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Abstract

Code duplication, commonly referred to as code cloning, is not inherent in software systems
but arises due to various factors, such as time constraints in meeting project deadlines.
These duplications, or “code clones”, complicate the program structure and increase main-
tenance costs. Code clones are categorized into four types: Type-1, Type-2, Type-3, and
Type-4. This study aims to address the adverse effects of code clones by introducing
LeONet, a hybrid Deep Learning approach that enhances the detection of code clones in
software systems. The hybrid approach, LeONet, combines LeNet-5 with Oreo’s Siamese
architecture. We extracted clone method pairs from the BigCloneBench Java repository.
Feature extraction was performed using Abstract Syntax Trees, which are scalable and
accurately represent the syntactic structure of the source code. The performance of LeONet
was compared against other classifiers including ANN, LeNet-5, Oreo’s Siamese, Light-
GBM, XGBoost, and Decision Tree. LeONet demonstrated superior performance among
the classifiers tested, achieving the highest F1 score of 98.12%. It also compared favorably
against state-of-the-art approaches, indicating its effectiveness in code clone detection. The
results validate the effectiveness of LeONet in detecting code clones, outperforming exist-
ing classifiers and competing closely with advanced methods. This study underscores the
potential of hybrid deep learning models and feature extraction techniques in improving
the accuracy of code clone detection, providing a promising direction for future research in
this area.

Keywords: code cloning; software engineering; deep learning; Abstract Syntax Trees

1. Introduction

Developers tend to copy and paste code when building software, either with or with-
out alterations [1]. Code clone is the term for this copied or duplicated code. The practice
of duplicating source code is called code cloning [2,3]. Software systems do not naturally
experience code clones. Several variables could compel or persuade software developers to
create duplicate code, for example: various reuse and programming approaches in software
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development strategy, such as reusing code through direct copy and paste, and generat-
ing code using tools that could result in code clones; added advantages in maintenance;
limitations of developers; limitations in programming languages, such as the lack of reuse
mechanisms; and duplicating by accident [4].

Various researchers have explored the serious negative impacts of code clones. They
are considered bad coding practice and complicate the maintainability of software [5,6].
Code clones can be a big problem during development and maintenance, since inconsistent
clones are a primary source of problems [7]. Code clones facing late propagations impact
fault proneness [8]. Code clones pose a higher risk of instability than non-cloned code [9].
Over 18.42% of clone fragments that face bug fixes contain propagated bugs. Compared to
code clones in different files, code clones in the same file have a larger chance of including
propagated defects, and therefore, code cloning can sometimes be used to spread significant
problems [10]. Code cloning enables attackers to inject harmful code [11]. Vulnerability
propagation could happen if a vulnerable code segment is cloned [12].

There are four types of code clones: Type-1 (T1), Type-2 (T2), Type-3 (T3), and Type-4
(T4) [4,13]. T1 clones differ only in layouts, comments, and whitespace but share the same
syntactic structure. T2 clones are code fragments that differ only in literals, identifiers, and
data types in addition to T1 differences but are otherwise syntactically identical. T3 clones
are syntactically similar (albeit not entirely identical) code fragments, besides differences
in statements (statements can be added, updated, or removed) and T1 and T2 differences.
Syntactically dissimilar code fragments that carry out the same computation are known as
T4 clones [4,13].

The adverse effects of code clones in software have made code clone detection (CCD)
a prominent research area [2]. CCD techniques can be categorized into traditional and
machine learning (ML) [14]. This paper used ML and deep learning (DL) approaches to
model CCD.

Definition 1 (Method). Method M indicates a Java method. An ordered list of statements is
enclosed in two curly brackets, S;, i =1, ..., N illustrates the intended behaviour of the method,
such as assignments, method calls, loops, and branching.

M=<S5q,...5y> 1)

Definition 2 (Code Clone). Methods M; and M; are considered as a code clone pair, if they score
above a specific threshold according to a predefined similarity criterion [15]. Equation (2) is retrieved

from [15].

lf sim (Mi/ M]) >0
O, otherwise.

clone(M;, Mj) = {1’ )

In Figure 1, the original method and its T1 clone method become syntactically identical
after trimming the whitespaces, layouts, and comments. After trimming and normalizing
identifiers, literals, and types, the original method and its T2 clone method become syntac-
tically identical. The actual method is syntactically like its T3 clone method after trimming
and normalizing, even if a new statement is added and an existing statement is modified.
The T4 clone method differs syntactically from the original method. They are very different
in shape, but they all do the same computation. When focusing on the original method, for
instance, it utilizes a for loop to calculate the sum value of the first “n” natural numbers,
but the T4 clone method employs recursion to do the same. Hence, both are identical in
semantics, functionality, and computation.
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Type-1

int getSum(int n) {
/I Comment 1
int sum =0
for(inti=1;i<=n;i++){
Il Comment 2
sum +=1i;

return sum; // Comment 3
1
i |

Type-2 Type-4
|

int getSum(int n) { ‘f

long getSum(long value) { ‘ int getSum(int n) {

long result = 0; // Comment 1 int sum = 0; // Comment 1 if (:et-u-r:)o{
for (long x = 1; X <= value; x++) { for (inti=1;i<=n;i++){ 7
result += x; // Comment 2 sum += i; // Comment 2 }
1 1 else {
i i + 1) -
return result; return sum return n + getSum(n-1) ;

) \ ) }
4 | s 1
s

.

int getSum(int n) {
int sum = 0; // Comment 1
for(inti=1;i<=n;i++){
sum += i; // Comment 2
1

s
| int result = sum;
“ return result;
1
J

Type-3

Figure 1. Example of different types of code clones.

Abstract Syntax Trees (ASTs) accurately capture the syntactic structure of source code
and are scalable with large amounts of code, so it makes sense to extract features using
them [16,17]. In this study, 48 features were extracted from ASTs, including 20 features
that were not considered in previous studies. Several CCD ML and DL models were
developed, including LeNet-5 [18] and Oreo’s Siamese architecture [19]. LeONet, the
proposed hybrid DL approach, is introduced to learn more from the given input and to
improve the CCD performance.

The rest of this paper is structured as follows: The literature review is discussed
in Section 2. Section 3 introduces the methodology. Section 4 contains the results and
discussion. Limitations of this study are discussed in Section 5. Finally, this paper concludes
with a conclusion and future work in Section 6.

