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With the involvement of multiple programming languages in modern software development, cross-lingual
code clone detection has gained traction within the software engineering community. Numerous studies have
explored this topic, proposing various promising approaches. Inspired by the significant advances in machine
learning in recent years, particularly Large Language Models (LLMs), which have demonstrated their ability
to tackle various tasks, this paper revisits cross-lingual code clone detection. We evaluate the performance of
five (05) LLMs and, eight prompts (08) for the identification of cross-lingual code clones. Additionally, we
compare these results against two baseline methods. Finally, we evaluate a pre-trained embedding model to
assess the effectiveness of the generated representations for classifying clone and non-clone pairs. The studies
involving LLMs and Embedding models are evaluated using two widely used cross-lingual datasets, XLCoST
and CodeNet.

Our results show that LLMs can achieve high F1 scores, up to 0.99, for straightforward programming
examples. However, they not only perform less well on programs associated with complex programming
challenges but also do not necessarily understand the meaning of “code clones” in a cross-lingual setting. We
show that embedding models used to represent code fragments from different programming languages in the
same representation space enable the training of a basic classifier that outperforms all LLMs by ∼1 and ∼20
percentage points on the XLCoST and CodeNet datasets, respectively. This finding suggests that, despite the
apparent capabilities of LLMs, embeddings provided by embedding models offer suitable representations to
achieve state-of-the-art performance in cross-lingual code clone detection.

CCS Concepts: • Computing methodologies → Machine learning approaches; • Software and its
engineering → Software maintenance tools.
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1 Introduction
Copy-pasting a code fragment with or without change is common practice in software development.
It leads to what is commonly referred to as code clones [34]. While clones provide some benefits
(e.g., faster prototyping, reuse of proven code), they are also known to contribute to reducing the
quality of the code, making maintenance costly, and being a source of bugs [17, 34]. Research
shows that we can find between 5% to 23% of clones in a software system [22, 47]. The literature
enumerates four types of clones [19]. Types 1, 2, and 3 clones are generally classified as syntactic
clones, and type 4 is referred to as semantic clones. Syntactic clones occur when there are textual
similarities, while semantic clones represent functional similarity. Type 4 is the most complicated
clone and the hardest to detect [6].
Code clone retrieval is generally studied in the context of program fragments written with

the same programming language. However, in modern software development, the multiplicity
of software components involves various programming languages used, each for each efficiency
in addressing specific programming challenges [21]. Developers may for example intentionally
introduce clones for building identical systems for different platforms. Since the development of
those systems is, for the most part, collaborative, if an expert in a certain type of programming
language changes one part of the software for a given language, the exact functional change must
be carried over to the other variants. This is more resource and time-consuming than modifying a
software system based on a single language, as it requires prior knowledge of the system architecture
and an understanding of the code changes performed by the first developer [28]. To manage cross-
lingual systems in an easy, time-effective, and cost-effective way, developers need an automatic
system that can detect clones of various languages at the same time[28].
The literature includes several approaches and tools for code clone detection. For instance,

CCFinder [18], Deckard [16], NiCad [33], SourcererCC [38], NIL [29], and OREO [37] have been
developed for type 1, 2, and 3 clones detection within the same programming language. For semantic
clones within the same language, RtvNN [47], CDLH [45], DeepSim [50], and FA-AST [44] have
been proposed.

Concerning cross-lingual clones detection, tools such as LICCA [43], CLCMiner [3], CLCDSA [28],
OneSpace [9], C4 [40], TCCCD [10] , CCT-Code [39], AdaCCD [7] and [20] have been introduced.
They rely on deep learning techniques to capture the syntactic and semantic relationships between
different parts of the source code. CLCDSA employed on-the-fly and deep neural network-based
approaches using Abstract Syntax Trees (ASTs), a fundamental data structure in computer science
for representing code structure, to extract features for cross-lingual code clone detection. On the
fly approach measures cosine similarity between the two matrices generated by extracting values
of the features from source code fragments while the deep neural network-based approach learns
automatically the values of features from data and detects cross-lingual clones. OneSpace introduces
a novel approach to cross-language code clone detection by mapping programming languages into
a shared embedding space using both code and API data. It employs a Siamese network to evaluate
the similarity between embedded programs and explores an alternative method usingWord Mover’s
Distance for efficiency. The approach also examines the influence of factors such as code complexity
and training data size on its performance. TCCCD employed the UniXcoder [12] pre-trained model
to map code clones from different languages into vector space and fine-tuned the model using
triplet learning. Sorokin et al. proposed an approach using cross-consistency training (CCT) for
language models training on source code in different programming languages and presented the
CCT-LM model, initialized with GraphCodeBERT and fine-tuned with CCT to retrieve semantically
similar codes given a code as the query. AdaCCD leverages language-agnostic representations from
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pre-training programming language models (GraphCodeBERT and CodeBERT) and contrastive
learning for cross-lingual adaptation to detect code clones.
The rise in recent years of Large Language Models (LLMs) has led to the introduction of new

studies in various domains, including software engineering. As regards code clone detection, the
researcher also investigated the use of LLMs.
A representative work on this topic is proposed by Dou et al. [6], who proposed an approach

with diverse prompt engineering techniques to assess LLMs’ ability to detect clones in several
programming languages. The experimental results showed that GPT-3.5-turbo and GPT-4 1 excel in
detecting complex semantic clones within the same programming language, surpassing existing
methods. However, this study only focuses on code clone detection in the same language.
In this paper, we investigate Large Language Models (LLMs), and Embedding Models’ (EM)

capabilities for cross-lingual code clone detection. LLMs performances being influenced by prompt
engineering [2, 25, 49], we first design various different prompts that we applied on five LLMs
(Falcon-7B-Instruct [1], LLAMA2-Chat-7B [41], Starchat-𝛽 [42], StarCoder2-15b-Instruct [46] and
GPT-3.5-Turbo). The design prompts include two simple prompts: one that asks the LLMs to directly
provide "yes/no" answers if the two code snippets are clones or not, and an improved version that
includes instructions asking the LLMs to take into account the whole structure and logic of the two
code snippets and conclude if they perform a similar task. In addition to those simple prompts, we
designed one-step and multi-step Chain of Thought (CoT) [6] prompts to evaluate their impact on
LLMs’ performances. With these prompts, we want the LLMs to follow step-by-step reasoning to
perform the task by taking into account the code similarity, the similar lines, the thinking process,
and the code description analysis.

