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Abstract

Source code plagiarism is a significant challenge in software engineering and computer
science education, affecting academic integrity, intellectual property rights, and software
quality assurance. However, Source Code Plagiarism Classification (SCPC) remains difficult
because labelled training data are limited, mainly due to the sensitivity of plagiarism
cases. This restricts the effective use of machine learning (ML) and deep learning (DL)
methods, especially in low-resource settings. This work investigates low-resource SCPC
using Pre-trained Code Models (PCMs). We first examine Full Fine-Tuning (FFT), where
all model parameters are updated, across multiple public datasets. We then evaluate
Parameter-Efficient Fine-Tuning (PEFT), where only a small subset of parameters is trained.
Specifically, we apply three adapter-based PEFT methods and compare them with FFT in
terms of classification performance, training time, inference time, GPU usage, trainable
parameter percentage, and model size. The results show that, when labelled training data
are available, fine-tuned PCMs achieve strong SCPC performance and higher F; scores
than the unsupervised open-source plagiarism-detection tools in our evaluation, JPlag and
Dolos. Overall, PEFT achieves a performance that is similar, comparable to, or slightly
lower than that of FFT, while requiring fewer trainable parameters and lower GPU usage,
at the cost of slightly higher inference time.

Keywords: source code plagiarism detection; source code similarity; Pre-trained Code
Models; Parameter-Efficient Fine-Tuning; adapters

1. Introduction

Source code plagiarism has emerged as a widespread concern in software engineering
and computer science education. As technological capabilities rapidly progress, the severity
of this issue has escalated. It impacts academic integrity, intellectual property safeguards,
and quality standards in software development, leading to ethical and legal consequences.
This has made identifying instances of plagiarised code a necessity [1].

On the other hand, Artificial Intelligence (Al) technologies are also advancing rapidly
and can assist in detecting source code plagiarism. Source Code Plagiarism Detection
(SCPD) can be viewed as a Machine Learning (ML) binary classification problem in which
code pairs are classified as plagiarised or not. A field of Al is Natural Language Processing
(NLP), which deals with standard written text and aims to interpret it as humans do.
State-of-the-art NLP models are pre-trained language models that are trained on a large
corpus of text, aiming to understand every word in context. These models can be used for
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classification tasks. Pre-trained models can then be applied to specific domains, such as
medicine, finance, and law. One of the domains is Software Engineering (SE), which has
led to the development of the Artificial Intelligence for Software Engineering (AI4SE) field,
in which pre-trained models are trained on large corpora of source code to understand or
generate code. This has led to the development of Pre-trained Code Models (PCMs), which
are currently the State-of-the-art (SOTA) in code-understanding tasks [2]. After training, the
models can be fine-tuned to work on smaller downstream tasks. Source Code Plagiarism
Classification (SCPC) is a code-understanding task for which models can be fine-tuned.

A significant challenge in SCPD is the scarcity of training data; SCPD can therefore be
treated as a low-resource task. In this case, the concept of few-shot learning can be applied
to fully exploit the few available training samples. Various techniques can be used for
few-shot learning. One of the techniques is Parameter-Efficient Fine-Tuning (PEFT). The
number of trainable parameters in pre-trained models is large, which can lead to overfitting
with limited data. Reducing the number of trainable parameters can improve the utilisation
of smaller dataset sizes. PEFT aims to keep the model weights intact and tune only a
smaller number of additional parameters, while maintaining performance similar to Full
Fine-Tuning (FFT) and preserving its modularity [3]. One of the robust PEFT techniques is
the use of sequential bottleneck adapters [4], which add trainable weights and freeze the
original model weights, aiming to achieve strong performance but increasing inference cost.
Adapters are considered few-shot learners [5] and can be used for low-resource tasks such
as code plagiarism detection. Another type of adapter is Low-Rank Adaptation (LoRA) [6],
which parametrises the weight matrix as a lower-rank matrix to reduce the inference cost
incurred by sequential adapters.

There is a lack of open-source code plagiarism datasets due to the difficulty of sharing
sensitive data. One approach to obtaining a simulated version is to use public competition
websites and manually label potential cases of plagiarism, while maintaining anonymity, as
in the ConPlag dataset [7]. ConPlag is a publicly available plagiarism dataset comprising
pairs of Java code and a label indicating whether the code is plagiarised. The dataset is small,
containing 911 instances and two versions: raw (1) and template-free (2). Karnalim et al. [8]
provided a public dataset (IR-Plag) of Java code files that they used to evaluate Information
Retrieval (IR) approaches for retrieving plagiarised pairs from a source code collection.
The dataset is also small, containing 460 files with labelled plagiarised pairs. The third
dataset is Progpedia [9], which includes open-source student source code files written in
Java for several assignments. We use the annotated version by Heneka [10], selecting the
Progpedia-19 dataset, which contains 66 unique Java files, yielding 2145 code pairs. The
three datasets are small, making SCPC suitable for low-resource tasks which typically entail
hundreds of labelled instances per class with class imbalance, as reported for similar tasks
in the literature [11].

Several techniques exist for determining source code similarity. Zakeri et al. [12]
categorise the techniques as algorithmic, data-driven, and hybrid. Algorithmic approaches
include text, token, metric, tree, and graph methods, which increase complexity and im-
prove detection accuracy, respectively. Data-driven techniques are divided into ML and
Deep Learning (DL). ML approaches depend heavily on feature engineering, including fea-
ture selection and extraction, whether manual or automated, and this selection significantly
affects model performance. This represents a limitation. Fundamental DL models, such
as an Artificial Neural Network (ANN) and its derivatives, struggle with longer text and
scaling limitations, leading to the development of Transformer models. Although PCMs
are the SOTA for code-understanding tasks [2], they have not been fine-tuned for SCPC.
This reveals an empirical gap where these models can be comprehensively evaluated and
compared with rigorous experiments for this specific task.
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This work focuses on classifying instances of source code plagiarism. The paper begins
by investigating PCMs using FFT. Then, it describes experiments that merge the selected
adapter methods on the PCMs; while experimenting, we track the total training and infer-
ence times for both FFT and PEFT across all models, along with the percentages of Graphics
Processing Unit (GPU) usage and trainable parameters. This empirical study evaluates
the effectiveness of pre-trained models and adapters for the task of SCPC. Therefore, the
contributions of this study are the following.

1.  The work presents a comprehensive empirical study of applying PCMs along with
adapters for the task of low-resource SCPD.

2. This is the first work that reports experiments with PEFT for the task of SCPC
with PCMs.

3. The work compares the supervised fine-tuned models and adapters with the current
SOTA unsupervised open-source Source Code Plagiarism Detection Tools (SCPDTs),
JPlag and Dolos.

The research questions that this paper answers are as follows.

RQ1  How does fine-tuning the PCMs perform on the task of SCPC?
PCMs are the SOTA for several code tasks. Therefore, the impact of using the PCMs
can be investigated in relation to the specific task of classification of source code
plagiarism instances.

RQ2  What is the impact of merging the adapters on PCMs for the SCPC task?
PEFT methods are used to support few-shot learning settings. This research con-
ducts experiments to determine whether they yield better performance, given the
task’s low-resource nature.

RQ3  How do PEFT and FFT compare regarding training time, inference time, number
of trained parameters and GPU usage?
There is a trade-off between FFT and using adapters in terms of performance and
efficiency. To answer this question, we empirically examine the trade-off using
several metrics specified in the research question.

By answering these questions, we can assess the applicability of pre-trained models to
the SCPC task. We also experiment with adapters and compare the performance achieved
to that of the pre-trained models” FFT.

Paper organisation: The paper is organised as follows: Section 2 covers the empirical
study, Section 3 presents the results, Section 4 discusses the findings, threats to validity,
key takeaways, limitations, and future work, Section 5 covers related work, and the paper
concludes with a summary.

2. Empirical Study

This section provides an overview of the methodology, datasets, experimental setup,
selected PCMs, adapters, and evaluation protocol.

2.1. Methodology Overview

To answer RQ1, we employ the architecture shown in Figure 1. Each input to the
pre-trained models is a pair of code fragments. The pre-trained model is fully fine-tuned,
adjusting the weights of the entire model. A Classification Head (CH) is added and fine-
tuned alongside the Transformer model for the classification. The output of the CH is the
class of either non-plagiarised (0) or plagiarised (1).
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Code 1 Pre-Trained Classification —+ Class (0,1)
Code 2 {3} Code Model {F Head ’

Figure 1. Methodology to answer RQ1.

To answer RQ2, we employ the architecture shown in Figure 2. In this instance, the
input consists of a pair of code fragments fed into the adapter. The adapter is fine-tuned
before being merged into the pre-trained model. The Transformer weights are fixed, while
the CH is fine-tuned jointly with the adapter. The output is a binary classification, taking
values 0 or 1.

Code 1 Pre-Trained Classification

}—» — — Class (0,1
Code 2 dAdapter 3k Code Model *’o Head 1

Figure 2. Methodology to answer RQ2.

To empirically address RQ3, we monitored the following metrics during experiments
for RQ1 and RQ2.

¢  Training time: the duration required to train the model on the entire dataset for a
single dataset version.

e  Prediction (inference) time: the time taken for the model to infer the class of the
complete testing set within a single dataset version.

*  GPU usage percentage: the active GPU usage consumed by the model during the
training.

¢ Number of trainable parameters: the count of parameters adjusted during fine-tuning.

¢ Model size: the size of the fine-tuned models or adapters.

A comparative analysis of these metrics provides an empirical answer to RQ3. Addi-
tionally, detailed mathematical formulations for the number of trainable parameters are
presented to complement the empirical study of these metrics.

2.2. Datasets

This subsection covers the datasets that are used for the empirical study:.

2.2.1. Plagiarism Levels

Plagiarism in programming assignments, as per Faidhi and Robinson [13], can occur
at the following different levels.

(L1)  Altering comments and adjusting indentation.

(L2)  Renaming or modifying identifiers.

(L3)  Modifying declarations, such as adding extra constants or rearranging functions
and variables.

(L4)  Editing functions, including changing their signature, merging, or creating new
ones.

(L5)  Replacing program statements with semantic equivalents, such as switching be-
tween for and while loops or if and switch.

(L6) Changing decision-making logic or modifying expressions.

Each level includes the previous one. For instance, L3 includes L1 and L2. We also
include an LO for an exact match, which can be treated as part of L1. An example for each
level is provided in Table 1, along with a brief explanation of plagiarism.
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Table 1. Examples of source code plagiarism levels across pairs of code snippets with brief explana-

tions.
Level Codel Code 2 Notes
LO int p2(int n){ returnn * n; } int p2(int n){ returnn * n; } The two code snippets are identical.
- - . . i,
L1 int p2(int n){ return n * n; } // Function p2 int p2(int n){ returnn*  Code 2 has an additional comment
n;} and extra white spaces.
. . . . Code 2 changes the function name
* 1ne * e
L2 int p2(int n){ return n * n; } int pow2(int n){ return n * n; } from p2 to pow?.
. . . . . Code 2 creates a new variable a to
* on o ¥ .
L3 int p2(int n){ return n * n; } int p2(int n){ inta =n * n; return a; } representn * n and then returns it.
. . . . Code 2 creates an additional function
. . int p2(int n){ return nn(n); } int nn(int .
L4 int p2(int n){ return n * n; } to compute the power and calls it from
n){ returnn * n; } P2
1.nt s.umUPTo(mt. n){ int sum ='O; for int §umUpTo(1nt n){ mt. sgm =0,i=1; Code 2 changes the for loop into a
L5 (inti=1;i<=n;i++){ sum +=1i; } while (i <= n){ sum +=i; i++; } return )
while loop.
return sum; } sum; }
L6 boolean isEven(int n){ returnn % 2 ==  boolean isEven(int n){ return (n & 1) Code 2 uses a different logic to decide

0;}

whether a number is even or odd.

==0;}

2.2.2. Datasets Description

The first dataset used in this study is ConPlag [7]. ConPlag is a programming contest
dataset consisting of 911 Java code pairs. The dataset includes binary labels indicating
whether a code pair is plagiarised. ConPlag is available in two versions: raw (ConPlagl),
which contains the complete code, and template-free (ConPlag?2), which removes the
template code. Designed to simulate the challenges of real-world plagiarism detection,
where training data are scarce, the dataset can be used for both source code similarity
and plagiarism detection tasks. The ConPlag dataset contains non-plagiarised pairs and
plagiarised pairs across levels L1-L6.

The second dataset used in this work is IR-Plag [8]. This dataset contains 460 Java
code pairs and includes non-plagiarised pairs and plagiarised pairs across levels L1-L6.

The third dataset is Progpedia-19 [9], annotated by Heneka [10], comprising 2145
instances. The retained Progpedia-19 pair labels support binary plagiarism classification,
but detailed plagiarism-level labels are not available for the per-level analysis. The three
datasets are imbalanced in different ways, as summarised in Table 2. We kept the original
class imbalance to evaluate model performance across different distributions, thereby
replicating real-world behaviour.

Table 2. Full dataset composition before splitting. ConPlagl and ConPlag2 share the same pair
identities and class labels.

Dataset Language Plagiarised Non-Plagiarised Total Pairs
ConPlagl/ConPlag?2 Java 256 655 911
IR-Plag Java 365 95 460
Progpedia-19 Java 91 2054 2145

In terms of token lengths, the IR-Plag dataset contains the shortest code files, ranging
from 44 to 296 tokens, with an average length of approximately 129 tokens. The Progpedia-
19 dataset contains significantly larger files, with a consistent range of 548 to 1501 tokens
and an average of roughly 791 tokens. In contrast, ConPlagl includes the largest files
overall, ranging from 210 to 11,695 tokens, with an average of approximately 941 tokens.
Finally, ConPlag?2 shares the exact minimum (210) and similar upper bounds (max 10,216)
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as its counterpart but has a much lower average of approximately 475 tokens, indicating a
distribution skewed toward smaller files compared to ConPlagl. In terms of plagiarism
complexity, IR-Plag and Progpedia-19 cover simple plagiarism scenarios, whereas ConPlag
captures more complex and obfuscated modifications, which are harder to detect.

