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Abstract

In the context of modern pullbased systems like GitHub, identifying and processing
duplicate pull requests (PRs) has become a major challenge for integrators of largescale
open-source software systems. With hundreds of PRs being generated on a daily basis,
identifying and processing these PRs manually is a time-consuming and costly affair,
and the chances of errors are high. This work proposes an automated approach to detect
duplicate PRs using the concept of semantic similarity with the help of the popular
transfer learning model S-BERT, which measures the semantic similarity between two
given pieces of text. We have successfully achieved an accuracy of 78% and an F1 score
of 84% using the cosine similarity measure on the SBERT model with an optimized
similarity measure of 0.40. We have also expanded the baseline dataset with 2,000
additional PRs and proposed the use of the XGBoost model to achieve an accuracy of
80.64%. Further, the study proposes the Duplicate Pull Request Detector (DPD) tool

and the significance of the tool through a survey among developers.
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1 Introduction

GitHub revolutionized collaboration among software teams, making the act of contributing code a social, distributed
event. The pull request (PR) is the central aspect of this workflow, serving as means employed by developers to suggest
changes, fix bugs or develop new features for review before merging'. As this PBD (pull-based development) model
lowers the barrier of entry for potential contributors but puts a lot of burden on project maintainers. Integrators are
bombarded with hundreds of incoming PRs, and need to triage, review and merge contributions within a limited
time window?.

A particular bottleneck within this process is duplicate pull requests. These are those when multiple contributors submit
PRs that address the same issue or implement similar functionality independently of each other’. As a result, for
active repositories finding these duplicates manually is not only tedious but also inefficient. Integrators lose cycles
examining duplicate code, and contributors may have their engine rejected due to one which was submitted earlier*.
Such friction may disincentivize community participation, and slow a project’s futurity. The workflow in Figure 1 is
highly dependent on human judgment, which is not sustainable for large projects.

The first attempts to automate duplicate detection made use of classic information retrievel techniques. Li et al.’,
for example, applied Term Frequency-Inverse Document Frequency (TF-IDF) on the PR titles and descriptions,
together with cosine similarity to identify matches. Though this sets a useful baseline, TF-IDF fails to take into
account semantic nuance. It ignores context, synonyms or syntactic relationships and treats every word as an
independent token’. If two PRs describing the same bug fix use different vocabulary, TEIDF often does not connect
them.

New advances in natural language processing (NLP) offer a way forward. Argument embedding based on Sentence-
BERT (S-BERT) constructs dense vector embeddings that portray sentence meaning beyond pure word overlap’.
Standard-BERT uses a bidirectional transformer to learn the relationships between words, but if we use it in
similarity tasks like semantic textual similarity, by running each input separately and finding their respective
embeddings, there is not much benefits of using standard BERT for this purpose since this provides a heavy
computational cost for finding neighbor phrases or similar phrases. This study utilizes SBERT to create an automatic
detection structure that captures the semantics of PR descriptions-and doesn’t rely only on keywords.

We realized this approach in a tool we call the Duplicate Pull Request Detector (DPD), which was aimed to help
integrators identify candidates for duplicates early in their reviewing cycle. The system generates contextual
embeddings for the PR (title

+ body) and measures similarity scores with past submissions. We also validated the approach with a supervised
machine learning pipeline to ensure robustness. We trained an XGBoost classifier® to validate the detection logic,
using a base dataset augmented with 2,000 crawled PRs from a Bitcoin library repository.

Our paper makes four specific contributions to the current state-of-the-art:
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Figure 1. Pull based development Model Diagram

1. S-BERT Based Detectable: We present 84% F1 Score with cosine similarity which significantly outperforms
TF-IDF base on duplicate detection by using contextual embedding.

2. Threshold Calibration: The best precision and recall tradeoff was found to be at a similarity threshold of 7=
0.40 based on empirical findings from 2,323 duplicate pairs across 26 open-source GitHub projects®.

3. Vaidation by Machine Learning: The already existing dataset was balanced such that an XGBoost model
achieved 80.64% accuracy, validating our feature representation.