Our second study for cross-lingual code clone detection relies on the use of embedding models.
We selected three pre-trained models: GraphCodeBERT [14] and UniXcoder [13], two widely
used open-source embedding models for both natural language (e.g., descriptions, comments) and
programming languages (source code), and the ‘Text-embedding-3-large’ provided by OpenAI.
For GraphCodeBERT and UniXcoder models, which are also used as baselines, similar to prior

work [10, 20] we directly leverage their ability to be modified for downstream tasks (in our case,
cross-lingual code clone detection).
For the ‘Text-embedding-3-large’ model, given two code snippets, we directly provide them as

inputs to the embedding model, which outputs two vectors. To detect whether the provided code
snippets are clones or not, we can directly perform a similarity measure using the two vectors and
cosine similarity [31]. This requires the definition of a threshold. In our experiments, we investigate
several threshold values. With the embedding vectors, we also conducted additional experiments
for clone detection by training custom binary classifiers.
We perform evaluations using both the XLCoST [51] and CodeNet [32] datasets. We identified

those datasets with respect to the large number of samples included and the various programming
covered by covered languages. While the datasets have been used in the literature for many cross-
lingual related tasks [11, 20, 23, 27], they are not directly usable as benchmarks for code clone
detection: ① clone pairs must be established, and non-clone pairs must be carefully constructed. We
undertake this effort and contribute to the community with a benchmark that includes a balanced
set of 6 000 positive pairs (i.e., clones) and 6 000 negative pairs (i.e., non-clones).
Our experimental results show that GPT-3.5-Turbo achieved an overall F1 score of 0.99 for

the XLCoST and 0.82 for CodeNet. It outperforms LLAMA2-Chat-7B, Starchat-𝛽 , StarCoder2-
Instruct [46] and Falcon-7B-Instruct that achieve respectively overall F1 scores of 0.82, 0.615, 0.595,
and 0.48 for the XLCoST dataset and 0.58, 0.52, 0.47, and 0.43 for the CodeNet dataset. Among all the

1https://openai.com/

Proc. ACM Softw. Eng., Vol. 2, No. FSE, Article FSE047. Publication date: July 2025.



FSE047:4 Micheline Bénédicte Moumoula, Abdoul Kader Kaboré, Jacques Klein, and Tegawendé F. Bissyandé

designed prompts, the “improved simple prompt” is the one that enables all LLMs to achieve their
best performance in the task of code clone detection. This underlines that LLMs’ understanding of
the notion of clones is narrow but that, once provided with definition guidance, they are relatively
able to reason across programming languages.
Regarding the embedding model, we first note that the cosine similarity derived from code

snippets’ vectors can be directly used to identify code clones. Indeed, with cross-lingual pairs, the
embedding model produces close vectors when the code snippets are clones and distant vectors
when they are non-clones. This is observed in ∼74% of the pairs with a cosine similarity threshold
of 50%. We further leverage the vector pairs to train several classifiers for cross-lingual code clone
detection. Among those classifiers, the Support Vector Machine classifier (SVM) using a polynomial
kernel achieves F1-scores of 1 and 0.986, respectively, for XLCoST and CodeNet. In sum, all our
evaluations reveal that the embedding model outperforms all LLMs, even though the latter yields
satisfactory results when combined with CoT-based prompts.
This research addresses the challenging problem of cross-language clone detection, which

requires a deeper semantic understanding of code snippets across diverse syntaxes, structures, and
programming styles. By leveraging the capabilities of large language models (LLMs), we explore
their potential and limitations in this complex domain and propose strategies, including enhanced
prompt designs, to improve their effectiveness. We introduce an approach that combines binary
classifiers with code embeddings to effectively capture semantic similarities in cross-language
scenarios. This method offers a practical solution for analyzing multilingual codebases, addressing
critical challenges in areas such as multilingual code refactoring, security analysis, and software
maintenance. By focusing on the application of LLMs to cross-language clone detection, this
research contributes to an underexplored area with significant implications for managing large and
diverse software ecosystems. This work makes several key contributions to the field of cross-lingual
code clone detection:

• We conduct a large-scale investigation of LLMs’ capabilities for cross-lingual code clone detection.
Our study considers Java paired against 10 programming languages, making it the largest study
applying various LLMs to various cross-lingual datasets. Furthermore, compared to existing
literature, we assess the influence of different prompt engineering techniques.

• We provide insightful findings on the performance of LLMs in code clone detection. Notably, we
show that the similarity between two programming languages influences the ability of LLMs
to detect code clones across them, mainly when the prompt is simple. If the prompt instructs
the LLM to focus on logic/reasoning, programming language differences have substantially less
influence. Eventually, we discuss the generalizability and overall effectiveness of LLMs for the
task of cross-lingual code clone detection.

• We discuss the performance of LLMs by comparing them against two baselines and the classical
approach of machine learning classification based on learned representations of code. Experi-
mental results even hint that LLMs may not even “understand" the meaning of "clones" in the
context of clones.

The remainder of this paper is organized as follows: Section 2 presents background. Section 3
introduces the experimental setup. Section 4 evaluates our analysis. Section 6 discusses related
work. Section 7 concludes.

2 Background
This section presents a short introduction to the concepts of code clone and LLMs.
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2.1 Code Clones
A pair of code clones represents two code fragments that are similar, by some given definition of
similarity [35]. We can enumerate four types of clones :
• Type-1 or identical code fragments represent the same code except for white space, comments,
and layout.

• Type-2 or lexical code snippets represent identical clone pairs except for differences in variables
or function names with Type-1 clone differences.

• Type-3 or syntactically represent similar code fragments that differ at the statement level. The
code fragments differ in some lines with removed or added of some lines in addition to type-2
clone differences.

• Type-4 or semantic code clone represents code snippets that perform the same functionality but
the implementation is different. In global they are syntactically dissimilar.

• Cross lingual clone is a semantic clone when code fragments are written in different programming
languages. Our work is focused on semantic code clone detection for cross-lingual code snippets.

2.2 Large Language Models
LLMs are a type of artificial intelligence (AI) trained on massive datasets of text and code. This
training enables them to perform a variety of natural language processing (NLP) tasks, including
text summarization, text completion, machine translation, and even creative text generation. While
LLMs are still under development, they have demonstrated the ability to generate human-quality
responses to prompts.
Prompts are instructions or queries provided to an LLM to guide its output towards a specific

task. Prompt engineering is a crucial aspect of LLM performance and refers to the optimization of
prompts to achieve the most accurate and desirable outputs [36]. Chain-of-thought prompting is a
specific technique that utilizes a sequence of connected instructions to guide the LLM’s reasoning
process step-by-step, resulting in demonstrably more accurate solutions for complex problems

3 Experimental Setup
First, we articulate the research questions that we aim to address. Second, we introduce the models
that are leveraged in this study before presenting the datasets and describing the metrics. Finally, we
introduce our experimental methodology on applying LLMs and embeddingmodels for cross-lingual
code clone detection.

3.1 ResearchQuestions
We conduct our study around five research questions. The first four research questions are related to
evaluating LLMs’ performances in detecting cross-lingual code clones. In the last research question,
we also evaluated the effectiveness of an embedding model and compared its performance against
LLMs.
• RQ1: To what extent does prompt engineering improve the effectiveness of LLMs in detecting cross-
lingual code clones?With this research question, we provide empirical results on the effectiveness
of LLMs for the cross-lingual code clone detection task. The experiment comprehensively consid-
ers various prompting strategies to provide insights into the impact of prompt designs across
several LLMs.

• RQ2: To what extent do LLMs actually understand the task of code clone detection in a cross-lingual
setting? Code clone detection is about comparing the similarity of code fragments. In a cross-
lingual setting, an LLM must make abstractions to achieve similarity comparisons. With this
research question, we investigate how LLMs define “clones” and whether they can be guided
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towards making the necessary abstractions for the task of code clone detection in a multi-lingual
setting.

• RQ3: How does the similarity between programming languages influence the performance of LLMs
in cross-lingual code clone detection? Because programming languages may or may not share
similarities in terms of syntax, we hypothesize that LLMs performance may be affected by
different configurations of the cross-lingual clone detection tasks.