The class distribution and plagiarism-level support in the level-annotated datasets are
shown in Table 3.

Table 3. Class and plagiarism-level support in the level-annotated datasets. Non-plag. denotes
non-plagiarised pairs; L1-L6 denote plagiarised pairs by plagiarism level.

Dataset Non-Plag. L1 L2 L3 L4 L5 L6 Total
ConPlagl/ConPlag?2 655 68 5 11 63 70 39 911
IR-Plag 95 61 57 65 60 59 63 460

2.2.3. Dataset Sample Examples

We have illustrated examples from the ConPlagl dataset to show how plagiarism
occurs at certain levels. The examples also have non-plagiarised pairs. They are used for
error analysis later in the paper. They are provided in Appendix A.

2.3. PCMs

The pre-trained models follow the Transformer architecture introduced by Vaswani
et al. [14], including an encoder/decoder block. There are various pre-trained models,
as surveyed in [15,16], categorised in different ways. Major pre-trained language models
include BERT [17], RoBERTa [18], BART [19] and T5 [20].

For the domain of AI4SE, PCMs were developed by training language models on
large code corpora, such as CodeSearchNet [21]. There are several surveys covering the
PCMs [2,22-27] and discussing various code understanding and generation tasks. The
code models used in this study are CodeBERT [28], GraphCodeBERT [29], CodeBERTa [30],
UniXcoder [31], CodeT5 [32] and PLBART [33]. Table 4 summarises the selected PCMs in
terms of the number of parameters in millions (Ms) and model size in megabytes (MBs)
of public checkpoints and base architecture. These models differ in terms of the initial
pre-training data and code representation. For the classification, all models except CodeT5
and PLBART adopt the RoBERTa architecture. CodeT5 adheres to the T5 architecture, while
PLBART follows the BART architecture. We select an encoder and an encoder/decoder
model, as we treat the SCPC as an understanding task rather than a generation task.
Furthermore, in previous surveys [2,23], encoder and encoder/decoder models consistently
outperformed decoder models in all code-understanding tasks. Although prompt-based
decoder models can be used to generate classes, we consider them for investigation in
future work.

Table 4. Selected PCMs and their number of parameters (in millions), model size (in MB), and base

architecture.

Model Number of Parameters Model Size Base Architecture
CodeBERT 125 M 499 MB RoBERTa
GraphCodeBERT 125 M 499 MB RoBERTa
UniXcoder 125 M 504 MB RoBERTa
PLBART 140 M 557 MB BART
CodeT5-Small 60 M 242 MB T5
CodeBERTa 84 M 336 MB RoBERTa
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Fine-tuning refers to customising model parameters for a downstream task. In FFT,
the full model is updated for SCPC. In PEFT, the base Transformer remains frozen and only
the task-specific components are trained.

For the binary SCPC task, each model predicts two logits, one for non-plagiarised and
one for plagiarised code pairs. The models are trained using cross-entropy loss. This loss
compares the two logits with the true class label and penalises the model when it assigns a
higher score to the wrong class. The loss is computed directly from logits; the softmax term
in Equation (1) shows the mathematical form of the two-class cross-entropy.

1y exp(zic)
£ N z; cgo Welie log (Z}o exp(z;) ) g

In Equation (1), z; . is the logit for sample i and class c, y; . is the true class indicator,
and w, is the class weight.

To account for class imbalance, we use class-weighted cross-entropy. The class weights
are computed from the training split, or from the training fold in cross-validation, only.
For each class c, the weight is set to the complement of its training-set proportion, w, =
1 —n./N, where n. is the number of training samples in class c.

The two logits are produced by a task-specific CH, not by the original pre-training
objective. The CH is randomly initialised from scratch, meaning that its linear weights start
from random values and are learned during fine-tuning.

The CH is a lightweight two-layer feed-forward classifier. It applies dropout to the
sequence representation, passes it through a dense layer with a tanh activation, applies
dropout again, and uses a final linear projection to produce the two logits. For the RoBERTa-
family encoder-only models, the representation is taken from the first special classification
token, <s>, which plays the same role as [CLS]. For the encoder/decoder models, classifi-
cation is still treated as pair classification rather than text generation. The classifier uses the
model’s last hidden layer of the decoder. For the adapter-based runs, the head receives the
model’s pooled sequence representation.

2.4. Adapters

There exist various PEFT techniques as surveyed in [3,34-38]. The aim of PEFT
is to reduce the number of trainable parameters while maintaining high performance.
The PEFT methods, according to Han et al. [39], can be divided into additive, selective,
reparameterisation, or hybrid. Additive PEFT is where additional trainable parameters are
configured while keeping the model weights intact. In selective PEFT, only a portion of the
selected parameters are fine-tuned. Reparameterised PEFT converts the weight matrices
into lower-dimensional matrices. Hybrid PEFT combines multiple PEFT techniques to
improve performance while maintaining high efficiency.

The main Transformer block of a single encoder is shown in Figure 3a. The major
layers are Multi-Head Attention (MHA), add and normalisation, and feed-forward layers.

The first adapter type used in this work is the sequential adapter, in which small
bottleneck modules are added inside the Transformer layers. These adapters are consid-
ered additive because they introduce new trainable parameters while leaving the original
Transformer weights frozen. The Houlsby adapter [4] adds two bottleneck modules in each
Transformer layer: one after the attention block and one after the feed-forward block, as
in Figure 3c. Each bottleneck module contains a down-projection (W, ), @ non-linearity,
and an up-projection (Wy,), as in Figure 3b. The Pfeiffer adapter [40,41] adds a single
bottleneck module after the feed-forward block, as in Figure 3d. It therefore uses fewer
adapter modules than Houlsby. Mathematically, the output of the adapter is as in Equation
(2), where h represents a hidden state. The hidden state is first projected down, trans-
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formed by a non-linear function, f, projected back up, and then combined with the residual
connection, 7.
h < Wy, “f(Waown - 1) +7 ()

" N

Add and Norm

Add and Norm
Add and Norm

Feed Forward
Adapter

Adapter

Add and Norm

Feed Forward
Feed Forward

Add and Norm
MHA

al K]
]

Add and Norm

Adapter

(a) Transformer Block

Attention

=

<

Adapter

L

Wup

Non-lineaity

Wdown NG J

(b) Adapter Block

(d) Pfeiffer Adapter
components

(c) Houlsby Adapter

Figure 3. A single Transformer block architecture, adapters, and adapter block [4,14,40,41]. (a)
Transformer encoder architecture. (b) Adapter block components. (c) Houlsby adapter. (d) Pfeiffer
adapter.

Another PEFT technique is LoRA, which focuses on the MHA block [6]. This adapter
decomposes the weight matrices (Query, Key and Value) into two smaller matrices (W,
and W,y,,,) as per Figure 4. LoRA is a reparameterisation method for PEFT that decomposes
the initial weight matrix into two smaller matrices and then merges them with the initial
weight matrix Wy, as per Equation (3).

h(x) = WoX+ AWy = WoX + (Wdownwup)X 3)

The PEFT experiments use the same class-weighted cross-entropy objective described
above. The trainable task-specific parameters include the CH and the active adapter
parameters, namely the bottleneck modules in sequential adapters or the low-rank matrices
in LoRA. The CH has its own parameters and does not share weights with the adapters.
Both are optimised simultaneously for the same classification objective. Bottleneck adapter
weights are randomly initialised. For LoRA, the A low-rank matrix is initialised from a
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Kaiming uniform distribution and the B matrix is initialised to zero, and they are learned
during fine-tuning [6].

MHA %

[
A

Q K Vv Wup

t 1 Waown
e — %

Figure 4. LoRA adapter architecture [6].

Houlsby and Pfeiffer adapters add bottleneck modules to each Transformer layer
[4,40,42]. In contrast, LoRA inserts trainable low-rank matrices into the attention projections
and can be merged back into the base weights for inference [42]. We select these two types
of adapters because sequential bottleneck adapters were among the first PEFT methods
and currently serve as baselines for newer methods. LoRA is one of the most widely used
adapters in NLP due to its efficiency and ease of use.

Sequential Bottleneck Adapters vs. LoORA

Sequential bottleneck adapters introduce additional inference cost because they add
extra feed-forward bottleneck modules to each Transformer layer. They may also require
more trainable parameters than LoRA, depending on the selected bottleneck size and LoRA
rank. In contrast, LORA adds trainable low-rank matrices to existing weight matrices.
Therefore, its additional inference cost can be removed when the LoRA weights are merged
with the original model weights.

Mathematically, let d;,; denote the model hidden size, d;, the adapter bottleneck di-
mension, and r the LoRA rank. The complexity and number of trainable parameters per
layer [35,37] are summarised in Table 5. For a sequential bottleneck adapter, the down-
projection and up-projection matrices have sizes d;;, x d; and dj, x dy,, respectively. Thus,
one adapter module adds approximately 2d,,d, trainable parameters, excluding biases. If
two adapter modules are inserted per Transformer layer, the parameter count becomes
2 x (2d,dp). For LoRA, one adapted weight matrix with input and output dimensions
equal to d;; adds two low-rank matrices with approximately 2d,,r trainable parameters.
If LoRA is applied to two projection matrices per layer, the parameter count becomes
2 x (2dpyr).

Table 5. Comparison between sequential adapters and LoRA regarding number of trainable parame-
ters per layer, inference cost and complexity.

Number of

Method Parameters Inference Cost Complexity
Sequential Extra bottleneck
Adapters 2% (24ds) FEN O(dndp)
LoRA 2 x (2dyr) None if merged O(dpr)
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2.5. Experimental Setup

The experiments in this work included FFT of six PCMs: CodeBERT, GraphCodeBERT,
UniXcoder, CodeBERTa, CodeT5, and PLBART. First, these models were fully fine-tuned.
They were then fine-tuned using three PEFT methods: Houlsby, Pfeiffer, and LoRA. The
experiments used a batch size of 16 and a maximum token length of 512.

2.5.1. Input Formatting and Tokenisation

Each dataset instance consists of two source code snippets and one binary label. To
split the code snippets into tokens, we used model-based tokenisers. Tokenisers break
text or code into smaller parts called tokens so that models can turn them into numbers.
Instead of splitting by spaces, they use subword units, which helps with rare words
and long variable names. For example, the word calculateAverageScore might become
calculate, Average, Score. This makes it easier for models to understand patterns even if
they have not seen the full word before. Each token is then mapped to an ID in the model
vocabulary. Tokenisers also handle padding, truncation, and special symbols such as <s>
or [SEP] to show where a sequence starts and ends. The two main methods used with
pre-trained models are Byte Pair Encoding (BPE) [43] and SentencePiece [44]. BPE merges
frequent character pairs step by step to build a fixed vocabulary, while SentencePiece learns
subwords directly from raw text and does not rely on spaces.

For models such as CodeBERT, GraphCodeBERT, and CodeBERTa, the tokeniser is
based on BPE, originally from RoBERTa. It takes both source code and natural language and
splits them into subwords using a shared fifty-thousand-word vocabulary. For example,
public static void main becomes public, static, void, main, but a long variable like
getStudentDetailsFromDB might split into get, Student, Details, From, DB.

UniXcoder starts with the same RoBERTa-style BPE but extends it to handle multiple
input types, including natural language, source code, and abstract syntax tree information.
It adds special tokens such as [FUNC], [CLS_NL], and [CLS_PL] to tell the model what kind
of input it is reading. It also uses extra embeddings to mark structure, such as data flow
between variables. For example, if a function like int add(int a, int b) { return a +
b; }is given, UniXcoder keeps the same subwords (int, add, (, a, ,, b, ), {, return, a, +, b,
;, 1), but also encodes how a and b are connected in the code flow.

PLBART and Small CodeT5 use SentencePiece tokenisers. SentencePiece looks at text
as a continuous stream and learns subwords without using spaces as boundaries. For
instance, print ("HelloWorld") might become print, (", Hello, World, "). PLBART uses
a SentencePiece model with around fifty thousand tokens shared between encoder and
decoder, which helps with multilingual and multi-language training. CodeT5 also uses
SentencePiece but adds special tokens such as <extra_id_0> and <extra_id_1> to handle
tasks where part of the code is masked or missing.

In the FFT and PEFT experiments, the source code is tokenised as provided by the se-
lected dataset version. This means that comments, imports, identifiers, keywords, operators,
string literals, and white-space-dependent formatting are preserved before tokenisation, ex-
cept in the template-free ConPlag version, where the dataset authors had already removed
the template code. For each code pair, the model input is limited to 512 tokens. Because
each instance contains two source code fragments, this token context is shared between
the two fragments, with each fragment receiving approximately half of the available token
space. In addition, the tokeniser inserts the model-specific special tokens needed to encode
a paired input, such as classification and separator tokens. These special tokens count
toward the 512-token limit, leaving slightly fewer positions for the source code tokens
themselves. If a code fragment exceeds its allocated token budget, it is truncated before
being passed to the model. Additional preprocessing is evaluated separately in Section
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3.2.2; in that experiment, comments, imports, and repeated Spaces are removed to reduce
the number of tokens before model tokenisation.

2.5.2. Hyperparameter Search

Hyperparameter optimisation was performed as an exhaustive grid search over learn-
ing rates only. In the literature, learning rate has the most impact on fine-tuning [45]. The
batch size, adapter reduction factor, LORA rank and scaling factor, and dropout settings
were fixed to keep the FFT and PEFT comparisons tractable and comparable across six
models and four datasets under the available GPU budget. Furthermore, we aim to have a
similar search space for both fine-tuning types. Since adapters typically require a higher
learning rate than FFT, we used learning rates of [1 x 1074,2x107%,3 x 1074,5 x 107¢]
for adapters and [1 x 1075,2 x 1075,3 x 1072, 5 x 10~°] for FFT. For each model, dataset,
and fine-tuning strategy, the learning rates were trained under the same training split, and
validation F; was used as the selection criterion. The testing set in cross-validation was used
only for final evaluation after the configuration was selected. The maximum number of
epochs was set to 15, and early stopping was used to prevent overfitting when validation F;
declined, as the decision was based on validation F;. Training used the AdamW optimiser
[46] with a linear learning rate schedule, using the default momentum parameters g1 = 0.9,
B2 = 0.999, and € = 10~8. Other parameters include a batch size of 16. Weight decay was
set to zero in the AdamW optimiser, so no weight decay regularisation was applied. The
dropout rate was not manually set to zero or tuned; the models used their default dropout
settings, including the classification-head dropout where applicable. No label smoothing
or focal-loss variant was used. The default adapter reduction factor was 16 for Houlsby
and Pfeiffer. For LoRA, r = a« = 8. All experiments were conducted on an Nvidia RTX
4090 GPU with 24 GB of memory. The main library used for the pre-trained models was
Hugging Face Transformers [30], while AdapterHub [5,42] was used for adapters.

