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Detecting Type-IV code clones, functionally equivalent fragments with different syntax, remains a major
challenge for quality assurance. Existing datasets are limited in supporting semantic clone detection due
to class imbalance, lack of verified functional equivalence, and data redundancy. We present an automated
approach for generating Type-IV clones by leveraging large language models (LLMs) with deterministic testing
and filtering. The approach normalizes input code, produces diverse clone candidates through customizable
prompts, and ensures semantic equivalence via automated testing and syntactic diversity through CodeBLEU-
based filtering. Representative unique clones are then selected by clustering. We evaluate the extent to which
LLMs generate diverse Python Type-IV clones, how prompt and generation factors affect quality and efficiency,
the retention of only Type-IV clones at the final dataset, and the usefulness of the resulting dataset for
fine-tuning embedding models. Results show that the generated clones improve Type-IV clone detection
across different programming languages.
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1 Introduction
Software clones are a well-known phenomenon in software development [1] and detecting them is
critical for softwaremaintenance tasks such as reuse, refactoring, and quality assurance [44]. Types I–
III clones, which involve textual or syntactic similarity, can often be detected using straightforward
comparison methods. Detecting Type-IV clones, semantically equivalent fragments with potentially
entirely different syntax, requires reasoning about program behavior rather than structure, making
traditional approaches insufficient [8, 39]. For instance, text- or token-based methods fail when
clones exhibit differing control-flow structures, such as recursion versus iteration [46]. Approaches
targeting semantic clones have been explored for many years, starting with the work of Gabel
et al. [18], who studied behavioral equivalence via program transformations. More recent studies
leverage machine learning (ML) techniques [7, 41], yet these methods often underperform [51],
partly due to the scarcity of high-quality datasets for training and evaluation [53]. The growing
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adoption of LLM-generated code further increases the importance of Type-IV clone detection, as
semantically equivalent implementations can introduce maintainability, redundancy, and licensing
concerns while remaining difficult to detect through syntactic analysis alone [50]. Existing datasets,
including BigCloneBench [43] and CodeSearchNet [20], are generally insufficient for Type-IV clone
research. For example, the former emphasizes recall for syntactic clones, resulting in class imbalance,
sparse negative examples, and a lack of explicit semantic ground truth [27]. Creating high-quality
Type-IV datasets manually is costly as it requires verifying correctness through testing or formal
analysis [5].
To address the problem of the lack of a proper dataset, we propose a hybrid approach that

employs large language models (LLMs) to systematically produce diverse Type-IV clones. To deal
with the non-deterministic nature of LLMs and to avoid producing low-quality clones, we also
employ deterministic validation by automatically testing and syntactically filtering clone candidates.
Our method generates clone candidates from multiple configurations, including different LLMs,
prompt contexts, prompting strategies, and refactoring actions. Candidates are filtered syntactically
using a CodeBLEU-based metric [37], validated via automated tests, optionally repaired if partially
correct, and clustered to identify representative clones. We implemented our approach as a fully
automated pipeline called Kamino.
We evaluate Kamino based on 224 unique prompt configurations to generate clones using 927

Python entries from BigCodeBench [54]. The results show that LLMs can effectively generate Type-
IV clones, with the context and choice of LLM being the primary factors influencing efficiency.
To further assess clone quality, we used CloneCognition [34], which considered 99.9% of pairs as
Type-IV clones, and complemented this with a manual inspection of 231 randomly sampled pairs
by two annotators, achieving substantial agreement (𝜅 = 0.74) and confirming that the majority of
cases (83%) are Type-IV clones.
Furthermore, to demonstrate the applicability of our dataset, we use it to fine-tune code em-

bedding models and evaluate their ability to detect Type-IV clones using unseen Python, Java,
and C# Type-IV clone pairs from SemanticCloneBench [2], and GPTCloneBench [3]. Results show
that fine-tuning CodeBERT and CodeT5 improves F1 and the Matthews Correlation Coefficient
(MCC) [32] scores, especially for Java, Python, and C#. Lastly, we derive three variants of our
dataset considering low, medium, and high syntactic diversity among clones, training the embed-
ding models independently in each variant. The results show that high-diversity clones can improve
the results on detecting human-written Type-IV clones (SemanticCloneBench) while having mixed
results for GPTCloneBench.

The main contributions of this paper are: (1) A hybrid approach for generating high-quality
Type-IV clones by combining LLM-based generation with deterministic validation and clustering
(2) An automated pipeline that executes this approach with customizable input datasets, prompt
configurations, and filtering thresholds (3) A publicly available dataset of 42 698 Type-IV clone
pairs for training and evaluating ML-based clone detectors (4) Empirical evidence of the utility
of the generated dataset for fine-tuning code embedding models, demonstrating its potential
to improve Type-IV clone detection.
The rest of the paper is organized as follows. Section 2 presents the background, challenges,

and motivation for our work. Section 3 describes the hybrid Type-IV clone generation approach.
Section 4 presents the empirical evaluation, followed by discussion and limitations in Section 5.
Section 6 reviews related work, and Section 7 concludes the paper.

2 Background and Motivation
Over the years, different definitions and classifications of code clones have been proposed [8, 39].
The most widely accepted taxonomy distinguishes four types of clones: (1) Types I–III (textual and
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syntactic clones): near-identical or slightly modified code fragments that share substantial syntactic
similarity, ranging from exact copies to variations through insertions or deletions; and (2) Type-IV
(semantic clones): functionally equivalent fragments that may differ entirely in syntax or structure,
making them the most challenging to detect.
Type-IV clones are difficult to identify because their similarity lies in behavior rather than

structure. This challenge is further worsened as determining whether two arbitrary programs im-
plement exactly the same functionality is undecidable [38]. Consequently, semantic clone detection
techniques must rely on practical approximations of behavioral equivalence rather than formal
guarantees [1]. Fig. 1 illustrates two Python implementations of a function that samples random
numbers based on a given weighted distribution, returning a histogram of the samples. Although
both return the same result given the same input, their syntactic representations share almost no
overlap (e.g., only one uses Counter), rendering them invisible to traditional text- or token-based
clone detection methods [46].

import random
from collections import Counter
def task_func(values, weights, n_samples):
samples = random.choices(values, weights,

k=n_samples)
histogram = dict(Counter(samples))
return histogram

(a) Primary Solution

import random
from collections import defaultdict
def task_func(values, weights, n_samples):

samples = [random.choices(values, weights=weights)[0]
for _ in range(n_samples)]

histogram = defaultdict(int)
for sample in samples: histogram[sample] += 1
return dict(histogram)

(b) Type-IV clone

Fig. 1. Two functionally equivalent but syntactically different functions in Python

