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Abstract Semantic code clone detection (Type-4 clones) remains one of the most challenging problems in clone detection
research. Despite significant advances in machine learning and neural code representation models, progress is limited by the
scarcity of large-scale, high-quality datasets—particularly for dynamically typed languages such as Python. Existing clone
datasets are typically static, manually curated, small in scale, or predominantly composed of syntactic clones. This paper
presents PyClone-Stream, an automated and continuously growing dataset of Python semantic code clones constructed from
competitive programming submissions. PyClone-Stream leverages daily scraping of the AtCoder platform, persistent metadata
storage, filesystem-based code archiving, and a multi-stage clone filtering pipeline. Syntactic clones (Type-1–3) are systemati-
cally removed using the NiCad clone detection tool, while the remaining clone pairs are labeled as candidate Type-4 clones. By
supporting continuous dataset growth, PyClone-Stream enables long-term analysis and provides a scalable foundation for training
and evaluating learning-based semantic clone detection models.
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1. Introduction
Code cloning is prevalent in software systems, and its formation

may stem from intentional code copying or from developers inde-
pendently implementing the same functionality without realizing
that an equivalent implementation already exists. Although some
degree of cloning is intentional or unavoidable, unmanaged code
clones increase maintenance costs, reduce readability, and facilitate
the propagation of defects [1].

Code clones form a spectrum from syntactically identical Type-1
clones to semantically equivalent but syntactically diverse Type-4
clones. Accordingly, they are categorized into four types based on
the degree of syntactic and semantic similarity [2]. While Type-1 to
Type-3 clones can typically be detected using text-, token-, or tree-
based techniques, Type-4 clones (also referred to as semantic clones)
require reasoning about program semantics because they implement
equivalent functionality while differing substantially in syntax and
structure.

The absence of syntactic markers makes the detection of Type-
4 clones particularly challenging and renders traditional clone de-
tection techniques ineffective. Although recent learning-based
approaches and pre-trained models such as CodeBERT, Graph-
CodeBERT, and CodeT5 [3]–[5] have demonstrated promising se-
mantic modeling capabilities, their effectiveness is fundamentally
constrained by the availability of large-scale, high-quality labeled
datasets. In practice, data availability has emerged as the primary
bottleneck limiting progress in semantic clone detection research.

Existing code clone datasets are often static, manually curated,
limited in scale, or dominated by syntactic clone pairs [7].These lim-
itations are particularly pronounced for dynamically typed languages
such as Python, where flexible typing, rich standard libraries, and
diverse implementation styles further complicate semantic equiv-
alence. Despite its prevalence in real-world software systems,

Python remains comparatively underexplored in existing semantic
code clone datasets, motivating the selection of Python as the fo-
cus of this work. However, creating a robust benchmark requires
careful consideration of data quality; prior studies have shown that
improper dataset usage and labeling assumptions can significantly
distort conclusions in semantic clone detection research [6].

This paper presents PyClone-Stream as a response to this gap:
an automated and continuously growing dataset construction frame-
work designed to support large-scale analysis and learning-based
detection of Python semantic code clones.

2. Problem Definition
The main purpose of semantic code clone detection, commonly

known as Type-4 clone detection, is to identify code snippets that
implement the same functionality despite syntactic and structural
differences. Progress in this area is constrained not by modeling
capability alone, but by limitations in available datasets. Exist-
ing semantic clone datasets typically suffer from three fundamental
shortcomings:

(i) they are static snapshots that do not reflect evolving code
distributions [7], [10],

(ii) they rely heavily on manual annotation [10] or synthetic gen-
eration [11], limiting scalability, and

(iii) they insufficiently capture semantic diversity in dynamically
typed languages such as Python [7].

These limitations are particularly problematic for learning-based
approaches, which require large, diverse, and up-to-date training data
to generalize effectively. The difficulty in achieving such generaliza-
tion stems from a core and underexplored challenge: the continuous
evolution of software ecosystems, which renders fixed benchmarks
increasingly unrepresentative. New versions of the programming
languages, programming problems, libraries, coding idioms, and
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Fig. 1: PyClone-Stream pipeline architecture

design styles emerge over time. These trends can be easily observed
on competitive programming and online coding platforms that serve
as major sources of real-world code. As a result, static datasets
risk becoming outdated, limiting their viability for testing modern
learning-based models. Moreover, beyond issues of scale and stal-
eness, recent analyses show that even well-established datasets can
lead to misleading conclusions when their labeling assumptions are
misapplied or insufficiently examined [6]. Taken together, these fac-
tors elevate dataset construction from a one-time preprocessing step
to a central research challenge.