2. Literature Review

In the past 25 years, the detection of clones in software systems has attracted con-
siderable attention from researchers [20]. The term code clone has no precise definition.
Different researchers refer to code cloning in a variety of ways. Code fragments identical to
another code fragment, similar code, and duplicated code are some definitions coined in
various research [2]. Two types of CCD methods exist: traditional and ML [14]. Traditional
CCD approaches are hybrid, text-based, token-based, tree-based, Program Dependency
Graph (PDG)-based, and metrics-based [3,4,14].
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Target source code is perceived as a collection of strings in a text-based approach.
Code clones are found by assessing the string sequences of two different code segments.
The token-based approach parses the target source code into a series of tokens. The series
is scanned to look for duplicated tokens [4]. Target source code is parsed into an AST in the
tree-based approach. Related subtrees are looked for in the parsed tree using tree-matching
methods. Actual code fragments corresponding to related subtrees are then returned as
code clones. An approach that relies on PDG parses the target source code into PDGs. The
isomorphic subgraph matching algorithm is then used to find related subgraphs. Actual
code fragments corresponding to related subgraphs are returned as code clones [4].

Different metrics are extracted from code fragments using the metrics-based technique.
Vectors of metrics are compared to find code clones. Hybrid code representation and/or
the combined use of text-based, token-based, tree-based, PDG-based, and metrics-based
techniques are categorized as hybrid approaches. However, these hybrid approaches can
still be categorized under the previously mentioned text-based, token-based, tree-based,
PDG-based, and metrics-based techniques [4].

ML makes machines more automatic, enabling them to learn to detect patterns, includ-
ing relationships, trends, and underlying structures in the data, and make critical decisions.
The rapid growth and widespread use of DL approaches can be credited to their capacity to
discover characteristics in complicated, highly dimensional data with excellent predicted
accuracy [21]. Due to the effectiveness of ML and DL approaches, they are utilized for
CCD [14].

DL techniques have gained popularity in detecting code clones recently, along with
ML techniques. Feature extraction is crucial for detecting code clones in both ML and DL
approaches. Recent studies focused on extracting features from AST, PDG, and Bytecode
Dependency Graph (BDG) representations of source code; method-level software metrics;
and source code attributes related to data and control flow graphs. Precision, recall,
and F1 score are the widely used evaluation metrics when evaluating the performance
of models. Subject systems written in Java are widely used in ML-based CCD. Among
publicly available Java clone benchmarks, BigCloneBench is the most widely used [20].

Sajnani et al. [22] developed a token-based code clone detector. It parses code blocks
from source files and tokenizes them using a scanner that understands the token and
block semantics of the language. Then, it builds an inverted index mapping token to their
respective blocks. Unlike previous methods, it employs a filtering heuristic to create a
partial index of only a subset of tokens in each block, rather than indexing all tokens. It
processes all code blocks to find candidate clone blocks from the index. It applies a filtering
heuristic to assess upper and lower similarity bounds between the query and candidate
blocks. Candidates are accepted if their lower-bound similarity exceeds the threshold. It
was able to detect T1, T2, and T3 code clones. IJaDataset, BigCloneBench, and Mutation
Framework were utilized.

White et al. [23] proposed a learning-based CCD method. Their learning-centered
approach was twofold: RNN and Recursive Neural Network (RvINN). RNN was a certain
kind of language model that mapped each phrase in a fragment to an embedding. RvNN
encoded embeddings of arbitrary length to characterize fragments. Ultimately, the source
code was represented as encoded fragments. Their subject systems were ANTLR 4, Apache
Ant 1.9.6, ArgoUML 0.34, CAROL 2.0.5, dnsjava 2.0.0, Hibernate 2, JDK 1.4.2, and JHotDraw
6. They constructed the AST using a fragment, greedily encoding nodes until they arrived
at a code for a node encompassing the fragment. The code was compared to other greedily
encoded fragments to find clones using a threshold. They detected entire clone categories.

Jiang et al. [24] developed an approach that can effectively find subtrees (smaller
tree structures within a larger tree) that are similar to each other and demonstrated its



Big Data Cogn. Comput. 2025, 9, 187

5o0f 27

application to tree representations of source code. Initially, parse trees were built from the
source code. A collection of vectors was created while preserving important details of the
parse trees. These vectors were clustered based on Euclidean distance to detect code clones.
JDK 1.4.2 and Linux kernel 2.6.16 were utilized for experimentation purposes.

Zhao and Huang [25] measured functional similarity of the code using DL to detect
code clones. First, the data flow graph and control flow graph were built and encoded into
a feature matrix. A feed-forward neural network extracted high-level features from the
feature matrix. These high-level features were entered into a binary classification module
to verify whether a pair of code fragments was functionally similar. The feature matrix
was the source code representation of this approach. The DL approach was applied to
determine code clones. Their approach was able to detect whole code clone types. Google
Code Jam and BigCloneBench datasets were utilized.

Wu et al. [26] blended the accuracy of graph-based methods for CCD with the ver-
satility of token-based methods. Through static code analysis, they generated CFG and
applied centrality analysis to extract the centrality of each basic CFG block. These centrality
tokens were computed, and semantic tokens were created. Tokens were vectorized and
input into the Siamese network for CCD. Ultimately, the source code was represented as
vectors. Siamese neural network architecture was used for CCD. They were able to classify
all kinds of clones. Google Code Jam and BigCloneBench datasets were utilized.

Zhang et al. [27] suggested an innovative source code representation technique and
employed it to categorize code clones. They parsed the code into an AST and divided it into
a series of statement trees with the help of a preorder traversal algorithm. Then, vectors
were created by encoding this statement of trees. These vectors were combined into a single
vector with the help of the Bidirectional Gated Recurrent Unit model, which was their
source code representation technique. Code segments that require clone detection were
preprocessed into a sequence of statements of the tree and fed into their trained model. All
kinds of clones were detected with this approach. BigCloneBench was utilized in the study.

Hu et al. [28] proposed a scalable tree-based CCD technique. They first extracted AST
and converted it into a tree graph representation. Then, with the help of centrality analysis,
they created a 72-dimensional vector while preserving AST details. Eventually, the vector
was input into the CCD ML model, including 1-Nearest Neighbor, 3-Nearest Neighbor,
Decision Tree, Random Forest, and Logistic Regression. All kinds of clones were classified
according to their approach. Google Code Jam and BigCloneBench datasets were utilized.

To detect code clones, Wang, et al. [29] designed a graph representation of programs
called a flow-augmented AST and applied two distinct kinds of graph neural networks to
it. First, they parsed the pair of code segments into an AST. The graph was represented by
adding data and control flow edges to the AST. Vectors were created for both pairs of code
segments from the representation. It was then converted into a graph-level vector for each
segment, the code representation for detecting code clones. Cosine similarity was applied
to detect code clones. They were able to detect all forms of code clones. Google Code Jam
and BigCloneBench were utilized as datasets in this study.