Early work, such as Gabel et al. [18], explored semantic clone detection through program transfor-
mations. More recent studies have adopted ML techniques to capture deeper semantic relationships
between code fragments [7, 41]. However, ML-based methods often underperform [51], largely
due to the scarcity of high-quality datasets with verified examples of behavioral equivalence [53].
The growing adoption of LLM-assisted software development further increases the importance of
semantic clone detection. While LLMs can improve developer productivity, generated code may
reproduce patterns, logic, or entire solutions observed during training. This raises concerns related
to code maintainability, redundancy, and licensing compliance when generated code unintentionally
mirrors existing implementations [50]. Consequently, robust Type-IV clone detection is becoming
increasingly important for identifying semantic duplication across diverse implementations, coding
styles, and programming languages, especially for LLM-generated code.
BigCloneBench remains the most used benchmark for clone detection [53]. Yet, recent analyses

have revealed several limitations that make it less suitable for semantic clone research [26, 27, 43].
First, BigCloneBench was primarily designed to evaluate recall in syntactic clone detection, resulting
in a dataset dominated by true clone pairs. It lacks negative examples, an imbalance that hampers
ML model training. Second, it does not provide explicit ground truth for behavioral equivalence,
especially for weak Type-III and Type-IV pairs, which together represent about 95% of its entries [27].
Consequently, the dataset offers limited support for approaches seeking to capture semantic
similarity.
Several large-scale datasets have been developed, including BigCodeBench [54], CodeNet [36],

and CodeSearchNet [20]. These datasets have significantly contributed to progress in ML-for-code
research by supporting tasks such as code generation, summarization, and search. However, they
were not specifically designed for clone detection. For instance, CodeNet links programming tasks
to multiple user submissions, which may approximate Type-IV similarity but without explicit
verification of behavioral equivalence. In addition, redundancy, inconsistent coding styles, and the
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absence of explicit similarity labels limit their applicability to semantic clone detection. Likewise,
CodeSearchNet emphasizes code-text alignment rather than code-code relationships, making it
unsuitable for clone detection research. A recent study leveraged LLMs to construct such datasets,
resulting in GPTCloneBench [3]. This dataset contains Type-IV clones for Python, Java, C#, and C,
and it is an extension of SemanticCloneBench [2], which contains manually validated clone pairs
extracted from Stack Overflow answers. While valuable, both datasets remain relatively small
(e.g., around 7 000 Type-IV clone pairs for Java) when compared to larger benchmarks such as
BigCloneBench, with over 50 000 pairs. Moreover, their approach relies on manual user intervention
to validate the generated clones, thereby not eliminating the manual effort required.
In summary, three main challenges motivate our work: (1) Complexity of semantic similarity:

detecting Type-IV clones requires reasoning about control flow, data flow, and program behavior,
tasks that go beyond syntactic comparison. ML-based models show promise but require rich, labeled
data to learn from; (2) Limitations of existing datasets: current datasets such as BigCloneBench,
CodeNet, and CodeSearchNet lack verified functional ground truth, suffer from imbalance, or contain
noise that limits their reliability for training and evaluation; and (3) Effort in manual curation:
constructing large-scale semantic clone datasets manually demands implementing behaviorally
equivalent yet syntactically distinct fragments and verifying them via testing or formal analysis, a
process that is slow, error-prone, and difficult to scale. Modern ML methods such as self-supervised
learning [5] further require diversity and volume in training data, amplifying the challenge.

To overcome these challenges, several directions can be pursued to generate high-quality Type-IV
clone detection datasets. While existing datasets may not directly support this goal, they can serve
as foundations. For example, BigCodeBench [54] provides Python functions, associated unit tests for
correctness, and rich metadata such as function descriptions and dependencies. An example code
for an entry is shown in Fig. 1a. However, as each task contains only one implementation, it cannot
be directly used for clone detection without generating alternative solutions. A promising strategy
for creating such data is to leverage LLMs [35]. LLMs can automatically generate diverse variants
of a given code fragment, potentially producing syntactic alternatives that preserve functional
behavior. Nevertheless, LLMs are non-deterministic and may produce erroneous or inconsistent
outputs [4].
For generating Type-IV clones, two key requirements must be satisfied: (1) generated code

fragments must exhibit identical behavior across all valid inputs; and (2) the syntactic structure of
the generated code must differ significantly from the original to ensure semantic, not superficial,
similarity. Ensuring both properties solely through LLM prompting is difficult. Even when carefully
guided, LLMs may fail to follow strict behavioral constraints [29]. Additionally, including all
previously generated clones in prompts to maintain diversity can lead to exponential resource
growth. Hence, while datasets such as BigCodeBench can serve as inputs, additional mechanisms
are needed to guarantee both behavioral correctness and syntactic diversity. This motivates our
automated Type-IV clone generation approach.

3 Hybrid Type-IV Clone Generation Approach
Fig. 2 illustrates our hybrid clone generation approach that combines LLM-based generation of
diverse code clones with deterministic validation through testing and filtering to ensure semantic
correctness and syntactic differences. We present each step of the approach next.

3.1 Normalization
This is needed to ensure that all input data conforms to a consistent and machine-readable structure,
enabling reliable prompting and validation in the later stages of the pipeline. Without a standardized
representation, it would be difficult to automate clone generation and testing. To achieve this, the
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Fig. 2. Overview of our Type-IV clone generation approach.

normalization process extracts and organizes only the elements relevant for clone generation: the
original source code of a given task, its corresponding test cases, textual descriptions, and metadata
such as expected return values and input parameters. Notice that for our approach, the only
mandatory artifact is the test cases, since they are needed for the semantic filtering (see Section 3.3).
In addition, our approach generates an abstract syntax tree (AST) for each source function and
stores it alongside the normalized data. The AST serves as an alternative representation of the code,
which can be used as input to LLMs during clone generation to diversify the produced candidates.

3.2 Clone Generation
The goal of this step is to produce behaviorally equivalent but syntactically diverse implemen-
tations of a given source function, i.e., Type-IV clones. This step is central to the approach, as it
directly determines the semantic diversity and coverage of the resulting dataset. Two main design
requirements guide this stage: (1) ensuring variety in the generated code so that ML models trained
on the dataset are exposed to diverse realizations of the same functionality; and (2) accommodating
heterogeneous input data, since not all datasets provide complete metadata such as documentation
or test cases. To meet these requirements, a set of prompts is systematically constructed for each
normalized dataset entry. Each prompt specifies how an LLM should generate a clone under a given
configuration, enabling both controlled experimentation and reproducibility. We define a prompt
configuration as the combination of (i) the LLM, (ii) the input context, (iii) the prompting strategy,
and (iv) a set of refactoring instructions that are provided to the LLM as part of the prompt.

Context: defines the main input provided to the LLM. Contexts are mutually exclusive and include:
the original code, its test cases, a combination of both (complete), or the corresponding AST.
Prompt strategy: specifies the prompting style used with the LLM, such as zero-shot or chain-of-
thought (CoT) with few-shot examples [48]. These strategies are mutually exclusive and control the
degree of guidance given to the model.

Refactoring: describes transformations that modify the code’s syntax or structure without chang-
ing its semantics [17]. Refactorings are specified during prompt construction as language-agnostic
constraints and are directly provided to the LLM as instructions, which it incorporates when
generating the alternative implementation in the target programming language. We rely on seven
refactorings inspired by established practices in software engineering [12, 17, 33]: (1) algorithmic
shift, e.g., using “sorted()” with a key function instead of a manual bubble sort; (2) library exchange,
e.g., Using ‘deque‘ from ‘collections‘ instead of a list for efficient queue operations; (3) data shift,
e.g., using a dictionary instead of two separate lists for key-value pairs; (4) formatting variation,
e.g., adjust indentation or line breaks without changing behavior; (5) side-effect isolation, e.g., move
printing outside a function that calculates the sum; (6) security enhancement, e.g., adding null
checks before dereferencing an object; and (7) bad smell introduction, e.g., using long, monolithic
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Table 1. Prompt template using the code context.

System prompt content

You are a Python generation engine. You produce Python code based on the information given.