2.1 Problem Statement
The absence of a large-scale, reproducible dataset that captures

real-world semantic diversity in Python code hinders the objective
evaluation and improvement of Type-4 clone detection strategies.
Furthermore, it complicates the comparison of learning-based ap-
proaches under realistic conditions and the analysis of how evolving
code distributions impact model performance.

To address this gap, we formalize the problem studied in this
work. Specifically, the objective is to design a framework for
constructing an automated, continuously growing, and reproducible
dataset for Python semantic code clone detection that:

• captures real-world semantic diversity beyond syntactic simi-
larity,

• scales over time without relying on manual annotation, and

• makes its labeling assumptions explicit and verifiable for down-
stream analysis.

Rather than treating dataset construction as a one-time curation
effort, this work formulates it as a streaming and incremental process
in which new Python code submissions are continuously collected,
filtered, and merged into a growing corpus of candidate semantic
clone pairings.

3. Methodology
In this section, we describe the architecture behind the PyClone-

Stream pipeline, which ranges from automated data collection by
web scraping to semantic clone labeling and dataset maintenance.
The pipeline is designed to be highly automated, reproducible,
scalable, and resilient to interruptions, enabling continuous dataset
growth with minimal manual intervention.

Figure 1 illustrates the complete PyClone-Stream pipeline. The
system comprises three loosely coupled stages: (1) automated data
ingestion, (2) clone filtering and labeling, and (3) dataset expansion.
This paper focuses on all three stages, which together define the
dataset construction process.
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3.1 Platform Choice for Data Collection
Code clones are code fragments that share some degree of syntac-

tic or semantic similarity. On competitive programming platforms,
developers worldwide attempt to solve the same problem by using
different algorithms, design choices, and approaches. This makes
such platforms a natural testbed for collecting code clones, as devel-
opers essentially create code clones for the same problem. In this
work our choice is AtCoder(1) competitive programming platform.

3.2 Automated Contest and Submission Collection
Contest Selection Strategy. PyClone-Stream primarily targets re-
cent contests on the AtCoder platform to capture the latest changes
and updates in software engineering, with older contests serving as
a backup. Contests on AtCoder contain a wide range of difficulty
levels of problems. Contests are divided into four types according
to the difficulty level of the problems they contain. In order to make
the dataset diverse in terms of problems, the following strategies are
followed:

• Collection window: 20 contests collected over a fixed period
from February 2025 to January 2026.

• Booster sampling: Older contests serve as a backup in case
the problems of the recent contests do not contain enough sub-
missions.

This approach allows for the tracking of recent trends while pre-
serving temporal relevance.
Problem and Submission Filtering. There is no restriction on the
number of the problems per contests. Our pipeline scrapes all the
problems from the contest details page, as contests typically contain
a limited number of problems. For submissions, we retrieve only
Python submissions with an “Accepted” status to ensure that the
dataset contains functionally correct code samples.

We also enforce a per-user-per-problem policy in our pipeline to
reduce redundancy and author-specific bias. Specifically, at most
𝑘 submissions per user are retained for each problem, where 𝑘 is a
configurable parameter (set to 10 in the current implementation).
Rate Limiting and Fault Tolerance. To ensure reliable and re-
sponsible data collection from the AtCoder platform, the scrap-
ing pipeline incorporates standard rate limiting and fault-tolerance
mechanisms. Requests are throttled to comply with server usage
constraints, and transient failures are handled using retry and back-
off strategies. Additionally, lightweight checkpointing is employed
to enable safe recovery from interruptions, allowing the pipeline
to resume data collection without reprocessing previously handled
data.