Sheneamer et al. [15] developed a CCD approach (Pairwise Feature Fusion CCD) to
identify all four types of clones using ML algorithms. First, they trimmed and normalized
the source code. Afterwards, the normalized source code method pairs were parsed into
AST and PDG, and features were extracted from those representations—frequency of
programming constructs. Feature vectors created using both AST and PDG were fused
into a single feature vector using three distinct ways—linear combination, multiplicative
combination, and distance combination. These significant steps were taken as source
code transformation/normalization. Ultimately, the source code was represented as a
vector before being applied to the ML algorithms. Their approach was able to classify
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all types of clones. Clones were detected pairwise. IJaDataset 2.0, eclipse-ant, eclipse-
jdtcore, netbeansjavadoc, j2sdk14.0-javax-swing, EIRC, and Suple were the datasets they
utilized. They extracted a total of 100 features, including line count, if statements count,
and assignment count. More information on extracted features can be found in their
supplementary material. They used fifteen ML algorithms, including Convolutional Neural
Network (CNN).

Various features from the source code in the past were considered to detect code clones
based on the related works listed above. However, none of the previous studies utilized
the 20 features that were used in this study in detecting code clones. In this study, a total of
48 features were extracted using AST. Many studies utilized ML and DL in detecting code
clones. However, none of the researchers used the LeONet to detect code clones in this
study. Therefore, combining the features retrieved from AST, coupled with this proposed
hybrid DL approach, can provide a solid foundation for detecting code clones.

3. Methodology
3.1. Research Design

The entire methodological framework and all the steps in this study are depicted in
Figure 2. Each step has been thoroughly explained below.

=

Method 2 Fusion
of

Feature
Feature l Vectors Dataset
—

e r— A l Abstract Syntax
% I,Mf”,tf'f’ﬂffszs,,ci‘{,,: Tree Generation

———r
Extraction l

Feature
Vector

[ Training (70%) |[ Testing (30%) |

AST
%/@\@ Extraction \
AST - g
- Feature ,

Method Pairs
Extraction e————mmm e Y

—
Decision Tree XGBoost

1
h
Janch Joun [ Lovors N

Figure 2. Research design.

3.1.1. BigCloneBench Java Repository

This study uses BigCloneBench [30-32], a Java repository containing clones known to
be true and false positives. It is a well-known repository in CCD studies [20,33-35].

It contains all four types of code clones—T1, T2, T3, and T4. Since there is no firm
agreement on the minimum syntactical similarity for T3 clones, it is difficult to distinguish
between T3 and T4 clone pairs. As a result, researchers established four categories using
syntactical similarities. They are Very-Strongly Type-3 (VST3), Strongly Type-3 (ST3),
Moderately Type-3 (MT3), and Weakly Type-3/Type-4 (WT3/4). VST3 spans from 90%
(inclusive) to 100% (exclusive), ST3 ranges from 70 to 90%, MT3 ranges from 50 to 70%, and
WT3/4 ranges from 0 to 50% [31,32]. Therefore, the repository distinguishes clone types as
T1, T2, VST3, ST3, MT3, and WT3/4.
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False clone pairs are also available in the BigCloneBench. False clone pairs are syntac-
tically dissimilar code fragments that do not compute the same functionality (functionally
dissimilar code fragments). The syntactical similarity between false clone pairs is coin-
cidental [30]. For example, the original method computes the square of the given value,
whereas the false clone method calculates the sum of the two values. Here, both methods’
functionalities are different-functionally dissimilar. Therefore, they can be considered false
clone pairs.

3.1.2. Method Pairs Extraction

The Comma-Separated Value (CSV) file was extracted from the BigCloneBench repos-
itory. A total of 4190 method pairs were extracted for each clone type. The criteria for
selecting the clone pairs were based on the first 4190 unique pairs from the repository. Then,
for all pairs of methods in each method pair of CSV files listed above, ASTs were generated.

3.1.3. AST Generation

AST is a tree description of a computer program’s source code. It is made up of nodes.
Each node represents a programming construct occurring in the source code. The entire
node set describes the structure of the source code [36].

Figure 3 describes the AST view of a Java method. The “MethodDeclaration” node
encapsulates all programming constructs of the “getSquare” method. When considering the
“name” node, which is directly connected with the “MethodDeclarion” node, it represents a
name property whose type is “SimpleName”, and it is associated with the given method’s

2

name. Further deep down to the next level of node “identifier = ‘getSquare’”, it represents
the identifier property whose simple value is “getSquare”, which is the name of the given
method. Similarly, when considering the “type” node, which is directly connected with
the “MethodDeclaration” node, it represents a type property whose datatype is “Primi-
tiveType”, and it is associated with the given method’s return type. Moving to the next level
of the node “type = ‘INT"”, it represents the type property whose simple value is “INT”,
which is the actual return type of the given method “getSquare”. ASTs were generated for
paired methods using Eclipse JDT libraries [37] and JavaParser [38]. After generating ASTs,
features were extracted from them. In Java, the * symbol is used to represent multiplication.

2 Generate AST
int getSquare(int n) {
retun n * n.

Method

BinaryExp:

AST View

Figure 3. AST view of the Java model.
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3.1.4. Feature Extraction

A total of 48 features were extracted using AST. These 48 features can be divided into
two sets: (i) 28 prevailing features used in the previous studies [15] and (ii) 20 features that
were not considered in the previous studies.

When considering 28 prevailing features, the author extracted a total of 28 features
listed under the traditional (14 features) and AST (14 features) categories specified in the
Supplementary Material [15]. Table 1 describes all the features extracted in this study. The
first 28 features are prevailing, whereas the next 20 are new. Features are represented in
whole numbers, that is, numbers from 0, 1, 2, 3, 4, and so on.

Table 1. Name and representation of the features.

