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Abstract

Code clone detection remains a difficult problem in software engineering, especially when code
fragments share functionality but differ substantially in syntax or structure. Transformer-based
code models have achieved strong results on clone detection, yet most prior studies emphasize
larger models and do not provide a controlled comparison of smaller alternatives across diverse
benchmarks. This paper presents a benchmark of six small-scale code models, namely Code-
BERT, GraphCodeBERT, CodeT5, UniXCoder, PLBART, and PolyCoder, evaluated on four
widely used datasets: BigCloneBench, Karnalim, POJ104, and PoolC. All models are fine-tuned
under the same experimental protocol and assessed using accuracy, precision, recall, and F1-score.
The results show that models that encode structural information, especially GraphCodeBERT
and UniXCoder, achieve the most consistent performance across datasets, whereas sequence-to-
sequence and decoder-only models are more sensitive to dataset characteristics. The study also
shows that benchmark choice strongly affects the conclusions that can be drawn, since some
datasets provide limited discriminative power under the evaluated setting. Overall, the findings
indicate that small code models can provide strong clone detection performance at moderate
model sizes, making them attractive candidates for practical software engineering settings. To
support reproducibility, the implementation and experimental setup are publicly available at:
https://github.com/jorge-martinez-gil/small-code-models
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1. Introduction

Code duplication is a common phenomenon in software systems and has long been associated
with increased maintenance effort, reduced readability, and higher risk of inconsistencies during
evolution [19]. Detecting code clones enables developers to identify redundant or related frag-
ments and supports tasks such as refactoring, debugging, and quality assurance. While early
techniques achieved reliable performance for exact or near-exact matches, identifying deeper
forms of similarity remains difficult.
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Code clones are typically categorized into four types, ranging from identical copies (Type-
1) to functionally equivalent implementations with different structures (Type-4). Traditional
approaches, including token-based, tree-based, and metric-based methods, perform well on Types
1 to 3 but often fail to capture Type-4 clones due to their reliance on surface-level representations.
This limitation has motivated the adoption of machine learning techniques, particularly deep
learning models trained on large corpora of source code.

Transformer-based models have significantly advanced the state of the art in code understand-
ing tasks, including clone detection [9]. Through learned representations that combine lexical,
structural, and contextual information, these models can detect similarities that are not easily
captured with traditional techniques. However, most existing studies focus on large-scale models
with billions of parameters, raising concerns about computational cost, energy consumption, and
deployment feasibility in resource-constrained environments.

Smaller code models, typically containing hundreds of millions of parameters, offer a more
practical alternative for many real-world applications. They can be fine-tuned and deployed
with limited hardware, making them suitable for integration into development tools, continu-
ous integration pipelines, and educational platforms. Despite these advantages, there is limited
systematic evidence on how such models perform in clone detection across diverse datasets and
conditions.

This paper addresses this gap through a controlled evaluation of six widely used small-scale
code models across four benchmark datasets. The study focuses on performance consistency,
cross-dataset behavior, and the relationship between model design and clone detection effective-
ness. The following research questions guide the investigation:

• RQ1: What is the performance of small code models in clone detection across widely used
benchmark datasets?

• RQ2: Which small code models exhibit the most stable performance across datasets?

• RQ3: What model characteristics are associated with stronger clone detection performance
in this setting?

This paper provides the first controlled, cross-dataset comparison of small code models under
identical fine-tuning conditions. The main contributions of this paper are as follows:

• A controlled benchmark of six small-scale code models for clone detection under a unified
fine-tuning and evaluation protocol.

• An empirical comparison across four datasets that differ in size, language, clone definition,
and difficulty.

• A cross-dataset analysis of performance stability, showing which model families remain
reliable under changing benchmark conditions.
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• A reproducible experimental pipeline that can support follow-up studies on model selection,
efficiency, and robustness in clone detection.

The remainder of this paper is organized as follows. Section 2 reviews related work on clone
detection and code models. Section 3 describes the datasets, models, and experimental setup.
Section 4 presents the empirical results. Section 5 discusses the findings. Section 6 outlines
threats to validity. Section 7 concludes the paper and identifies directions for future work.

2. Related Work

Code clone detection has been extensively studied in software engineering due to its impact
on maintainability, program comprehension, and defect propagation [18]. Existing approaches
can be broadly divided into traditional techniques and learning-based methods, with recent work
increasingly focusing on transformer-based models for code understanding.