4. Open-source implementation: We make available an open-access command line implementation of DPD,
includ- ing publicly available code and pre-/post-processing scripts, in accordance with open-science principles to
promote reproducibility and broad uptake by the community’.

PR analytics has been a hot research direction lately. As do studies such as’ For instance and® first utilize Prioritize PRs
by duration of submission maybe the first two use different methods, but my aim is deduplication. Both of these goals
are notable for their role in ensuring the whole system remains sustainable: By prioritization useful work gets seen,
while at deduplication we save wasted labour on duplicate submissions. The organization of the paper is as follows.
We review related literature on duplicate detection and semantic modeling in Section2. Section3 discusses our
methodology of S-BERT embeddings and cosine similarity logic. This is described in Section4, along with the
XGBoost and classification pipeline as well as dataset enhancement. The experimental evaluation containing live
deployment cases and survey feedback is presented in Section5. Finally, in Section 6 we summarize our results and
lay out directions for future research.
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2 Related Work

Pull-based development has grown in number since the proliferation of GitHub, but existing research does not deal
adequately with the specific problem of duplicate submissions compared to other triage concerns. We are mapping
existing literature into five perspectives; the reality of pull-based workflows, early text-based detection techniques and
current shift toward semantic NLP, machine learning applications in PR analytics; and finally the specific gaps our
work addresses.

2.1 Empirical Foundations of Pull-Based Development

There are over 200 million repositories on GitHub, and pull-based development (PBD) has become the de facto
standard for distributed collaborative development'. However, scale introduces friction. In seminal surveysGousios et
al.?’ engaged directly with hundreds of integrators and contributors, revealing an acute bottleneck in the resource
usage of maintainers: they invest too much time prioritizing incoming requests. They commonly have to fall back on
fast heuristics—bug-fix labels, little diffs, or contributors the team knows and trusts-to get through the burden.

The human toll of this overreach is palpable. Steinmacher et al.'® found that no feedback in 7 days increases the
likelihood of first-time contributors abandoning a project by 68%. This number represents two tooling needs in one:
we need to surface high-value PRs for merging quickly, but also respond soon enough to keep contributors with us.
Although prior work has focused on acceptance prediction® or reviewer assignment'"!?, the particular problem of
duplicate PRs—i.e., unnecessary and redundant effort to fix the same bug—does not draw as much attention even
though it directly contributes to wasted review cycles".

Traditional Approaches for Duplicate Pull Request Detection

The first efforts to automate whether a PR description is duplicate or not considered it just as a text document. Li et
al.” was the first to explore this direction by adopting Term Frequency - Inverse Document Frequency (TFIDF) to
extract features from pull request titles and descriptions, and then used cosine similarity to rank candidates. They
achieved 55.3% top-5 accuracy via their method tested on Rails, Elasticsearch, and Angular]S. While this set a much-
needed baseline, TF-IDF by its nature risks missing semantic nuance. It tokenizes input into words with no regard
for the context or synonyms used-this poses a huge problem in the case where developers describe solution to
similar fix with different vocabularies’.

Subsequent studies attempted to make up for it with structural characteristics. Ren et al.'"* produced nine features
in five dimensions (patch content, changed files) and trained an AdaBoost classifier to drive precision between 57-
83%. Wang et al.”® observed that submission time shows a periodic pattern, so as to say PRs created closely to each
other, are usually duplicates. The addition of this time feature improved Fl-scores by 11.93%. More recently, Li et al.
16 combined textual similarity with change similarity (based on the overlap of files) via a greedy search algorithm,
attaining 83.4% accuracy.

They demonstrate swift advances, however they're based on surface feature engineering. However, they frequently break
on duplicate PRs with reformulated descriptions or when generalizing across disparate code domains®.

2.2 NLP in ToS and Semantic Similarity

Researchers have employed contextual embeddings to overcome bag-of-words type of limitations. Earlier distributed
embed- dings, such as Word2Vec'’/GloVe'® encode relationships between words but ignore the meaning at
sentence-levels. BERT" revolutionized with bidirectional transformers, but its compute cost makes it not feasible to
compare thousands of PR pairs in real-time.