No  Feature Representation = No  Feature Representation
1 Lines count Whole number 25  Primitive types count Whole number
2 Assignments count Whole number 26 Simple names count Whole number
3 Selection statements count Whole number 27  Simple types count Whole number
4 Iteration statements count Whole number 28  Wildcard types count Whole number
5 Synchronized statements count ~ Whole number 29 Postfix expressions count Whole number
6 Return statements count Whole number 30 ngi]felitieccﬁiiiion Whole number

Switch case statements count Whole number 31  Reference types count Whole number

Try statements count Whole number 32 Void types count Whole number
9 iingle Vgriable Whole number 33 Binary expressions count Whole number

eclarations count

10 Variable declarations count Whole number 34 lez((;:)izlesil(i);esracloun ; Whole number
T jotomentscount Wholenumber 35 (B Whole number
12 Expression statements count Whole number 36 Long literal expressions count  Whole number
13 ements count Wholemumber 37 e S et Whole number
14 Type parameters count Whole number 38  Unary expressions count Whole number
15 Class instance creations count Whole number 39  Type bounds count Whole number
16 Array creations count Whole number 40 Boxed types count Whole number
17 Cast expressions count Whole number 41 Array creation levels count Whole number
18  Constructor invocations count ~ Whole number 42 Poly expressions count Whole number
19 Field declarations count Whole number 43  Standalone expressions count ~ Whole number
20 Super method invocations count Whole number 44  Elided type arguments count =~ Whole number
21 Infix expressions count Whole number 45 S;niléfiglfgf ression Whole number
22 Method invocations count Whole number 46 ISIiar:lnpelseCe(;(Erl;fssion Whole number
23 Method refs count Whole number 47  Primary expressions count Whole number
24 Parenthesized expressions count Whole number 48 Literal expressions count Whole number
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Table 2 describes the new features and their code examples. The examples provided
for each feature are illustrative but not exhaustive. They include, but are not limited to, the
given examples.

Table 2. New feature with examples.

No  Feature Example
1 Postfix expressions count X++; (X++ is a postfix expression)
2 Variable declaration fragments count int x =10, y =20, z = 30; (x, y, and z are variable declaration fragments)
3 Reference types count Map<Str1.ng, Integer> map = new HashMap<>(); (Map<String,
Integer> is a reference type)
4 Void types count void method() (The void type indicates that the method does not
return a value)
. . boolean result = (a > 0 && b < 10); (a > 0 && b < 10 is a binary
5 Binary expressions count .
expression)
6 Double literal expressions count double pi = 3.14; (3.14 is a double literal expression)
7 Integer literal expressions count int count = 42; (42 is an integer literal expression)
8 Long literal expressions count long value = 123456789L; (123456789L is a long literal expression)
. . . String response = “Success”: + statusCode; (“Success”: is a literal
9 Literal string value expressions count . .
string value expression)
10 Unary expressions count boolean result = !flag; (!flag is a unary expression)

11 Type bounds count

12 Boxed types count

13 Array creation levels count

14 Poly expressions count

15 Standalone expressions count

16 Elided type arguments count

class Container<T extends Comparable<T>> (the bound
Comparable<T> specifies that T must implement Comparable<T>)

Integer x = 5; (the type Integer is the boxed type)
int[][] grid = new int [3][4]; (2D array creation with 2 levels)

int result = x + (y > 10? 5:3); (The expression y > 10? 5:3 is a poly
expression within the addition x + (y > 10? 5:3))

if (a > b) System.out.printIn(“A is greater”); (the entire if statement is a
standalone expression)

exampleMethod();, obj.exampleMethod();, obj<>.exampleMethod();
java.util. Date today = new java.util. Date(); (java.util.Date is a qualified

17 Qualified expression names count .

expression name)
18 Simple expression names count intresult=a + (b * (c — d)); (a, b, ¢, and d are simple expression names)
19 Primary expressions count int max = Math.max(a, b); (Math.max is a primary expression)

20 Literal expressions count

boolean flag = false; (false is a literal expression—Boolean literal)

For instance, say method one and method two are considered paired methods. Once
the features from method one is extracted, put them into a vector. Similarly, when extracting
the features from method two, put them into a vector. Consequently, extracted features of

-/ fik >,
., fjk >- Then, the two feature vectors representing a paired method

paired methods M; and M; can be represented as feature vectors: M; =< fj1, fio, .-
and M]' =< fjl,f]-z, ..
were combined into a single fused vector along with its associated clone type.

3.1.5. Fusion of Feature Vectors

A single vector was created by combining a pair of feature vectors, followed by
the relevant class label. The class label was the clone type (output). The fused feature
vector can be expressed as features(< M;, M; >), where M; and M;, are the given paired
methods and their clone type C1. Two vectors were combined using the linear and distance
combination strategies [15]. The Distance combination approach is selected for non-Siamese
architectures, whereas the linear combination approach is selected for Siamese architectures.
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The distance combination approach calculates the absolute difference between two
associated values of a feature. Ultimately, fused feature vector using distance com-
bination strategy for a pair of methods with their clone type can be expressed as
features(< M;, M; >) =< |fi1 —fi ik = fik
clone type. The linear combination strategy is carried out by concatenating the two as-

, C1 >, where C1 represents the

y ey

sociated feature vectors. A fused feature vector using a linear combination strategy for
a pair of methods with its clone type can be expressed as features(< M;, M; >) =<
fit, - fiks fﬂ, cery f]-k, C1 >, where C1 represents the clone type.

3.1.6. Dataset

Fused feature vectors were produced into two CSV files. For example, fused feature
vectors of T1 using the linear combination strategy were produced into a CSV file, and fused
feature vectors of T1 using the distance combination strategy were produced into a CSV file.
Figure 4 describes the transformation that happens regardless of the combination strategy.

AST Feature
Generation Vector
Method 1 Method 2 Clone Type
[ Fused Feature
—:v;E:E:.s:& nt . AST Vector
™
Lol asta | . L
- ki AST B
— 4190 T1 fused feature vector CSV

(CSV file with 4190 fused feature vectors of T1 clones)

4190 T1 method pairs CSV
(CSV file with 4190 method pairs with clone type - T1)

Figure 4. Transformation from 4190 method pairs CSV to 4190 fused feature vector CSV.

Figure 4 describes the transformation from 4190 T1 method pairs CSV to 4190 T1 fused
feature vector CSV. In the 4190 T1 method pairs CSV file, the author parsed method pairs to
AST, extracted the features, and fused the feature vectors with their associated clone type.
These fused feature vectors were produced into a 4190 T1 combined feature vector CSV file.

Similarly, the remaining six clone types (T2, VST3, ST3, MT3, WT3/4, False) of the
4190 method pairs CSV were processed to the 4190 fused feature vector CSV. Ultimately,
seven 4190 fused feature vector CSVs were used for each combination strategy. Those
seven fused feature vector CSVs were combined into a single CSV file for each combination
strategy to construct the dataset. These two CSV files were the dataset—the linear dataset
and the distance dataset. The distance dataset consists of 48 features and a clone type.
It contains 29,330 rows (7 * 4190 = 29,330) of fused feature vectors. The linear dataset
consists of 96 features and a clone type. It contains 29,330 rows (7 * 4190 = 29,330) of fused
feature vectors.