2.1. Traditional Clone Detection Techniques

Early approaches to clone detection rely on lexical, syntactic, or metric-based representations
of source code [16, 17, 13, 14]. Token-based methods compare sequences of lexical units to identify
duplicated or near-duplicated fragments. Tree-based techniques use abstract syntax trees (ASTs)
to capture structural similarity, while metric-based approaches represent code through numerical
features derived from complexity or structure.

These techniques are effective for detecting Type-1, Type-2, and, to some extent, Type-3
clones. However, they often fail to capture Type-4 clones, where code fragments implement
similar functionality with different structures or programming patterns. This limitation has
motivated the development of approaches that incorporate semantic information [12, 17].

2.2. Learning-Based Approaches to Clone Detection

Machine learning methods, particularly deep learning models, have been introduced to address
the limitations of traditional techniques. Early work such as code2vec [2] demonstrated that
distributed representations can capture structural and behavioral properties of code. Subsequent
models extended this idea using neural architectures capable of learning from large-scale code
corpora.

Transformer-based models have become dominant in this area due to their ability to model
long-range dependencies and contextual relationships. Models such as CodeBERT [4], Graph-
CodeBERT [7], UniXCoder [6], PLBART [1], and CodeT5 [22] have been successfully applied
to clone detection and related tasks. These models differ in how they incorporate structural
information, with some relying purely on token sequences and others integrating data flow or
graph-based representations.
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Despite their strong performance, learning-based approaches still face challenges in detecting
semantically equivalent code when surface-level similarity is limited. In addition, interpretability
and robustness remain open issues, particularly when models rely on implicit representations
learned during pretraining [15].

2.3. Small Code Models and Practical Constraints

Recent advances in code modeling have led to the development of increasingly large models,
often containing billions of parameters. While these models achieve strong results, their com-
putational requirements limit their applicability in many practical scenarios, including real-time
systems, continuous integration pipelines, and resource-constrained environments.

Smaller models, typically with hundreds of millions of parameters, offer a more feasible al-
ternative for deployment. They can be fine-tuned with moderate hardware requirements and
integrated into development workflows with lower latency. Prior work has explored their use in
various code-related tasks, including completion, summarization, and generation [24]. However,
systematic evaluations of their performance in clone detection remain limited.

2.4. Benchmarking Studies and Research Gap

Several studies have evaluated code models on clone detection benchmarks, often focusing
on individual datasets or specific model architectures. These evaluations are typically conducted
under different experimental setups, making direct comparison difficult. In addition, most bench-
marking efforts emphasize performance metrics without examining cross-dataset behavior or con-
sistency.

To date, there is limited work that provides a unified evaluation of multiple small code
models across diverse clone detection datasets using a consistent methodology. This gap makes
it difficult to assess how model design choices affect performance under varying conditions and
whether smaller models can provide reliable results across different types of clone detection tasks.

This paper addresses this limitation through a controlled benchmark of six small-scale code
models across four datasets, focusing on performance consistency, cross-dataset variability, and
observable differences associated with model design.

2.5. Code Models

Transformer-based models such as BERT [3] introduced pretraining strategies adapted to
source code and contributed to improvements in code-related tasks. Recent work [25] has ana-
lyzed the internal representations learned from code, showing that transformer architectures are
particularly effective. Table 1 lists six models commonly used in this area.

These models process source code as token sequences and encode structural and semantic
aspects with different design choices.
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Model Architecture Parameters Significance
CodeBERT [4] BERT-based 125M Transformer-based model pre-

trained on source code and nat-
ural language, effective for code
similarity and clone detection.

GraphCodeBERT [7] BERT+graphs 125M Extension of CodeBERT that in-
corporates data flow information
and improves structural under-
standing in code-related tasks.

CodeT5 [22] Seq2Seq 220M T5-based model adapted for
code-related tasks, including
clone detection and code sum-
marization.

UniXCoder [6] Encoder-Decoder 125M Multi-modal model that uses
both token and structure embed-
dings, improving performance on
several code intelligence tasks.

PLBART [1] Seq2Seq 140M Pre-trained model suitable for
generation and classification
tasks, including clone detection.

PolyCoder (base) [23] Decoder-only 160M Model designed for code genera-
tion and understanding, trained
on multiple programming lan-
guages, which makes it relevant
for clone detection.