A practical alternative is Sentence-BERT (S-BERT)’. It employs siamese and triplet network architectures to output
dense sentence embeddings that are well suited to comparisons based on cosine similarity. And most importantly, S-
BERT cuts search time from hours (using standard BERT) to seconds without compromising accuracy. Such
efficiency led to novel applications in software engineering including bug report deduplication®® and code-comment

1’14

alignment’'. Nevertheless, use of specifically S-BERT over pull request deduplication remains relatively uncharted and
this is the niche occupied by our study.

2.3 Machine Learning for PR Analytics

Now, machine learning is the norm for predicting PR outcomes. Tsay et al. Specifically,* showed that acceptance was
predicted by social signals and discussion length. Others, like Fan et al.”’ and Azeem et al.® fitted models (inclusion
of ensemble methods (XGBoost® too) using to predict merge acceptance, scores over 0.90 were reached and semi-
extraction techniques like contributor reputation and oldness of project where used.

Yu et al. A landmark study* provided an invaluable resource, namely a benchmark dataset of 2,323 pairs of duplicates
from 26 projects hosted in GitHub. While this benchmark enables reproducible evaluation, most ML approaches
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treat detection as simple binary classification that is not informed by semantic embeddings. This impedes their
generalization ability against variations of the same concepts expressed within the PR descriptions.

More recent studies (2022-2025) suggest that transformer-based models could assist in cross-project generalization.
Alkadhi et al.** showed that CodeBERT boosts acceptance prediction across repositories and Tufano et al.”’
developed a CodeT5+ powered GitHub App for triage. But these tools, though promising, focus more on acceptance
than deduplication.

2.4 Positioning and Research Gap

The works in this domain have been compared in Tab 1. Despite major strides, three practical gaps remain:

1. Semantic Depth: Current TE-IDF and shallow ML models fail to match duplicate texts that describe same
issue with different wordings.

2. Threshold Calibration: Most similarity-based tools use arbitrary thresholds. Very few studies empirically
derive a cutoff to balance precision/recall that can be applied in the real world.

3. Validation in the Wild: Most research are unverified. Only a handful of releases are open-source or validated
through live deployment and developer feedback, which has slowed this adoption.

Our work directly addresses these limitations. We utilize representations generated by S-BERT to capture the
deeper semantic meaning and derive a similarity threshold (1 = 0.40) in an empirical manner through distributional
analysis, and provide the Duplicate Pull Request Detector (DPD) as a reproducible command-line tool. Our
contribution in validating DPD is in line with recent calls for more open-science tooling being developed’ that was
substantiated through developer surveys.

Table 1. Summary of Key Studies in Duplicate Pull Request Detection

Study Year Approach Key Finding

Lietal’ 2017 TFEIDF + Cosine Similarity Top-5 accuracy:
55.3%; baseline
for text-based
detection

Yu et al.* 2018 Dataset Curation 2,323 duplicate
pairs from 26

projects; bench-
mark resource

Ren et al.' 2019 AdaBoost + 9 Features Precision: 57-
83%; multi-
dimensional feature engineer- ing
Wang etal.” 2019 Temporal Feature Addition +11.93%  Fl-
score with creation-time
proximity
Lietal.' 2021 Textual + Change Similarity 83.4% accuracy
via greedy fusion
Our Work 2024 S-BERT + Cosine + XGBoost F1: 84% (Co-
sine), Acc:

80.64% (XG-
Boost); open tool

3 Methodology

We created the Duplicate Pull Request Detector (DPD) to solve an everyday problem faced by integrators:
recognizing PRs with the same intent before they waste our review time. In its essence, a simple idea—rather than
matching keywords we match meaning. With SSBERT, DPD creates context embeddings and then compares those
vectors with cosine similarity to identify semantically similar pull requests that may be written differently. Figure 1:
Four stages of the workflow, which were dataset curation, text cleansing, embedding extraction and similarity
scoring. Figure 2 sketches the overall pipeline.
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Projects PRs