The models developed in this study were not only trained to detect clone pairs but
also false clone pairs. For instance, in Figure 5, the original method computes the square of
the given value, whereas the false clone method calculates the sum of the two values. Such
pairs are labelled as False.
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returna + b;
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|

Figure 5. Example of Type-1 and Type-2 clone methods.

Features of this study are the frequency of different characteristics taken from methods,
and there is no difference between T1 and T2 clones apart from literal values, identifier
names, and types [2]. Literals, identifiers, and types cannot be differentiated using the
features utilized in this study.

In Figure 5, the original method “getSquare” calculates and returns an integer type
square value for the given integer number “n”. The T1 clone method is the same as the
original method. T2 clone method “getSquareVal” calculates and returns double type
square value for the given double value “d”. The T1 clone method and T2 clone method
can be differentiated from their original method based on identifiers and types. Apart
from these differences, the frequency of different characteristics taken from methods cannot
distinguish them.

To illustrate more, in Table 3, features were extracted for the above original, T1, and
T2 methods individually, and useful feature details were listed.

Table 3. Feature extraction values.

Feature Original Method T1 Clone Method T2 Clone Method
Lines count 3 3 3
Return statements count 1 1

Single variable declarations count 1 1 1
Variable declarations count 1 1 1
Infix expressions count 1 1 1
Primitive types count 2 2 2
Simple names count 5 5 5
Binary expressions count 1 1 1
Standalone expressions count 3 3 3
Elided type arguments count 3 3 3
Simple expression names count 2 2 2

Table 3 shows that the features and frequency of different characteristics are the same.
Thus, distinguishing between the T1 and T2 clone methods from the original methods is
difficult. Therefore, it is impossible to differentiate between two feature vectors from a pair
of T1 or T2 methods when utilizing a distance or linear combination strategy.
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The author performed a multiclass classification task to distinguish all clone types,
including T2 clones. The multiclass classifier struggled to distinguish between T1 and T2
clones. The model completely failed to correctly predict any T1 instances, resulting in zero
precision, recall, and F1 score for that class. Meanwhile, the T2 class achieved perfect recall
1.00 but moderate precision 0.46 and an F1 score of 0.63, indicating that many T1 samples
were misclassified as T2 clones. This pattern highlights a fundamental confusion between
T1 and T2, an aspect not effectively captured by our current feature set. Therefore, the
model tends to assign T1 instances to the T2 class, which acts as a catch-all category. These
results underscore the need for incorporating identifier-sensitive or semantic features to
improve fine-grained clone classification.

As aresult, T1 clone pairs were solely considered. However, the rest of the clone types
can be discovered through this study. This study’s shortcoming is that T2 clones were not
identified alongside the other clones. Therefore, 4190 T2 fused feature vector data was
removed from the dataset.

Accordingly, this study focuses on detecting six clone types: T1, VST3, ST3, MT3,
WT3/4, and False. As a result, the linear and distance dataset consists of 25,140 rows
(6 * 4190 = 25,140) of fused feature vectors. The dataset is balanced, with each type having
4190 instances.

While 70% of the dataset (17,598 sets of data) was utilized for training a multiclass
classification model, the remaining 30% (7542 sets of data) was preserved for testing
purposes. Due to the randomness, at an instance, the test data contained 1273, 1267, 1262,
1261, 1243, and 1236 clones for types T1, VST3, ST3, MT3, WT3/4, and False, respectively.
Test sets were inputted to the trained model, and its performance was evaluated using
evaluation metrics. The model evaluation metrics utilized were recall, precision, and
F1 score.

3.1.7. Multiclass Classifier Model

Various multiclass classifier models were implemented to classify code clone types
effectively in this study. They are Artificial Neural Network (ANN), LeNet-5 [18], Oreo’s
Siamese architecture [19], Light Gradient-Boosting Machine (LightGBM) [39], XGBoost [40],
Decision Tree, and LeONet.

3.1.8. Clone Type

Eventually, the multiclass classification models implemented would output the clone
type. The output can be either T1, VST3, ST3, MT3, WT3/4, or False. T1 represents
T1 clone pairs, VST3 represents VST3 clone pairs, ST3 represents ST3 clone pairs, MT3
represents MT3 clone pairs, WT3/4 represents WT3/4 clone pairs, and False represents
false clone pairs.

3.2. Proposed Hybrid DL Approach
3.2.1. LetNet-5

LeCun et al. [18] proposed the LeNet-5 architecture. It is a CNN that has eight layers,
including the input layer. Figure 6 depicts the LeNet-5 architecture used in this study.

The distance dataset served as the model’s input, a 49-dimensional vector (48 features
and a clone type). Then it moved into three convolutional layers (C1, C2, C3), two average
pooling layers (P1, P2), a fully connected layer, and an output layer. In Figure 6, “f”
represents filters, the filter size is represented by “fs”, “s” represents stride, and the size of
the feature map is represented by “fm”. The model was trained for 500 epochs with a batch

size of 32. Table 4 describes the parameter settings configured for LeNet-5 in this study.
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Figure 6. LetNet-5 architecture model.
Table 4. Parameter settings for LetNet-5.
. K 1 Size/Pool . . Activati
Layer Filters erna §IZE/ 00 Stride Size of Feature Map ct1va?10n
Size Function
Input - - - 48 -
Convolutional 1 6 5 1 44 x 6 relu
Pooling 1 - 2 2 22 x6 -
Convolutional 2 16 5 1 18 x 16 relu
Pooling 2 - 2 2 9 x 16 -
Convolutional 3 120 5 1 5 x 120 relu
Flatten - - - 5 x 120 = 600 -
Fully Connected 1 - - - 420 relu
Output - - - 6 softmax
3.2.2. Oreo

Figure 7 depicts Oreo’s Siamese architecture model used in this study, which was

proposed by Saini et al. [19].
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Figure 7. Oreo Siamese architecture model.

The input to this model came from the linear dataset, which consisted of a

97-dimensional vector. This vector included 48 features from each method, along with the

clone type. Each subnetwork received 48 features from one method, while its identical

subnetwork received 48 features from the other method. Two identical subnetworks—sister

networks—mirror each other. The subnetwork had four fully connected hidden layers of

200 units. Units are the same as neurons. The comparator network then received the com-

bined outputs of the two subnetworks. The comparator network had four fully connected
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layers of units 200, 100, 50, and 25. The output layer received the output of the comparator
network. Six units comprise the output layer since there are six clone types. A 20% dropout
was applied to every other layer in the network [19]. The model was trained for 500 epochs
with a batch size of 32. Table 5 details the parameter settings of the subnetwork, while
Table 6 outlines the parameter settings of the comparator network used in this study.