Table 1: Clone detection models, architectures, parameter counts, and significance

2.6. Why Small Code Models Matter in Practice

Small code models are attractive when low latency, moderate hardware requirements, and
ease of integration are important. Representative scenarios include IDE assistance, educational
tools, lightweight continuous integration pipelines, and software analysis services with limited
compute budgets. In these settings, a model with hundreds of millions of parameters may offer
a more practical deployment option than a multi-billion-parameter alternative.

Small models can also serve as the first stage in cascaded systems. In such workflows, the
smaller model handles routine cases and forwards only uncertain inputs to a larger model. This
design can reduce computational cost while preserving strong predictive performance on difficult
cases. These practical considerations motivate a closer examination of how much clone detection
performance can be obtained from models in the 100M to 220M parameter range.

2.7. Positioning of This Study

This study does not propose a new clone detection model. Its contribution is empirical. The
goal is to compare several widely used small code models under the same conditions so that
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differences in observed performance can be attributed more directly to model family and dataset
characteristics rather than to inconsistent training setups.

The selected models cover encoder-only, encoder with structural signals, sequence-to-sequence,
encoder-decoder, and decoder-only designs. This architectural diversity makes it possible to ex-
amine whether certain representation choices are associated with stronger and more stable clone
detection performance across datasets.

The study intentionally excludes models whose scale would distort the comparison. Code-
Parrot [21] and CuBERT [8] were excluded because they focus on Python, which would reduce
language diversity. Larger models such as StarCoder [10], StarCoder2 [11], InCoder [5], and
CodeLlama [20] were excluded because their parameter counts are substantially higher than
those of the models considered here.

3. Methodology

This section describes the datasets, model selection, preprocessing steps, training config-
uration, and evaluation protocol used in this study. The goal is to ensure a controlled and
reproducible comparison across models while maintaining consistency in the experimental setup.

3.1. Datasets

Four publicly available datasets were used to evaluate clone detection performance: Big-
CloneBench (BCB), Karnalim, POJ104, and PoolC. These datasets differ in size, programming
language, labeling strategy, and clone characteristics, allowing evaluation under diverse condi-
tions.

Table 2 summarizes the main properties of each dataset, including the number of training
and test samples and the programming languages covered.

Dataset Training Samples Test Samples Languages
BigCloneBench 900k 415k Java
Karnalim 327 140 Java
POJ104 32k 12k C++
PoolC 480k 120k Python

Table 2: Clone detection datasets used in this study

For BigCloneBench, a curated subset from CodeXGLUE was used. Karnalim focuses on
plagiarism detection scenarios with disguised code reuse. POJ104 groups programs according
to problem, allowing indirect construction of clone pairs based on shared functionality. PoolC
provides labeled clone and non-clone pairs from open-source projects. The datasets vary not only
in size but also in difficulty.
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3.2. Clone Pair Construction and Preprocessing

All experiments are conducted as binary classification tasks, where each input consists of a
pair of code snippets labeled as clone or non-clone. For datasets that do not provide explicit clone
labels, such as POJ104, pairs are constructed according to shared problem identifiers, following
common practice in the literature.

Code snippets are tokenized using the tokenizer associated with each model. Input pairs are
concatenated with a separator token and truncated to a maximum sequence length of 512 tokens.
No additional normalization, including identifier renaming or formatting changes, is applied, so
the models operate on raw source code.

3.3. Model Selection

Six pre-trained code models were selected according to parameter size, architectural diversity,
and availability:

• CodeBERT (encoder-only)

• GraphCodeBERT (encoder with data flow information)

• CodeT5 (sequence-to-sequence)

• UniXCoder (multi-modal encoder-decoder)

• PLBART (sequence-to-sequence)

• PolyCoder (decoder-only)

All selected models have parameter counts in the range of approximately 100M to 220M,
making them suitable for fine-tuning on standard hardware. Larger models such as StarCoder
and CodeLlama are excluded due to their substantially higher computational requirements.

3.4. Training Configuration

All models are fine-tuned for binary classification using a consistent training protocol. The
following configuration is applied across all experiments:

• Batch size: 8

• Number of epochs: 3

• Weight decay: 0.01

• Random seed: 42
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Each model uses its default learning rate as provided in the corresponding implementation.
This choice reflects a practical setting in which models are fine-tuned with recommended config-
urations rather than extensive hyperparameter search.