2.6. Evaluation

Classification performance can be assessed using several evaluation metrics [47]. In
this study, a positive prediction indicates detected plagiarism, whereas a negative predic-
tion indicates non-plagiarism. Therefore, True Positive (TP) denotes correctly identified
plagiarism, False Positive (FP) denotes incorrectly identified plagiarism, also known as
a false alarm, True Negative (TN) denotes correctly identified non-plagiarism, and False
Negative (FN) denotes missed plagiarism. We focus on FP and FN in the results because
false alarms and missed plagiarism have different practical implications.

Precision, recall, and the F; score are calculated as follows:

.. TP
Precision(P) = TP+ FP (4)
TP
Recall(R) = m (5)
F =2 Precision - Recall ©)

 Precision + Recall
Since the classes are imbalanced, accuracy is not used as the main evaluation metric.
We report precision and recall to separate false alarms from missed plagiarism, and use F;
as the primary ranking metric because it provides a balanced summary of both quantities.
This also keeps the comparison consistent across the PCMs, adapters, JPlag, and Dolos.
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3. Results

This section presents the experimental results and several efficiency comparison
metrics. The experimental results are reported using both a random single split and k-fold
cross-validation.

3.1. Random Single Split Results

The random single split is used for exploratory analysis, hyperparameter optimisation,
and error analysis. We use a stratified 70%/15%/15% split for training, validation, and
testing, respectively, to maintain a similar class distribution across partitions. The validation
set is used for hyperparameter selection, while the metrics are reported on the testing set.
The split composition is shown in Table 6. The main performance conclusions are based
on cross-validation. However, the single split remains beneficial because it preserves
validation and test splits for hyperparameter selection and detailed qualitative analysis.
Table 7 reports the F; scores for the selected PCMs with FFT and the adapters across
ConPlagl, ConPlag?, IR-Plag, and Progpedia-19.

Table 6. Number of training, validation, and testing instances per dataset in the random single split.
ConPlagl and ConPlag?2 share the same split counts.

Dataset Split Plagiarised Non-Plagiarised Total
Train 176 461 637
ConPlagl/ConPlag?2 Validation 38 99 137
Test 42 95 137
Train 257 65 322
IR-Plag Validation 55 14 69
Test 54 15 69
Train 64 1437 1501
Progpedia-19 Validation 12 310 322
Test 15 307 322

Table 7. F; scores per fine-tuning method across four datasets in the random single split.

Dataset Model FFT  Houlsby Pfeiffer LoRA
CodeBERT 0.8046  0.7179 0.6098  0.6250
GraphCodeBERT 0.8235  0.8049 0.8333  0.6869
ConPlagl UniXcoder 0.8810  0.8276 0.7619  0.7736
CodeBERTa 0.7857  0.7742 0.7586  0.7660
PLBART 09176  0.8000 0.9398  0.7907
CodeT5 0.7959  0.9000 0.7778  0.7723
CodeBERT 0.8293  0.7234 0.7527  0.6512
GraphCodeBERT 0.7654  0.7727 0.7234  0.6508
ConPlag2 UniXcoder 0.8387  0.8095 0.7917  0.7835
CodeBERTa 0.8049  0.8095 0.8101  0.8293
PLBART 0.9268  0.8966 0.9195 0.8864
CodeT5 0.7451  0.8000 0.7473  0.8000
CodeBERT 0.9908  0.9725 0.9636  0.9550
GraphCodeBERT 0.9907  1.0000 0.9818  0.9908
IR-Plag UniXcoder 1.0000  1.0000 1.0000 0.9818
CodeBERTa 0.9818  0.9818 0.9818  0.9908
PLBART 1.0000  0.9908 1.0000  0.9908
CodeT5 0.9286  0.8852 0.9076  0.9725
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Table 7. Cont.

Dataset Model FFT  Houlsby Pfeiffer LoRA

CodeBERT 1.0000  1.0000  1.0000  1.0000

GraphCodeBERT 1.0000  1.0000  1.0000  1.0000

Prosoedia19 UniXcoder 1.0000 09677  1.0000  1.0000

&p CodeBERTa 1.0000 09677 09677 09677

PLBART 1.0000  1.0000  1.0000  1.0000

CodeT5 09677 09091 09677 09375

3.1.1. Full Fine-Tuning of PCMs

The FFT results are available in Table 7. For the IR-Plag dataset, FFT gave robust results.
UniXcoder and PLBART reached an F; score of 1.0000. CodeBERT and GraphCodeBERT
followed at around 0.9908, CodeBERTa reached 0.9818, and CodeT5 had the lowest score
at 0.9286. The errors in FFT were mainly due to cases involving long comments or simple
introductory Java printing examples. These results show that FFT handled the dataset
well, and most models produced near-perfect predictions. For the Progpedia-19 dataset,
FFT produced F; scores of 1 for all models except CodeT5. The models except CodeT5
classified every test instance correctly, which reflects the simplicity of the dataset and the
apparent differences between the classes. CodeT5 showed one FP. This case showed higher
similarity at the start of the code, leading the model to treat it as plagiarised. Apart from
this single error, FFT achieved near-perfect F; performance across the dataset.

For the ConPlagl dataset, PLBART achieved the highest FFT score at 0.9176, followed
by UniXcoder at 0.8810 and GraphCodeBERT at 0.8235. The lowest FFT score in this dataset
was obtained from CodeBERTa with a score of 0.7857. For the ConPlag2 dataset, PLBART
again ranked first with 0.9268, followed by UniXcoder at 0.8387 and CodeBERT at 0.8293.
CodeT5 achieved the lowest FFT score on this dataset, 0.7451. We conduct an error analysis
of these two datasets in the later subsections.

Finding 1: PCMs are robust given high-quality training data, resulting in high F; scores
on the easier IR-Plag and Progpedia-19 datasets and lower scores on the more challenging
ConPlag datasets.

3.1.2. PEFT

The results of merging the adapters to the PCMs, in terms of evaluation metrics, are
presented in Table 7.

For the IR-Plag dataset, FFT already produced robust results. Several models matched
the FFT score of 1, including GraphCodeBERT with Houlsby (higher than FFT), UniXcoder
with sequential adapters, and PLBART with the Pfeiffer adapter. CodeBERTa with LoRA
and CodeT5 with LoRA also improved, reaching 0.9908 and 0.9725, respectively. CodeBERT
was the only model in which all adapters reduced performance compared with FFT. In
contrast, the other models kept their F; performance or matched FFT. For the Progpedia-19
dataset, FFT and PEFT scored 1 for almost all models. The adapters did not reduce F;
except for CodeBERTa. The dataset is simple, and both FFT and PEFT reached perfect
predictions for all models except CodeT5 and CodeBERTa.

For the ConPlagl dataset, several models benefited from the use of adapters. PLBART
with the Pfeiffer adapter achieved the highest F; score of 0.9398, surpassing FFT. CodeT5
with Houlsby also improved and reached 0.9000. GraphCodeBERT with the Pfeiffer adapter
reached 0.8333, higher than its FFT value. CodeBERTa, CodeBERT, and UniXcoder did
not improve over FFT on ConPlagl. For the ConPlag2 dataset, PLBART with the Pfeiffer
adapter achieved the highest adapter score at 0.9195, which remained below PLBART’s
FFT score of 0.9268. CodeBERTa with LoRA reached 0.8293, higher than its FFT score.
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CodeT5 with Houlsby and LoRA both reached 0.8000, and GraphCodeBERT with Houlsby
improved to 0.7727. UniXcoder and CodeBERT did not benefit from the adapters in
this dataset.

An observation is that the smaller models, CodeBERTa and CodeT5, benefited more
and mostly achieved better results with adapters than with Full Fine-Tuning. This may be
due to having even fewer parameters to fine-tune, making the models more manageable
and less prone to overfitting.

Finding 2: Merging adapters with the PCMs led to better or similar F; scores compared
to FFT. The main exceptions were CodeBERT on IR-Plag and both ConPlag datasets, and
UniXcoder across the ConPlag datasets.

3.1.3. Error Analysis

In this subsection, we investigate the plagiarism cases or levels that the PCMs or
adapters successfully captured, and those that the model failed to capture. The analysis
uses the correct positive predictions over the total number of plagiarised test pairs in each
level, following the single-split results.

In ConPlagl, all selected FFT and adapter runs detected the L1 cases. The remaining er-
rors were concentrated in L2-L6. For FFT, CodeBERT and GraphCodeBERT each produced
7 FNs, UniXcoder produced 5, CodeBERTa produced 9, and PLBART and CodeT5 each pro-
duced 3. The best adapters did not uniformly reduce missed positives: CodeBERT increased
to 14 FNs, GraphCodeBERT stayed at 7, UniXcoder increased to 6, CodeBERTa decreased to
6, PLBART stayed at 3, and CodeT5 increased to 6. This shows that adapter improvements
in F; are related to reducing FPs, not only from detecting more plagiarised pairs.

In ConPlag?, all selected runs again detected the L1 cases, while the harder levels
were mainly L3-L6. FFT produced 8 FNs with CodeBERT, 11 with GraphCodeBERT, 3 with
UniXcoder, 9 with CodeBERTa, and 4 each with PLBART and CodeT5. The best adapters
reduced missed positives for CodeBERT, GraphCodeBERT, CodeBERTa, PLBART, and
CodeT5, but increased UniXcoder’s missed positives from 3 to 8. PLBART and CodeT5 were
the strongest adapters on this per-level view, each missing only 2 positives on ConPlag?2.

The L4 cases in which most models failed to capture involve either creating a new
function or placing it at the beginning or end of a long code block. Therefore, the instances in
which the models or adapters consistently failed to capture were those in which plagiarism
occurred in lengthy code, due to the pre-trained models’ 512-token limit. Furthermore,
adding unused functions at the beginning of the file results in an FN with the PCMs.

Finding 3: The PCMs fail to capture plagiarism occurring at the end of lengthy code
snippets exceeding their maximum length of 512. They also fail to capture the obfuscated,
unnecessary functions added to the beginning of the code.

Detailed qualitative code pair examples that support Finding 3 are provided in
Appendix A.

3.1.4. FFT vs. PEFT

During the experimental phase, various efficiency metrics were monitored, including
training time, inference time, GPU usage, and the number of trainable parameters for
all pre-trained models and adapters across both dataset versions. We report efficiency
metrics and comparisons across the ConPlag raw dataset, as shown in Figure 5. For the
other datasets, the efficiency metrics are available in Appendix D. They lead to the same
conclusions.

Model/adapter size and trainable parameters percentage: Regarding the PCMs, their
public checkpoint size and number of parameters were previously presented in Table 4. The
fine-tuned model sizes and adapter sizes for the raw dataset are illustrated in Figure 5e. The
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percentages of trainable parameters for all the models for the raw dataset are presented in
Figure 5c. The sizes of fine-tuned models are slightly different from the public checkpoints.
CodeBERT, GraphCodeBERT, and UniXcoder have comparable fine-tuned model sizes of
approximately 480 MB, with approximately 125M parameters. PLBART has the largest
fine-tuned model size, at 534 MB, with 140 M trainable parameters. CodeBERTa measures
320 MB and has 84 M configurable parameters. Among the selected models, CodeT5-small
is the smallest, with a size of 234 MB and 60 M parameters. The fine-tuned model sizes
in Figure 5e are slightly different from the public checkpoint sizes in Table 4. In FFT, all
parameters require adjustment, resulting in 100% trainable parameters.

Efficiency Metrics for Conplagl

(a) Train Runtime (s) (b) Test Runtime (s)
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Figure 5. ConPlag raw efficiency comparison heat maps. The colour bars show the value scale, and
darker blue cells indicate larger values within each metric. (a) Training time in seconds. (b) Inference
time in seconds. (c) Percentage of trainable parameters. (d) Percentage of GPU usage. (e) Model size
in MB for the pre-trained models and adapters.

For the adapters, the Houlsby adapter is the largest and highest in percentage of
trainable parameters, followed by Pfeiffer, and then LoRA. The size of the Houlsby adapter,
including the CH, is 9.1 MB for CodeBERT, GraphCodeBERT, PLBART, and UniXcoder,
whereas it is 5.7 MB for CodeBERTa and 4.1 MB for CodeT5. The parameter count percent-
age for Houlsby ranges from 1.7% for PLBART and CodeT5 to 2.5% for CodeBERTa. In
the Pfeiffer adapter, the model size ranges from 2.5 MB to 5.7 MB, and the percentage of
trainable parameters ranges from 1.1% to 2.0%. For LoRA, the size is 2.2 MB for CodeT5
and 4.0 MB for PLBART, and the trainable parameters range from 0.7% to 1.6%. When
merged, the adapter size is added to the model size.

Assuming k tasks, model size m, and adapter size n, FFT requires approximately
km storage, whereas adapters require approximately m + kn storage when a single base
model is shared. This is advantageous when dealing with multiple tasks and multiple
pre-trained models. For instance, storing four CodeBERT FFT checkpoints would require
approximately 4 x 475.5 = 1902 MB, whereas one CodeBERT base model plus four LoRA
adapters of about 3.4 MB each would require approximately 475.5 4 (4 x 3.4) = 489.1 MB.
However, for a single-task setting, additional storage is still required to save the adapters
for merging with the pre-trained model. Overall, compared to FFT, adapter size is reduced
by around 98% to 99.5%, while the percentage of trainable parameters is reduced by around
97.5% to 99.3%, depending on the model and adapter type.
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GPU Usage percentage: During the experiments, we monitored the GPU usage per-
centage during training as per Figure 5d. FFT surpasses PEFT in GPU usage and is more
resource-intensive. The highest GPU usage was with PLBART, reaching 68.7%. It was
reduced to 52.9% in Pfeiffer, with higher F; performance. The minimum GPU usage for
FFT was 18.9% with CodeBERTa, and it decreased to 13.2% with a reduction of around
30% with Pfeiffer and LoRA. CodeBERT, GraphCodeBERT, and UniXcoder showed relative
reductions of approximately 28%-32%, while CodeBERTa had the lowest absolute GPU
usage. Hence, all adapters use less GPU than FFT.