• RQ4: Are LLMs outperforming classification models for cross-lingual code clone detection? Before
the advent of LLMs, state-of-the-art approaches for code clone detection were employing machine
learning-based classification, notably using deep representation learning. We thus compare LLMs
against baseline classifiers (e.g. with SVM and kNN) based on Embedding models. The objective
is to shed lights into the power of representations vs reasoning complexity in LLMs.

3.2 Models
We evaluated five LLMs and one embedding model for cross-lingual code clone detection. The
selection process prioritized models fine-tuned for programming languages and code-related tasks,
as well as those offering reproducibility and accessibility. From OpenAI, we included the popular
GPT-3.5-Turbo model due to its prevalence in software engineering research and its balance of
capability and cost-effectiveness, making it suitable for large-scale evaluations. To explore open-
source options, we include Falcon-7B-Instruct, Starchat-𝛽 , and LLAMA2-Chat-7B. These models are
trained on multiple programming languages and some have been employed in prior studies for code
clone detection within the same programming language. Among these, StarCoder2-15b-Instruct was
selected for its robust fine-tuning on programming languages, making it particularly well-suited for
our task. Additionally, we incorporated the Text-embedding-3-large model, an embedding model
from OpenAI’s web API, to investigate the effectiveness of pre-trained embeddings for this task.
By including this model, we extended our analysis beyond LLMs to assess the broader potential
of embedding-based approaches. we provide detailed descriptions of each model in the following
section.

• GPT-3.5-Turbo is an LLM developed by OpenAI, known for its strong performance in various
language tasks. It excels at understanding and generating text in a conversational context,
producing coherent and relevant responses based on user input. Notably, the model can retain
information short-term, facilitating meaningful dialogue. Trained on a massive dataset of internet
text, GPT-3.5-Turbo possesses a broad knowledge base and can leverage this information for
diverse language processing applications.

• The Falcon-7B-Instruct model is a large languagemodel (LLM)with 7 billion parameters. It is based
on the Falcon-7B architecture and has been fine-tuned on a combined dataset of conversational
and instructional text. This fine-tuning process optimizes the model for performing tasks typically
associated with virtual assistants.

• The LLaMA2-Chat-7B model is a large language model (LLM) with 7 billion parameters. It is
trained on a large corpus of text data, including conversational elements such as chat logs and
social media posts. This training allows the model to acquire the patterns and structures of
natural language dialogue, enabling it to generate coherent and contextually relevant responses
to user prompts.

• StarChat-𝛽 is an instruction-tuned large language model (LLM) designed to act as a helpful
coding assistant. The model is based on StarCoderPlus [24], a 15.5-billion parameter LLM trained
on English and over 80 programming languages. StarChat-𝛽 is further fine-tuned on a specifically
designed, "uncensored" variant of the open-assistant guanaco dataset. This fine-tuning process
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strengthens the model’s ability to understand and respond to human instructions within the
context of coding tasks.

• StarCoder2-15b-Instruct [46] is the first code LLM trained entirely through a self-aligned process,
eliminating the need for human annotations or distilled data from proprietary models. Our open-
source pipeline leverages StarCoder2-15B [26] to generate a substantial dataset of instruction-
response pairs. These pairs are then used to iteratively refine the model’s capabilities, ensuring a
fully transparent and permissive training process.

• Text-embedding-3-large is a text embedding model created by OpenAI. It is designed for tasks
such as search, clustering, recommendations, anomaly detection, diversity measurement, classifi-
cation text similarity evaluation, and code search. The model generates numerical representations
(embeddings) of text or code inputs. Embeddings are low-dimensional, dense vector represen-
tations that capture the semantic relationships between words or code elements. This allows
computers to more efficiently process and understand the meaning of text and code.

Baselines. We compare the results of the LLMs against two baseline models, chosen for their
robust performance in previous research, to strengthen our evaluation.

• The GraphCodeBERT [15] is a transformer-based model that prioritizes data flow over traditional
syntactic structures, such as abstract syntax trees (AST), in its pre-training phase. By leveraging
structure-aware approaches, it enhances code representation, making it particularly effective for
tasks like code clone detection, translation, refinement, and search. This focus on the intrinsic
flow of data within code enables GraphCodeBERT to capture deeper semantic relationships,
leading to improved performance across various code understanding tasks.

• The Unixcoder [12] is a cross-modal pre-trained model for programming languages that improves
upon encoder-decoder frameworks by using mask attention matrices with prefix adapters for
fine-grained control. It leverages data such as abstract syntax trees (ASTs) and code comments
to enhance source code representation. Pre-trained on nine programming languages, including
Java, Ruby, Python, PHP, Javascript, Go, C, C++, and C#, UniXcoder offers enhanced capabilities
in representing cloned code, particularly in C++ and C#.

3.3 Datasets
We selected two cross-lingual benchmarks to ensure a robust and comprehensive evaluation across
all considered programming languages: XLCoST [51] and CodeNet [32].

• The XLCoST dataset [51] is collected from GeeksForGeeks2, a popular online platform for
computer science education and skill development. Notably, it hosts coding challenges for
programmers. The dataset includes samples from seven different programming languages (C,
C++, C#, Java, JavaScript, PHP, Python ). Since the dataset includes only true pairs of cross-lingual
code clones, we must undertake to create negative clone pairs.

• The CodeNet dataset [32] comprises a large collection of code samples with extensive metadata
across 4000 coding problems and over 50 programming languages (although C++, C, Python, and
Java are the dominant languages). The code samples are annotated with a rich set of information,
such as the problem ID and the status, which indicates acceptance or error types. The data is
collected from AIZU Online Judge 3 and AtCoder 4. Based on the problem ID, we can construct
both, positive and negative clone pairs

2https://www.geeksforgeeks.org/
3https://onlinejudge.u-aizu.ac.jp/
4https://atcoder.jp/
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Construction of sample pairs. To ensure the highest quality samples for our experiments, we
implemented a rigorous selection process for both non-clone and clone pairs. Both raw datasets in-
clude samples with a problem ID, description, and code snippets in various programming languages.
This structure allows us to easily retrieve positive pairs, defined as “two code snippets in different
programming languages addressing the same programming problem”. However, it is challenging to
build a ground truth set of negative pairs. We postulate that a pair can be negative for two main
reasons: (i) the problems addressed by the two code snippets are different; (ii) for the same problem
two code snippets actually differ semantically (e.g., one is incorrect). For constructing our dataset,
we only select code validated by developers. This means that negative pairs are only those where
the problems are different. We therefore propose to use sentence embeddings to compare problem
descriptions and build the dataset of negative pairs. Here is the breakdown:

❶ For each problem description, we generate the corresponding sentence vector using a state-of-
the-art sentence vector generation model (all-mpnet-base-v2 5). This model has been widely
validated for its effectiveness in capturing semantic meaning.

❷ To group similar problems, we applied the DBSCAN clustering algorithm to the sentence vectors.
Within each cluster, we selected the most complicated problem based on a pre-computed com-
plexity metric. We identify the furthest problem (by vector distance) as a candidate for a negative
pair (considering all the problems in the dataset).

