general
clones. Additionally, Deckardclusters many subtrees of non-
cloned ASTs together, causing massive false positives. For
the other tools, their precision is close to or equal to 100%,
like that of Code2ImgThey sacri ce recall for more accurate
clone detection, while Code2Ilmgachieves good detection
precision while maintaining high recall.

We then analyze the difference in detection effectiveness
between Code2Ilmg(3)and Code2img(4)As shown in Table
3, Code2lmg(4)has higher precision but lower recall than
Code2Ilmg(3) The reason is that Code2img(4)treats every
four consecutive lines as a code block while Code2Img(3)
contains three lines of code in a block, resulting in a lower

code block sim for Code2lmg(4)In other words, with the
same threshold value ; of 0.1, Code2lmg(4)lters out more
code pairs than Code2Img(3) which covers a part of T3
clones with low similarity. Therefore, Code2Ilmg(4)has a
lower recall than Code2lmg(3)However, since Code2lmg(4)
Iters out those indistinguishable code pairs, it makes it
easier for suspected clones {.e.,code pairs that require clone
detection) to be detected correctly and therefore have higher
detection precision.

In summary, Code2imgwith N of 3 and 4 obtains the
best detection results on each clone type of the BCB dataset
compared to CCAligner, SourcererCC SiameseNIL, Nicad,
LVMapper, Deckard and Yang2018

4.4 RQ3: Scalability Evaluation

In this part, we focus on the runtime of Code2imgand
other eight comparative clone detectors. All the scalability

evaluations are run with a limited quad-core CPU and 12GB

of memory, as done in previous studies [15], [2]. As for the

dataset, we evaluate the time performance on the whole
BCB dataset (.e., IJadataset [30]). Speci cally, we use the
CLOC [31] tool to divide it into seven sub-datasets of 1K-

, 10k-, 100k-, 1M-, 10M-, 100M-, and 250M-LOC. Then we
record the time overhead of each of the above datasets,
respectively.

Table 4 shows the time performance of each detector
for different input sizes. Code2lmgalmost achieves the best
detection ef ciency among the comparative tools. It can
be seen that the other tree-based methods, Deckard and
Yang2018 can only detect 1-MLOC, indicating that the
complexity of the AST limits the scalability of traditional
tree-based approaches. Not all token-based methods can
meet the needs of large-scale clone detection CCAlignerand
Nicad throw out-of-memory exceptions when detecting 100-
MLOC and 250-MLOC codebase, which means that they are
limited scalability. Siamesés able to complete 100-MLOC but
has taken more than six days, indicating poor scalability,
so we give up evaluating its 250-MLOC detection time.
LVMappers detection time for 100-MLOC is over 17 hours,
while SourcererCQakes just over 2 hours, but SourcererCG
execution time at 250-MLOC is the longest. Therefore, these
two tools are also not ideal for large-scale detection tasks.
The detection time of NIL is relatively close to that of
Code2Ilmg(4)NIL detects clones based on overlapping token
similarity with an inherent advantage over Code2Imgas an
AST-based method. However, with the help of Code2lm{p
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TABLE 4: Scalability results

LOC Code2img(3) Code2img(4) CCAligner SourcererCC Siames NIL Nicad LVMapper Deckard Yang2018
1K 0.548s 0.584s 1s 3s 4s 1s 1s 1s 1s 5s
10K 1s 1s 2s 5s 14s 1s 3s 1s 4s 16s
100K 3s 3s 6s 7s 45s 3s 36s 4s 32s 2m7s
1M 26s 25s 11m52s 37s 45mls 11s 6m13s 34s 27ml12s 1h45m3s
10M 9m10s 4m27s 29m48s 12m21s 14h1lm 1m3s 2h10m 22m10s  Error Error
100M 12h59m4s 1h37m52s Killed 2h38m 6d16h25m  1h38m29s | Error  17h23m29s - -
250M 2d20h17s 7h39m32s Killed 5d6h55m - 7h40m7s Error 3d13h47m - -

novel processing of ASTs, the complexity of ASTs is ef-
fectively reduced, saving the similarity computation time
while preserving the code structure information. As a result,
the detection performance of Code2Imgs signi cantly better
than that of NIL with a similar time overhead.