User prompt content

You will be shown:
1) A short description.
2) The original function.
- Your solution must correspond to this description:
{description}.
- Example solution (you must not use it): {original_code}
Your task:
- Generate an alternative solution named: {function_name}
- With the following arguments: {params}.
- Make sure the syntax and structure of your solution are different from the Example solution BODY.
- Your solution must return something based on this text: {return_text}.
- To ensure syntactic and structural differences in your solution, you MUST: {[refacs]}
- In addition, make sure that: {mandatory_hints}
{strategy}

functions or unclear variable names. Refactorings can be combined to further increase diversity in
the generated clones.1

Each configuration combines one choice from each dimension, e.g., using the code as context, a
CoT strategy, and a subset of refactorings. Table 1 shows the prompt template for the code-based
context. Notice that in the prompt content (Table 1), we do not use the term “clone”, using instead
“alternative solution”. The reason for this is our observation during prompt testing: when presented
with the term “clone”, the LLMs often interpreted it literally (despite instructions to generate Type-
IV clones) and produced code that was similar to the original in syntax. Although the approach
currently supports a fixed set of contexts, strategies, and refactorings, new options can be easily
added to extend coverage.
The mandatory_hints section enforces consistent prompt behavior across all configurations,

such as restricting the output to valid code only. Despite these constraints, some LLMs may still
produce additional text or incomplete snippets. To address this, a post-processing step extracts valid
code segments and ensures signature consistency with the original function. These post-processing
operations are also applied during the repairing step (see Section 3.4). Finally, the approach supports
the use of multiple LLMs. During the generation phase, each LLM is applied across all prompt
configurations to encourage diversity. In the repairing step, however, LLMs are selectively used to
refine incorrect or incomplete outputs, as described in Section 3.4.

3.3 Syntactic Filtering and Testing
The goal of these steps is to ensure that the generated clones are syntactically diverse and semantically
equivalent to their original counterparts, to be valid Type-IV clones.
Syntactic filtering. Immediately after clone generation, a preliminary filtering mechanism is

applied to discard clones that are too similar to the original code. This prevents the inclusion of
near-miss (Type-I–III) clones, which would otherwise reduce the diversity and usefulness of the
dataset. To quantify syntactic similarity, we adopt CodeBLEU [37], a metric specifically designed
for source code that extends BLEU by incorporating structural information derived from program
syntax.2 CodeBLEU decomposes similarity into four components: n-gram match, weighted n-gram
match (emphasizing keywords), syntax match based on ASTs, and data-flow match capturing
variable usage patterns. We focus on the syntactic aspects of the metric by considering only the

1Details about the refactorings and prompt templates are available in our replication package [31]
2We use the official Python implementation, which derives AST representations using its built-in parser.
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n-gram, weighted n-gram, and syntax components, while excluding the data-flow score. Hence,
we call our version CodeBLEU* to differentiate from the standard metric. This choice ensures
that the resulting similarity measurement primarily reflects structural information rather than
semantic information. The syntactic comparison is performed solely on the function body, as the
signature remains fixed across all generated clones. The resulting CodeBLEU* score is appended to
each clone’s metadata and used to filter out those that exceed a similarity threshold, indicating
insufficient syntactic variation.

import random
import collections
def task_func(values, weights, n_samples):

samples = random.choices(values, weights=weights, k=n_samples)
histogram = collections.Counter(samples)
return dict(histogram)

Fig. 3. Solution with high CodeBLEU* score compared to Fig. 1a.

Clones with a CodeBLEU* above the threshold are excluded from subsequent stages. Fig. 3
illustrates an example solution with a high CodeBLEU* compared to the primary solution from
Fig. 1a. Thus, it would be filtered out despite having minor structural differences. When the original
code is unavailable in the input dataset, the syntactic filtering is skipped, and syntactic diversity is
later assessed during the representative selection (see Section 3.5). However, if textual descriptions
or tests are missing from the dataset, these entries would not be considered.

Testing. Behavioral validation through automated testing is essential to confirm semantic equiva-
lence between the original and generated code. Only clones that pass the syntactic filter proceed
to this stage. This process requires the dataset to include executable test cases, which represent
the minimum mandatory artifact for applying our approach. Without tests, semantic correctness
cannot be automatically verified. The testing phase is fully automated. For each generated clone, a
dedicated test file is created that includes all unit tests from the original dataset, which are then
executed against the clone implementation. The semantic filtering step (step 6) will retain clones
that pass all tests, while clones that pass a certain number of tests will be repaired, as described
next.

3.4 Repairing Clone Candidates
The goal of this step is to recover near-valid clones that almost satisfy the behavioral equivalence
requirement but fail some test cases. These clones already exhibit partial correctness and adequate
syntactic diversity, making them valuable candidates for refinement rather than direct rejection.
Repairing is an optional step executed when a clone fails some tests but still achieves a test pass rate
above a predefined threshold. By focusing on these candidates, the approach iteratively improves
clones to increase the number of valid Type-IV clones without regenerating the entire dataset from
scratch. This selective strategy not only preserves near-miss solutions that could be corrected but
also optimizes computational resources by limiting additional LLM calls to clones with potential.
Unlike the clone generation step, repairing uses a single standardized prompt. The prompt3 includes
the clone’s current code, the tests list, and the subset of failing tests. Here, prompting strategies or
refactoring instructions are not applied, as the objective is not to induce additional diversity but to
correct the existing code.

In this step, multiple LLMs are used collaboratively rather than independently, in order to leverage
their complementary strengths in reasoning and correction. This process consists of twomain stages.
First, candidate clones are identified based on whether their test execution satisfies a predefined
3The prompt used for repairing is available in our replication package [31].
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pass-rate threshold. Then, these candidates are refined using available LLMs, where each model
iteratively attempts to improve the clone within a limited number of retries. For each repairing
attempt, the system (1) generates a new version of the clone using an alternative model, (2) executes
the unit tests on the new version, and (3) computes its CodeBLEU* score. If a clone passes all tests
and its CodeBLEU* score remains below the syntactic similarity threshold, the new clone replaces
the previous version. Otherwise, retries continue until either success is achieved or all models have
been exhausted. This process prioritizes efficiency and variety, as once a valid Type-IV clone is
obtained, no further repairing is performed for that candidate.

3.5 Representative Selection
The goal of this step is to ensure that the final dataset captures diverse yet non-redundant Type-
IV clones. Although all clones at this stage are syntactically distinct from the original code and
semantically equivalent, many of them may still be highly similar to each other. Without an explicit
mechanism to reduce such redundancy, the resulting dataset could overrepresent certain syntactic
patterns, limiting its effectiveness for training and evaluating ML-based clone detectors. To address
this issue, this step identifies, for each original code entry, a subset of clones that are mutually
distinct while still representative of the overall diversity of syntactic transformations. This process
is carried out in two main phases. First, a syntactic similarity matrix 𝐴 is constructed for each set of
candidate clones (step 7 in Fig. 2) using their pairwise syntactic CodeBLEU* scores. Each element
𝐴𝑖 𝑗 represents the syntactic similarity between clones 𝑖 and 𝑗 :

𝐴𝑖 𝑗 = {1 if 𝑖 = 𝑗,

CodeBLEU*(clone𝑖 , clone𝑗) otherwise.

Fig. 4 illustrates a clone candidate that passes the syntactic filtering when compared to the
original code (Fig. 1a), but it is similar to other clone candidates (Fig. 1b).

import random
from collections import Counter
def task_func(values, weights, n_samples):

samples = [random.choices(values, weights=weights)[0] for _ in range(n_samples)]
histogram = {}
counts = Counter(samples)
for value in values:

histogram[value] = counts.get(value, 0)
return histogram

Fig. 4. Solution with low CodeBLEU* scores compared to Fig. 1a, but high compared to Fig. 1b.