❸ Negative set selection: We ensure that there are no duplicates or over-representation of specific
problems and we prioritize pairing the most complex code.

❹ Positive set selection: The remaining problems were used to construct the positive set, with
the most complex code selected to represent the clone pairs.
Before the previously described process, we calculated the cyclomatic complexity of each problem
and code sample provided by the two datasets selecting the most complex instances to ensure a
representative and challenging dataset.

For our experiments, we used subsets of 3000 clone pairs and 3000 non-clone pairs from each
dataset, with Java selected as the primary language cloned alongside four and ten programming
languages, respectively, for the XLCoST and, the CodeNet dataset with the same ratio for each
programming language.
For the Baselines, We employ a similar selection process. However, we restricted our dataset

to CodeNet, given its broader coverage of programming languages. From CodeNet, we selected
only the programming languages that were compatible with the baseline models. Additionally,
we filtered the dataset to include only pairs that met the input size requirements of the baseline
models.

3.4 Metrics
Code clone detection can be considered as a binary classification problem. Therefore, we rely on
classical metrics for classification evaluation, notably Precision, Recall, and F1 score. Precision
represents the proportion of true, correct positive predictions to all of the positive predictions
(TP/(TP+FP)). The recall represents the proportion of true correct positive prediction to all of the
true positive samples (TP/(TP+FN)). F1 score is defined as the harmonic mean of precision and
recall.

Proc. ACM Softw. Eng., Vol. 2, No. FSE, Article FSE047. Publication date: July 2025.



The Struggles of LLMs in Cross-Lingual Code Clone Detection FSE047:9

Cross-Lingual Clones
and non-clones pairs

Embedding

Snippet 1
Vector

Snippet 2
Vector

Snippet 1
Vector

Snippet 2
Vector

Snippet 1
Vector

Snippet 2
Vector

Binary classification

Cosine similarity
computation

0 or 1

Similarity score

Snippet 1

Snippet 2

C

JS

Snippet 1

Snippet 2

C

JS

PromptPrompt Engineering 
Method

Large Language Model prompting

"Yes" or "No"

Similarity score

Baseline Model: GraphCodeBERT or UniXcoder (classification task)

0 or 1

Snippet 1

Snippet 2

C

JS

Snippet 1

Snippet 2

C

JS

Fig. 1. Experimental workflow for cross-lingual code clone detection using LLMs vs Classification Models

3.5 Methodology
We overview the experimental methodology that is employed for assessing LLMs as well as baselines,
and the classification models for the task of cross-lingual code clone detection. Figure 1 illustrates
the process, highlighting the input datasets, the models as well as the expected outputs.

3.5.1 Cross-Lingual Code Clone Detection as an NLP Task.

We investigate the potential of LLMs for cross-lingual code clone detection using prompt engi-
neering to explore the highest potential that LLMs can provide for this task.
We build on zero-shot and chain-of-thought prompting techniques and design eight prompts

which, each include a specially-crafted instruction as well as the raw content of the pair of code
fragments to analyse for clone detection. The expected output format varies depending on the
prompt design: it can be either a straightforward binary "yes/no" answer or a numerical value
representing a similarity score.

The proposed experimental methodology aims to assess the LLMs’ ability for actual analysis of
code semantics across different programming languages. Ultimately, we can provide measurements
on the efficacy of LLMs for accurate cross-lingual code clone detection.
LLM Prompting. Our experiments are considering several prompts designed following two
strategies: Zero-shot prompting, which is a classical and baseline approach used in the current
literature [7] and Chain-of-Thought, which is a state-of-the-art prompting strategy that has been
shown successful for several software engineering tasks [6]. All prompts are provided in Table 1.

3.5.2 Cross-Lingual Code Clone Detection as a Classification Task.

Text-embedding-3-large Model. We investigate, under the same conditions as LLMs, the
potential for traditional classification mechanisms based on machine learning models. To that
end, we follow the steps used by Keller et al. [19] in their learning-based approach for code clone
detection. In their approach a classifier is trained based on sample sets of clone and non-clone pairs
where each pair is represented by the absolute difference between the embedding vectors of each
code fragment in the pair. Compared to other concatenation techniques that were assessed, their

5https://huggingface.co/sentence-transformers/all-mpnet-base-v2
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Table 1. List of Prompts Designed to Assess the Effectiveness of LLMs for the Task of Cross-Lingual Code
Clone Detection

(a) Initial Pre-designed Prompts

Prompting Name Prompt output

Zero-shot Simple prompt Analyze the following two code snippets and determine whether they are clones, regardless of
the programming language. Respond with ‘yes’ if the code snippets are clones or ‘no’ if not.

yes/no

Chain of thought

Similar line Analyze the following two code snippets for code clone detection, regardless of the program-
ming language. You should first report which lines of code are more similar. Then based on the
report, please answer whether these two codes are a clone pair. The response should be ‘yes’
or ‘no’.

yes/no

Reasoning Provide a detailed reasoning process for detecting code clones in the following two code
snippets, regardless of the programming language. Based on your analysis, respond with ‘yes’
if the code snippets are clones or ‘no’ if they are not.

yes/no

Integrate Analyze the following two code snippets to assess their similarity and determine if they are
code clones, regardless of the programming language. Provide a similarity score between 0 and
10, where a higher score indicates more similarity. Additionally, presents a detailed reasoning
process for detecting code clones. Conclude by ‘yes’ if they are clones or ‘no’ otherwise.

yes/no

Separate code Step 1 : Analyze the following code snippet and explain the function of the snippet.
Step 2 : Analyze the following functions of two code snippets and determine if they are code
clones, regardless of the programming language. The function of the first code snippet is {step
1 output} and the function of the second is {step 1 output}. Please answer ‘yes’ if the code
snippets are clones, regardless of the programming language, or ‘no’ if they are not.

yes/no

Separate Explanation Step 1 : Similarity/Reasoning/Difference/Integrated process without the cloning conclusion.
Step 2 : Analyze the following two code snippets and determine if they are code clones. The
Clone Similarity/Reasoning/Difference Integrated information of the first and the second code
is: Please respond with ‘yes’ if the code snippets are clones or ‘no’ if they are not.

yes/no

Code similarity Assess the similarity of the following two code snippets and provide a similarity score between
0 and 10. A higher score indicates that the two codes are more similar. Output the similarity
score.

Similarity score

(b) Improved Prompt - Explicitly Describing the expected meaning of "Clone" to the LLM for cross-lingual
clone detection

Prompting Name Prompt output

Zero-shot Improved simple prompt Consider the overall structure and logic of the following two codes and determine if the two
code snippets perform a similar task. Respond with ‘yes’ if the two codes perform similar tasks
or ‘no’ otherwise.

yes/no

work conclude that differencing achieved the best results. In our case, however, the representations
are yielded Embedding models that are provided alongside the LLM infrastructure of OpenAI. We
use Text-embedding-3-large 6 embedding model, which was trained on massive code and text data
to yield representations that maximally capture semantics and can serve for similarity analysis.
Finally, we train a binary classifier based on the yielded representations and using two basic learners:
k Nearest Neighbors (k-NN) and Support Vector Machines (SVM).

Beyond the learning-based classification approach, we also investigate a straightforward approach
where we compute the similarity between two fragments in a cross-lingual pair represented in
a single representation space. To that end, we apply the cosine similarity metric on the Ada
embeddings and check for the optimal threshold value to achieve the highest performance in terms
of clone pair identification.