3.3 Data Collection and Data Storage
There are two operational modes in PyClone-Stream:

Initial Backfill. The initial Backfill mode is executed once when
deploying the system. Its purpose is to crawl all eligible contests
within the configured time frame.
Incremental Updates. After the initial backfill, a daily cron job re-
trieves newly available contests, problems, and submissions. Since
all operations are idempotent and checkpointed, incremental updates
can be performed safely without reprocessing previously collected
data. Due to this design, the system consistently resumes from the
last processed contest and submission page.

The collected data are stored in the following forms:

• Metadata Storage: All collected metadata such as details of
contests, problems, users, language versions and submissions

(1): https://atcoder.jp

Algorithm 1 Syntactic Clone Candidate Extraction
1: for each problem 𝑃 do
2: collect submissions S𝑃

3: generate pairs C𝑃 = {(𝑠𝑖 , 𝑠 𝑗 )}
4: run NiCad on C𝑃

5: remove detected Type-1–3 clone pairs
6: label remaining pairs as Type-4 candidates
7: end for

are stored in a normalized PostgreSQL database. Each table in-
cludes timestamp fields (created at, updated at) to support
temporal analysis and dataset auditing.

• Code Storage: To avoid database bloat, source code is stored
separately from metadata details in a filesystem-based reposi-
tory. Each submission is written to a deterministic path based
on platform, contest, problem, and submission identifier. These
paths are stored in the database in the corresponding table and
column. Alongside these paths cryptographic hash (SHA-256)
per file is generated to detect duplication and ensure integrity.
Other reasons for designing the architecture this way are to sim-
plify backups, and enable efficient access by external analysis
tools such as NiCad [9].

3.4 Clone Candidate Generation
For each problem 𝑃, letS𝑃 denote the set of accepted Python sub-

missions collected. PyClone-Stream generates all unordered pairs
(𝑠𝑖 , 𝑠 𝑗 ) where 𝑠𝑖 , 𝑠 𝑗 ∈ S𝑃 and 𝑖 < 𝑗 . Each pair represents a potential
clone candidate.

On the AtCoder platform, problems are categorized by difficulty
level. The higher the alphabetic label, the more difficult the question
is. In our pipeline, we manage the risk of combinatorial explosion by
assigning caps to the number of submissions processed per problem.
Since our purpose is to create a code clone dataset at the function
granularity, simpler problems (e.g., ABC A/B) are assigned higher
caps, as they are more likely to yield single-function solutions. In
contrast, harder problems (e.g., D/E/F) are assigned lower caps.

3.5 Syntactic Clone Filtering and Labeling
Rationale. Since many generated clone pairs from collected sub-
missions have the potential to be Type-1, Type-2, and most Type-3
(i.e., syntactic) clones, we cannot treat all submissions as semantic
clones as this would introduce substantial noise. Instead, PyClone-
Stream adopts a conservative filtering strategy in which a traditional
code clone detector is used to isolate semantic clones from syntactic
clones. In our use case, NiCad is chosen for this purpose since it is
one of the most reliable and widely used code clone detection tools
for syntactic clones. After this filter, we treat the remaining pairs as
Type-4 clone candidates, under the assumption that traditional clone
detection tools achieve sufficiently high recall for Type-1 to Type-3
clones within the considered code corpus. Consequently, pairs sur-
viving this filtering step are unlikely to exhibit purely syntactic or
near-miss structural similarity.
Filtering Algorithm. Algorithm 1 presents the filtering process.
The objective of the filtering step is to eliminate syntactically simi-
lar clone pairs (Type-1-3) from the generated candidate set and retain
only Type-4 clone candidates. For each problem 𝑃, the algorithm
takes as input the set of accepted submissions S𝑃 and the corre-
sponding submission pairs generated from it. NiCad is applied to
these pairs to detect Type-1-3 clones under a fixed configuration.
All detected syntactic clones are removed, and the remaining pairs
are labeled as Type-4 clone candidates for downstream analysis.
NiCad Configuration. NiCad is configured to detect clones under
multiple normalization settings, including identifier renaming and
literal abstraction. Thresholds are chosen conservatively to favor

— 3 —



precision over recall. In our use case, the dissimilarity threshold
is set to 0.7, ensuring that syntactically similar code fragments are
reliably filtered out.
Labeling Assumptions and Noise. After syntactic clone filtering,
PyClone-Stream labels the remaining clone candidates as Type-4
code clone candidates under the assumption that accepted submis-
sions to the same problem are functionally equivalent. While this
assumption introduces some label noise, it allows scalable dataset
construction without human-in-the-loop annotation.
Dataset Evolution and Reproducibility. All scripts, configura-
tions, and dataset schemas are designed to support reproducibility
and extensibility, and continuous dataset growth.