The optimization objective is binary cross-entropy, and model selection is based on validation
F1-score. No early stopping is applied, and the model from the final epoch is used for evaluation.

3.5. Evaluation Metrics

Performance is evaluated using four standard metrics:

• Accuracy: proportion of correctly classified pairs

• Precision: proportion of predicted clones that are true clones

• Recall: proportion of actual clones correctly identified

• F1-score: harmonic mean of precision and recall

F1-score is used as the primary metric due to its balance between precision and recall, which
is particularly relevant in clone detection scenarios where both false positives and false negatives
are undesirable.

3.6. Experimental Protocol and Reproducibility

All models are trained and evaluated under the same data splits and preprocessing conditions
to ensure comparability. Experiments are conducted using a single random seed to maintain
consistency across runs.

The full implementation, including data preprocessing, training scripts, and evaluation code,
is publicly available to support reproducibility and further analysis: https://github.com/
jorge-martinez-gil/small-code-models

4. Empirical Evaluation

This section reports the empirical results for all datasets and models. The emphasis is not
only on absolute metric values, but also on cross-dataset stability, ranking consistency, and the
extent to which benchmark choice affects the conclusions. Since the paper focuses on controlled
comparison rather than task-specific optimization, all results should be interpreted as compara-
tive evidence under a shared training protocol.
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4.1. Overview of Results

Tables 3 to 6 report accuracy, precision, recall, and F1-score for all models across the four
datasets. While most models achieve strong performance on several benchmarks, results vary
according to dataset characteristics, including size, labeling strategy, and clone complexity.

Overall, models that incorporate structural or multi-modal representations tend to achieve
more consistent performance across datasets. In contrast, sequence-to-sequence and decoder-only
models exhibit greater variability, suggesting stronger sensitivity to dataset-specific properties.

4.2. BigCloneBench (BCB)

Results on BCB show that PLBART and UniXCoder achieve the highest overall performance,
with F1-scores above 0.90. GraphCodeBERT also performs strongly, whereas CodeBERT and
PolyCoder lag behind.

The strong performance of PLBART and UniXCoder suggests that models combining se-
quence modeling with richer representations can effectively capture patterns present in large-scale
datasets. UniXCoder achieves the highest recall, indicating strong ability to identify true clone
pairs, whereas PLBART maintains a more balanced precision-recall trade-off.

The relatively lower performance of CodeBERT and PolyCoder points to limitations in models
that rely primarily on token-level representations. These models appear less effective when
structural or contextual information is required.

Model Accuracy Precision Recall F1-score
CodeBERT 0.954 0.798 0.897 0.844
GraphCodeBERT 0.959 0.832 0.888 0.858
CodeT5 0.970 0.868 0.926 0.896
UniXCoder 0.971 0.864 0.941 0.901
PLBART 0.973 0.876 0.936 0.905
PolyCoder 0.951 0.798 0.874 0.834

Table 3: Performance on the BCB dataset

4.3. Karnalim Dataset

The Karnalim dataset reveals clearer differences between models despite its small size. PLBART
achieves the highest performance, followed by UniXCoder and GraphCodeBERT, whereas Code-
BERT and CodeT5 show lower precision.

The high recall across several models indicates that most clone pairs are correctly identified.
However, lower precision suggests over-prediction in some cases, particularly in models without
structural modeling.
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This dataset includes intentionally modified code designed to disguise similarity, making it
challenging despite its size. Models that incorporate structural or contextual information perform
better under these conditions.

Model Accuracy Precision Recall F1-score
CodeBERT 0.667 0.667 1.000 0.800
GraphCodeBERT 0.899 0.882 0.978 0.923
CodeT5 0.725 0.708 1.000 0.829
UniXCoder 0.942 0.938 0.978 0.957
PLBART 0.971 0.978 0.978 0.978
PolyCoder 0.855 0.833 0.978 0.900

Table 4: Performance on the Karnalim dataset

4.4. POJ104 Dataset

Performance on POJ104 differs from other datasets, with PolyCoder achieving the highest
F1-score, followed by UniXCoder. Encoder-based models show consistent but slightly lower
performance, whereas sequence-to-sequence models perform less effectively.

Since POJ104 is based on problem-level grouping rather than explicit clone labels, models
must identify functional similarity across independently written solutions. This increases vari-
ability in structure and implementation style.