The time overhead of Code2Iimg(4)s signi cantly lower
than that of Code2Img(3)Since Code2Ilmg(4xonsiders more
lines of code as a block, it locates fewer clone candidates
in the clone candidate location phase and also identi es
fewer suspected clones in the clone ltration phase. Con-
sequently, there are fewer code pairs in the clone detection
phase. Naturally, Code2Img(4)loses part of the detection
accuracy with less time overhead. Therefore, we recommend
Code2Ilmgnith N of 4 (i.e., Code2Ilmg(d¥or large-scale clone
detection tasks, which achieves the fastest detection of 100-
and 250-MLOC among all the comparative tools.

To conclude, for small-scale code clone detection (within
10-MLOC), Code2Iimg(3)has an acceptable time overhead
and achieves best detection results among the eight state-of-
the-art comparative tools. Code2lmg(4)s suitable for large-
scale clone detection (more than 10-MLOC) with the low-
est time overhead among the comparative detectors while
maintaining good detection performance.

5 DiscussioN
5.1 Threat to Validity

First, we totally select 70 node types of the AST to obtain a
certain number of pixels of an image. However, selecting
these types may cause some inaccuracies since the total
number of token types parsed by Javaparser is unclear. To
mitigate the situation, we perform statistical analysis on the
whole BCB dataset (more than 100-MLOC) to record the
node types that have appeared and nd that there are 58
type nodes and 12 token nodes. Second, the calculation of
runtime overheads of Code2Imgand its comparative tools
may also cause some inaccuracies due to the different ma-
chine statuses, such as CPU usage. We mitigate the threat by
conducting evaluations ten times and reporting the average
runtime overhead in our paper. Third, the value settings of
key parameters affect the detection performance of clone
detector [32]. We conduct experiment with different values
for key parameters (clone threshold », validation threshold

, N of N-lines) to achieve an optimal result. The threat is
minimized by employing the empirical value from the ex-
perimental results as the default parameter value. The value
of the non-clone threshold 1 (i.e., 0.1) refers to previous

work [17], [16]. As shown in Figure 5, the value of 1 may
cause some clones to be incorrectly considered as non-clones
and therefore affect the recall in the detection results. In
particular, the recall decreases rapidly for N greater than 4,
as shown in Table 2. Fortunately, the testing results in Table
3 show that Code2Imgstill performs better than the com-
parative tools, even though there are some False Negatives
Finally, another threat lies in precision measurement. Since
the BCB dataset contains more than 8,000,000 code pairs,
there is no guarantee that code pairs marked as "non-clone”
are indeed non-clones rather than being ignored during
manual annotation. We randomly select 400 detected clones
for three-person cross-validation to mitigate this threat, as
in the previous work [15], [17].

5.2 Discussion
5.2.1 Why Code2lmg Perform Better

In terms of effectiveness, Code2lmgperforms better than
other scalable detectors. It is since the image representation
generated by Code2Imgds based on the AST, which preserves
the structural feature of the source code. In addition, the
Markov further helps Code2Ilmgto highlight the structural
details. This is the reason why Code2lmgis more accurate
than other AST-based methods for detection. However,
other scalable detectors sacri ce consideration of code struc-
ture in order to guarantee a short time overhead. Therefore,
these text- and token-based methods are only able to capture
textual similarities, i.e.,T1 and T2 clones, while it is dif cult
to detect T3 clones since they are syntactically similar.