3.6 Automation and Operational Considerations
Once the project is deployed, it performs data scraping and clone

curation autonomously. While human intervention is not required
during routine operation, rare maintenance actions such as manually
renewing expired authentication credentials (e.g., revel session)
are required and this is dictated by platform access policies rather
than pipeline design.

4. Dataset Construction and Statistics
In this section, we describe the composition and statistical char-

acteristics of the PyClone-Stream dataset in the current snapshot.
PyClone-Stream is a continuously growing dataset of semantic

code clone candidates derived from accepted competitive program-
ming submissions that are written in Python. The results reported in
this paper correspond to a snapshot collected after the initial backfill.

4.1 Raw Submissions
The current snapshot contains accepted Python submissions col-

lected from AtCoder contests. After filtering for language, accep-
tance status, and per-user submission limits, the dataset includes:

• 20 contests

• 120+ problems

• 22,000+ Python submissions

• 0.1M+ Type-4 candidate pairs

The source code of each submission is stored as a file under a
specific directory and linked to metadata including platform ID, con-
test ID, problem ID, submission ID, language ID, status, code path,
SHA-256 cryptographic hash of the code, and code size in bytes.

4.2 Problem-Level Distribution
All submissions are grouped by problem, where each group con-

sists of multiple independent implementations of the same program-
ming task. Problems with fewer than two submissions are excluded.
Across retained problems:

• The average number of submissions per problem is 190

• The largest group contains 607 submissions

• The smallest group contains 2 submissions

This grouping forms the basis for clone pair generation.
4.3 Clone Candidate Pairs
For each problem with 𝑛 submissions, all unordered submission

pairs are generated, yielding 𝑛(𝑛−1)/2 candidate pairs. The current
snapshot contains more than 0.1M Type-4 clone candidates. All
pairs originate from submissions that solve the same problem and
therefore share functional intent.

4.4 Syntactic Clone Removal
Syntactic clone filtering substantially reduces the number of can-

didate pairs and reshapes the dataset composition. After applying
NiCad-based filtering, all detected syntactic clones are removed.
Approximately 2.4 million syntactic clone pairs are filtered out.
The remaining pairs demonstrate significantly greater syntactic and
structural diversity and constitute the pool of semantic (Type-4)
clone candidates retained in PyClone-Stream.

4.5 Dataset Contents
Each clone pair in PyClone-Stream includes:

• Identifiers of both submissions

• Associated problem and contest identifiers

• Cloning Metrics

This dataset does not include manual annotations; instead, labels
are derived automatically based on problem equivalence and clone
filtering.

4.6 Dataset Comparison
Table 1 highlights key differences between PyClone-Stream,

SemanticCloneBench [10], and GPTCloneBench [11]. In contrast
to SemanticCloneBench, which is a static benchmark constructed
once, PyClone-Stream is designed as a continuously growing dataset
with incremental daily ingestion. While SemanticCloneBench and
GPTCloneBench provide curated semantic clone pairs, their scale
is limited or dependent on model-driven generation, respectively.
PyClone-Stream uniquely derives clone candidates from organi-
cally written, human-authored competitive programming submis-
sions, enabling substantially larger volumes of Type-4 clone candi-
dates to be collected on a recurring basis. Moreover, unlike GPT-
CloneBench, which relies on large language models for clone genera-
tion or labeling, PyClone-Stream employs a conservative, tool-based
filtering strategy, prioritizing reproducibility and minimizing model-
induced bias. These characteristics position PyClone-Stream as a
scalable and extensible dataset infrastructure for long-term analysis
and learning-based semantic clone detection.