Training and prediction time: Since we used a validation set with early stopping, the
training time across the experiments was not consistent. Overall, adapters required less
training time than FFT. However, adapters may need more training epochs to converge
than FFT, whereas they achieve faster training in the same number of epochs. For the
prediction time, since the testing set was small, the difference between FFT and adapters
was slight. Overall, in the experiments, adapters required slightly longer inference times
than FFT, with LoRA having the lowest inference cost among the adapters.

Finding 4: Full fine-tuning exhibits lower inference costs, while adapters show advan-
tages in GPU usage and number of trainable parameters.

3.1.5. Comparison with SCPDTs

The two current open-source SCPDTs used in this study are JPlag [48] and Dolos [49].
Both are unsupervised similarity-based tools, whereas the fine-tuned PCMs are supervised
classifiers that require labelled training pairs. Therefore, the comparison is intended to
show the empirical difference between these two deployment paradigms on the selected
datasets, not to imply that supervised models are a direct replacement for unsupervised
tools in every setting. We optimise parameters for both tools using only the training and
validation data and then report their performance on the testing set. The parameters and
best parameters used for both JPlag and Dolos are available in Appendix B. The pairs are
labelled as plagiarised or not based on a threshold; if the similarity exceeds this threshold,
the pairs are labelled plagiarised. We experimented with thresholds ranging from 0.01 to
0.99 and selected the best threshold based on the validation data. The test set is not used
during parameter or threshold selection.

The results can be seen in Table 8. For IR-Plag, the best-performing model in the
experiments, PLBART with FFT and Pfeiffer, achieved higher scores than the tools across all
metrics, achieving a score of 1. JPlag had 11 FPs and 12 FNs (across L4 to L6). The similarity
scores for some of the FNs are low (<0.22), which led to their labelling as negatives. This
indicates an issue with JPlag at the levels L5 and L6. A quarter of the FPs had a similarity
value (>0.97). Dolos had 6 FNs related to cases L4 to L6, with similarity scores below 0.23,
while correctly detecting other plagiarism levels. For the Progpedia-19 dataset, several
pre-trained models yielded an F; score of 1. JPlag had two FPs related to the addition
of extra or obfuscated code, and Dolos had a single FP related to extra added functions.
The plagiarism modifications were simple and easy to capture. For the ConPlag datasets,
PLBART with both FFT and PEFT achieved higher F; scores than both tools. For the raw
dataset, Dolos yielded 39 FPs and 3 FN's, with FN's primarily occurring at plagiarism levels
L3 to L5. In contrast, JPlag produced 15 FPs and 8 FNs, with failures concentrated in
plagiarism levels L4 to L6. For the template-free dataset, Dolos yielded 18 FPs and 4 FNs,
with FNs primarily occurring at plagiarism levels L3 to L5. In contrast, JPlag produced 21
FPs and 5 FNs, with failures spanning plagiarism levels L3 to L6. Therefore, both JPlag
and Dolos produced more FPs than PLBART across both dataset versions. One advantage
of these tools is that they use text- or code-similarity algorithms, which do not require
training data, unlike machine learning or deep learning models. In pre-trained models,
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training instances that model how plagiarism occurs must be provided to enable learning.
One drawback of these tools is the choice of the threshold, as varying it affects classification
accuracy.

Table 8. Comparison between plagiarism-detection tools and PLBART (FFT and PEFT), across four
datasets, in terms of precision, recall, and F; scores, in the single random split.

IR-Plag
Tool/Model P R K # FPs # FNs
JPlag 0.7925 0.7778 0.7850 11 12
Dolos 0.8136 0.8889 0.8496 11 6
PLBART (FFT) 1.0000 1.0000 1.0000 0 0
PLBART (Pfeiffer) 1.0000 1.0000 1.0000 0 0
ConPlagl
Tool/Model P R K # FPs # FNs
JPlag 0.6939 0.8095 0.7473 15 8
Dolos 0.5000 0.9286 0.6500 39 3
PLBART (FFT) 0.9070 0.9286 0.9176 4 3
PLBART (Pfeiffer) 0.9512 0.9286 0.9398 2 3
ConPlag?2
Tool/Model P R K #FPs #FNs
JPlag 0.6379 0.8810 0.7400 21 5
Dolos 0.6786 0.9048 0.7755 18 4
PLBART (FFT) 0.9500 0.9048 0.9268 2 4
PLBART (Pfeiffer) 0.8889 0.9524 0.9195 5 2
Progpedia-19
Tool/Model P R K # FPs # FNs
JPlag 0.8824 1.0000 0.9375 2 0
Dolos 0.9375 1.0000 0.9677 1 0
PLBART (FFT) 1.0000 1.0000 1.0000 0 0
PLBART (Pfeiffer) 1.0000 1.0000 1.0000 0 0

Single-Split Plagiarism-Level Detection

Figure 6 shows the single-split detection rate by plagiarism level for ConPlagl, Con-
Plag2, and IR-Plag. The rate is calculated over plagiarised pairs only. The selected PLBART
follows Table 8: Pfeiffer is used for ConPlagl, while FFT is used for ConPlag2 and IR-Plag.
The selected PLBART captures all L1-L2 cases in the ConPlag datasets and all levels in
IR-Plag, but still misses some ConPlag L3-L6 cases. JPlag and Dolos had a lower detection
rate on several harder L5-L6 levels, especially on IR-Plag.
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Single-split detection rate by plagiarism level
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Figure 6. Single-split plagiarism-level detection for the selected PLBART, JPlag, and Dolos.

3.2. Cross-Validation Results

A single random split can be biased, and the randomness may favour easier cases;

it was used for hyperparameter selection and analysis. Therefore, we performed k-fold

cross-validation to obtain a more reliable evaluation of the models and adapters. We used

stratified k-fold cross-validation to preserve the original class imbalance. We selected k = 5

to ensure sufficient test data. Using k-fold cross-validation, we split the full dataset into five

folds, with four used for training and the remaining fold used for testing. This process was

repeated five times, and the mean metric scores were computed. The resulting test share is

larger than in the single-split case (20% rather than 15%). The results are available in Table

9. The overall F; scores are lower than those of the single random split. Some folds were

similar to the random single split, whereas other folds contained more long code pairs. A

few misclassified cases in IR-Plag folds are attributed to simple Java print programs, while

a few Progpedia-19 errors involve additional obfuscated code within lengthy code pairs.

For the ConPlag datasets, the lower cross-validation performance relative to the random

single split is linked to the distribution of longer token lengths across folds. More pairs

with higher token sums were present in some test folds, and all observed ConPlag failure

cases had pair context lengths greater than 512 tokens.

Table 9. Performance comparison (F; score £ SD) without preprocessing.

Dataset Model FFT Houlsby Pfeiffer LoRA
CodeBERT 0.7479 +£0.0322 0.6442+0.1167 0.6395+0.0554 0.5612 +-0.0708
GraphCodeBERT  0.6784 £0.0174 0.6127 £0.0467 0.7345+0.0314 0.5960 4 0.0441

ConPlagl UniXcoder 0.7637 £0.0292  0.7123 +0.0312  0.7369 +0.0410  0.6990 + 0.0079
CodeBERTa 0.7252 +£0.0266  0.7044 £0.0459 0.7110 £0.0439  0.6872 + 0.0053
PLBART 0.7907 £0.0177 0.7913 +0.0402 0.76614+0.0212  0.7012 4 0.0227
CodeT5 0.7045+£0.0284  0.6997 £0.0251  0.6669 & 0.0278  0.6872 + 0.0408
CodeBERT 0.6328 £0.0431 0.6512 £0.0434 0.6672 4 0.0355 0.6176 % 0.0466
GraphCodeBERT  0.7038 £0.0364 0.7084 £0.0390 0.6710 4 0.0230  0.6193 4 0.0487

ConPlag? UniXcoder 0.7823 £0.0404 0.7153 £0.0425 0.7013+0.0305 0.6898 + 0.0424
CodeBERTa 0.7628 £0.0392  0.6897 £0.0220 0.6678 4-0.0314  0.7045 + 0.0234
PLBART 0.8326 £0.0451 0.7604 +0.0552 0.8197 +0.0215 0.7635 + 0.0241
CodeT5 0.6816 +0.0382 0.7022 +0.0274 0.6742+0.0313 0.6143 + 0.0415
CodeBERT 0.9837 £0.0156  0.9718 +0.0202 0.9573 +0.0276 0.9708 + 0.0181
GraphCodeBERT  0.9820 £ 0.0127 0.9806 & 0.0058 0.9779 0.0179  0.9794 4 0.0109

IR-Plag UniXcoder 0.9904 £0.0115 0.9728 £0.0457 0.9862 4 0.0070  0.9809 % 0.0156
CodeBERTa 0.9750 £0.0164 0.9438 £0.0275 0.9875+0.0166 0.9779 4 0.0076
PLBART 0.9837 £0.0124 0.9821 +£0.0116  0.9877 +0.0089  0.9863 + 0.0069
CodeT5 0.9305+0.0378 0.9012 £0.0131 0.9536 4 0.0259  0.9377 4+ 0.0218
CodeBERT 0.9139+0.1143 0.6974+0.1592 0.8380+0.1214 0.7837 +0.1557
GraphCodeBERT  0.9519 £0.0655 0.9408 £0.0716 0.9462 4 0.0542 0.9711 4 0.0294

Progpedia-19 UniXcoder 0.9723 £0.0280 0.9771£0.0313 0.9461 +0.0693 0.9417 4 0.0670
CodeBERTa 0.9669 £0.0367 0.9427 +0.0358 0.9727 +0.0385 0.9673 £ 0.0355
PLBART 0.9777 £0.0306  0.9437 £0.0521  0.9395 4 0.0841  0.9656 % 0.0390
CodeT5 0.9004 £0.0540 0.9270£0.0118 0.8543 +0.0802 0.8937 4+ 0.0317
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3.2.1. Statistical Testing

For the statistical tests, we follow the recommendations of Rainio et al. [50]. The
main statistical comparison is between FFT and the best PEFT configuration for the same
dataset-model pair in Table 9. This gives 24 matched observations from the four datasets
and six 512-token models. Since this is a two-method paired comparison, we use a two-
sided Wilcoxon signed-rank test [51] and report the paired mean difference with a 95%
confidence interval. The significance level is set to « = 0.05.

We then compare the three PEFT configurations against each other using the Friedman
test [52], as this comparison involves more than two matched methods. Since the Friedman
test is not significant at « = 0.05, no post hoc pairwise test is required for the main
interpretation.

Table 10 summarises the main statistical results. The FFT versus best-PEFT confidence
interval crosses zero, which means the results do not support a consistent F; advantage
for either approach when the strongest adapter is selected per dataset-model pair. The
adapter-only Friedman test is also not significant, indicating no statistically significant
overall difference among Houlsby, Pfeiffer, and LoRA.

Table 10. Main statistical testing summary for the 512-token cross-validation F; results.

Comparison Test Result Interpretation
Wilcoxon: AF; = +40.0075, No significant difference. The
FFT vs. best PEFT 95% CI [—0.0080, +0.0231], strongest adapter choice is
p = 0.7048 comparable to FFT in F;.
No significant overall differ-
. Friedman: x> = 3.25,p = ence among the three PEFT
Houlsby vs. Peiffer vs. LoRA 0.1969 methods; no post hoc pairwise

test is required.

3.2.2. Impact of Preprocessing and Longer Context Window

The preceding error analysis shows that several missed ConPlag cases are linked to
the 512-token input limit. Surveys of long-text and long-document Transformer modelling
group the main solutions into efficient attention, recurrence or memory mechanisms,
sparse/global attention patterns, hierarchical modelling, compression, and segment-level
aggregation [53-55]. Several strategies can therefore mitigate the limited-context issue
in SCPD. One approach is to use models or attention mechanisms designed for longer
sequences. Longformer [56], BigBird [57], and Reformer [58] reduce the cost of full self-
attention and make longer context windows more practical. A second approach is to
split a long program into overlapping chunks and aggregate the chunk-level predictions,
although this can miss relationships between distant code regions. A third approach is
hierarchical aggregation, where code fragments are encoded first and then combined at
a higher level, similar to hierarchical attention models for long documents [59]. A fourth
approach is to reduce or abstract the input before classification, for example by removing
boilerplate or unused text, applying code normalisation [60], or summarising code with
code sequence-to-sequence models [32,33]. These alternatives involve different trade-offs:
long-context models increase computational cost, chunking and hierarchical aggregation
require additional aggregation decisions, and input reduction may remove useful evidence.

In this paper, we focus on two practical options that can be evaluated within the same
classification pipeline: preprocessing and a longer-context encoder. We studied the impact
of preprocessing on both ConPlag versions, since the other two datasets were less affected
by long inputs. We then evaluated a model with a longer context length.

For preprocessing, we removed comments, imports, and multiple spaces to reduce
the token count, resulting in fewer misclassifications in most configurations than in the
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unprocessed case. The cross-validation results are shown in Table 11. After preprocessing,
the average number of tokens decreased by approximately 3.5% in the raw dataset and by
approximately 6.5% in the template-free dataset. Preprocessing improved several F; scores
and assisted with the limited token length. PLBART with FFT was the best 512-token model
on both ConPlag raw and template-free versions, reaching F; scores of 0.8330 & 0.0303 and
0.8718 £ 0.0161, respectively.

Table 11. Performance comparison (F; score + SD) with preprocessing.