Second, we apply hierarchical agglomerative clustering (HAC) [10] to cluster syntactically similar
clones based on their pairwise similarities. Given an entry containing 𝑛 clones, we use the similarity
matrix 𝐴 ∈ [0, 1]𝑛×𝑛 , where each element 𝐴𝑖 𝑗 denotes the syntactic similarity between clones 𝑖
and 𝑗 . The matrix is converted into a distance representation 𝐷 = 1 − 𝐴, which serves as input
to an HAC algorithm using average linkage. Clusters are then formed by cutting the dendrogram
at a distance threshold 𝜏 = 1 − 𝜃 , where 𝜃 corresponds to the CodeBLEU* similarity threshold
used during syntactic filtering. Two clones 𝑖 and 𝑗 belong to the same cluster 𝐶𝑘 if and only if
𝐷𝑖 𝑗 ≤ 𝜏 ⟺ 𝐴𝑖 𝑗 ≥ 𝜃 . For each cluster 𝐶𝑘 , the representative clone 𝑟𝑘 is defined as the medoid, i.e.,
the clone with the highest average similarity to all other members of the cluster:

𝑟𝑘 = argmax
𝑖∈𝐶𝑘

1
∣𝐶𝑘∣ − 1

∑
𝑗∈𝐶𝑘
𝑗≠𝑖

𝐴𝑖 𝑗 .
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Since the syntactic filtering phase already excludes any clone pairs with a CodeBLEU* score
above 𝜃 , HAC should group only clones whose syntactic similarity meets or exceeds the minimum
level we consider meaningful with regard to 𝜃 . Thus, the selected representative reflects the most
central syntactic form within its cluster while remaining semantically equivalent to the original
function. For example, the solutions from Fig. 1b and Fig. 4 would be part of the same cluster. In
case these were the only two solutions in this cluster, one would be selected as the representative.
By combining CodeBLEU*-based clustering with medoid selection, this step produces a final set
of representative and diverse Type-IV clones for each original code entry. This strategy minimizes
redundancy and ensures that the resulting dataset maintains both behavioral correctness and
syntactic diversity, making it a robust foundation for training and fine-tuning ML models for clone
detection.

4 Empirical Evaluation
We implemented the approach in Python as a fully automated pipeline, named Kamino. The Kamino
pipeline [31] executes all steps of the approach automatically, given: (1) an input dataset that
contains at least a set of tests and function descriptions; (2) the LLMs to be prompted; (3) syntactic
and semantic thresholds; and (4) the selected prompt configurations (see Table 2). While the
pipeline could have been implemented in other languages, Python was chosen due to its libraries
that facilitate working with LLMs (e.g., Ollama), filtering, and clustering methods. The implemented
pipeline was used to carry out an empirical evaluation.

4.1 Study Design
The goal of our evaluation is to assess how effectively LLMs generate Type-IV clones across different
contexts and to examine the utility of the resulting dataset for fine-tuning embedding models for
Type-IV clone detection. The evaluation is guided by research questions (RQ):

RQ1: To what extent can LLMs be leveraged to generate Type-IV clones considering different contexts,
prompt strategies, and refactorings?

Rationale: We systematically explored multiple generation configurations to identify those that
maximize the syntactic and structural diversity of the produced clones. Method: We explored all
prompt configurations presented in Table 2 to assess their efficiency in Type-IV clone generation
across multiple LLMs (deepseek-r1:14B, gemma3:4B, llama3.1:8B, and gpt-oss:20B). These
models are open-source and relatively small-scale, thereby supporting reproducibility under prac-
tical resource constraints. To induce controlled syntactic diversity, we considered all refactoring
categories described in Section 3.2. We constructed seven distinct refactoring combinations, each
comprising three refactoring categories, such that all categories are uniformly represented across
combinations. Overall, the prompt configurations systematically combined four contexts, two
prompting strategies, and the seven refactoring combinations, and were applied to each of the four
LLMs, resulting in a total of 224 unique prompt configurations.

The input dataset comprised 992 Python entries from the easy split of BigCodeBench. We selected
BigCodeBench because its test suites are widely used to evaluate LLMs [21] and because our
approach requires the availability of executable test cases. Moreover, since our objective is to
generate a large and diverse set of semantic clones, we focused on the easy split, which is obtained
by excluding the hard subset from the standard BigCodeBench and is more amenable to large-scale
generation.4 Before executing our pipeline, we validated that all original implementations pass their
associated tests. After this verification step, 927 of the 992 entries remained. For syntactic filtering,

4BigCodeBench leaderboard: https://bigcode-bench.github.io/
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Table 2. Prompt configurations used in the evaluation.

Configurations.* Description

Context

Code Original code (Table 1).
Test Unit tests.
Complete Code and unit tests.
AST Generated abstract syntax tree (AST).

Strategy

Zero-shot No additional information.
CoT Reasoning with examples of Type-IV clones outside the dataset.

Refactoring Actions

Refacs. Three of seven refactoring actions (Section 3.2) randomly chosen. Seven distinct groups ensure all
actions appear equally.

* Descriptions, parameters, and return texts are included in all configurations.

we applied a CodeBLEU* threshold of 0.4, which has been shown to be effective for enforcing
syntactic divergence [28] after removing function signatures (identical across clones). Moreover,
we required at least 75% of the test cases to pass for a generated clone to be considered for repair.
This threshold was informed by a pilot study conducted on 50 randomly sampled entries.5 The
same pilot study further indicated that allowing up to two repair attempts yields the best trade-off
between success rate and computational cost.

Metrics:We analyzed clone statistics considering CodeBLEU* scores and the percentage of passing
tests. We also considered the cluster sizes (bigger clusters mean more similar clones were produced)
per context, strategy, refactorings, and LLM. Based on these statistics, we analyzed the most efficient
prompt configurations (c.f. Table 2) by calculating the survival rate: Let 𝑁 (𝑘)

𝑐 denote the number of
clones surviving after step 𝑘 . Each configuration 𝑐 generated an initial set of 𝑁 (0)

𝑐 clones, which
were progressively filtered and clustered. Thus, 𝑁 (5)

𝑐 denotes the final representative clones (five
steps considered: generation, syntactic filter, semantic filter, repairing, and representative selection).
Formally, we define the efficiency of configuration 𝑐 as the ratio of clones that survived the entire
process 𝐸𝑐 = 𝑁

(5)
𝑐 /𝑁 (0)

𝑐 .

RQ2: To what extent do test cases and CodeBLEU* effectively retain only Type-IV clones?
Rationale: We examined whether the combination of syntactic filtering and test-based semantic

validation is sufficient to reliably exclude non–Type-IV clones from the final dataset. Method: To
assesswhether the final dataset predominantly contained Type-IV clones, we appliedCloneCognition,
an ML-based clone classifier that detects syntactic clones (Types I–III) with an accuracy of up to
87.4% [34]. CloneCognition relies on surface-level similarity features, including syntactic similarity,
function name similarity, and lines of code. CloneCognition was not used within the generation
pipeline (i.e., instead of CodeBLEU* at Step 3) because the pipeline required a continuous and
lightweight syntactic similarity measure to enforce controlled syntactic divergence during filtering
and repair; CodeBLEU* provides such a score, whereas CloneCognition is a binary classifier designed
for clone detection rather than iterative filtering. We adopted a detection threshold of 0.76, which
has been shown to be optimal in prior work using this tool [3].
In addition, we performed a manual validation using a sample of clone pairs derived from the

dataset. To construct the evaluation sample, we randomly selected 10% of all dataset entries. For
each selected entry, we retained the original code and sampled 30% of its associated clones (rounded
up, with at least one clone per entry). Each sampled clone was paired with its corresponding
5Pilot results are available in our replication package [31]
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original implementation to form the evaluation pairs. Each pair was independently inspected by
two annotators, who classified the relationship into one of four categories: non-clone, Type I–II,
Type III, or Type IV. To reduce ordering effects, each annotator reviewed the full sample in a
randomized sequence. Agreement was measured using Cohen’s Kappa coefficient, after which
disagreements were resolved through discussion to obtain a final consensus.

Metrics:We analyzed the results produced by CloneCognition, aiming at the absence of Types I–III
clones in the dataset. For the manual validation, we report the distribution of clone categories
assigned by annotators (non-clone, Type I–II, Type III, and Type IV), the number of agreements and
disagreements between annotators, and Cohen’s Kappa coefficient to assess inter-rater reliability.