Baseline Models. We fine-tune the selected baseline models to optimize their performance
for the task. These fine-tuned baselines are then systematically compared to the large language
models (LLMs) to evaluate their relative effectiveness. This comparison allows us to assess how
traditional models perform compared to the LLMs across the same task, providing insights into the
strengths and limitations of each approach.

6https://openai.com/index/new-and-improved-embedding-model/
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4 Evaluation
For each research question presented in 3.1, we first present the experiment we conducted and then
show the result.

Table 2. Performance of GPT-3.5.-Turbo with Various Prompts on the Task of Cross-lingual Code Clone
Detection

XLCoST CodeNet

Prompt name Clone type Recall Precision F1-score Recall Precision F1-score

Simple prompt Non-clone 0.99 0.97 0.98 1.00 0.56 0.72
Clone 0.97 0.99 0.98 0.21 1.00 0.34

Khajezade et al. [20] Non-clone - - - 1.00 0.56 0.72
Clone - - - 0.21 1.00 0.35

Similar line Non-clone 1.00 0.98 0.99 1.00 0.60 0.75
Clone 0.98 1.00 0.99 0.33 0.99 0.49

Reasoning Non-clone 0.98 0.99 0.98 0.99 0.71 0.82
Clone 0.99 0.98 0.98 0.59 0.98 0.74

Integrate Non-clone 0.99 0.90 0.94 0.99 0.60 0.74
Clone 0.89 0.99 0.93 0.32 0.98 0.49

Separate code Non-clone 1.00 0.98 0.99 1.00 0.58 0.73
Clone 0.98 1.00 0.99 0.27 1.00 0.42

Separate explanations Non-clone 0.98 0.99 0.98 0.99 0.73 0.84
Clone 0.99 0.98 0.98 0.64 0.99 0.78

Table 3. Performance Comparison of LLMs on the task of Cross-Lingual Code Clone Detection - based on
the "Simple Prompt"

XLCoST CodeNet

LLM Clone type Recall Precision F1-score Recall Precision F1-score

Falcon-Instruct-7B Non-clone 0.15 0.51 0.23 0.11 0.48 0.17
Clone 0.86 0.50 0.63 0.89 0.50 0.64

StarChat-Beta-16B Non-clone 0.62 0.47 0.53 0.76 0.49 0.60
Clone 0.30 0.45 0.36 0.22 0.48 0.30

LLaMA2-Chat-7B Non-clone 0.01 1.00 0.01 0.04 0.68 0.08
Clone 1.00 0.50 0.67 0.98 0.51 0.67

Starcoder2-15b-instruct Non-clone 1.00 0.5 0.67 1.00 0.5 0.67
Clone 0.01 1.00 0.03 0.02 0.96 0.03

GPT-3.5-Turbo Non-clone 0.99 0.97 0.98 1.00 0.56 0.72
Clone 0.97 0.99 0.98 0.21 1.00 0.34

4.1 [RQ.1] LLM Performance on Cross-Lingual Code Clone Detection and Impact of
Prompt Engineering

Goal.We aim to fill a gap in the literature with a comprehensive analysis of the effectiveness of
LLMs on the task of cross-lingual code clone detection. In particular, we investigate the impact of
state-of-the-art prompt engineering strategy on the performance of the LLMs: we thus experiment
with Zero-shot and Chain-of-Thought (CoT)-based prompts. Depending on the desired output
formats, the designed prompts fall into two categories:
• output is a score [0-10]: We design a prompt that instructs the models to generate a similarity
score between 0 and 10 when given a pair of code fragments: the lowest score (0) means that
the model finds no similarity between the fragments, while the highest score (10) means that
the model finds that the similarity is perfect. This prompt is designed using the CoT prompting
strategy.
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• output is Yes/No: We design several prompts to guide the model towards answering with "Yes" or
"No" when given a pair of code fragments. One of these prompts is based on a straightforward
Zero-Shot strategy, while we provide five (5) prompts building on Chain-of-Thought. The design
of the prompts is varied to take into account the requested depth of analysis (line by line or
overall block), the specification of need to provide a reasoning of the process, the breaking of the
steps for decision, etc. This methodology is inspired by prior work [6] leveraging LLMs for clone
detection, which has not assessed cross-lingual capabilities.

Experiments. We evaluated the five LLMs considered in this study (cf. Section 3.2), namely GPT-
3.5-Turbo, Starchat-𝛽-16B, Falcon-7B-Instruct, LLAMA2-Chat-7B, and, Starcoder2-15b-instruct on
the constructed subsets Section 3.3) from XLCoST and CodeNet. We use the ChatGPT API to prompt
the GPT-3.5-Turbo LLM and parse the outputs to compute the precision, recall, and F1 scores finally.
For prompts leading to outputs with a similarity score, we analyzed the LLMs’ outputs across a
range of threshold values for code clone decisions. Our experiments included a comparison of our
prompts with a prior proposal for cross-language code clone detection, evaluated on our dataset.
Results. Our experiments confirmed that many LLMs actually fail to support the Chain-of-Thought
prompting strategy, confirming a claim by Dou et al. [6]. Consequently, to analyze the performance
of LLMs across different prompts, we focus on GPT-3.5-Turbo, which produced results when
instructed with all our designed prompts. Table 2 summarizes the results for this LLM across
all the "yes/no" output prompts. On the XLCoST dataset, the CoT-based "Separate explanations"
prompt enables the model to achieve the highest F1 score (98% for non-clones and clones). On the
CodeNet dataset, the same prompt achieves 84% and 78% respectively for non-clones and clones.
We can observe that the performance on the CodeNet dataset is lower than that of the XLCoST
dataset. This discrepancy in performance is due to the difference in complexity between the two
datasets. Indeed, XLCoST is mainly composed of source code implementing simple problems such
as “Compute modulus division by a power” while CodeNet is built based on coding challenges of
higher complexity such as “Given a string, find the minimum number of swaps needed to rearrange the
characters into a palindrome”. Furthermore, some LLMs exhibit a clear difference in their ability to
detect code clones compared to non-clones. For instance, on the CodeNet dataset, the GPT-3.5-turbo
model shows a 35 percentage point variation in the f1 score (72% on non-clone vs. 37% on clones).
On the same dataset, we also observe a high variation of 47 for the ‘Falcon-Instruct-7B’ (17% on
non-clones vs. 64% on clones) model. Manual analysis revealed a tendency for this model to classify
nearly all input code snippet pairs as clones, resulting in an inflated number of false positives.

[RQ-1.1] ☛ In general, for simple and recurrent programming tasks, LLMs show a high ability
to detect cross-lingual clones (e.g., XLCoST samples). However, when applied to code samples of
challenging programming tasks (e.g., CodeNet), LLMs performance drop by 20% on average in terms
of F1 score. This result is insightful as it calls for a different perspective in benchmarking cross-lingual
code clone detection approaches. Indeed, while XLCost has been built for such purpose, CodeNet
appears to offer a more realistic setting, in terms of complexity for assessment.