Dataset Model FFT Houlsby Pfeiffer LoRA
CodeBERT 0.7673 £0.0411 0.6950 £0.0275 0.6193 £0.1067 0.6729 + 0.0428
GraphCodeBERT 0.7706 £0.0486 0.7225+0.0443 0.7381 +0.0480 0.6486 + 0.0340

ConPlagl UniXcoder 0.7982 +0.0188 0.7341 +0.0635 0.7278 +0.0331 0.7161 4 0.0311
CodeBERTa 0.7478 +0.0586  0.7143 4 0.0437 0.7353 +0.0575 0.6776 %+ 0.0390
PLBART 0.8330 £0.0303  0.8027 0.0313  0.8039 +0.0371  0.6979 + 0.0264
CodeT5 0.7289 +0.0463 0.6970 +0.0269 0.71224-0.0442 0.7098 + 0.0277
CodeBERT 0.6558 +0.0373  0.6825+0.0850 0.680140.0302 0.6534 + 0.0374
GraphCodeBERT 0.7810 £0.0444 0.7610 £0.0518 0.6674 +0.0607 0.7421 4 0.0338

ConPlag2 UniXcoder 0.7676 +0.1877  0.7597 +0.0303  0.7723 +0.0362  0.7229 + 0.0385
CodeBERTa 0.8218 +0.0256  0.7869 4-0.0284 0.7796 +0.0373  0.7694 + 0.0327
PLBART 0.8718 £0.0161 0.8219 +0.0394 0.8456 4-0.0505 0.8606 + 0.0453
CodeT5 0.7166 +0.0439  0.7193 +0.0421 0.6578 +0.0269  0.6829 4 0.0371

For the longer context length, we experimented with ModernBERT [61], an enhanced
BERT model with a context window of up to 8192 tokens. We used the same cross-
validation setup to evaluate this model on the ConPlag datasets. We experimented with
L € {512,768,1024,1280}. Table 12 reports the results using F;. Overall, longer context
improves performance on both ConPlag datasets, and preprocessing usually improves
the strongest results. Under cross-validation, the best F; scores were 0.8885 =+ 0.0341 for
ConPlagl with Pfeiffer, preprocessing, and L = 1280, and 0.9281 £ 0.0253 for ConPlag?2
with Houlsby, preprocessing, and L = 1280. However, ModernBERT with FFT has a larger
model size of 570 MB, higher GPU usage of approximately 90%, and longer training and
inference times. Comparing 512 to 1280, the training time is doubled, the inference time is
increased by around 50%, and the GPU percentage is increased slightly more than double.
Therefore, expanding the context length increases the cost and complexity, leading to a
trade-off between F; performance and cost.

Table 12. ModernBERT F; scores by sequence length and fine-tuning method under 5-fold cross-
validation: (a) without preprocessing and (b) with preprocessing.

(a) Without preprocessing

Dataset L FFT Houlsby Pfeiffer LoRA
512 0.6616 £ 0.0505 0.6830 £ 0.0330 0.6594 £ 0.0366 0.6432 £ 0.0337
ConPlagl 768 0.8280 £ 0.0384 0.8183 £ 0.0348 0.8111 £ 0.0277 0.7188 +0.0121
& 1024 0.8297 £0.0477 0.7509 £ 0.0737 0.8281 £ 0.0411 0.7717 £ 0.0449
1280  0.8789 4+ 0.0377 0.7860 £ 0.0524 0.8507 £ 0.0348 0.8177 £ 0.0572
512 0.7871 £+ 0.0431 0.7993 £ 0.0408 0.6865 £ 0.0649 0.6397 £ 0.0198
ConPlag? 768 0.8471 £ 0.0415 0.8874 £ 0.0372 0.8327 £+ 0.0297 0.7782 £ 0.0475
& 1024 0.8989 + 0.0382 0.8932 £ 0.0357 0.8944 £+ 0.0371 0.8520 £+ 0.0371
1280  0.9220 £ 0.0346 0.9157 £ 0.0391 0.8738 £ 0.0502 0.8549 £ 0.0350
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Table 12. Cont.
(b) With preprocessing
Dataset L FFT Houlsby Pfeiffer LoRA
512 0.8066 + 0.0261 0.7932 £ 0.0250 0.7656 % 0.0248 0.6873 = 0.0300
ConPlael 768 0.8596 + 0.0300 0.7604 £ 0.0571 0.8305 + 0.0437 0.8070 +£ 0.0407
& 1024 0.8676 + 0.0391 0.8309 +£ 0.0656 0.8278 &+ 0.0444 0.7765 £ 0.0411
1280 0.8811 +0.0215 0.8583 + 0.0445 0.8885 £+ 0.0341 0.8731 £+ 0.0354
512 0.8338 = 0.0348 0.7328 £ 0.0385 0.6998 + 0.0401 0.7062 £ 0.0301
ConPlag? 768 0.8479 £ 0.0409 0.8935 + 0.0405 0.8388 + 0.1007 0.8253 £ 0.0577
& 1024 0.9193 + 0.0358 0.9206 £ 0.0361 0.9152 + 0.0376 0.8653 + 0.0369
1280 0.9054 + 0.0476 0.9281 £ 0.0253 0.8972 £ 0.0452 0.8916 £ 0.0266

3.2.3. Comparison Against SCPDTs

The results of JPlag, Dolos, and the selected fine-tuned configurations over cross-
validation are available in Table 13. ModernBERT is reported for the ConPlag datasets
because it exceeds the best 512-token PLBART result there. UniXcoder is reported for
IR-Plag because it is the strongest retained cross-validation for that dataset, while PLBART
remains the strongest retained fine-tuned for Progpedia-19. For JPlag and Dolos, the
parameter and threshold search is repeated using only the training data inside each fold;
the remaining fold is used only for testing. Cross-validation gives a more precise and
less split-dependent comparison than the single random split. JPlag and Dolos generally
achieve high recall but lower precision on the ConPlag datasets, while the fine-tuned
supervised models are more balanced when labelled training pairs are available. On
Progpedia-19, PLBART is slightly above both tools, nearing perfect accuracy, as the dataset
has easier code obfuscations.

Table 13. Comparison of JPlag, Dolos, and selected fine-tuned configurations across four datasets
using 5-fold cross-validation. Results are reported as mean + standard deviation.

IR-Plag

Tool/Model P R F

JPlag 0.8036 £0.0154 0.9644 £0.0712  0.8747 £ 0.0237
Dolos 0.8193 +£0.0318 0.9480 +£0.0340  0.8785 + 0.0265
UniXcoder (FFT) 0.9918 £0.0122  0.9891 +£0.0149 0.9904 £ 0.0115
UniXcoder (Pfeiffer) 0.9919 £0.0074 0.9809 £ 0.0206  0.9862 £ 0.0070

ConPlagl (Raw)

Tool/Model P R 21

JPlag 0.8018 £0.0419  0.6950 £ 0.0798  0.7408 + 0.0450
Dolos 0.7311£0.0733  0.6060 £ 0.0774  0.6552 £ 0.0328
PLBART (FFT) 0.8473 £0.0300 0.8202 £0.0451 0.8330 £ 0.0303
PLBART (Pfeiffer) 0.8127 +£0.0912  0.8008 + 0.0217  0.8039 + 0.0371
ModernBERT (Pfeiffer, pre., L = 1280) 0.9071 £0.0394 0.8713+£0.0372  0.8885 +£ 0.0341

ConPlag?2 (Template-Free)

Tool/Model P R F

JPlag 0.8428 +0.0172  0.7070 £ 0.0755  0.7664 + 0.0436
Dolos 0.7972 +0.0452  0.7072 +0.0748  0.7448 + 0.0241
PLBART (FFT) 0.8992 +£0.0460 0.8477 £0.0214 0.8718 £0.0161
PLBART (Pfeiffer) 0.8478 +£0.0582  0.8437 +0.0442  0.8456 + 0.0505
ModernBERT (Houlsby, pre., L = 1280) 09174 +£0.0240 0.9414 +£0.0572  0.9281 £ 0.0253
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Table 13. Cont.
Progpedia-19

Tool/Model P R F
JPlag 0.9800 + 0.0400 0.9561 +0.0414 0.9666 + 0.0210
Dolos 0.9531 +£0.0705 0.9561 +0.0414 0.9517 £ 0.0286
PLBART (FFT) 0.9800 £ 0.0447 0.9778 £0.0497 0.9777 4+ 0.0306
PLBART (Pfeiffer) 0.8948 +0.1402  1.0000 + 0.0000  0.9395 + 0.0841

Cross-Validation Plagiarism-Level Detection

Figure 7 shows the 5-fold CV detection rate by plagiarism level for the datasets
with L1-L6 annotations. The rate is calculated over plagiarised pairs only. The best fine-
tuned configurations are presented in Table 13: ModernBERT is used for ConPlagl and
ConPlag?, while UniXcoder is used for IR-Plag. The pattern is clear in ConPlagl and
ConPlag?2, where the best fine-tuned model keeps higher detection on the more difficult
L4-L6 transformations in most cases. In IR-Plag, all methods capture L1-L4 well, while the
best fine-tuned methods remain strongest on L5-L6.

5-fold CV detection rate by plagiarism level

=~ Selected FT = JPlag == Dolos

ConPlag1 ConPlag2 IR-Plag
ModernBERT Pfeiffer ModemnBERT Houlsby UniXcoder FFT
L e 4

J.

05

Detection rate

Plagiarism level

Figure 7. Five-fold cross-validation plagiarism-level detection for the best fine-tuned, JPlag, and
Dolos.

4. Discussion

This section provides answers to the RQs, gives practical recommendations, discusses
the empirical study threats to validity, and mentions takeaways, limitations and ideas for
future work.

4.1. Answers to the Research Questions

Based on multiple experiments, we obtain the following answers to the research
questions.

RQ1  How does fine-tuning the PCMs perform on the task of SCPC?
The random single split is useful for model selection and diagnostic analysis, but
the main conclusion is based on 5-fold cross-validation. Under cross-validation,
the selected best fine-tuned configurations achieved a higher F; than JPlag and
Dolos across all datasets when labelled training data were available. The main
limitation of the 512-token PCMs is the restricted context window; ModernBERT,
with a longer context window and preprocessing, improved the ConPlag results.

RQ2  What is the impact of merging the adapters on PCMs for the SCPC task?
Adapters with the PCMs had similar F; performance with several models. The
exceptions were CodeBERT in IR-Plag and ConPlag datasets and UniXcoder in
ConPlag datasets, which led to lower performance with PEFT. The statistical
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analysis in Section 3.2.1 indicated no significant difference between FFT and the
best PEFT configuration when each dataset-model pair was compared with its
strongest adapter result.

RQ3  How do Parameter-Efficient Fine-Tuning and Full Fine-Tuning compare in terms of
training time, inference time, number of trained parameters, and GPU usage?
FFT required the longest training time within the same number of epochs, while the
Pfeiffer adapter required the least training time. However, adapters may require
more training epochs. Adapters introduced additional inference latency relative to
FFT, except for LoRA, which had the lowest inference overhead. Maximum GPU
usage occurred with FFT. Full Fine-Tuning adjusts all the weights of the pre-trained
model, whereas the adapters adjust around only 0.7% to 2.5% of the trainable
parameters. The adapter size is added to the model size for a single-task setting.
However, when multiple pre-trained models are fine-tuned on several datasets,
adapters can be advantageous in terms of storage.

4.2. Practical Recommendations

The results suggest that the choice between FFT and PEFT should depend on both
the data and the resources. Relevant factors include the classification accuracy (F; score),
expected input length, available GPU resources, storage budget, tolerance for inference
latency, and the need to maintain multiple task-specific models.

When the priority is to maximise classification performance on one dataset, and
sufficient GPU resources are available, FFT remains a strong option. For long assignments,
preprocessing or a longer-context model should be considered, since some missed cases
were linked to the 512-token limit.

When models need to be adapted incrementally, reused across multiple tasks, or
maintained in several variations, PEFT is more practical. A single base model can be shared,
while small task-specific adapters are stored separately. This makes it easier to maintain
different versions for assignments, courses, programming languages, or academic years
without storing a full fine-tuned checkpoint for each case. The bottleneck adapters have a
slight increase in inference latency, which may be tolerable in offline settings.

In practice, the best 512-token model is a reasonable starting point for short assign-
ments with labelled historical data. If many submissions exceed the context limit, pre-
processing should be applied first, followed by a longer-context model if resources allow.
Overall, PEFT is better suited to institutions with limited computation capacity or many
assignment-specific models, whereas FFT remains suitable when the strongest single-task
performance is required, and the training cost is acceptable.

4.3. Empirical Study Threats to Validity

This section discusses the internal and external threats to the validity of this study.

4.3.1. Internal

This empirical study faces several internal validity threats. The first is that default
parameters for the adapters were employed during the experiment, and altering these
parameters could produce different results. Future research should focus on optimising
hyperparameters for each model and adapter individually, including adapter reduction
factors, LoRA ranks and scaling factors, dropout, and batch size, and monitor the impact of
these parameters on the performance. The second threat is that some random single-split
test partitions are small, especially IR-Plag with 69 test instances and the ConPlag versions
with 137 test instances. Small test sets increase the variance of a single-split estimate, so the
main conclusions are based on stratified 5-fold cross-validation rather than only the random
split. The third threat is related to the use of Java-only, single-file code pair datasets. Java
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was selected because the available labelled SCPD datasets used in this study are Java-based
and because Java is widely used in programming assignments. However, the models were
not tested on other programming languages; therefore, the reported findings should not
be interpreted as language-independent evidence. Cross-language validation on other
languages, such as Python (3.14.5), C/C++, and JavaScript, including experiments with
multilingual code models and language-specific adapters, is an important direction for
future work.

4.3.2. External

External validity threats also exist in this study. The datasets, containing Java
code pairs, were utilised based on the authors” recommendations without considera-
tion of potential annotation issues. In some cases, annotating plagiarism can be sub-
jective and may vary from one instructor to another, even with specifying the ap-
propriate plagiarism level. The IR-Plag repository notes (accessed on 8 July 2026) at
https:/ / github.com/oscarkarnalim/sourcecodeplagiarismdataset#important-remarks in-
clude important remarks on potential similarity among some non-plagiarised submissions
and possible exclusion of one submission when using the dataset. The ConPlag L1-L6
level annotations used in this study were produced by the first author as a single annotator.
Furthermore, the study relies on several Python libraries, and the results are influenced
by the specific GPU used and the versions of these libraries. The datasets are small and
limited to Java; hence, the generalisability of the findings should be assessed on additional
datasets and programming languages in the future.