5. Illustrative Examples
To clarify the distinction between syntactic and semantic code

clones in the context of PyClone-Stream, we present representative
examples drawn from real accepted submissions on the AtCoder
competitive programming platform. All examples correspond to
correct Python solutions for the same problem and are included for
illustrative purposes only.

5.1 Problem Definition
The task considered in the following examples is defined as fol-

lows:

You are given a positive integer 𝑋 . Find the minimum
value among all positive integers that can be obtained by
rearranging the digits of 𝑋 , subject to the constraint that
the resulting number must not contain leading zeros.

This problem admits multiple correct solutions, allowing devel-
opers to employ different algorithmic strategies while preserving
functional correctness.

5.2 Semantic Clone Example (Type-4)
Figure 2 presents two accepted solutions, denoted as (a) and (b),

that solve the same problem using substantially different implemen-
tation strategies. Solution (a) explicitly separates zero and non-zero
digits and constructs the result through sorting and list manipulation,
whereas solution (b) reconstructs the output using digit frequency
counts.
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X = input()
c = X.count(’0’)

S = []

for i in X:
if i != ’0’:

S.append(i)

S.sort()

print(*([S[0]] + [’0’] * c + S[1:]), sep="")

(a) Solution (a)

X = input()
count = [0 for _ in range(10)]
n_min = 9

for i in X:
count[int(i)] += 1
if int(i) > 0:

n_min = min(n_min, int(i))
ans = str(n_min)
count[n_min] -= 1

for i in range(10):
ans += str(i) * count[i]

print(ans)

(b) Solution (b)

1

Fig. 2: Semantic clone pair candidate: structurally different imple-
mentations exhibiting identical behavior.

Despite these structural and algorithmic differences, both imple-
mentations produce identical outputs for all valid inputs and satisfy
the problem constraints. Due to their semantic equivalence com-
bined with substantial syntactic and structural divergence, this pair
constitutes a semantic (Type-4) clone pair.

5.3 Filtered Syntactic Clone Example (Type-2)
Figure 3 presents a contrasting example consisting of solutions

(a) and (c). Both implementations follow an almost identical syn-
tactic structure: they count the number of zero digits, collect all
non-zero digits into a list, sort the list, and construct the final output
by placing the smallest non-zero digit first, followed by all zeros
and the remaining digits. The differences between the two solutions
are limited to superficial variations such as variable naming, loop
syntax, and output formatting. Since the core control flow and data
manipulation logic are preserved with only minor textual modifica-
tions, this pair is classified as a renamed syntactic clone (Type-2)
and is correctly filtered out during preprocessing by NiCad.

6. Related Work
Progress in semantic (Type-4) code clone detection via learning-

based approaches strongly depends on the availability of benchmark
datasets. However, existing datasets continue to constrain their effec-
tiveness and generalizability. In this section, we review prior work
with a focus on semantic clone datasets and position PyClone-Stream
within this landscape. Unlike Section 5, which presents qualitative
examples between PyClone-Stream and existing datasets, this sec-
tion situates PyClone-Stream within the broader research context
and highlights methodological differences from prior work.

X = input()
c = X.count(’0’)

S = []

for i in X:
if i != ’0’:

S.append(i)

S.sort()

print(*([S[0]] + [’0’] * c + S[1:]), sep="")

(a) Solution (a)

s = input()
zero = s.count("0")

ans = []

for x in s:
if x != "0":

ans.append(x)

ans.sort()

print(ans[0]+"0"*zero+"".join(ans[1:]))

(b) Solution (c)

1

Fig. 3: Syntactic clone pair filtered out during preprocessing due to
high structural similarity.

6.1 Code Clone Datasets
There are several datasets that are widely used in code clone

research:

• BigCloneBench is one of the most influential datasets, contain-
ing a large collection of Java clone pairs annotated according
to functional similarity [7]. It has played a foundational role in
the development and evaluation of code clone detection tech-
niques and is widely used as a benchmark dataset. However,
BigCloneBench exhibits several important limitations. It is
static and Java-centric, and a substantial portion of its clone
pairs are syntactically similar and derived from a fixed snap-
shot of Java projects. As a result, the dataset provides limited
support for analyzing the diversity and temporal evolution of
real-world code, which may affect the generalizability of se-
mantic code clone detection studies in more diverse or dynamic
programming contexts.