Table 5. Parameter settings for the subnetwork.

Layer Units Kernel Initializer Activation Function

Dense 200 he normal relu
Dropout (20%) - - -

Dense 200 he normal relu

Dense 200 he normal relu
Dropout (20%) - - -

Dense 200 he normal relu

Table 6. Parameter settings for the comparator network.

Layer Units Kernel Initializer Activation Function
Dense 200 he normal relu
Dropout (20%) - - -
Dense 100 he normal relu
Dense 50 he normal relu
Dropout (20%) - - -
Dense 25 he normal relu
3.2.3. LeONet

The author employed ML algorithms with 48 features in detecting code clones. They
produced encouraging results in CCD. Due to nature of comparing entities with the Siamese
architecture while maintaining the balance between performance and efficiency, and the
fact that Saini et al. [19] implemented Siamese architecture in Oreo with motivating results
reported on their paper in detecting code clones, the author started to investigate Oreo’s
Siamese architecture [19,41-43]. Oreo’s Siamese model uses four fully connected layers as
their subnetwork. Subnetworks output their learning to the comparator network, which
is then compared, and the clone type is eventually classified [19]. Siamese subnetworks
are used to extract useful feature representations [44,45]. The more effective the feature
representation, the more advantageous it will be for the comparator network in comparing
and classifying code clones.

Feature representations of CNNs are highly versatile and effective [46,47]. Their feature
representation and learning would be better than the four fully connected layers that were
used in Oreo. Using them as subnetworks could ideally improve the performance in
CCD. Among the CNNSs, the author considered LeNet-5 due to its lightness in architecture,
capacity of memory, and computational complexity [48]. As a result, the proposed hybrid
model LeONet is made up of Oreo’s Siamese architecture and LeNet-5 architecture.

Siamese architecture offers flexibility in configuration of networks according to the
task, including the utilization of various neural network types, such as CNNs. Furthermore,
they require less training data and are less sensitive to overfitting compared to other
architectures [41]. The proven effectiveness of the Siamese architecture in various fields
like face recognition [49] and signature verification [50], object tracking [51], source-code
vulnerability detection [52], including CCD [53,54], makes it more advantageous to use
compared to recent DL models.
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The reason for LeNet-5s popularity lies in its simplicity and straightforward archi-
tecture [55]. LeNet-5 architecture shines in diverse fields like traffic sign recognition [56],
tumor diagnosis [57,58], and handwritten digit classification [59], which establishes its
promising effectiveness for CCD. Along with these, its low computational complexity [48]
makes it more beneficial to use in a hybrid architecture for CCD compared to recent
DL models.

While designing LeONet, the author initially explored the feasibility of integrating
other CNN architectures. However, the input consists of one-dimensional vectors, derived
from AST-based structural features of source code. When these models were adapted
to this study’s low-dimensional dataset, the deeper CNNs, with their multiple stacked
convolutional and pooling layers, failed to train effectively. As a result, LeNet-5 was chosen
for its simplicity and adaptability in this context, making it a practical and well-suited
architectural choice for the twin network.

Figure 8 describes the LeONet architecture. In this architecture, the subnetwork is
LeNet-5, whereas the comparator network is the same as Saini et al. [19] mentioned. LeONet
uses the same parameters described in Tables 4 and 6.

Two identical subnetworks

E—

Input Layer 1
Comparator Network
| ———-1—> LeNet-5 Architeclure\ r \
/ \ dad
Layer
97-dimensional | | 2 i
vector including | 48 dl‘;zi:;lonal
clone type —_— > > — | 3
/ ) 6
=) | units
J 1
! i 100 50 25
——1 > LeNet.5 Architecture | jﬁ?s hed = s
he normal he normal he normal  pe normal

relu relu relu relu
48-dimensional 20% dropout 20% dropout
vector k J

Input Layer 2

Figure 8. LeONet architecture model.

The linear dataset was fed into this model. Forty-eight features of a method were
provided to the LeNet-5 subnetwork, and its paired method’s forty-eight features were
provided to the identical subnetwork. The same transformations were applied to both
inputs by these two identical subnetworks. These subnetworks” output was combined and
supplied to the comparator network. Units 200, 100, 50, and 25 were spread among four
fully connected layers of the comparator network. The output of the comparator network
was then sent to the output layer. The output layer had six units since there are six clone
types to be considered. The model was trained for 500 epochs with a batch size of 32.

As mentioned in Table 7, the Oreo model [19] and LeONet used the linear dataset.
Saini et al. [19] proposed the Oreo model, which utilizes a Siamese architecture. They
created a 48-dimensional vector consisting of 24 metrics from each method in a pair (linear
dataset), totaling 48 features. Each subnetwork received 24 features from one method,
while its identical subnetwork received 24 features from the other method. Both identical
subnetworks of the model applied the same transformation to these input vectors.

LeONet is similar to the Oreo Siamese architecture model [19]. The distance dataset
cannot be used for the Oreo model and LeONet since they need to have the same features
for the two identical subnetworks. Because of that, in this study, the Oreo model and
LeONet were trained on a linear dataset.
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Table 7. Models and dataset used.
No Models Dataset Used No Models Dataset Used
1 ANN Distance dataset 5 XGBoost Distance dataset
2 LeNet-5 Distance dataset 6 Decision Tree Distance dataset
3 Oreo Linear dataset 7 LeONet Linear dataset
4 LightGBM Distance dataset

The models are designed to learn from and produce results based on a set of 48 pro-
gramming constructs. Although this study employs different datasets for various models,
all models ultimately process and classify features derived from the same set of 48 pro-
gramming constructs.

LeNet-5 receives 48 features as a single input from the distance dataset and performs
classification based on these features. Since LeNet-5 is not a Siamese architecture, inputting
the same feature twice (e.g., line count features from both method 1 and method 2 in the
linear dataset) into LeNet-5 could lead to ambiguity. LeNet-5 is designed to learn from
distinct features and classify inputs based on their unique representations. Therefore,
LeNet-5 cannot be used with linear datasets. In contrast, Siamese architectures like LeONet
and Oreo’s models are specifically designed for comparing features from pairs of inputs,
such as from a linear dataset. Consequently, the results from each model are compared
based on their respective ability to detect code clones and effectiveness in handling the
provided features.