Additionally, the study used the small version of the CodeT5 model due to GPU
limitations, while multiple variations of this model exist. Employing larger models could
yield different results but would incur higher GPU resource costs.

4.4. Key Takeaways

This empirical study has provided several valuable insights into the use of PCMs
for SCPD. Below are the key takeaways that can inform future research and practical
applications.

1.  The PCMs demonstrate robustness when provided with high-quality training data.
PLBART achieved the highest F; performance among the selected 512-token models,
possibly due to its denoising pre-training objective on unlabelled data. By learning to
recover original code from corrupted input, the model is better equipped to detect
obfuscated or altered plagiarised code. This also makes it well-suited for style-based
analysis tasks.

2. When working with multiple datasets, adapters offer an efficient and modular solution.
They enable easy training, merging, and toggling (ON/OFF), thereby increasing
flexibility across tasks and datasets.

3.  Smaller models in the study (CodeBERTa and CodeT5 small) benefited more from
PEFT. This can be attributed to the model having even fewer trainable parameters,
making it more manageable and effective for learning.

4. Due to their limited token length, the selected PCMs may fail to detect plagiarism
when irrelevant or obfuscated code is inserted at the beginning, or when plagiarised
content is placed toward the end of longer code files. This was verified using a model
with a longer context window, but it still exhibits issues with a high combined token
count across pairs. We verified this using ModernBERT with different context lengths.

5. Inreal academic settings, synthetic plagiarism cases and data augmentation can help
when labelled cases are scarce. Such cases can be created manually from instructor
reference solutions or with automated plagiarism generation tools such as [62] or [60].
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Instructors may occasionally reuse programming assignments across semesters or
terms [63]; while reusing assignments is not recommended, anonymised historical
submissions can improve the predictive performance of plagiarism detection models
when handled responsibly. Adapters may be suitable for this context because they
support continual fine-tuning while retaining knowledge of previous adapters.

4.5. Limitations and Directions of Future Work

There are several limitations associated with fine-tuning PCMs for code plagiarism

classification. Firstly, they require training data and perform best when the testing data

are similar to the training data. Secondly, the maximum length of the small PCMs is

frequently 512 tokens. Therefore, plagiarism in lengthy code is harder to detect. Thirdly,

the empirical evaluation is limited to Java datasets and uses contest-based or curated

benchmark data, which constrains claims about generalisation to real academic settings.

Based on the findings and limitations of the paper, several future research directions could

help advance research on SCPD.

1.

The maximum length of selected PCMs is 512 tokens. Therefore, plagiarism in lengthy
code is harder to detect. As discussed in Section 3.2.2, possible solutions include
longer-context models, sparse-attention architectures, chunking with aggregation,
hierarchical aggregation, preprocessing, code normalisation, and code summarisation.
In this study, we focused on preprocessing and ModernBERT as a longer-context
encoder. However, this comes at the cost of greater complexity and increased re-
source requirements. For practitioners, preprocessing and long-context encoders are
the simplest first options when assignments regularly exceed 512 tokens, whereas
chunking or hierarchical aggregation may be more suitable when the complete file
must be inspected. Future work should compare multiple long-context models and
chunk-based strategies rather than relying on a single long-context model.

This work did not cover Code Large Language Models (CodeLLMs) in the evaluation
of the models. This is a limitation because CodeLLMs can be beneficial in plagiarism
detection [64]. They can be used for dataset creation or annotation, for zero-shot or
few-shot pair classification, or fine-tuned with PEFT or instructed to act as plagiarism
detectors. They were not included in the empirical evaluation because they require
a different prompting-based inference protocol, substantially larger computational
resources for fine-tuning, and additional experimental choices such as prompt design,
context construction, calibration, and output parsing. Future work should include
a dedicated CodeLLM study, starting with zero-shot and few-shot prompting on a
representative subset, followed by PEFT-based adaptation and Retrieval-Augmented
Generation (RAG) when sufficient compute is available.

Another evaluation approach for PCMs and CodeLLMs is to use a few instances per
plagiarism level and formulate the task as few-shot pair classification, as this is more
applicable in real-world scenarios.

The ConPlag datasets used in this study are contest-based rather than complete real
course cohorts. Contest submissions often involve single-file solutions to certain
problems solved individually and may not reflect assignment code transformations.
Academic plagiarism may contain partial submissions, multi-file projects, and col-
laboration patterns. However, they can be used as simulations of plagiarism as
recommended by the dataset authors.

Future work should evaluate the same SCPD pipeline on non-Java and multilingual
datasets, including Python, C/C++, and JavaScript assignments. Such experiments
would clarify whether the observed behaviour of FFT and PEFT transfers to languages
with different syntax, typing discipline, idioms, libraries, and common obfuscation
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strategies. Multilingual code models and language-specific or language-adaptive
adapters are promising directions for this validation.

6.  Further empirical studies could explore a broader range of models, additional adapter
types, and more extensive hyperparameter optimisation. For example, several variants
of LoRA have been proposed, some of which may yield improved performance [65].
Future sensitivity analysis should include adapter reduction factors, LoRA rank and
scaling, dropout, batch size, and validation criteria for each model and dataset.

7. Due to the lack of labelled training data, another way to approach the task is through
semi-supervised learning, where both labelled and unlabelled data can be used to
enhance the learning in the models.

5. Related Work

This section reviews related work on using pre-trained models for SCPD and the
application of adapters in SE.

5.1. PCMs in SCPD

PCMs have not been extensively utilised in SCPD. Only a small number of studies
have employed code models for this task. The first study by Ebrahim and Joy [66] extracted
embeddings from several PCMs and computed cosine similarity between these embeddings.
Multiple cosine similarity scores served as features. Subsequently, automated machine
learning (AutoML) [67] was used to identify the optimal classifier given these features.
Experiments were conducted on the SOurce COde reuse (SOCO) dataset [68] across Java
and C/C++.

Another study by Ebrahim and Joy [69] used semantic similarity search with embed-
dings generated by code models to identify closely related pairs within the same SOCO
dataset. Embedding models were trained both in a supervised and in an unsupervised
manner. This approach aligns with IR principles.

These studies primarily relied on embeddings extracted from pre-trained models,
demonstrating their potential for plagiarism detection. In contrast, this research focuses
on fine-tuning the PCMs for classifying source code plagiarism instances, which, to our
knowledge, has not been comprehensively achieved before.

5.2. Adapters in Software Engineering

Several related works use adapters in software engineering tasks. These studies
suggest that PEFT can outperform FFT on certain code-understanding or code-generation
tasks. Table 14 summarises adapter integration within SE applications, comparing tasks,
pre-trained models, and PEFT methods across various SE studies. Liu et al. [70] performed
an empirical study of applying several PEFT techniques on several tasks and models.
The models investigated were CodeBERT, GraphCodeBERT, CodeT5, and PLBART. The
adapters selected were Prefix Tuning [71], sequential adapters, IA3 [72], LoRA, parallel
adapters, and mix-and-match (MAM) adapters [73]. The tasks they investigated were
code summarisation, defect detection, clone detection, and code translation. They found
that adapters were efficient and provided better performance in cross-language scenarios.
Furthermore, the adapters achieved accuracy comparable to FFT across multiple tasks.
Zou et al. [74] used the models CodeBERT, RoBERTa, CodeT5, T5, UniXcoder, and BART.
The tasks were clone detection, defect detection, code search, and code translation. They
experimented with the adapters of Houlsby, LoRA, Prefix, and parallel adapters. Their
findings indicated that parallel adapters achieved higher accuracy than other adapter
types. Additionally, they found that parallel adapters outperformed FFT on two tasks (code
search and code translation). Another study by Saberi et al. [75] demonstrated that adapters
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performed better in low-resource code summarisation than FFT. They used the code models
of CodeBERT and GraphCodeBERT and created an adapter fusion similar to MAD-X [40],
which combines multiple adapters. The adapters achieved accuracy comparable to that of
FFT in high-resource settings. Code Change was the focus of Liu et al. [76], which used the
models CodeBERT, GraphCodeBERT, PLBART, UniXcoder and CodeT5 with sequential
adapters and LoRA. The study concluded that adapters and LoRA outperformed FFT
on cross-lingual and low-resource tasks. In [77], Abu Taleb et al. focused on the task of
defect prediction. They fine-tuned the models CodeBERT, JavaBERT [78], CodeT5+ [79],
and CodeReviewer [80] with LoRA, and these exceeded their baselines. Another task in
the literature is data race detection [81], where Shen et al. used GraphCodeBERT and
UniXcoder with sequential bottleneck adapters, along with Neural Architecture Search
(NAS). They found that UniXcoder with NAS exceeded their other baselines.

Other related work used the emerging CodeLLMs for several tasks. For instance,
Weyssow et al. [82] addressed the task of code generation. They used Large Language
Models (LLMs) such as CodeGen [83] and CodeLlama [84], along with several adapters
(LoRA, Prefix, Prompt [85], and IA3). Another study by Lu et al. experimented with the
task of Code Review [86]. They fine-tuned LLaMA [87] with LoRA and Prefix tuning, and
then compared the newly developed (LLaMA-Reviewer) with CodeT5, CodeReviewer and
CommentFinder [88]. Li et al. focused on a different task, program repair [89], in which
CodeLlama and DeepSeek-CodeLlama [90] were used as part of their study with several
adapters (LoRA, Prompt, Prefix, IA3). Another study on the program repair task was
reported in [91], where Dehghan et al. experimented with the LLMs StarCoder2 [92] and
Granite [93] using LoRA adapters. Another work focused on the task of code smell detection
[94], where Zhang et al. used a combination of small PCMs (CodeBERT, GraphCodeBERT,
UniXcoder and CodeT5) and CodeLLMs (DeepSeek-Coder, StarCoder and CodeLlama)
with four PEFT techniques (Prompt, Prefix, LORA and IA3). They concluded that PEFT
exceeded FFT in terms of accuracy in all small PCMs except CodeT5. Another SE task
focused on PEFT and FFT is automatic code repair [95]. Huang et al. used the models
InCoder [96], CodeGen, StarCoder and CodeLlama. They used the adapters LoRA, IA3
and AdaLoRA [97]. They concluded that LoRA outperformed FFT on the task but required
slower training. Another work focused on the code summarisation task [98] using the
models CodelLlama, DeepSeek-Coder, and Phi-3-mini [99], but only with a single adapter,
QLoRA [100]. Afrin et al. concluded that QLoRA exceeded FFT on DeepSeek-Coder
and Phi-3-mini.

Haque et al. [101] conducted a systematic literature review of PEFT methods in SE
tasks, including CodeLLMs and small code models. In this work, we focused on the
smaller encoder and encoder/decoder models. CodeLLMs are out of the scope of this
research paper for several reasons. Firstly, we aimed to study the impact of the FFT of
the models, then compared it with PEFT. FFT of LLMs is a resource-intensive task which
requires more powerful GPUs. Secondly, we compared models that fall within the same
range of trainable parameters (<150 M), whereas CodeLLMs, such as CodeLlama, require
at least 7B parameters to fine-tune, which is not feasible under the available resource
constraints. Thirdly, current Large Language Models (LLMs) rely on prompting for text
classification. There are various prompting strategies, each of which requires extensive
experimentation and analysis. The selected small models rely on contextual understanding
provided by their encoder architecture rather than on prompting. Future work could
explore the effectiveness of PEFT and prompting strategies on CodeLLMs. They are out
of scope due to disparate parameter scales, limited GPU resources, and heterogeneous
inference methods, including prompting.
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Table 14. Related work on Parameter-Efficient Fine-Tuning for software engineering tasks in terms of

tasks, explored models, and adapters.

Ref. Task Models Adapters
Summarisation, defect predic- Prefix, adapter, A3
[70] EEEI translation, clone detec- CodeBERT, GraphCodeBERT, CodeT5, PLBART parallel, LoORA, MAM
Clone detection, defect detec- Houlsby, prefix. LoORA
[74] tion, code search, code transla- CodeBERT, RoBERTa, CodeT5, T5, UniXcoder, BART parallely, p ’ ’
tion
[75] Code summarisation, clone CodeBERT, GraphCodeBERT Adapters
detection
[76] Code change ECO)S??SERT, GraphCodeBERT, PLBART, UniXcoder, LoRA, adapters
[77] Defect prediction CodeBERT, JavaBERT, CodeT5+, CodeReviewer LoRA
[81] Data race detection GraphCodeBERT, UniXcoder Adapters
[82] Code generation CodeT5+, CodeGen, CodeGen2, CodelLlama %X?lf A, prompt, prefix,
[86] Code review LLaMAReviewer (LLaMA-based) Prefix, LoORA
[89] Program repair CodeLlama, DeepSeek-CoderLlama ;fe%:, IA3, prompt,
[91] Program repair StarCoder2, Granite LoRA
. CodeBERT, GraphCodeBERT, CodeT5, UniXcoder, Prompt, prefix, LoRA,
[94] Code smell detection DeepSeek-Coder, StarCoder, CodeLlama IA3
[95] Automatic code repair InCoder, CodeGen, StarCoder, CodeLlama LoRA, AdaLoRA, IA3
[98] Code summarisation CodeLlama, DeepSeek-Coder, Phi-3-mini QLoRA
This Work SCPC CodeBERT, GraphCodeBERT, UniXcoder, CodeT5, Adapters, LoRA

CodeBERTa, PLBART

This work distinguishes itself from related research by focusing on a different task:

SCPD. A commonly related task in the literature is code clone detection, but the two differ

in several important ways [102,103]. Firstly, code cloning typically occurs unintentionally

within large codebases as developers reuse code for efficiency or consistency. In contrast,

plagiarism is primarily a concern in academic settings and is committed intentionally.