• The POJ-104 dataset focuses on algorithmic problems and pro-
vides labeled pairs of semantically equivalent programs [8].
While POJ-104 captures functional equivalence more directly,
it is limited in scale, programming language diversity, and
structural variability. Moreover, it is typically treated as a
closed benchmark, offering no support for incremental growth
or longitudinal analysis.

• SemanticCloneBench provides curated benchmarks specifically
designed for evaluating semantic code clone detection [10].
However, the dataset is relatively limited in scale, contain-
ing 1,000 Python semantic clone pairs out of 4,000 pairs across
four programming languages, which restricts its coverage and
applicability.

• GPTCloneBench explores the use of large language models to

Table 1: Comparison between PyClone-Stream and existing semantic clone benchmarks.
Aspect PyClone-Stream SemanticCloneBench GPTCloneBench

Dataset Nature Continuously growing (Streaming) Static benchmark LLM-Generated/Labeled

Primary Lang. Python C, C#, Java, Python Multiple (Model-dependent)

Data Source Competitive programming (AtCoder) Stack Overflow snippets Synthetic / LLM-labeled

Scale > 20K submissions;
> 0.1M Type-4 clone candidates*

4,000 pairs
(1,000 are Python)

Variable; depends on LLM sam-
pling

Update Model Daily incremental updates One-time construction On-demand generation

*Scale based on initial backfill; capable of autonomous daily growth.
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generate or label semantic clone pairs [11]. While this approach
enables rapid dataset construction, it introduces potential biases
associated with model-generated code, prompt sensitivity, and
reliance on model behavior rather than organically written hu-
man code.

These limitations motivate the design of PyClone-Stream, which em-
phasizes continuous growth, scalability, and the use of real-world,
human-authored code to better capture the diversity and evolution
of semantic clones.

6.2 Filtering-Based Dataset Construction
One common use of traditional clone detection tools is as fil-

tering mechanisms in dataset construction to isolate semantically
equivalent clone pairs. In particular, tools such as NiCad can detect
Type-1, Type-2, and many Type-3 clones with high precision through
configurable normalization strategies and similarity thresholds [9].
Because semantic equivalence is undecidable in the general case,
several studies adopt a residual-filtering strategy in which syntactic
clones are removed before treating the remaining pairs as semantic
clone candidates. SemanticCloneBench follows this approach by us-
ing NiCad to filter out syntactic clone pairs, while GPTCloneBench
combines traditional filtering with large language models to generate
or label semantic clone pairs. Following this line of work, PyClone-
Stream adopts NiCad as a conservative syntactic filter to remove
Type-1 to Type-3 clones, thereby enabling scalable construction of
semantic clone candidates while making the underlying labeling
assumptions explicit.

6.3 Positioning of PyClone-Stream
PyClone-Stream differs from existing code clone datasets in sev-

eral key aspects.
First, it is designed as a continuously growing dataset, supporting

automated and incremental data collection over time. To the best
of our knowledge, PyClone-Stream is one of the first code clone
datasets explicitly designed to be self-growing.

Second, PyClone-Stream focuses on Python, a dynamically typed
language that, despite its widespread use, remains underrepresented
in existing code clone datasets.

Third, the dataset is constructed from organically written, human-
authored code collected from competitive programming platforms,
providing diverse real-world implementations rather than model-
generated or manually curated code fragments.

Fourth, the pipeline is designed to be scalable, reproducible, and
easily extensible to additional programming languages and platforms
with minimal engineering effort.

Finally, code clone curation and data ingestion are largely auto-
mated. The pipeline operates without human intervention during
normal execution, except for occasional maintenance tasks such as
refreshing expired authentication sessions (e.g., revel session).
Taken together, these characteristics position PyClone-Stream not
merely as another clone dataset, but as a continuously growing and
automated dataset construction framework designed to support long-
term research on semantic code clone detection.

7. Conclusion and Future Work
PyClone-Stream introduces a scalable framework for construct-

ing semantic code clone datasets in Python. Future work will extend
the pipeline to additional platforms and programming languages
and leverage the continuously growing dataset to train, fine-tune,
and evaluate learning-based models for semantic clone detection.
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