Even though the proposed approach utilizes a linear dataset suited for Siamese archi-
tectures, the distance dataset was developed to serve as a benchmark for comparing the
performance of different models. While the proposed approach uses a linear dataset, the
distance dataset allows for us to assess how well-known models, like LeNet-5, Light GBM,
and XGBoost, perform in detecting code clones.

4. Results and Discussion
4.1. Machine Configuration

All experiments were carried out on a machine with the following specifications: 8 GB
of RAM, an Intel Core 15-8250U CPU, an NVIDIA GeForce MX130 GPU, a 1000 GB hard
disk drive, running Python 3.10.13 and TensorFlow 2.10.0, and operating on Windows 11.

4.2. Model Evaluation Metrics

Three metrics are used to evaluate the performance of the models in the experiments:
Recall, precision, and F1 score. Recall indicates the model’s ability to cover the clone sam-

ples [60].

True Positive
Recall = - - 3
ect True Positive + False Negative ®)

Equation (3) describes the recall equation used in this study [60]. True positive is a
number of correctly classified samples as positive samples, and false negative is the number
of positive samples misclassified as negative samples.

Precision measures the accuracy of the model in classifying positive samples. It is
calculated using Equation (4). False positive is the number of incorrectly classified samples
as positive samples [60].

True Positive

Precision = — — 4
True Positive + False Positive @)
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F1 Score combines Precision and Recall, enabling a better evaluation of the model’s
detection performance [60].

2 % Precision * Recall
F1 Score = Precision + Recall ©®)

F1 score is measured using Equation (5) [60].

4.3. Performance Comparison of Several Algorithms Used in This Study to Detect Code Clones

Figure 9 illustrates the recall, precision, and F1 score performances of all seven mod-
els utilized in this study. LeONet outperformed all the models that were developed in
this study.
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Figure 9. Performance of models used in this study.

In Figure 9, LeONet’s performance gain over Oreo can be attributed to the integration
of LeNet-5, which acts as a preprocessing subnetwork that transforms the features. This
enables LeONet to capture richer structural representations than Oreo alone.

Figure 10 illustrates the recall performance comparison of various algorithms em-
ployed in this study by clone type. Traditional models such as ANN, LeNet-5, XGBoost,
and Decision Tree achieve perfect recall for Type 1 clones, which are syntactically iden-
tical and easier to detect, followed closely by LeONet with 97.82% recall. This drop can
be attributed to LeONet’s emphasis on learning generalizable structural patterns rather
than focusing solely on exact syntactic matches. As a deep hybrid model operating on
AST-derived features, LeONet may abstract away low-level syntactic details, which can
occasionally affect its ability to perfectly identify exact matches. However, ANN, LeNet-5,
XGBoost, and Decision Tree performance declines with more structurally varied clones.
LeONet, in contrast, maintains strong and consistent recall across all clone types, achieving
top scores for VST3 (97.15%), ST3 (95.26%), and competitive recall for WT3/4 (99.76%)
and false clones (100%). This indicates LeONet’s ability to generalize beyond exact syntax,
making it more robust for complex, near-miss clones. Although LightGBM achieves per-
fect recall for MT3, and Oreo for WT3/4, their results are more isolated, suggesting less
consistency across clone categories.
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Figure 10. Recall by clone type.

Figure 11 demonstrates the precision performance comparison of the algorithms
utilized by clone type. The precision results reveal that LeONet maintains consistently high
performance across all clone types, achieving near-perfect precision for Type 1 (99.84%),
WT3/4 (100%), and false clones (99.76%). This indicates a strong ability to avoid false
positives, particularly in structurally complex and unrelated code. While Oreo slightly
edges out LeONet in a few categories, LeONet demonstrates greater balance across VST3
(94.54%), ST3 (97.13%), and MT3 (97.54%) clones, where other models show more variability.
These results highlight LeONet’s strength in reliably distinguishing true clones from non-
clones across a wide range of syntactic and semantic similarity levels.

Figure 12 describes the F1 score performance comparison of the algorithms utilized by
clone type.

The F1 Scores across clone types show that LeONet consistently outperforms baseline
models, demonstrating strong generalizability across both simple and complex clones.
Its high performance on VST3, ST3, and MT3 indicates the model’s ability to capture
structural similarities beyond surface-level syntax. This advantage stems from its hybrid
twin-network design, which combines structural AST features with deep representation
learning. In contrast, traditional models perform well on simpler clones but struggle
with structurally transformed ones. Overall, LeONet strikes an effective balance between
precision and recall, making it a robust solution for diverse clone detection scenarios.

The 30% test set was used for evaluating performance across different clone types, and
the author did not utilize separate validation sets for each clone type. The recall, precision,
and F1 score for each clone type were computed using scikit-learn’s [61] recall_score,
precision_score, and f1_score functions with average = None. This setting calculates the
metrics for each class individually, rather than aggregating them into a single value.
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Precision by Clone Type
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Figure 11. Precision by clone type.
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Figure 12. F1 score by clone type.

4.4. Performance Comparison of Several CCD Approaches Considered in Literature Review

The overall clone detection performance of LeONet compared with nine state-of-the-
art approaches was evaluated. The purpose of this comparison is to demonstrate the
significance of this study.
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The considered state-of-the-art approaches were SourcererCC proposed by
Sajnani, et al. [22], RtvNN proposed by White et al. [23], Deckard by Jiang et al. [24],
DeepSim [25], SCDetector [26], ASTNN proposed by Zhang et al. [27], TreeCen [28], FA-
AST+GMN developed by Wang et al. [29], and Semantic CCD by Sheneamer et al. [15].

BigCloneBench results of SourcererCC, RtvNN, and Deckard were obtained from [28].
Other results were obtained from their corresponding research papers.

Figure 13 illustrates a performance comparison of several CCD approaches using
recall, precision, and F1 score evaluation metrics. TreeCen showed top recall performance
(0.99), followed by LeONet (0.98) and DeepSim (0.98). Top Precision performance was
demonstrated by ASTNN (1.0), followed by TreeCen (0.99), LeONet (0.98), and SCDetector
(0.98). When considering the F1 score, TreeCen expressed good performance (0.99), followed
by LeONet (0.98), SCDetector (0.98), and DeepSim (0.98).
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Figure 13. Performance of state of the art approaches.