In terms of scalability, Code2Ilmgcompletes the 250-
MLOC detection in the shortest running time with a mem-
ory limit of 32GB, compared to other scalable detectors. The
requirement for large-scale detection is code representation
with small memory usage and an ef cient similarity com-
parison algorithm, which coincide with the characteristics of
images. Inspired by the image classi cation, we propose to
transform the ASTs into images. The content of the images
is encoded to cover the structural details of the AST and
eventually converted into a one-dimensional vector. For
one-dimensional vectors, the memory occupation is small,
and the similarity computation time is very short due to its
simplicity. Therefore, compared to other AST-based meth-
ods, Code2Ilmgean achieve large-scale clone detection, while
detecting complicated syntactic clones.



5.2.2 Selection of Comparative Tools

We choose six token-based clone detectors and two AST-
based ones as our comparative tools. For token-based tools,
we select them according to NIL's comparison tools (i.e.,
LVMapper, CCAligner, SourcererCCand NiCad). Since they
are suitable for scalable clone detection, the efciency of
Code2Iimgcan be effectively demonstrated by comparing
them. To construct a more comprehensive experiment, we
also chose Siamesganother recent token-based clone detec-
tor, as the comparative tool. Note that although LVMapper,
CCAligner, and NIL are clone detectors for large-gap and
large-variance, they still report detection results for general
code clones in the experiments of their papers. Therefore,
they can also be regarded as state-of-the-art code clone de-
tectors. In addition, since Code2Imgs a tree-based method,
we choose two other tree-based methods for comparison.
Unfortunately, most tree-based methods are close-source, so
we have to choose Deckard an popular open-source tool,
as a comparison tool. Then, we replicate a state-of-the-art
AST-based clone detection approach, Yang2018 Naturally,
there exist many learning-based clone detection methods.
As we all know, machine learning or deep learning tech-
nigues require training sets, the larger the training set, the
better the training model. However, the labeled datasets of
BigCloneBench are unrepresentative and not large enough,
resulting in poor generalization of these models. So we did
not choose them as our comparative tools.

5.3 Future Work

Code2Ilmgs an AST-based clone detector capable of detect-
ing scalable complicated T3 clones. In fact, AST can charac-
terize the semantic information of the code to some extent,
but currently, Code2Imgs not applicable to semantic clone
detection. The image transformation of Code2lmgconstructs
and optimizes the adjacency matrix of AST node types so
that the image contains the structural information of AST.
However, the images still lack the consideration of semantic
information of the AST. We will integrate the semantic and
syntactic information of AST into the images for future work

to enable Code2Ilmgo support semantic clone detection.

In addition, Code2Imganalyzes a large amount of code
and nd that there are currently 70 node types in Java
language parsed by Javaparser. ThenCode2Iimgcreate the
adjacency images based on these node types and egdes
between them. However, the Java language evolves rapidly,
with a new version being updated about every six months.
New node types may appear in the version change. There-
fore, in future work, we consider monitoring Java language
releases and adding or removing node types automatically
to make Code2lmgnore extensible.

6 RELATED WORK

6.1 Scalable clone detection

Some research [33], [34], [35], [36] has illustrated the im-
portance of large-scale clone detection. We categorize tools
that can detect databases larger than 100-MLOC of code as
scalable code clone detectors, including both research works
and commercial tools.
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The text-based and token-based detectors can satisfy the
needs of large-scale detection. The reason is that the core
of these methods is to calculate the similarity of text or
token, which is simple and ef cient to compute. SourcererCC
[15] and CloneWorks[37] are both code detection cloning
methods based on hybrid token and Index technologies,
capable of detecting over 100-MLOC codes. LVMapper [17]
is a token-based method that detects large-variance code
clones with the idea of sequencing the alignment of large-
variance code clones in bioinformatics. Siames§l8] uses four
intermediate code expressions to compute the similarity, so
while it can detect 100-MLOC codebase, the time overhead
is signi cant. As an improved work of LVMapper, NIL [16]
is a token-based detection method for large-gap and large-
variance clones. CCFinder[5] and its successor CCFinderX
[6] convert the target source code into a marker sequence
and then use a suf x tree algorithm to detect clones. How-
ever, the token-based and text-based approaches lack the
consideration of information on code semantics and thus are
less effective in detecting T3 clones. In contrast, Code2Img
achieves good results as an AST-based method detecting T3
clones.