RQ3: To what extent does fine-tuning embedding models on the generated dataset improve Type-IV
clone detection performance and cross-dataset generalization?
Rationale: To assess the practical utility of our pipeline and the resulting dataset, we evaluated

whether models fine-tuned on our dataset generalize to unseen Type-IV clones originating from
different sources and programming languages. Method: For clone detection, we fine-tuned code
embeddingmodels using only the generatedKamino dataset and evaluated them on two independent
benchmarks: SemanticCloneBench [2], which contains manually validated clone pairs extracted from
Stack Overflow answers in Python, Java, C#, and C, and GPTCloneBench [3], which contains LLM-
generated Type-IV clone pairs derived from SemanticCloneBench. This setup enables us to assess
whether the generated dataset supports clone detection for both human-written and LLM-generated
code.

For fine-tuning, we used the Kamino dataset to construct an equal number of positive pairs (clone
pairs originating from the same entry) and negative pairs (pairs formed from clones belonging to
different entries). In total, 72 084 pairs were used for fine-tuning. Entries containing only a single
clone were excluded, and only function bodies were considered.
We fine-tuned code embedding models (CodeBERT [45] and CodeT5 [16]) using the CosineSimi-

larityLoss objective from the SentenceTransformers framework, which optimizes cosine similarity
between embeddings of positive and negative code pairs. This objective pulls embeddings of positive
pairs closer while pushing negative pairs further apart. We evaluated different cosine-similarity
classification thresholds (𝜃 ), only reporting the best-performing results, which were at 0.5. Fine-
tuning was performed for 3 epochs with a batch size of 8, a maximum sequence length of 256
tokens, and a warmup phase of 10% of training samples. These values were determined based on
tests performed with a sample of the dataset [31]. Since the selected models were not pre-trained
on the C programming language, we excluded these pairs from the evaluation.

Metrics: We collected the precision (predicted Type-IV clone pairs that originate from the same
entry), recall (true Type-IV clone pairs correctly identified), and F1-score (harmonic mean of
precision and recall). Additionally, we compute the Matthews Correlation Coefficient (MCC) [32],
which has been shown to provide advantages over F1-score for binary classification tasks as it
accounts for true and false positives and negatives [11].

RQ4: To what extent does syntactic diversity impact the usefulness of the generated dataset for down-
stream Type-IV clone detection?
Rationale: We investigate how datasets composed of more or less syntactically diverse clones

impact downstream detection performance. Method: We conducted an ablation study using three
variants of the generated Kamino dataset, each constructed by applying different CodeBLEU*-
based similarity constraints during the clustering process. Since lower CodeBLEU* scores indicate
stronger syntactic divergence, the variants correspond to increasing levels of syntactic diver-
sity. For this, we derive thresholds empirically from the distribution of pairwise CodeBLEU*
scores across all clones, using the 25th and 75th percentiles (𝑝25 = 0.23, 𝑝75 = 0.46). Thus, the
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variants are: (i) Kamino-LD: high-similarity range (0.46 < CodeBLEU* ≤ 1.0); (ii) Kamino-MD:
medium-similarity range (0.23 < CodeBLEU* ≤ 0.46); and (iii) Kamino-HD: low-similarity range
(0.0 ≤ CodeBLEU* ≤ 0.23). All other settings, including negative pairs building, train/test splitting,
and hyperparameters, remain identical to RQ3. The embedding models (CodeBERT and CodeT5)
are then fine-tuned independently on each variant and tested on SemanticCloneBench and GPT-
CloneBench.
Metrics: We report F1-score and MCC. In addition, we analyze relative performance variations

across the three diversity levels to assess how increasing syntactic divergence affects semantic
clone detection performance.

4.2 Evaluation Results
In this section, we present the results for each RQ. All experiments were performed using a Linux
server with one NVIDIA RTXA5000 GPU using Ollama v0.14.2 and temperature=0.1, as shown to
be an optimal value for clone generation [13]. A replication package is available [31].

RQ1. Type-IV clone generation: Fig. 5 summarizes the CodeBLEU* scores by context, strategy,
and refactorings (refacs) per LLM from syntactic filtering (step 3). Context and LLM had the most
impact on the scores. Notice that for the test context, the scores (including the quartiles) are the
lowest, with a median≈0.2. Considering the LLMs, gpt-oss:20B achieved the best results with
the max CodeBLEU* score never going beyond 0.6. This means that, considering only the results
from syntactic filtering, the test context and gpt-oss:20B would be part of the most efficient
combinations. Regarding the results for passing tests (step 4), however, deepseek-r1:14B was the
best LLM (illustrated in Fig. 6) on most cases. Another impact factor is the AST context, which
performed poorly with around 40% clones passing the tests in the best cases. The complete context
was the most efficient in this case, with passing tests above 60% for all LLMs, except llama3.1:8B.
A total of 31 696 clone candidates passed all tests (semantic filtering). During the representative
selection (step 8), cluster sizes ranged from 1 to 111 clones, averaging 5.17 per entry. This lower
number indicates that few redundant clones remained at this stage (i.e., clones syntactically similar
to each other). Regarding the clones’ survival ratio, gpt-oss:20B achieved the best overall result
(0.364) when combined with the test context, zero-shot, and the refactorings algorithmic
shift, data shift, and bad smells.

Considering each aspect individually, deepseek-r1:14B and the test context were more often
among the most efficient configurations. In contrast, gemma3:4B and the AST context were among
the worst results. While the survivor ratio is low even for the best cases, in the end, the final
number of retained clones is acceptable. Considering that from the original 927 BigCodeBench
entries, 177 401 clones were generated. During the syntactic filtering (step 3) 120 273 clones remained
(67.8%). During semantic filtering (step 6) 31 696 clones were kept (17.9%). Ultimately, 6, 123 unique
Type-IV clones remained in the dataset (3.5% of the first generation). Still, for 65 entries, no clones
remained in the final dataset due to either syntactic or semantic filtering. This led to a total of 862
entries with clones (avg. of ≈7 clones per entry).

RQ1: LLMs can effectively generate Type-IV clones, with efficiency driven by context and the
LLM used. The test context yielded the best results. gpt-oss:20B achieved the best CodeBLEU*
scores, while deepseek-r1:14B produced the most passing clones.

RQ2. Retention of Type-IV clones: After the clone generation, we constructed all possible com-
binations of clone pairs for each entry (excluding the original code) and used them as input to
CloneCognition. This resulted in a total of 36 042 clone pairs, with an average of 42.43 pairs per
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BigCodeBench entry. Among these pairs, CloneCognition identified 21 as clones (0.06%). Entry 911
from BigCodeBench was the most problematic, accounting for 9 non–Type-IV clone pairs. The
algorithm shift refactoring and deepseek-r1:14B were the primary causes, leading to 13 cases
each. Nevertheless, the results indicate that the proportion of non–Type-IV clones in the final
dataset is negligible.

Considering the manual inspection, the resulting sample contained 231 clone pairs derived from
86 unique entries. On average, 2.69 clones per entry were included (min=1, max=11, std=1.96).
Across all the inspected code pairs, annotators agreed directly on 216 cases, indicating a substantial
level of agreement (𝜅 = 0.74). Considering the agreement answers, the majority of 192 pairs were
labeled as Type-IV, 12 pairs were labeled as Type-III, 10 pairs as Type-I–II, and 2 cases as non-clones.
Considering the disagreements, most cases occurred between Type-IV and Type-III clones (13),
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Table 3. Clone detection before and after fine-tuning on the Kamino dataset (𝜃 = 0.5).