4.5. Results Obtained During Evaluation of Features in Classifying Code Clones

Features were evaluated in two ways: (i) F1 score performance of different algorithms
with an increasing number of features to describe the importance of the 48 features used
in this study and (ii) F1 score performance comparison of different algorithms using the
prevailing 28 features and the 20 features that were not considered in previous studies to
describe the importance of the 20 features that were not considered in previous studies in
getting good model performance and that this is not accidental.

Figure 14 demonstrates the F1 score performance of different algorithms with increas-
ing features. The feature count started at 8 and increased by increments of 8 until it reached
48. As can be seen, all four models’ F1 Scores increased as the number of features increased.
This shows the significance of the features that were used in this study to detect code clones.
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Figure 14. F1 score as feature increases.
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The impact of the additional 20 new features on CCD performance can be measured by
analyzing how various algorithms perform on the existing feature set and the new feature
set. Feature sets were evaluated using well-known models. Figure 15 illustrates the F1
score performance comparison of different algorithms between the prevailing 28 feature
sets and the 20 feature sets not considered in previous studies. The results from the new
feature set and the existing feature set were closely comparable, underscoring the value
of the 20 features. The existing feature set helped ANN and XGBoost to have good model
performance compared with the new feature set, which had slight percentage differences.
In the Decision Tree, both feature set performances were similar. Interestingly, with the help
of a new feature set, LightGBM performed better compared with the existing feature set.
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We assessed how using 5, 10, 15, and 20 of the new features affects F1 scores, as shown
in Figure 16. All models show consistent performance improvement as the number of
features increases from 5 to 20, with the most significant gains occurring up to 15 features.
Performance improvements slow down around 20 features, indicating that including more
features beyond this number provides little extra benefit.

F1 Score as New Features Increase
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Figure 16. F1 score as new features increase.

The significance of this paper lies in the introduction and demonstration of LeONet,
a hybrid architecture that combines LeNet-5 with Oreo’s Siamese architecture for code
clone detection. As per the results obtained, LeONet outperformed all the other models
developed in this study, demonstrating its effectiveness in detecting code clones. It showed
promising results when compared with state-of-the-art CCD approaches, establishing its
competitive edge in the field.

The innovative integration of established architectures, LeNet-5 [18] and Oreo’s
Siamese network [19], into a new hybrid model leverages the strengths of both archi-
tectures to address the CCD problem from a fresh perspective. Additionally, new features
extracted from AST can provide a more detailed and nuanced representation of code, which
enhances the model’s capabilities.

The author believes that this innovative application and the introduction of new
features contribute valuable insights, improvements to the field and sets the stage for
future research, including the evaluation and enhancement of LeONet with code clones
in programming languages beyond Java. Thus, this paper’s contribution is notable for
its performance, the introduction of a new hybrid architecture, and its potential to guide
future research in this domain.

5. Limitations of This Study

The proposed approach has not been tested in real-world scenarios or with datasets
from other programming languages. Although the controlled environment and dataset
used in this study offer valuable insights, they may not fully represent the complexities
and variability of practical applications. This limits the understanding of how the approach
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performs under diverse and dynamic conditions. While BigCloneBench is a renowned
repository in CCD studies [20,33-35], a recent study [62] suggests that it may have limita-
tions and could be considered problematic for evaluating ML approaches. However, its
established use provides a common reference point, facilitating comparison with existing
methods and ensuring consistency in performance evaluation. It is recognized that further
validation with alternative datasets is necessary to comprehensively assess the approach’s
robustness and applicability. Despite these limitations, LeONet’s inference phase is efficient
due to its hybrid twin architecture. By operating on low-dimensional, AST-derived vectors,
it enables fast forward passes and low memory usage during prediction. These characteris-
tics suggest that LeONet can be practical for real-world deployment in industrial settings,
particularly where fast, lightweight clone detection is desired. Future work will specifically
address this aspect.

It demonstrates strong theoretical foundations and shows promising results under
the conditions of this study. Future work will concentrate on applying and refining the
proposed approach in real-world scenarios, as well as exploring alternative datasets and
those from other programming languages, to validate its effectiveness and robustness
across diverse contexts.

This study did not include direct experimental comparisons with recent Transformer-
based approaches such as CodeBERT, GraphCodeBERT, or UniXCoder, which have shown
good performance. Due to the defined scope of this work, these models were not incor-
porated into the current evaluation. We acknowledge this as a limitation of this study.
Incorporating such approaches in future work would provide a more comprehensive bench-
marking of LeONet’s performance relative to recent state-of-the-art approaches and further
strengthen the evaluation.

The extracted features are based on counts of specific non-terminal symbols in Java
method definitions. While these features effectively capture structural patterns and main-
tain interpretability, they may lack the semantic richness needed for deeper code un-
derstanding. Incorporating more diverse representations, such as code embeddings or
graph-based features, is a potential direction for future enhancement. While this study
examines the collective impact of increasing feature counts and comparing grouped feature
sets, it does not assess the contribution of individual features in isolation. Future work
will consider feature importance analysis to identify which specific characteristics most
significantly influence clone detection performance.

6. Conclusions and Future Works

This study’s primary objective is to detect code clones using DL algorithms. The author
collected clone method pairs data from the BigCloneBench Java repository, a renowned
repository in the area of CCD. Twenty previously unconsidered features in past studies and
other features were extracted during feature extraction. The proposed hybrid DL approach,
LeONet, outperformed all other models developed in this study with 98.14% precision,
98.12% recall, and F1 score. It also performed well in comparison to the state-of-the-art
CCD approaches. Since the F1 score performances increased as the number of features
considered increased, all 48 features utilized in this study were vital in detecting code
clones effectively. This revealed how important the 48 features were. It was clear that
both the existing feature set and the new feature set yielded comparable F1 score results,
highlighting the value of the 20 features.

T2 clone pairs were not detected using the features considered in this study. Apart
from literal values, identifiers, and types, there are no differences between T1 and T2
clone pairs. It is recommended to think about extracting features that distinguish them.
LeONet consumes a lot of time in the training stage. Developing a strategy that has better
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balanced recall and precision ability over all clone types and consumes less training time
is recommended. In future work, the author will explore the value of the new features
considered in this study, as well as other features, within the context of the proposed model.
Exploring a broader feature set remains a promising direction for future work to further
enhance clone detection effectiveness. Another potential direction is to evaluate the model
using synthetically generated method pairs. For instance, parameterized function pairs with
gradually increasing structural complexity, while performing the same computations, can
be used to test the limits of the model’s clone detection accuracy. Identifying the threshold
at which the model begins to fail could offer valuable insights into its generalizability and
sensitivity to structural variation.
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