The "Simple prompt" exhibits a relatively consistent performance across both datasets, suggesting
its potential for broader applicability. A detailed performance comparison of all five LLMs using
this prompt is presented in Table 3. Notably, the GPT-3.5-turbo model outperformed other LLMs
in this analysis. Also, our experiments demonstrate that our proposed simple prompt achieved
comparable results to the previously suggested one.
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[RQ-1.2] ☛ Compared to Zero-Short prompting, which is mainly used in the literature, Chain of
Thought prompting improves the performance of LLMs by 1-28 percentage points in terms of overall
F1-score. It is further noteworthy that GPT-3.5-Turbo substantially outperforms the other studied
LLMs in the task of cross-lingual code clone detection.

In Figure 2, we present the result of the GPT-3.5-turbo LLM with the "Code Similarity" prompt,
designed to generate a similarity score between code snippets (0-10 scale) The results show that
with a threshold of 5, the LLM achieves an overall F1 score of 0.98 and 0.78 on the XLCoST and the
CodeNet datasets, respectively.
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(a) Results for the XLCoST dataset
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(b) Results for the CodeNet dataset

Fig. 2. Performance of GPT-3.5-Turbo prediction of Similarity Scores on the task of Cross-lingual Code Clone
Detection

[RQ-1.3] ☛ Our experiments on the output requirements (Yes/No vs Similarity scores) underline
that both approaches lead to similar performance scores. This suggests that the LLMs indeed consider
the clone detection problem as a similarity computation task.

4.2 [RQ2] LLMs’ Reasoning for Cross-Lingual Code Clone Detection
Goal. Our investigation of RQ.1 on the performance of LLMS for the cross-lingual code clone
detection task has revealed, based on a manual analysis of some sample cases, that the code pairs
are often obviously (for a human) a clone, and yet the LLM fails to identify it. In other cases, the
pair is obviously (for a human) not a clone, and yet the LLM concludes that it is. We thus now aim
to further study the extent to which the LLMs understand the task. Based on our analysis, notably
of whether the LLMs understand what "clone" means in a cross-lingual setting, we propose an
improved version of the Zero-shot prompt to validate that LLMs performance can be improved
with a hint on the definition of clone.
Experiments. We qualitatively analyzed the outputs of all the experiments conducted in the
first research question to collect insights in the failures of the LLMs for the task of cross-lingual
code clone detection. Taking into account those results, we improve the Zero-shot prompt design
and repeat the same experiments as in Section 4.1 based. In this RQ, we focus on the Zero-shot
prompting, since it is a baseline, in order to better evaluate the impact of the improvement in the
definition.

Proc. ACM Softw. Eng., Vol. 2, No. FSE, Article FSE047. Publication date: July 2025.



FSE047:14 Micheline Bénédicte Moumoula, Abdoul Kader Kaboré, Jacques Klein, and Tegawendé F. Bissyandé

Results. Our qualitative review of LLMs’ outputs reveals that Falcon-Instruct-7B and LLAMA2-
Chat-7B consider, most of the time, any input pair of code fragments as clones, leading to an
excessive amount of false positives. Conversely, Starcoder2-15b-instruct and Starchat-𝛽 considers
most of the pairs as non-clones, yielding a significant number of false negatives.

The behavior of Starcoder2-15b-instruct and Starchat-𝛽 are explained by the fact the reasoning of
the LLM completely breaks down for the task of cross-lingual code clone detection. The LLM even
goes far as to over-confidently state that two code snippets of different programming languages cannot
be clones. Similar breakdowns in LLM reasoning have recently been documented in the literature [30].
Our experiments reveal for future research development in LLMs that cross-lingual code clone
detection is a relevant and easy-to-assess task for checking potential reasoning breakdown of LLMs.
Unfortunately, Starcoder2-15b-instruct and Starchat-𝛽 are not the only LLM with a breakdown in
reasoning: Similar situations are also apparent in several outputs of GPT-3.5-turbo.

We analyze specifically the cases where the prompts require the outputs to include explanations
from the Chain of Thought. A major finding was that in most of the cases where the LLM output was
accurate, the LLMs actually stated that their decision was made taking into the “overall structure
and logic” of the code fragments. Based on this observation, we propose to design a new prompt,
the ‘improved simple prompt,’ that instructs the LLMs on what to consider as code clones. In other
words, the improved prompt clearly defines the concept of code clones without using the term,
which may be misleading to the LLMs: we instruct the model, in a Zero-Shot manner, to consider
the overall structure and logic of the code snippets independently of their programming language
(cf. Table 1b).

Table 4 presents the performance achieved by the various LLMs based on the improved prompt.
The performance improvement (compared to results when using a prompt that simply asks about
"clones" - cf. Table 3) is substantial. In particular, for Starchat-𝛽 and LLAMA2-Chat-7B, the new
prompt helps the LLM to exhibit an improvement between 7 and 48 percentage points in terms of
F1 score.

[RQ-2] ☛ LLMs consistently are not fully aware of the notion of code clones in a cross-lingual
setting. When prompted to adhere a definition of cloning as a measurement of similarity taking into
account overall structure and logic, LLMs are able to demonstrate substantial success in the task of
cross-lingual code clone detection. On the XLCoST dataset, where cross-lingual clones are known (cf.
RQ1) to be easier to detect, the improved prompt enables the LLaMA2-Chat-7B model to raise its F1
performance score from 0.01 to 0.80 for non-clones and 0.67 to 0.83 for clones, reducing the gap from
GPT-3.5-Turbo by 14.5 percentage points.

4.3 [RQ3] Influence of the Programming Languages Syntactical Similarity on LLMs
Performances

Goal. In the studied task, a clone pair involves two fragments from two distinct programming
languages. Previous research questions focused on highlight the overall performance of LLMs on
built pairs. We now attempt to check whether the specific combinations of programming languages
may affect the performance of the LLM in identifying clones. In particular, we investigate whether
the syntactic similarity of programming languages has an influence on the effectiveness of the
LLMs.
Experiments. Some programming languages share common core concepts, such as for controlling
program flow (e.g., loops, conditionals, etc.) or storing data (e.g., variables). In terms of Syntax, we
note for example that Java’s syntax is most like C++ and C. In fact, Java borrows heavily from
C++ syntax, and therefore their programs may present similar structures. Similarly, languages like
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Table 4. LLMs performance comparison with the improved prompt, designed based on LLMs common
behavior

XLCoST CodeNet

LLM Clone type Recall Precision F1-score Recall Precision F1-score

Falcon-Instruct-7B Non-clone 0.23 0.54 0.32 0.15 0.51 0.23
Clone 0.80 0.51 0.64 0.86 0.50 0.63

StarChat-Beta-16B Non-clone 0.66 0.60 0.63 0.75 0.52 0.61
Clone 0.57 0.64 0.60 0.34 0.59 0.43

Starcoder2-15b-instruct Non-clone 0.96 0.58 0.73 0.92 0.52 0.67
Clone 0.31 0.89 0.46 0.17 0.67 0.27

LLaMA2-Chat-7B Non-clone 0.75 0.87 0.81 0.78 0.57 0.66
Clone 0.89 0.78 0.83 0.40 0.65 0.50

GPT-3.5-Turbo Non-clone 0.98 0.99 0.98 1.00 0.75 0.85
Clone 0.99 0.98 0.98 0.66 1.00 0.79