Secondly, students who plagiarise often attempt to obfuscate and heavily disguise the

copied code to avoid detection, whereas cloning usually involves reusing slightly mod-

ified code without any attempt to hide the duplication. Thirdly, while code clones may

introduce maintainability issues or vulnerabilities, they are generally tolerated in software

development. However, plagiarism must not be tolerated, as it breaches academic integrity.

Fourthly, the datasets employed in this study are significantly smaller (low-resource) than

the benchmark code-cloning dataset BigCloneBench [104]. Krinke and Ragkhitwetsagul

[105,106] investigated various issues with the labelling of the BigCloneBench dataset.

6. Conclusions

This paper presented a comprehensive empirical study evaluating the effectiveness
of fine-tuned PCMs and adapter-based PEFT for low-resource SCPD. The study tested six
PCM s using FFT and three adapter types: Houlsby, Pfeiffer, and LoRA.
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This study found that FFT of pre-trained models demonstrated strong F; perfor-
mance in classifying instances of source code plagiarism when labelled training pairs were
available, and achieved higher F; scores than JPlag and Dolos in this supervised setting.
Moreover, adapters had a similar performance and yielded similar results across almost
all models, with a few exceptions, including CodeBERT and UniXcoder. Advantages of
adapters include fewer trainable parameters and lower GPU usage, but they incur slightly
higher inference time. We observed that preprocessing and using models with longer con-
text length, like ModernBERT, helped in tackling the limited context length of the selected
models and led to better classification accuracy.

This study employed an experimental setup with default adapter parameters, which
is a limitation. Future work can extend these results by monitoring the effects of changing
adapter hyperparameters or different adapter variations on performance. Future work
should also validate the findings on non-Java and multilingual datasets. Another research
direction is to explore the use of CodeLLMs for code plagiarism detection, focusing on zero-
shot and few-shot prompting, prompt programming, context engineering, PEFT methods,
and Retrieval-Augmented Generation (RAG).
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Appendix A. Detailed Error Analysis Examples
Appendix A.1. Dataset Code Pair Examples

Here, we present four examples from the raw dataset, where two are non-plagiarised
and two are plagiarised. The first example, shown in Figure A1, represents a code pair
labelled as non-plagiarised. Although the main method and class name are similar across
both submissions, each one structures and approaches the solution differently. In particu-
lar, 13441e8f . java separates the core logic into a dedicated helper function (lines 3-25),
while 141effef . java places its core logic inside a separate method with different flow
and parameter usage (lines 32-52). The naming, input handling, list construction and
update behaviour also diverge. These differences indicate that both authors independently
implemented the same idea rather than copying.

https:/ /doi.org/10.3390/app16147156


https://github.com/FahadEbrahim/SCPC
https://github.com/FahadEbrahim/SCPC
https://doi.org/10.3390/app16147156

Appl. Sci. 2026, 16, 7156

30 of 42

26

30

public class Armchairs {

13441e8f.java

import java.util.;

public static int findMinTime(List<Integer> zeros, List<Integer
> ones) {
if (ones.size() == 0)
return 0;
int oneSize = ones.size();
int zeroSize = zeros.size();
int [1[] time = new int [oneSize + 1][zeroSize + 1];
for (int i=1; i<=oneSize; i++) {
time[i][i] = time[i - 1][i - 1] + Math.abs(ones.get(i - 1) -
zeros.get(i - 1));
for (int j=i+1; j<=zeroSize; j++) {
time[i]l [j] = Math.min(time[il[j - 1], time[i - 11[j - 1] +

Math.abs(ones.get(i - 1) - zeros.get(j - 1)));
¥
}
return time[oneSize] [zeroSizel;

}

public static void main (String [] args) {
Scanner sc = new Scanner(System.in);
int n = sc.nextInt();
List<Integer> zeros = new ArrayList<>();
List<Integer> ones = new ArrayList<>();
for (int i=0; i<n; i++) {
int number= sc.nextInt();
if (number == 1)
ones.add(i);
else
zeros.add(i);
}

System.out.println(findMinTime (zeros, ones));

141effef.java

static
static
static
static
public

+

public

}

+

// package codeforces;
import java.util.x;

public class ArmChairs {

Scanner scn = new Scanner(System.in);

int n = scn.nextInt();

arr=new int[n];

for(int i=0;i<n;i++) {
arr[i]=scn.nextInt();

dp=new int[n+1] [n+1];
a =new ArrayList<>();
b =new ArrayList<>();
for(int i=0;i<n;i++) {
if(arr[i]==0) {
a.add(i);
Yelse{
b.add(i);

System.out.println(solve(0,0));

if (i=
return 0;

if(j=
return 100000000;

if(dplil [j1!=0) {
return dp[il[j];

int x=Math.abs(a.get(j)-b.get(i))+solve(i+1,j+1);
int y=solve(i,j+1);
return dp[il [j]=Math.min(x, y);

int[Jarr;

ArrayList<Integer>a;
ArrayList<Integer>b;

int dp[101;

static void main(String[] args) {

static int solve(int i,int j) {
=b.size()) {

=a.size()) {

Figure Al. ConPlag raw dataset non-plagiarised example 1.

Similarly, the second example, presented in Figure A2, is also a non-plagiarised case;
while the initial sections of both files appear similar because they follow the same problem
format, the details quickly differ. In 22dff786.java, the main computation occurs in
lines 18-47 with its own set of variables and update conditions, whereas 624529000 . java
follows a different structure in lines 16-48, using alternative variable names, different
segment-handling logic, and distinct control-flow patterns. Even though both contain a
shared arithmetic expression imposed by the original problem, the rest of the solution
evolves differently, confirming the non-plagiarised label.
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36

39
40

46

49

import java.util.*;
public class Solution {
public static void main(String args([])
{ Scanner s = new Scanner(System.in);
int t = s.nextInt();
while(t-- > 0){
int n= s.nextInt();
long [] time= new long [n];
long [] health= new long [n];
for(int i=0; i<nj i++)
time[il= s.nextLong();
for(int i=0; i<n; i++)
health[i]l= s.nextLong();
long currhealth= health[n-1];
long currtime= time[n-11;
long ans=0;
for(int i= n-2; i>=0; i--
{ if (currtime-time[i]>= currhealth)
{ ans+= (currhealth*(currhealth+1))/2;
currhealth= health([i];
currtime= time[il;
}
else if(currtime-time[i]>currhealth-health[i])
currhealth+= (currtime-time[i]-currhealth+health[i]);
}
ans+= (currhealthx(currhealth+1))/2;
System.out.println(ans);
¥

s.close();

¥

22d£f786.java

624529000.java

import java.util.x;
import java.io.*;
import java.lang.*;
public class Main

public static void main(String[] args) {
Scanner sc=new Scanner(System.in);
int t=sc.nextInt();
while(t-->0){
int n=sc.nextInt();
long k[l=new long[nl;
long h[]=new long[n];
for(int i=0;i<n;i++){
k[i]l=sc.nextInt();
}
for(int i=0;i<n;i++){
hlil=sc.nextInt();
¥
long length=h[n-1];
long curr=0;
long ans=0;
for(int i=n-1;i>=1;i--){
if (k[i]-k[i-1]>=1length){
curr=curr+length;

ans=ans+(curr*(curr+1))/2;
length=h[i-1];
curr=0;

}

else{

length=Math.max (length- (k[i]-k[i-1]1),h[i-1]);
curr=curr+k[i]-k[i-1];
}
}
curr=curr+length;
ans=ans+(curr*(curr+1))/2;
System.out.println(ans);

Figure A2. ConPlag raw dataset non-plagiarised example 2.

Moving to the plagiarised examples, the first case is shown in Figure A3. This example
demonstrates plagiarism at L5, where the author rewrites the same logic while reshaping
the program structure. In 3380fa52. java, the main computation is moved into a new
function (lines 13-29), while £28b8cb4 . java contains the same sequence of operations in
its main loop (lines 39-73). Beyond that, the modifications include renaming variables,
reordering declarations, reducing spacing, and switching loop types. These fall under
L1-L4 transformations, but the overall identical structure clearly reveals L5 plagiarism
through controlled rewriting rather than independent development.
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£28b8cb4.java

1 | import java.io.BufferedReader;

2 | import java.io.IOException;

3 | import java.io.InputStreamReader;

4 | import java.lang.reflect.Array;

5 | import java.util.Arrays;

6 | import java.util.StringTokenizer;

7

8 | public class Main {

3380fa52.java 9 private static int gcd(int a, int b) {

=07 B 9 5

1| smport java.usil.e; 1(1) return b 07 a: gedlb, a % b);
2 | import java.io.*; 12
| fuporti avatnatiiys 13 public static void main(String[] args) throws IOException {
5 | /% Name of the class has to be "Main" only if the class is public. ¥/ i; E——— “:gt:e';;;e';:;;‘s tom in§)_
6 | public class Coder { 16 b 4 ’ !
7 static int n, k; Va i = i 8
8| etatic long all; L’ int q = Integer.parselnt(br.readLine());
g G 4 .
o || staticiintipos ) 19 for (int i = 0; i < q; i+ {
10 static int temp[]; 20 a0
11 static StringBuilder str = new StringBuilder(""); 21 : ’
1% CEEIS 4 cnt[10] = new int[(int)1e5+5][2]; 22 StringTokenizer st = new StringTokenizer (br.readLine()
13 static void solve() { 98
E i:gg Hi Jne iggggﬂf 3 int n = Integer.parselnt(st.nextToken());
5 g gin. 24 int k = Integer.parselnt(st.nextToken());
16 long p = Integer.MAX_VALUE; 25
17 for(int i=0;i<n;i++){ . ;
18 - Nath.min(p+i, alil); o ot S o
o }1)[11 v prhs B 7 st = new StringTokenizer (br.readLine());
% 3 P3 28 int[] a = new int[k];
2 29 for (int j = 05 j < k; j++) {
2 = ;
21 P InFeEeT'MAX-YALUEj 30 a[j] = Integer.parselnt(st.nextToken());
22 for(int i=n-1;i>=0;i--){ 31 }
23 p = Math.min(p+1, alil); 32
2 il = p; p
Ei }r[ﬂ P; 33 // read input t
o B O] ;; ;t]t=[]niw=5;23n§::};??zer(br4readLlne());
27 str.append(Math.min(1[i],r[i]1)) .append(" ") ; % for (int)j =033/ < ;( 344 1
28 3 36 ; ;

37 i1 = . X .
pos A 7 t[j] = Integer.parseInt(st.nextToken());
30| ¥ 39
31 1
32| public static void main(String[] args) throws java.lang.Exception { jtl) i;t?o:n,t::ze::?;;s
33 BufferedReader bf = new Buffer (nev InputStr d o Arrays.£111(c Integ;r MAX_VALUE) ;

) System.in)); . . 43 for (int j = 0; j < k; j++) {
34 int t = Integer.parselnt(bf.readLine().trim()); 44 clalil - 17 = +031;
35 while (t-- > 0) { 45 3 J W
36 bf .readLine () ; 16
3< String s[] = bf.readLine().trim().split("\\s+"); 47 // temperature from left to right
38 n = Integer.parselnt(s[0]); . - .
39 k = Integer.parselnt(s[1]); - pdD) 1ol = oo (el
- 5 N o N 49 Arrays.fill(left, Integer.MAX_VALUE);
40 s = bf.readLine().trim().split("\\s+"); 50 long p = Integer.MAX_VALUE;
q for G =05 3 <03 5 ¢

P B 52 p = Math.min(p + 1, c[j1);

43 a = new long[n]; 53 left[§] = p;
44 for(int i=0;i<k;i++) pos[il=Integer.parseInt(s[il); 54 3 =18
45 s = bf.readLine().trim().split("\\s+"); 55
46 for(int i=0;i<k;i++) temp[il=Integer.parselnt(s[il); .
47 Arrays.fill(a, Integer.MAX_VALUE); ;? {(/mt?]npiia;:rz izzmlzig?;]?o pere
48 for(int i=0;i<k;i++) alpos[il-1] = temp[il; 58 Arriys fji(right Intzger,MAX VALUE) ;
9 . - N ’ N - ’
:0 . Solve ) 59 p = Integer.MAX_VALUE;
: 60 for (int j =n - 1; j >= 0; j--
51 System.out.print(str); 6’1 orp(1=n MaJch ;in(p +J1 C[J-])J. )4
i . , ;
521 ¥ 62 right[j] = p;
53 | ¥ 63

64

65 for (int j = 0; j < n; j++) {

66 System.out.print(Math.min(left[j], right[jl) + "."

s

67 b3

68 System.out.println();

69 ¥

70 ¥

71|}

Figure A3. ConPlag raw dataset plagiarised example 1 (L5).

The second plagiarised example, shown in Figure A4, represents plagiarism at
L3, where the order of variable declarations and list handling has been changed. In
1162c08f . java, the key operations occur in lines 9-21, using two lists and a particular or-
dering of indices, while 6bccbafd. java mirrors the same logic in lines 15-29 but swaps the
order of lists, renames variables, and adjusts spacing. These modifications align with the L1
and L2 changes. Still, the preserved structure and near-identical processing flow indicate an
L3 case in which the variable arrangement is shifted without altering the underlying logic.
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1 | import java.util.*;
>

2 | public class MyClass {
public static void main(String args[]) {

4 Scanner s=new Scanner(System.in);

1 | import java.util.*; 5 int n=s.nextInt();

2 6 int a[]=new int[n];

3 | public class CodeForces1525C{ 7 ArrayList<Integer> ltl=new ArrayList<>();

4 public static void main(String[] args) { 8 ArrayList<Integer> ltO=new ArrayList<>();

5 Scanner sc=new Scanner(System.in); 9 for(int i=0;i<n;i++)

6 ArrayList<Integer> o=new ArrayList<Integer>(), e=new ArrayList< 10 {

Integer>(); 11 int 1=s.nextInt();

7 int n = sc.nextInt(),dp[][l=new int[n+1][n+1]; 12 if (1==0)

8 for(int i=1;i<=n;i++){ 13 1t0.add(i+1);

9 int x=sc.nextInt(); 14 else

10 if (x==1)o.add(i); 15 1tl.add(i+1);

11 else e.add(i); 16

12 } 17 int dp[] [J=new int[ltl.size()+1][1t0.size()+1];

13 for(int i=1;i<=o0.size();i++){ 18 for(int i=1;i<=1t1.size();i++)

14 dp[i] [i]=dp[i-1] [i-1]+Math.abs(o.get(i-1)-e.get(i-1)); 19

15 for(int j=i+1;j<=e.size();j++) 20 dp[il [i]=dp[i-1] [i-1]+Math.abs(1t0.get (i-1)-1tl.get(i-1));

16 dplil [j1=Math.min(dp[il[j-1],dp[i-1][j-1]+Math.abs(o.get(i-1)- | 21 for(int j=i+1;j<=1t0.size();j++)

e.get(j-1))); 22

17 } 23 dp[i] [j1=Math.min(dp[i] [j-1],dp[i-1] [j-1]+Math.abs(1t1.