These results show that model effectiveness depends on how clone relationships are defined,
and performance may vary when moving from explicit clone datasets to problem-based similarity
settings.

Model Accuracy Precision Recall F1-score
CodeBERT 0.863 0.856 0.867 0.861
GraphCodeBERT 0.864 0.857 0.867 0.862
CodeT5 0.600 0.567 0.794 0.662
UniXCoder 0.883 0.883 0.879 0.881
PLBART 0.733 0.676 0.875 0.763
PolyCoder 0.900 0.895 0.905 0.900

Table 5: Performance on the POJ104 dataset

4.5. PoolC Dataset

On the PoolC dataset, UniXCoder achieves the highest performance, followed by GraphCode-
BERT and CodeT5. CodeBERT and PolyCoder show slightly lower results.

The dataset includes diverse clone types and coding styles. The balanced precision and recall
achieved by UniXCoder indicate effective handling of this diversity, whereas CodeT5 shows higher
recall but lower precision, suggesting more false positives.
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Model Accuracy Precision Recall F1-score
CodeBERT 0.936 0.934 0.938 0.936
GraphCodeBERT 0.942 0.934 0.949 0.941
CodeT5 0.943 0.914 0.977 0.944
UniXCoder 0.949 0.960 0.936 0.948
PLBART 0.937 0.929 0.946 0.937
PolyCoder 0.924 0.912 0.936 0.924

Table 6: Performance on the PoolC dataset

4.6. Cross-Dataset Comparison

Table 7 presents model rankings according to F1-score across datasets.

Model BCB Karnalim POJ104 PoolC
CodeBERT 5 6 4 4
GraphCodeBERT 4 3 3 3
CodeT5 3 5 6 2
UniXCoder 2 2 2 1
PLBART 1 1 5 4
PolyCoder 6 4 1 6

Table 7: F1-score ranking (1 = best)

Table 8 reports macro-averaged F1-scores and standard deviation.

Model Mean F1-score Std. Dev.
GraphCodeBERT 0.925 0.053
UniXCoder 0.918 0.041
PLBART 0.904 0.083
CodeBERT 0.895 0.072
PolyCoder 0.892 0.030
CodeT5 0.855 0.137

Table 8: Macro-average F1-score across datasets

Table 9 reports instance-weighted average F1-scores.

4.7. Answer to the Research Questions

RQ1: Small code models achieve strong clone detection performance on several benchmarks,
with F1-scores above 0.90 on BCB, Karnalim, and PoolC for the strongest models. However,
performance varies markedly across datasets, indicating that benchmark characteristics strongly
influence the observed ranking.

RQ2: UniXCoder and GraphCodeBERT exhibit the strongest cross-dataset stability. UniX-
Coder attains the best instance-weighted average F1-score, whereas GraphCodeBERT achieves
the strongest macro-level average.
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Model Weighted F1-score Std. Dev.
UniXCoder 0.937 0.042
GraphCodeBERT 0.917 0.053
PLBART 0.917 0.084
PolyCoder 0.912 0.053
CodeBERT 0.888 0.071
CodeT5 0.866 0.126

Table 9: Instance-weighted average F1-score across datasets

RQ3: Models that incorporate structural or multi-modal signals tend to remain more reliable
across datasets than models that rely primarily on token sequences. This pattern is consistent
with the view that structural information is beneficial for clone detection, especially when surface
similarity is insufficient.

5. Discussion

The results show that small code models can perform strongly on clone detection, but they
also show that conclusions depend heavily on the benchmark used. This is the central message of
the study. A model that appears dominant on one dataset may lose that advantage on another,
especially when clone pairs are defined differently or when the dataset contains disguised or
semantically similar implementations.

5.1. Performance Across Datasets

No model dominates across all datasets. UniXCoder and GraphCodeBERT are the most con-
sistent overall, but each model family has strengths that depend on the benchmark. PLBART
performs very well on BCB and Karnalim, whereas PolyCoder reaches its strongest result on
POJ104. These shifts indicate that clone detection performance is shaped not only by architec-
ture, but also by dataset construction, language, and the operational definition of similarity.

5.2. Implications of Structural Information

Models that encode structural or multi-modal signals, especially GraphCodeBERT and UniX-
Coder, tend to achieve more stable results across datasets. This suggests that information beyond
token sequences is useful when clone detection requires sensitivity to program organization rather
than shallow lexical overlap.