Model DS Lang. Pairs* Pre-trained Fine-tuned
Prec. Rec. F1 MCC Prec. Rec. F1 MCC

CodeBERT

GCB
Java 14, 192 0.50 1.00 0.67 0.01 0.93 0.92 0.93 0.86
C# 9, 816 0.50 1.00 0.67 0.00 0.99 0.94 0.96 0.93
Py 5, 640 0.50 1.00 0.67 0.00 0.94 0.91 0.92 0.85

SCB
Py 2, 000 0.50 1.00 0.67 0.00 0.95 0.74 0.83 0.72
Java 1, 992 0.50 1.00 0.67 0.02 0.96 0.71 0.81 0.70
C# 1, 870 0.50 1.00 0.67 0.00 0.99 0.71 0.82 0.73

CodeT5

GCB
Java 14, 192 0.53 0.91 0.67 0.14 0.90 0.92 0.91 0.81
C# 9, 816 0.53 0.91 0.67 0.13 0.97 0.95 0.96 0.92
Py 5, 640 0.52 0.92 0.67 0.11 0.85 0.91 0.88 0.75

SCB
Py 2, 000 0.51 1.00 0.67 0.13 0.87 0.81 0.84 0.69
Java 1, 992 0.53 0.95 0.68 0.16 0.91 0.72 0.80 0.66
C# 1, 870 0.51 0.95 0.66 0.07 0.96 0.74 0.83 0.72

* 50/50 negative/positive. GCB = GPTCloneBench; SCB = SemanticCloneBench.

reflecting the inherent difficulty in distinguishing higher-level semantic similarity in borderline
cases.
RQ2: Our pipeline successfully generated 99.9% Type-IV clone pairs (according to CloneCog-
nition results). Manual inspection of 231 sampled pairs further supports this finding, showing
substantial agreement between annotators (𝜅 = 0.74) and confirming that 192 pairs (83%) were
Type-IV clones.

RQ3. Using the dataset for clone detection: Table 3 shows that fine-tuning embedding models
with the Kamino dataset consistently improves clone detection performance. First, considering the
results for the GPTCloneBench (GCB in Table 3), both F1 and MCC results are better for detection
on Python, Java, and C# clones. Despite the fact that our training data only had Python clones, the
best results were achieved for C#, where both CodeBERT and CodeT5 reach F1 of 0.96 and MCC
of 0.92. These results show that fine-tuning on Python clones also benefits the other languages,
demonstrating that the generated clones capture language-agnostic semantic properties.
Moreover, considering the results for the SemanticCloneBench (SCB), both F1 and MCC values

were lower than those obtained for GPTCloneBench across all programming languages. This differ-
ence is probably due to SCB containing human-written Type-IV clones, which are syntactically
more different. Even so, the fine-tuned models still achieved strong performance, with F1 scores
above 0.80 for all evaluated languages. Furthermore, the lower MCC values are mainly associated
with a larger number of false negatives, indicating that several true clone pairs received cosine
similarity values below the selected threshold (𝜃 = 0.5). This suggests that using a lower threshold
could improve recall by identifying more true positives, although potentially at the cost of reducing
precision due to an increase in false positives.

In summary, the detection results demonstrate that the produced clones can improve and make
the predictions of embedding models more consistent when considering semantic similarity, even
for programming languages that were not used during fine-tuning. However, the fine-tuned models
still struggle with the SCB dataset, suggesting that more syntactically diverse human-written
clones may require lower similarity thresholds (𝜃 ) to achieve better recall and overall detection
performance.

RQ3: Fine-tuning with the generated dataset improves F1 and MCC scores across unseen
functionalities in Python, Java, and C#. Improvements, however, are more limited on the more
syntactically diverse SemanticCloneBench dataset.
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Fig. 7. Performance across syntactic training dataset variants compared to RQ3 (𝜃 = 0.5).

RQ4. Impact of syntactic diversity: Considering the dataset variants, Kamino-LD is the densest
(5,332 clones, 10.37 per entry, 49,546 pairs), Kamino-MD is more balanced (7,119 clones, 8.54 per
entry, 43,064 pairs), and Kamino-HD is the sparsest (1,477 clones, 1.71 per entry, 1,552 pairs). Figure 7
summarizes the results for clone detection across the three variants, compared against the RQ3
baseline. When analyzing the test datasets separately, the high-diversity variant produced the most
consistent gains on SemanticCloneBench trained with CodeT5, with improvements reaching +15%
MCC (0.76 vs. 0.66 from RQ3) and +9.8% F1 (0.88 vs. 0.80 from RQ3) for Java, and +10% MCC (0.79 vs.
0.72 from RQ3) and +7.9% F1 (0.89 vs. 0.83 from RQ3) for C#, suggesting that syntactically diverse
training pairs help models better capture semantic equivalence in human-written code. In contrast,
results on GPTCloneBench were more variable, with some of the largest degradations observed
for Kamino-HD, especially for CodeBERT on Java and Python. These degradations, however, are
probably related to the considerably smaller size of Kamino-HD. When analyzing the embedding
models independently, CodeT5 benefited more strongly from syntactic diversity than CodeBERT.
Across all variants, CodeT5 achieved average gains of +1.18% in F1-score and +3.16% in MCC,
whereas CodeBERT showed nearly neutral F1 variation (+0.14%) and a slight MCC degradation
(-0.45%). This suggests that encoder-decoder architectures such as CodeT5 may better leverage
semantically equivalent but syntactically distant examples.

The detailed comparison further shows that improvements were more frequent than degradations.
Considering all configurations, 20 cases improved F1-score while 16 degraded, with average gains
(+2.49%) exceeding the average degradation (-1.63%). Similarly, MCC improved in 24 cases and
degraded in 12, with average positive changes (+3.68%) slightly larger than the average negative
changes (-3.30%). These results indicate that syntactic diversity generally contributes positively to
semantic clone detection robustness.
RQ4: Syntactic diversity leads to moderate improvements in Type-IV clone detection, with
Kamino-HD achieving the strongest gains (up to +15% MCC and +9.8% F1 for Java), although
effects are not consistent across datasets, as GPTCloneBench shows degradations under Kamino-
HD (down to -5.61% F1 and -13.91% MCC for Python).

5 Discussion
In this section, we discuss the evaluation results, reflect on their implications, and report threats to
validity.

5.1 Observations and Limitations
Main driving forces: To better understand which configuration aspects most influence clone gen-
eration success, we analyzed the individual contributions of each dimension, i.e., LLM, context,

Proc. ACM Softw. Eng., Vol. 3, No. ISSTA, Article ISSTA062. Publication date: October 2026.



ISSTA062:16 Luciano Marchezan, Eugene Syriani, Kévin Delcourt, and Houari Sahraoui

refactorings, and prompting strategy, using group-wise aggregation combined with a random forest
model. The results [31] indicate that among the LLMs, deepseek-r1:14B was the main driver
of success overall, followed by gpt-oss:20B with comparable scores. The test context yielded
the best results, closely followed by complete, whereas the AST context produced significantly
lower performance. Interestingly, zero-shot prompting outperformed few-shot CoT, suggesting
that providing examples may lead LLMs to reproduce syntactically closer solutions with higher
CodeBLEU* scores. Regarding refactorings, most combinations showed limited impact; however,
removing them entirely increased syntactic similarity, confirming that they promote diversity.
These findings reinforce the results of RQ1 and highlight the central role of prompt composition
and LLM choice in effective clone generation.