The employment of GPU can effectively improve the
clone detection speed, thus meeting the time requirements
of large-scale detection. Solutions for GPGPU programming
include Nvidia's CUDA [38] and AMD's CTM [39].  Ore0[40]
is a clone detector that combines information retrieval, ma-
chine learning, and metric-based methods to make detection
fast by leveraging Siamese Deep Neural Networks (DNN)
[41] with GPU. SAGA [42] proposes an efcient post x
array-based detector with the help of GPU computing for
detection acceleration. In fact, using GPU is a very effective
method to accelerate computation, and we believe that
future work using GPU to accelerate Code2Iimgcan further
improve its detection ef ciency.

Some commercial software or open-source tools also
state that they support clone detection of large codebases.
Commercial software includes BlackDuck[43], Scantist[44]
and FOSSID [45], which perform clone detection on their
own internal codebases, but the amount of code in their
codebases has yet to be discovered. UnlikeCode2Imgwhich
supports code clone detection of 250M-LOC databases at the
ne granularity, some open-source software [46], [47], [48],
[49] detects large-scale code clones at the le granularity.

In brief, the token-based, text-based, and GPU-using
methods and tools can detect clones on a large scale. How-
ever, they are inferior to Code2lmgfor T3 clones detection,
and Code2Imgcan also demonstrate a reasonable runtime
overhead on the 250-MLOC codebase.

6.2 Complicated Type-3 clone detection

In addition to partial token-based approaches, code
representation-based approaches can detect complicated T3
clones effectively.

For token-based method, Nicad [7] introduces a two-
stage approach of identifying and normalizing potential
clones using exible pretty-printing and calculating simi-
larity by the longest common subsequence algorithm of text
lines. CCAligner[2] is also a token-based method applicable
to detect T3 clones with large gaps. Nevertheless, above



tools do not scale to large codes and can only detect partial
simple T3 clones, such as VST3 clones.

For code representation-based approaches, the tree-
based approach is able to achieve a decent balance between
large-scale and T3 clones detection.TreeCen[50] is a tree-
based method that can detect semantic clones, and it con-
ducts large-scale clone experiments for the Google Code
Jam dataset [51], but the exact scale of the dataset is not
mentioned. The methods based on code graph representa-
tion can capture precise code semantics [8], [52], [9], [11].
However, they perform poorly in large-scale detection tasks,
as obtaining accurate graphs often requires compilation, and
computing similarities for complex graphs is dif cult.

In summary, compared to the token-based approach,
Code2Ilmgs able to achieve a better detection effectiveness
for T3 clones while satisfying scalable detection. The code
representation-based methods hardly support clone detec-
tion of 100-MLOC. However, as an AST-based method,
Code2lmggenerates code representation images that can
preserve the code semantics while occupying small memory
space and reducing the complexity of similarity computa-
tion.

7 CONCLUSION

In this paper, we propose Code2lmgwith a tree-based im-
age transformation for scalable complicated clone types
detection. First, we set up a clone ltration by inverted
index to Iter out obvious clones and non-clones to reduce
clone matches. Then we extract and normalize ASTs for
the source code and transform them into simple image
representations based on the adjacency matrix of the node
types of ASTs. Then we encode the images with the Markov
model to enhance the structural details within the images
and drop out the useless pixels to re ne the images. Fi-
nally, we obtain one-dimension vectors and detect clones by
calculating their similarity. The experimental results show
that Code2Ilmgutperforms other eight state-of-the-art clone
detectors (i.e., SourcererCCNIL, LVMapper, Nicad, Siamesg
CCAligner, Deckard and Yang2018. In terms of scalability,
Code2lmgcompletes the 250-MLOC clone detection within
seven hours and 40 minutes, which is more ef cient than
other comparative methods. For detection performance,
Code2Iimaalso achieves the best detection results among the
comparative tools, especially for complicated Type-3 clones.
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