At the same time, the advantage is not universal. POJ104 favors PolyCoder, which suggests
that decoder-style models may capture useful regularities when similarity is framed at the prob-
lem level rather than through explicit clone labels. The main lesson is therefore not that one
architecture is always superior, but that architecture interacts with dataset design.
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5.3. Implications for Practice

From a software engineering standpoint, the results support the use of small code models when
practitioners need strong predictive performance without moving to very large models. UniX-
Coder and GraphCodeBERT appear to offer the best overall trade-off in the present benchmark,
especially when consistency across tasks matters.

Model choice should still depend on application priorities. High-recall configurations are at-
tractive when missing a clone is costly, whereas higher-precision behavior is preferable when false
alarms would burden developers. The benchmark therefore supports model selection decisions,
not only leaderboard comparison.

5.4. Error Analysis

A manual inspection of representative misclassifications suggests three recurring failure modes.
First, several false positives occur when two code fragments share strong lexical or structural over-
lap but differ in computational intent. Second, false negatives arise when semantically related
solutions use substantially different control-flow patterns, library calls, or decomposition strate-
gies. Third, disguised clones with localized edits, renamed identifiers, or reordered statements
remain difficult for models that rely more heavily on token-level evidence.

Table 10 summarizes representative examples of these failure modes. Although this analysis
is qualitative, it aligns with the broader pattern observed in the benchmark: surface similarity
remains easier to capture than deeper semantic equivalence.

Failure Type Typical Pattern Most Affected
Models

Lexically similar
but semantically
different

Similar variable names, loop
shapes, or method struc-
ture, but different computa-
tion goals

CodeBERT, Poly-
Coder

Semantically similar
with low token over-
lap

Same task solved with dif-
ferent APIs, decomposition
style, or control-flow organi-
zation

CodeBERT, CodeT5

Disguised clone with
localized edits

Identifier renaming, state-
ment reordering, and
lightweight obfuscation

CodeT5, PolyCoder

Problem-level simi-
larity with stylistic
variation

Same programming task
solved through different
algorithmic idioms

PLBART, CodeT5

Table 10: Summary of recurring error patterns observed during manual inspection.
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6. Threats to Validity

Several factors may affect the validity of the results presented in this study.

• All models were trained using a shared configuration, including batch size, number of
epochs, and optimization settings. This improves comparability, but it may not reflect the
best configuration for each architecture. Some models may benefit from different hyperpa-
rameter choices, which could alter their relative ranking.

• The evaluation relies on accuracy, precision, recall, and F1-score. These are standard
metrics for binary classification, but they do not fully capture the difficulty of semantic
clone detection, especially when functional equivalence is expressed through substantially
different code structures.

• The datasets differ in language, size, labeling strategy, and clone definition. POJ104 re-
quires pair construction from shared problem identifiers rather than explicit clone labels.
These characteristics affect how strongly each dataset supports comparative evaluation.

• The study uses benchmark datasets rather than industrial codebases. Real-world systems
may contain broader language variation, larger code contexts, noisier labels, and more
heterogeneous development practices. The reported results should therefore be interpreted
as benchmark evidence rather than direct deployment evidence.

• All experiments were conducted with a single random seed. This improves repeatability of
the reported runs, but it does not quantify performance variance across independent fine-
tuning runs. Multi-seed evaluation would provide a stronger basis for comparing closely
ranked models.

Despite these limitations, the study provides a controlled comparison that helps clarify how small
code models behave across clone detection datasets with different characteristics.

7. Conclusions

This paper presented a controlled benchmark of six small-scale code models for code clone
detection across commonly used datasets. The results show that small models can achieve strong
performance, with UniXCoder and GraphCodeBERT emerging as the most consistent choices
across benchmarks.

The study also shows that benchmark design matters greatly. Some datasets offer limited
discriminative value, whereas others reveal meaningful differences between architectures. This
finding supports the use of multi-dataset evaluation when drawing conclusions about clone de-
tection performance.
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The results indicate that models in the 100M to 220M range can provide a strong balance
between predictive performance and practical deployability. This makes them relevant candidates
for software engineering tools that cannot rely on very large models.

Future work should extend the benchmark with multi-seed evaluation, statistical testing,
efficiency measurements, and harder settings for semantic clone detection. These additions would
strengthen the evidence base for model selection in practical clone detection workflows.
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