Moreover, for 65 BigCodeBench entries, no clones remained after filtering. In these cases, either
the entries contained numerous tests, leading clones to fail at least one, or the tasks were inherently
complex. For instance, Entry 566 required extracting a function’s name, type, and arguments.
Addressing these cases could involve fine-tuning LLMs on validated clones or iteratively repairing
unsuccessful candidates after clustering. Another option would be to keep entries failing a low
number of tests and provide them to a user for a possible fix.
Number of distinct functionalities: Although the Kamino dataset contains 42 698 Type-IV clone

pairs (including the original code) derived from 862 BigCodeBench [54] entries, these pairs may
originate from a limited set of predefined functionalities. For example, SemanticCloneBench consists
of 4 000 manually validated clone pairs extracted from Stack Overflow answers across Java, C#, C,
and Python, covering 2 632 functionality-specific groups (477–838 per language). GPTCloneBench
extends this dataset by generating additional synthetic Type-IV clone pairs using GPT-3, resulting
in 18 269 pairs. A key distinction between these datasets lies in their construction. Kamino allows
for controlled and scalable generation of semantically diverse clone pairs with explicit functional
grounding. In contrast, SemanticCloneBench is derived from real-world developer discussions
without an explicit functional taxonomy, while GPTCloneBench augments it using LLM-based
generation while preserving its structure. Consequently, relying on Kamino for training may
introduce the risk of models overfitting to task-specific patterns rather than learning general
semantic representations [24]. To mitigate potential dataset overlap, we evaluate models fine-tuned
on Kamino using SemanticCloneBench and GPTCloneBench, and manual inspection of sampled pairs
did not reveal any clear overlap between Kamino and either benchmark. Moreover, the performance
improvements across these datasets (RQ3, RQ4) suggest that the learned representations generalize
beyond the specific functionalities present in the training data. Therefore, we position Kamino not
as a replacement for real-world datasets such as SemanticCloneBench, but as a scalable approach for
generating large quantities of behaviorally validated Type-IV clone pairs that complement existing
benchmarks.
Extending and improving generation: While exploring all prompt configurations may lead to a

larger number of generated clones, an alternative approach is to restrict generation to the most
effective configurations in order to optimize performance.We investigate this possibility by selecting
the top 50 configurations identified in RQ1 and applying them to 50 entries randomly sampled from
BigCodeBench. The results [31] show that this strategy yields fewer clones on average (2.68 per
entry), with 2 500 clones generated after Step 2, of which 1 559 (62.4%) remain after Step 3, 804 (32.2%)
after Step 6, and 134 (5.4%) after Step 8.6 Although the final number is relatively small, it could be
increased by considering a larger set of effective configurations (e.g., the top 100 instead of the
top 50). However, using more configurations will increase resource consumption. In RQ1, we used
open-source LLMs executed on a single GPU. Running the full pipeline on the 927 BigCodeBench

6Results for this exploration are available in our replication package [31]
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entries required approximately three weeks, which further motivates focusing on the most effective
configurations. Investigating an appropriate trade-off remains as future work.

Moreover, expanding the framework with new LLMs, contexts, or prompt strategies can further
enhance diversity and coverage. However, relying exclusively on CodeBLEU* as a syntactic filter
may limit generalization. Applying the generation at the file level or across programming languages
will likely require alternative metrics. Promising options include normalized ASTs with tree edit
distances [42], vector-based similarity measures [22], CrystalBLEU [15], which improves CodeBLEU
by discounting trivial shared n-grams, and graph-distance metrics on enriched code representation
structures [47]. Combining these metrics could provide more robust syntactic filtering, which could,
for example, eliminate the non-Type-IV clones that were still identified in the final dataset (RQ2).
Improving clone detection: Generating diverse clones is insufficient if they fail to represent

genuine Type-IV equivalence. RQ3’s results demonstrate the usefulness of the generated dataset
when evaluated with code embeddings: fine-tuning on these data leads to measurable precision
gains. RQ4 further refines these findings by showing that the degree of syntactic diversity has an
impact on downstream performance. In particular, moderate-to-high diversity improves Type-IV
clone detection, especially on SemanticCloneBench, where gains are both consistent and substantial
(up to +15% MCC and +9.8% F1). This suggests that syntactically divergent examples are particularly
effective for improving model generalization on human-written code. However, the benefits are not
uniform as the results for GPTCloneBench show more variability and occasional degradations. This
is also related to the smaller size of the high-diversity dataset compared to the others, indicating
that model performance is sensitive to both dataset structure and scale. Overall, RQ4 confirms that
diversity is beneficial but must be balanced with dataset size and stability to maximize effectiveness.

Further improvements could stem from extending the framework to multi-language clone gener-
ation, which would enrich the syntactic and semantic diversity of training data. Such diversity is
essential for using non-contrastive self-supervised learning approaches, e.g., VICReg [5], enabling
better invariance learning and more accurate cross-language clone detection. Furthermore, since
the primary contribution of this paper is the generation of a large and diverse set of Type-IV clones,
we intentionally do not emphasize baseline comparisons in RQ3. Hence, the objective of RQ3 is
not to claim that embedding models represent the most effective mechanism for clone detection.
Rather, our aim is to demonstrate that access to a large, high-quality dataset of verified Type-IV
clones can substantially improve the performance of ML-based approaches on the clone detection
task. Recent studies further indicate that even LLMs struggle with Type-IV clone detection, in part
due to the lack of sufficiently large and diverse training data [23, 52]. Our results suggest that the
dataset generated by our approach can help mitigate this limitation. Improvements observed for
Java and C# suggest that cross-language transfer is more effective when languages are syntactically
and semantically similar. Programming paradigms may also have an impact. Beyond benchmark-
ing, we also envision practical applications of the proposed dataset for training models aimed at
detecting semantic duplication in LLM-generated code. In this context, our dataset can support the
development of models capable of identifying semantic equivalence across diverse implementations
and programming styles.
Applications beyond Type-IV clones: Although our work focuses on Type-IV clones due to their

complexity and scarcity, the same framework can be adapted to other clone categories. Increasing
the CodeBLEU* threshold allows Types I–III to be retained during filtering. Moreover, lowering
the semantic constraint, requiring less than 100% test passing, would keep clones with similar
yet distinct behaviors, which is useful for detecting code duplication or refactoring opportunities.
Exploring these extensions represents a promising avenue to broaden automated clone generation.
Additionally, the embedding models fine-tuned on our dataset should be capable of detecting all
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clone types, as they capture code semantics. Since this was not our focus, we did not evaluate these
models on Type I–III clones. Exploring this direction is left for future work.

5.2 Threats to Validity
The selection of LLMs (RQ1) may introduce internal validity threats [14]. To mitigate this, we se-
lected well-known open-source LLMs recognized for high code-generation performance. The choice
of contexts also poses a limitation: we used configurations that ensure broad applicability, such as
the test context for datasets containing only test cases. Additional contexts (e.g., requirement lists)
could easily be integrated by extending the base prompt templates. Another potential threat arises
from RQ3 embedding models; to mitigate this, we relied on widely adopted models that have shown
robustness in prior code embedding studies [6, 25]. The results in Table 3 confirm that fine-tuning
significantly improves precision. For RQ2, CloneCognition reported an accuracy of up to 87.4% [34],
indicating that our observed 99.9% Type-IV clone rate may differ, as the tool is not an absolute
oracle. To mitigate this, we also performed a manual evaluation on a sample from the dataset.
Another threat arises in RQ4 from the selection of similarity thresholds used to partition clones
into syntactic-diversity variants, as arbitrary boundaries could bias performance comparisons
across tiers. We mitigate this by deriving thresholds empirically from the distribution of pairwise
CodeBLEU* scores across all clones, using the 25th and 75th percentiles (𝑝25 = 0.23, 𝑝75 = 0.46) as
natural breakpoints rather than manually chosen values. This ensures that each variant (Kamino-LD,
Kamino-MD, Kamino-HD) captures a statistically grounded and roughly equal portion of the simi-
larity distribution, reducing the risk of artificially inflating or deflating performance differences
between tiers..
Concerning external validity, the dataset selected for RQ1 may not fully represent real-world