Table 5. Performance of GPT-3.5-turbo on the task of cross-lingual code clone detection - Detailed F1 scores
by programming language pairs (Java - Lang-X )

Lang-X
Simple
Prompt

Improved Simple
Prompt

Similar
Line Reasoning Integrate Separate

Explanation
Separate
Code

C 0.68 0.85 0.70 0.83 0.71 0.84 0.60
C# 0.54 0.86 0.65 0.81 0.66 0.82 0.60

C++ 0.59 0.81 0.66 0.81 0.67 0.85 0.56
Go 0.46 0.81 0.57 0.74 0.61 0.82 0.54

Ocaml 0.48 0.81 0.59 0.73 0.54 0.75 0.56
PHP 0.50 0.78 0.62 0.80 0.64 0.82 0.59

Python 0.52 0.80 0.59 0.76 0.61 0.80 0.59
Ruby 0.49 0.81 0.59 0.78 0.52 0.76 0.57
Rust 0.47 0.86 0.57 0.75 0.57 0.80 0.55

JavaScript 0.53 0.85 0.63 0.80 0.63 0.82 0.56

C# (pronounced C-Sharp) share similarities with Java because they are object-oriented languages
with similar features like classes, objects, inheritance, and encapsulation. To better highlight the
potential combinations, we focus on the case of Java, and consider sets of pairs where the second
programming language is varied across C, C#, C++, Go, Ocalm, PHP, Python, Ruby, Rust, and
JavaScript. We then disaggregate the performance metrics by programming language pair, focusing
on experimental results with the CodeNet dataset from RQ-1 (cf. Section 4.1). Given that we
investigate the performance across the various prompt designs, we focus on the GPT-3.5-Turbo
LLM, for which all prompt designs successfully returned answers.
Results. Table 5 shows all the results across various prompts and by programming language pair.
We note that the performance difference is at least of ∼10 percentage points in terms of F1 score
when the LLM is applied to fragments of Java-C language pair vs fragments of Java-Ocaml language
pair. C is indeed very close to Java in terms of syntax and core concepts, while Ocaml employs
different programming paradigms.
Nevertheless, the results also show that, while syntactic similarity of programming languages

influences the performance of LLMs when instructed with a simple prompt, complex prompts with
reasoning instructions (e.g., Reasoning) and the Improved simple prompt (which guides the LLM
to consider logic) manages to reduce the performance gap for language pairs that are supposedly
relatively different (e.g., Java-PHP).
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[RQ-3] ☛ For the task of cross-lingual code clone detection, LLMs, when instructed with simple
zero-shot prompts that do not clarify the definition of clones, see their performance influenced by the
similarity of the languages of the code fragments in a pair. However, when the prompt explores the
reasoning potential of the LLM, the differences in the programming language become less critical.
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(a) The performance of Text-embedding-3-large mixed with cosine similarity on XLCoST dataset
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(b) The performance of Text-embedding-3-large mixed with cosine similarity on CodeNet dataset

Fig. 3. In (a) and (b), we first measure the performance of Text-embedding-3-large mixed with cosine similarity
at different thresholds for each dataset. Using a threshold of 0.5, we achieved an F1-score of 0.98 on the
XLCOST dataset and 0.74 on the Codenet dataset.
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(a) Performance of the learning-based classifiers on the XLCoST dataset.
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Fig. 4. Impact of the binary classification on cross-lingual code clone detection using code embedding
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4.4 [RQ4] Binary Classifier vs. Baselines vs. LLMS
Goal. The primary objective of this research is to evaluate the performance of Embedding models
in detecting cross-lingual code clones and to compare their effectiveness against large language
models (LLMs). Code clone detection has been studied in the literature as a binary classification
problem. Various techniques leveraging machine learning has then been adopted and showed
promising results. We compare LLMs against implementations of such techniques. Since we aim to
assess the added value of LLMs (beyond the representations), we build on the embedding model
that is provided alongside the LLM by OpenAI.
Experiments.We rely on the identified embedding model (Text-embedding-3-large - cf. Section 3.2)
to generate the representations of code fragments in our constructed benchmark. We conduct three
separate experiments:
(1) straightforward similarity computation: we use cosine similarity [31] to compute the distance

between the embeddings of two code fragments in a given pair. We can identify an optimal
threshold for code clone identification by considering varying threshold values. In this study,
the threshold value is set to 5 for all evaluations.

(2) Baselines model training for downstream classification task: We conducted a series of experiments
using two baseline models (GraphCodeBERT and UniXcoder). Given the input limitations of the
baseline models, we made some adjustments to overcome the input length constraints of the
baseline models when processing the dataset. To ensure robust evaluation, the selected dataset
was split into an 80% training set and a 20% validation set. This experimental setup allowed us
to fine-tune the baseline models and assess their ability to identify cross-lingual code clones
under comparable conditions to the LLMs.

(3) binary classifier training: we consider some basic learners that we apply to the concatenation7
of embeddings in code fragment pairs to train a binary classification model. As learners, we
consider Support Vector Machines (SVM) [4] and k-Nearest Neighbors (k-NN) [5]. For SVM, we
use three variants with ball_tree, kd_tree, and brute algorithms, while for k-NN, we use four
variants using the linear, polynomial, and rbf kernels. The experiments are performed using
10-Fold cross-validation on each dataset.

Results. Figure 3 describes the performance (F1 score) that can be achieved when using cosine
similarity thresholds for deciding on code clones. The threshold set at 5 permits to achieve up to
0.99, 0.97, and 0.98 scores regarding the overall recall, precision, and F1 for samples associated with
the XLCoST dataset. For the CodeNet dataset, the scores are 0.79, 0.84, and 0.78 for the overall
recall, precision, and F1, respectively.

Table 6 show the performance of the baseline models. They demonstrated superior performance
compared to the LLMs, achieving an improvement of 15 percentage points in terms of the overall
F1-score.
Figure 4 summarizes the evaluation results of the trained classifiers. SVM achieves the highest

scores at 1.00 for precision, recall, and F1. We further observe that k-NN achieves similar perfor-
mance to SVM on the CodeNet dataset. This suggests homogeneity in the code samples enabling
the learner to have a clear decision boundary. In contrast, k-NN lags well behind SVM on the
XLCoST dataset, suggesting higher diversity of samples (albeit potentially simple programs).

[RQ-4.1] ☛ The Text-embedding-3-large embedding model yields comprehensive representations of
cross-lingual code fragments that enable rapidly identifying code clones based on straightforward
similarity computation or learned classification.

7cf. Section 3.5 - following prior work [19], we use the Absolute difference of embeddings as a concatenation method
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Table 6. Comparison of LLM, Baselines, and Binary Classifier Performance

CodeNet

Models Name Clone type Recall Precision F1-score

Baselines

GraphCodeBERT Non-clone 0.96 0.97 0.97
Clone 0.98 0.97 0.97
Average 0.97 0.97 0.97

UnixCoder Non-clone 0.94 0.88 0.91
Clone 0.89 0.95 0.92
Average 0.92 0.92 0.92

LLM GPT-3.5-Turbo Non-clone 1.00 0.75 0.85
Clone 0.66 1.00 0.79
Average 0.83 0.88 0.82

Binary classifier Text-embedding-3-large + SVM(kernel=‘poly’) Non-clone 0.99 0.98 0.99
Clone 0.99 0.99 0.99
Average 0.99 0.98 0.99

To provide a comprehensive understanding of our results, we present in table 6 an in-depth
comparison between traditional baselines, LLMs, and binary classifiers.