18 System.out.println(dplo.size ()] [e.size()]); get(i-1)-1t0.get(j-1)));

19 } 24 }

20 [} 25 }
26 System.out.println(dp[ltl.size()][1t0.size()]);
28 }

29 (3

Figure A4. ConPlag raw dataset plagiarised example 2 (L3).

Appendix A.2. Local Failure Explanations

Explainable AI (XAI) [107] is currently an active research area, focusing on making
ML and DL models more interpretable. It refers to a model’s ability to explain how it
generates its outputs, thereby providing transparency and trustworthiness. There are
different categorisations of XAI[108], depending on their approach and applicability. These
include post hoc vs. intrinsic methods, where post hoc methods explain decisions after
predictions, and intrinsic methods use inherently interpretable models. Another distinction
is between global and local explanations: global methods analyse overall model behaviour,
whereas local methods focus on individual predictions. Lastly, XAl methods can be model-
specific or model-agnostic, depending on whether they are designed for a particular model
type or work across different architectures.

The most suitable XAI methods for PCMs are post hoc, local, and model-agnostic
methods, as they enable flexible interpretability without modifying the underlying models.
One of the methods that can be used in our task is SHapley Additive exPlanations (SHAP)
[109]. SHAP assigns importance scores to input features, helping to understand their
impact on the model’s predictions.

We apply the SHAP method to the four representative code pair examples above to
examine how a model arrived at its prediction. The first example is a valid negative case in
the raw dataset for the model UniXcoder, as shown in Figure A5, previously mentioned in
Figure Al. In the SHAP figures, red indicates features that increase the displayed model
output, while blue indicates features that decrease it. The displayed output is fyon-piag
for the true-negative example and f},, for the true-positive example. Darker colours
indicate greater contributions. The base value represents the model’s expected output
before considering specific input features, and f,,o,-p1aq is the final SHAP value for the
plagiarism classification, reflecting the overall impact of the input features. Since the
figure predominantly contains red, which reduces the likelihood of plagiarism, the final
classification is non-plagiarised, and the score f.pisg = 9.37 is much larger than the
base value of 1.46, indicating that the model is confident in the prediction. The code pairs
are separated by </s><s>. Code A covers the lines up to 18 and then becomes truncated,
while Code B covers the lines up to 30 and becomes truncated. The comparison primarily
concerns the findMinTime function in Code A and the main function in Code B. Since both
code functions differ, the figure is mostly red. More weight was assigned to the function
headers, instance variables, and the Scanner statement, along with print statements, in
Code B.
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ones.size(); int zeroSize = zeros.size(); int.time =new int [oneSize + 1][zeroSize + 1]; for (int i=1; i<=oneSize; i++) { timeli][i] = time[i - 1][i - 1] + Math.abs(ones.get(i -
1) - zeros.get(i - 1)); for (int j=i+1; j<=zeroSize; j++) { timei][j] = Math.min(time[i](j - 1], time[i - 1][j - 1] + Math.abs(ones.get(i - 1) - zeros.get(j - 1))); } } return
time[oneSize][zeroSize</s></s>// package codeforces; import java.util.*; public class ArmChairs { static int[];
-Integer>b; static int dp[][J; public static void main(String[] args) { Scanner scn = new Scanner(System.in); int n = scn.nextInt(); arr=new int[n]; for(int
i=0;i<n;i++) {@rrfi]=scnlnextint(); } dp=new int[n+1](n+1]; a =new ArrayList<>(); b =new ArrayList<>(); for(int i=0;i<n;i++) {ifarr{il==0) { a.add(i); Jelse{ b.add(i); } }
S—— ]

Figure A5. UniXcoder TN example.

The second example represents a TP in the raw dataset using PLBART in Figure A6; it
corresponds to the L3 case shown in Figure A4. The red areas therefore indicate features
contributing more to the model predicting the pair as plagiarised. PLBART covers the
complete code pairs without truncation, as they fit within the 512 maximum length. f,;, =
6.79 is much larger than the base value of 3.49, indicating that the model is confident in the
prediction. More weight was assigned to the nested loops in lines 13-18 in Code A and
lines 18-25 in Code B, resulting in a plagiarism label for the code pair.
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n;i++)_int _x=sc.nextInt(); _if(x==1)o0.add(i); _else _e.add(i);_}_for(int_i=1;i<=0 [size ();i+}{_dp[il[il=dp[i-1][i-1]+Math.abs(o.get
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Figure A6. PLBART TP example.

The third example represents an FN in the raw dataset using GraphCodeBERT in
Figure A7, which was previously mentioned in Figure A3. The model covers Code A up to
line 17 and Code B up to line 22. The comparison is between the instance variables and
the solve function in Code A, and the gcd and main functions in Code B. Since they are
different, the model yielded an FN with the pair being labelled as negative. We observe
that more weight is assigned to the gcd function and the solve function, along with the
instance variables. The main similarity is truncated because of the limited token length of
512 in GraphCodeBERT.

outputs
base value epingiPULS)
3.17983

) ) s T o e ) S S

inputs

import java o= mport ava.o % import v ST Ae EaS8 a8 9 B NIBin GRS S SRUBIED  pubii ciass Coder {tatic it , EREEHE

0! = new

tong{nJ; long ) EENION GO GBS G e AU R (=0 S UPEIISUENR - 1. 2(1); 1] = p; } p=IntegerMAX_VALUE; for(int i=n-1;>=0;i-)

</s:

a: ged(b, a % b); } public static void main(String[] args) throws
IOException { BufferedReader br = new BufferedReader( new InputStreamReader(System.in)); int q = Integer.parselnt(br.readLine()); for —
.readLine(); StringTokenizer st = new StringTokenizer(br.read

Figure A7. GraphCodeBERT FN example.

Similarly, the fourth example represents an FP in the raw dataset using CodeT5, as
shown in Figure A8, which was previously mentioned in Figure A2. Here, the model covers
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Code A up to line 35 and Code B up to line 21, and the rest is truncated. Lines 1-31 in Code
A and 1-21 in Code B are similar, but the code pairs differ thereafter. The model assigns
greater weight to loops that are similar, labelling the pairs as plagiarised.

base value f__(inputs)
0

) o ) ) S G E e e O e e (8

nputs
import java.util.*; public class Solution { public static void main(String args[]) { Scanner s = new Scanner(System.in); int t = s.nextInt(); while_

_|] _[l health= new long [n]; f@r(int i=0; i<n; i++) time[i]= s.nextLong(); fo_nex(LongU; long
currhealth= health{n-1]; long currtime= time (i IGHGISNS=0MOHINIIE 2SSO CUrIE/SS </SSImpOrt VAUt IMpOTEjavallo I pOrEjaValiang: i
(String(] args) { Scanner sc=new Scanne_nexrlnt(): while(t-->0){ int n=sc.nextint(); long k[J=new
long{n]; long h{j=new long(n;for {HEOHERRENIISSE NSO} SISO, (=S

== f k- -1 )-Elength) curr=curr+ength; ans<
Figure A8. CodeT 5 FP example.

Appendix B. JPlag and Dolos Parameters
The parameters used for JPlag and Dolos are listed in Table Al.

Table A1l. Parameters and their values for JPlag and Dolos.

Tool Parameter Values

JPlag Min. matched tokens (t) 5-20

Dol k-gram length (k) 10,12, 15,17, 20, 23, 25
008 Window size (w) 14,17, 20, 25, 30

The best parameters for JPlag and Dolos are listed in Table A2.

Table A2. Best-performing single-split parameter configurations for JPlag and Dolos across all

datasets.

Dataset Tool Hyperparameters Threshold

Progpedia-19 JPlag t = 5; similarity_type = averageSimilarity 0.83
Dolos k=10, w=14 0.89

ConPlagl JPlag t = 5; similarity_type = maxSimilarity 0.78
Dolos k=25 w=17 0.29

ConPlag?2 JPlag t = 8; similarity_type = maxSimilarity 0.50
Dolos k=20, w=14 0.40

IR-Plag JPlag t = 6; similarity_type = averageSimilarity 0.27
Dolos k=17, w=25 0.37

Appendix C. Statistical Testing Details

This appendix reports selected 95% confidence intervals for the main cross-validation
Fj results in Tables 13 and A3, including JPlag and Dolos. For each method, the five fold-
level F; scores are first summarised by their mean ¥ and sample standard deviation s. The
standard error is then calculated as s/+/5, and the interval is computed as X = t( 97545/ V5,
where tyg754 = 2.776 is the 97.5th percentile of the t distribution with four degrees of
freedom. Since F; is bounded between 0 and 1, interval endpoints are clipped to this range
for presentation. These intervals are interpreted descriptively because the folds are not
fully independent.
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Table A3. Selected 95% confidence intervals for main cross-validation F; results.

Dataset Configuration Mean F;  95% CI
IR-Plag JPlag 0.8747  [0.8453,0.9041]
IR-Plag Dolos 0.8785  [0.8456,0.9114]
IR-Plag UniXcoder (FFT) 0.9904 [0.9761,1.0000]
IR-Plag UniXcoder (Pfeiffer) 0.9862  [0.9775,0.9949]
ConPlagl JPlag 0.7408  [0.6849,0.7967]
ConPlagl Dolos 0.6552  [0.6145,0.6959]
ConPlagl PLBART (FFT, preprocessing) 0.8330  [0.7954,0.8706]
ConPlagl PLBART (Pfeiffer, preprocessing) 0.8039  [0.7578,0.8500]
ConPlagl ModernBERT (Pfeiffer, preprocessing, L = 1280) 0.8885  [0.8462,0.9309]
ConPlag? JPlag 0.7664  [0.7123,0.8205]
ConPlag?2 Dolos 0.7448  [0.7149,0.7747]
ConPlag2 PLBART (FFT, preprocessing) 0.8718  [0.8518,0.8918]
ConPlag? PLBART (Pfeiffer, preprocessing) 0.8456  [0.7829,0.9083]
ConPlag? ModernBERT (Houlsby, preprocessing, L = 1280) 0.9281 [0.8967,0.9595]
Progpedia-19 JPlag 0.9666  [0.9405,0.9927]
Progpedia-19  Dolos 0.9517  [0.9162,0.9872]
Progpedia-19 PLBART (FFT) 0.9777  [0.9397,1.0000]
Progpedia-19 PLBART (Pfeiffer) 0.9395 [0.8351,1.0000]

Appendix D. FFT vs. PEFT Efficiency Comparison

The efficiency comparison metrics of the FFT and PEFT methods for ConPlag template-
free, IR-Plag, and Progpedia-19 are available in Figures A9, A10, and A11, respectively.

(a) Train Runtime (s)

CodeBERTa-  45.6

%0
[CYBER 1143 105.6 82.0 1146 CodeT5 3.8
80

GraphCodeBERT - 69.1

PLBART JISTYNY
UnixCoder £ P21

&

(d) GPU Usage (%)

CodeBERT - 30.6

CodeBERTa-  18.9

ot n

Efficiency Metrics for Conplag2

(b) Test Runtime (s)

e n >

CodeBERTa- 3.5 3.8 3.7 35

63.8 64.8 46.6 10 CodeBERT

65.5 a7.9 59.8 CodeBERTa

CodeT5

76.2 60.2 74.3 GraphCodeBERT _ 38 GraphCodeBERT
-

75.9 82.9 96.6 PLBART X L. » L. PLBART
oo

62.3 62.4 71.6 -s0 UnixCoder - . . ¢ | 2 UnixCoder

PR .
& e S & A
& A > &' v
& & &

(e) Model Size (MB)

22.0 213 20.7 CodeBERT JEZLR] 9.1 5.7 3.4 s00

8

CodeBERTa | =1L ] 5.7 4.0 2.8 a00

CodeT5 - 231.8 4.1 25 22

4
o
w
8
4
5 8
i
]
]

]

(c) Trainable Params (%)

100

12 0.7
s
2.0 16
11 0.9 60
17 12 | o
11 0.7
2
12 0.7
5
I &
4 K

GraphCodeBERT - 30.6 221 213 20.8 GraphCodeBERT -SiYLR 9.1 5.7 34
s

PLBART 68.7 54.2 52.9 56.9 PLBART SELEER] 9.1 5.7 4.0
»

UnixCoder - 30.7 221 213 20.8 UnixCoder JEEETNY 9.1 5.7 34

& & &
D S S & @ ¢ &
P & &

Figure A9. ConPlag template-free efficiency comparison heat maps. The colour bars show the value
scale, and darker blue cells indicate larger values within each metric. (a) Training time in seconds. (b)
Inference time in seconds. (c) Percentage of trainable parameters. (d) Percentage of GPU usage. (e)
Model size in MB for the pre-trained models and adapters.
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Figure A10. IR-Plag efficiency comparison heat maps. The colour bars show the value scale, and
darker blue cells indicate larger values within each metric. (a) Training time in seconds. (b) Inference
time in seconds. (c) Percentage of trainable parameters. (d) Percentage of GPU usage. (e) Model size
in MB for the pre-trained models and adapters.
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Figure A11. Progpedia-19 efficiency comparison heat maps. The colour bars show the value scale,
and darker blue cells indicate larger values within each metric. (a) Training time in seconds. (b)
Inference time in seconds. (c) Percentage of trainable parameters. (d) Percentage of GPU usage. (e)
Model size in MB for the pre-trained models and adapters.
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