tasks. We mitigated this by using BigCodeBench, a well-known and widely used dataset for LLM
code generation tasks. A potential threat is functionality overlap between training and test splits,
which could inflate downstream performance. We measured cross-split semantic similarity of
BigCodeBench task descriptions using sentence-transformer embeddings (all-MiniLM-L6-v2) and
cosine similarity, obtaining low similarity (mean = 0.16, std = 0.14), suggesting limited overlap.
A threat to construct validity relates to our reliance on CodeBLEU* and test passing as proxies
for syntactic and semantic equivalence. These metrics may not fully capture clone quality across
languages or at a larger granularity (e.g., file-level). We mitigated this by using empirically validated
thresholds [28] and by introducing a repair step for partially successful clones, reducing the
likelihood of false positives. Furthermore, we investigated the retention of only Type-IV clones
with RQ2, showing that the pipeline is able to achieve this goal. Another threat arises from the
test infrastructure of BigCodeBench. The number of test cases per task ranges from 3 to 15 (mean
= 5.64, median = 5), indicating moderate and fairly consistent coverage. We rely only on publicly
available tests, which may limit corner-case detection and the strictness of functional correctness
evaluation. For conclusion validity, the limited number of prompt configurations and datasets may
influence statistical reliability. We mitigated this by evaluating 224 configurations. Additionally,
we controlled LLM stochasticity by fixing a consistent temperature (0.1) [13]. Furthermore, all
thresholds used were decided based on the analysis of the results of a pilot study [31] conducted
with 50 entries randomly sampled from BigCodeBench. We chose thresholds that had a balance
between clone quality and variety (number of unique clones per entry).

6 Related Work
In this section, we review prior work relevant to our study.
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6.1 Code Generation with LLMs
LLMs have increasingly demonstrated strong capabilities across diverse software engineering
tasks, from code synthesis and completion [6] to debugging [9] and translation [19]. Beyond
direct code synthesis, other studies focus on improving the reliability and interpretability of LLM-
driven generation processes. Xu et al. [49] introduce Reprompting, an iterative algorithm that
automatically discovers and refines effective CoT reasoning steps for LLMs through a sampling
and feedback mechanism. While their work targets reasoning tasks rather than code generation,
their iterative refinement process parallels the repairing mechanism in our approach, where failing
outputs are re-evaluated and regenerated until functional correctness is achieved (see Section 3.4).
Similarly, frameworks like CodableLLM [30] align low-level (binary) and high-level (source) code
representations to improve dataset quality for downstream software analysis tasks, highlighting a
broader trend toward integrating LLMs in semantically grounded program understanding pipelines.

6.2 Clone Generation and Detection Approaches
Clone detection has evolved from purely syntactic to increasingly semantic representations. Tra-
ditional methods relied on token- or tree-based matching, but later approaches began leveraging
structural and semantic information extracted from ASTs and Program Dependency Graphs (PDGs).
Sheneamer and Kalita [41] combined AST- and PDG-based representations with ML classifiers
to detect complex Type-III-IV clones. Their results demonstrated that semantic representations
outperform traditional metrics-based detection, emphasizing the need for semantic-focused datasets.
More recent frameworks integrate multiple analytical modalities into unified ensembles. Bhaskar
and Geetika [7] propose an adaptive, multi-layered clone detection system that combines token-,
AST-, PDG-, and ML-based methods, including LLMs. Their ensemble weighting strategy achieves
high accuracy, particularly for challenging Type-IV and cross-language clones, and demonstrates
that hybrid systems can robustly handle the diversity of real-world codebases. Nonetheless, these
partially ML-based approaches remain constrained by the availability of diverse, functionally
verified training data, precisely the gap our work aims to address by automatically generating
high-quality semantic clone datasets. Alternatively, efforts such as InspectorClone [40] improve
reproducibility through semi-automated precision studies combining metric-based filtering with
human validation. These methods, however, remain dependent on manual oversight, limiting
scalability and consistency. Overall, these works reveal a clear focus on semantically aware and
evaluation-driven clone detection, thus highlighting the importance of scalable and automated
mechanisms to generate and validate Type-IV clones, such as our approach.

6.3 Type-IV Clone Generation and Datasets
Zhang et al. [51] introduce CLONEGEN, a reinforcement learning-based framework that generates
semantically preserved code transformations to evaluate clone detector robustness by producing
adversarial Type-IV clones that expose model vulnerabilities. While effective for stress-testing
models, CLONEGEN focuses on generating adversarial rather than diverse or validated clones, and
relies on hand-crafted transformations rather than adaptive LLM-based synthesis. In contrast, Li
et al. [28] propose a framework that leverages LLMs to synthesize semantically and syntactically
varied code variants across four different categories, including Type-IV clones. Their approach,
however, only generates four versions of the code per entry (one per category). This means that only
one Type-IV clone is generated per entry, reducing the variety specifically necessary for training
ML-based approaches. Furthermore, their approach is not fully automated like ours, requiring
human intervention as the first filter for selecting potential candidates.
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Alam et al. [3] introduced GPTCloneBench, a dataset of code clones generated using GPT-
3 containing Types–I–IV, and cross-language clones. However, while their approach includes
filtering for syntactic similarity, the validity of Type-IV clones is assessed only through manual
evaluation. This limits the reproducibility and scalability of the approach for large-scale Type-IV
clone generation. Furthermore, their dataset comprises a lower number of true Type-IV clone pairs
(e.g., at most around 7k Type-IV clone pairs for Java) when compared to ours (56k pairs). Eagal et al.
[13] empirically studied the reliability of LLMs (GPT-3.5, GPT-4, and CodeLlama) in generating
Type-IV clones across C++, Java, and Python. They found that LLMs can produce behaviorally
consistent clones at low temperatures within the same language, but performance drops for harder
problems, higher temperatures, and cross-language scenarios. These findings motivated our use of
the BigCodeBench easy split and a temperature of 0.1. Additionally, their prompts were simpler than
ours, which may explain their limited generation. For instance, they used the term “clone” in their
prompts, which we observed can lead LLMs to produce overly similar code. For this reason, we
used the term “alternative solution” instead. Other complementary efforts [2] adopt a crowdsourced
strategy, leveraging Stack Overflow examples to approximate functional similarity between code
fragments. Although this approach yields diverse data, it relies on community consensus rather than
executable verification, leading to noisy and inconsistently validated clones. Together, these works
reveal the growing importance of automated and semantically grounded code clone generation.
Our work differs from prior clone-generation approaches by combining fully automated LLM-

based synthesis, deterministic execution-based verification (tests), iterative repairing, and controlled
syntactic-diversity filtering (CodeBLEU*) within a single scalable pipeline. In contrast to existing
methods that rely on manual validation, hand-crafted transformations, or generate only a limited
number of clones per functionality, our approach explicitly targets the large-scale construction of
diverse and functionally verified Type-IV clone datasets for downstreamML training and evaluation.

7 Conclusion and Future work
In this paper, we present a hybrid approach for generating Type-IV clones using LLMs in combina-
tion with validation and clustering. Through an extensive empirical evaluation, we showed that the
choice of LLM and context are the main factors driving clone generation efficiency. Moreover, the
generated Python clones were validated with CloneCognition and manual validation to ensure that
the dataset was compose of Type-IV clones. The resulting dataset proved valuable for fine-tuning
code embedding models to detect clones in Python, Java, and C#. Furthermore, the syntactic diver-
sity generally improved Type-IV clone detection, particularly for CodeT5 on SemanticCloneBench,
though results were less consistent for GPTCloneBench.
For future work, we plan to incorporate prompt configurations to increase the clone diversity.

Moreover, alternative syntactic and semantic metrics will be considered at a larger granularity
or across multiple programming languages. Fine-tuning LLMs on previously successful clones
during the repairing step could improve robustness and overall clone generation efficiency, thus
addressing edge cases. Finally, we plan to expand our Type-IV clone dataset by generating clones
from different input datasets, including the “hard” split from BigCodeBench. These advances will
allow us to employ more advanced ML-based methods for clone detection.
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