[RQ-4.2] ☛ Compared to the performance achieved by baselines (GraphCodeBERT and UnixCoder),
and LLMs instructed by prompts of varying complexity, we find that simple models (binary classifiers)
achieve better results. This suggests that a major challenge in cross-lingual code clone detection is
identifying a single representation space for all programming languages rather than attempting to
have a universal reasoning engine.

5 Discussion
This section explores the implications of our findings for cross-language code clone detection. Our
investigation into the ability of LLMs to interpret cross-language code clones yielded valuable
insights.
LLM Interpretation and Performance. Our experiments showed that LLMs can perform sub-
stantially better when we give them specific instructions about what to look for in the code (e.g.,
with the improved simple prompt) compared to when the prompt is generic and zero-shot based.
The improved prompt, which instructs the LLM to reason about the overall structure and logic
of the code leads LLMs to identify a large number of cross-lingual code clones (cf. Table 4). This
finding suggests that LLMs can avoid dramatic reasoning failures when the prompt is sufficiently
informative on the task: LLMs may need some guidance to see the bigger picture.
Representations vs. Prompt Engineering. The superiority of the learned classifier based on
embedding models highlights the value of representations. Unlike prompts, which require careful
design, an embedding model is a powerful, straightforward tool. It produces representations that
capture the code’s semantic meaning and functionality across different programming languages.
Then based on the similarity of representations in a training set, a simple algorithm can learn
decision boundaries, effectively overcoming language barriers in code clone detection. In contrast,
prompts adds to the complexity and opacity of the reasoning workflow performed in an LLM.
Potential Data Leakage. Our experimental results using XLCoST demonstrate that the GPT-3.5-
turbo exhibits a notable degree of familiarity with the samples. This may suggest potential leakage
within this LLM training set.
Limitations and Threats to Validity. ① This study evaluated only five LLMs and three embedding
models. Expanding the research to include a broader range of models with different architectures
and training data could provide a more comprehensive understanding of LLM effectiveness in this
task. ② The data used in our evaluations are derived from widely used datasets in the literature.

Proc. ACM Softw. Eng., Vol. 2, No. FSE, Article FSE047. Publication date: July 2025.



The Struggles of LLMs in Cross-Lingual Code Clone Detection FSE047:19

However, theymay lack diversity, and this can lead to different observations onmore diverse data (in
terms of programming languages, complexity, ...). ③ Further exploration of prompt design strategies
is needed. This could involve investigating variations of Prompt 2, exploring entirely different
prompt structures, and leveraging insights from this study to refine prompts for more optimal
LLM performance. ④ Due to limitations in current LLM capabilities, most prompt approaches did
not always provide definitive "yes/no" responses for clone detection. This necessitated manual
verification and correction of results, which constitute an internal threat to validity. Future research
can focus on developing prompt design or LLM training strategies that yield more reliable and
automated outputs. ⑤ The Text-embedding-3-large model is likely based on an earlier architecture
of the GPT family. Newer text embedding models may help achieve even better performance.
⑥ The dataset used for fine-tuning GraphCodeBERT and UniXcoder was selected to align with
both the input length constraints and the supported programming languages of these models.
Consequently, the results reported in this work are limited to cases where input lengths do not
exceed the maximum input size supported by the models, and the programming languages fall
within the specific set supported by each model. ⑦ This study assumes a balanced dataset with
an equal number of positive and negative pairs, which does not align with real-world conditions.
In practical software projects, the vast majority of method pairs are not clones, resulting in a
highly imbalanced scenario. While the balanced dataset used in this study provides insights into the
techniques’ effectiveness under controlled conditions, it may not fully represent their performance
in real-world contexts. Future work should evaluate the studied techniques on datasets with more
realistic imbalances to better understand their behavior and effectiveness in such scenarios. ⑧ The
construction of negative pairs in the evaluation dataset introduces a potential threat to validity.
While the authors employ an approach by distinguishing at the problem level to identify negative
pairs, this design choice may inadvertently exclude certain types of negative pairs, particularly
"close misses" pairs of code snippets that are similar but originate from distinct problems. As a
result, the dataset may not fully capture the complexity of real-world cross-lingual clone detection
scenarios, where such challenging distinctions are common. Future work could address this by
exploring alternative sampling strategies to include a broader variety of "close misses" negative
pairs, and by examining how different definitions of "negative pairs" influence the evaluation
outcomes. This would help create a dataset that more comprehensively reflects the diversity of
challenges in real-world settings.

6 Related Work
Prompt engineering is a challenging yet essential endeavor aimed at enhancing the performance
of LLMs for specific tasks [48]. Ekin et al. [8] have demonstrated recently that to obtain accurate,
relevant, and coherent output, users should design, refine, and optimize the prompt. Model under-
standing, domain specificity, and clarity are essential to identify the strengths and limits of the
LLM, avoid ambiguity, and help it generate more accurate and relevant outputs. Our experimental
results with a quick improvement of simple zero-shot prompts by providing a domain definition of
the concept of clone confirms this finding for the field of software engineering.

Regarding code clone detection with LLMs, we can principally enumerate works by Dou et al. [6]
and Khajezade et al. [20]. In [6], the authors proposed an automated code clone detection for all
types of clones with various prompt designs for a comprehensive empirical evaluation of several
LLMs applied to clones from a single language (Java). In alignment with our findings, they show
that LLMs of the GPT family outperform others and that introducing intermediate reasoning steps
through a chain of thought improves the performance of LLMs for the clone detection task.
Khajezade et al. [20] worked on mono and cross-lingual code clone detection using only GPT-

3.5-Turbo (in contrast to our work, which explored various LLMs). They also used only zero-shot
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prompts and considered only Java-Ruby combinations (in contrast to our work, which considered
10 language pairs). Their study furthermore does not investigate the power of representations over
prompts.

7 Conclusion
This study explored the potential of LLMs for cross-language code clone detection. We evaluated
five LLMs and investigated how prompt engineering enhances their performance. Additionally, we
examined the effectiveness of code representations in the identification of code clones. Overall, our
findings suggest the potential of using powerful LLMs for cross-language code clone detection. Nev-
ertheless, While LLMs show promise, our results suggest that simpler binary classifiers leveraging
robust language-agnostic representations can achieve higher, or at least comparable, performance
for cross-language code clone detection. The insights gained from this study provide a foundation
for future research aimed at developing more robust LLM-based techniques and improving code
representation methods to advance software engineering practices. Furthermore, the methodologies
and approaches presented here offer valuable reference points for continued exploration in this
emerging domain. Future work could focus on addressing dataset imbalances by simulating "close
misses" or exploring alternative sampling strategies to construct more representative negative
pairs, thereby enhancing the reliability and applicability of cross-language code clone detection
techniques.

Data Availability
To promote transparency and facilitate reproducibility, we make our artifacts available to the
community at:

https://github.com/TruX-DTF/CLCCD
The repository includes the constructed benchmark of cross-lingual code clones, the prompt details,
the experiment scripts, and the results.
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