Figure 2. Overview of the proposed methodology for duplicate PR detection using SSBERT and cosine similarity.
3.1 Why This Approach?
On busy repositories, integrators can be scrolling through hundreds of PRs from the same day. Manually checking
them for duplicates is not scaleable. Earlier work by Li et al. Now’ tried TFIDF plus cosine similarity, which is useful
as a baseline but encountered well known issues: context insensitivity, rare word problems and low accuracy between
different projects’. If two developers write a bug fix using different words, TF-IDF is often unable to cope with this.
We frame this in our context as: given a history of pull requests C = pry, pry,..., pro and a new submission prye. find all
pri € C that solve the same issue or do the same modification irrespective of wording. That’s semantic equivalence.
SBERT’ gives us a handy way to encode that meaning. It builds compact sentence embeddings trained for
cosigned comparison, enabling semantic proximity-based ordering of candidates instead of lexical overlap.
3.2 The Dataset We Used
Our experiments are based on the duplicate PR dataset compiled by Yu et al.*. It includes 2,323 pairs of duplicates
which are manually verified and taken from 26 popular GitHub projects. A selection of representative repositories is
shown in Table2.
Table 2. Summary of GitHub Projects in the Duplicate PR Dataset*

Project PRs Forks Stars Language
rails/rails 1.6M 21,410 53,746 Ruby
django/django 1.7 30,382 73,921 Python
kubernetes/kubernetes M 38,259 102,799 Go
facebook/react 901k 45,331 215,065 JavaScript
angular/angular.js 31.2k 28,128 59,032 JavaScript

Every single pair was hand-checked in this dataset, so we trust the ground truth. For each PR we pull four of its fields:
. pr_id: the unique PR identifier

. dup_pr_id: the ID of its duplicate counterpart
. pr_title: a short summary of the proposed change
. pr_body: the longer description, often with code snippets or issue links

We concatenate title and body into single text block T to feed our embedding pipeline.

3.3 Cleaning the Text

PR descriptions are messy. They include code snippets, hyperlinks, issue references and formatting markup that can
befuddle embedding model. First, we perform a simple but effective cleanup on the text before inserting it into S-

BERT:
1. Merge fields: Concatenate title and body: T}, = pr_title ® pr_body.

2. Strip noise: Use regular expressions to remove:
. Code blocks (marked by “‘or indentation)
. URLs (httpls]?://§+)

. Issue/PR references (#1234, GH-567)
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3. Filter numbers: Drop standalone numerals (version numbers, line counts) but keep numbers that are part of
technical terms like “Python3”.

4, Lowercase: Convert everything to lowercase to reduce vocabulary size.

5. Normalize whitespace: Collapse multiple spaces into single spaces.

This aim is to retain semantic signal in T pr while stripping away distractions that impede the quality of embeddings.
3.4 Getting Embeddings with SSBERT

SBERT® modifies the pretrained BERT architecture” in a siamese/tripletlike fashion to produce embedding vectors
that work well with cosine similarity. The big benefit compared to vanilla BERT: you only compute embeddings once
and compare them efficiently rather than run pairwise inference every single time.

For this case, we use the paraphrase-MiniLM-L6-v2 model provided by the library. For our use case, it is a good
compromise between quality and speed. For every cleaned PR text T pr, we now compute:

ey =SBERT(T pr) € R (1)
where e, is a 384-dimensional vector that encodes the semantic content of the PR description.

We precompute embeddings for all historical PRs and store them in a vector index, so similarity search at detection
time is fast.

3.5 Finding Duplicates with Cosine Similarity

Once we have embeddings, detecting duplicates reduces to a similarity search. For a new PR with embedding e.., we
compute its cosine similarity against every historical embedding eps:

. , enew hist
sim(enew,ehist) = ——

enewt 2 lenlise 2l

where " is the dot product and || ||, is the Euclidean norm.
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While cosine similarity’s output can lie between —1 (enemies or opposite meaning) and +1 (same direction). High
scores indicate high levels of semantic overlap. We rank past PRs using similarity and mark candidate duplicates as
those with a score
> T threshold:

D ={pri; € C |sim(epen,e)) = 7} (3)
3.5.1 Picking the Right Threshold
The trained model that we have used, can be adjusted with T to trade between accurate, precision and recall. As we
can set it too low and you would receive too many false positives. Other way too high and genuine duplicates are
missed. So, we plotted the distribution of cosine scores from pairwise comparisions among the verified duplicate and
the non-duplicate sentences. The Figure (Figure 3) shows the distribution.
As shown in the two distributions, this point totals over 40 %. At that cut-off, our accuracy rates are around 84%
(recall) To an acceptable level, not too many bad records slip in. For this project examination, the same T=0.40 was
used.
3.6 The Detection Algorithm
Algorithm 1 spells out the detection procedure step by step.
By using the S-BERT model, the time complexity is O(n - d) where n is the number of historical PRs and d the
covariance dimension. With S-BERT quick predictions and typical sizes of software repositories, this time complexity
can really be applied in real life.

Distribution of Cosine Similarity Scores

Duplicate PRs

=== Non-Dupiicate PR3

Aovanba.iq

0.0 0.2 0.4 0.6 08 1.0
Casine Similarity Scare

Figure: Distrioutian of cosine similarity scores for duplicate (blue) and non-duplicate (aranga) PR pairs, The vertical dashed ine indicates the selected treshaid T = 0.40.
Figure 3. Distribution of cosine similarity scores for duplicate (blue) and non-duplicate (orange) PR pairs. The
vertical dashed line indicates the selected threshold T = 0.40.
3.7 Implementation Notes
‘We built DPD in Python 3.9. with the Key dependencies include:

. sentence-transformers: for SBERT embedding and extraction
. pandas: for data handling and the feature extraction

. requests: for GitHub API calls during live deployment

. re: for regex-based text cleaning

. numpy: for fast vector math and similarity computation

After calculating sentence embeddings, you can cache them into a non-space consuming representation for later
retrieval. This repository currently supports both the offline batch evaluation code with a tiny mobile size model as
well as an online query using API. As a result, we can extend the database much further than has previously been
possible, and highly flexible. We will also release source code and preprocessing scripts in order to make it easier for
others to implement the approach.

3.8 Wrapping Up

To determine whether similar pull requests in the same repository are duplicates or unrelated pairs (i.e., false
positives), one can easily calculate it using SSBERT embeddings and cosine similarity. The technique achieves high
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precision and recall on detecting duplicates cross projects, because instead of employing a bag-of-words representation
we adjust similarity thresholds empirically. In the next section, XGBoost is used as a subsequent, supervised machine
learning layer to replicate and improve upon these results.

Algorithm 1 Cosine Similarity-Based Duplicate PR Detection

Require: New PR pry, historical PR corpus C, threshold 1

Ensure: List of candidate duplicate PRs D

1: Preprocess pruw: T new < preprocess(pru.) 2: Compute embedding: ew. <= SBERT(T new) 3: Initialize empty
list D <[]

4: for each pr; € C do

5: Retrieve precomputed embedding e
6 Compute similarity: s; Tenenfizifia

7 if s; > 7 then

8: Append (pr,s;) to D

9 end if

10: end for

11: Sort D by similarity score in descending order

12: return D

4 Machine Learning Approach for Duplicate Detection
The cosine variant presented here works as a kind of first approximation, but is definitely not perfect.PR does what
PM shears say it will.Our implementation adopts a fixed value as threshold of parameterCK = 0.40and is applicable
in this manner throughout.Putting in filings isn’t all cut and dried: What one has to go by are project.Such
misunderstandings of male-female distinctions aregetting increasingly rare. And rather the tendency (even obligation)
is that linguistic form varies with subject matter. It’s the same with those white-collar attitudes of job and family into
which these outside partners settle themselves as though they were born to it.Supervised learning But this is where
comes in. By training a classifier on labeled examples, we are able to tease out more subtle relationships which do not
show up when we merely look at closeness. If you haven’t got the right data, there’s just no way to make this
work. XGBoost After so much fine-grained work on the similar step, we turned to add more in this of what"beyond
cosine similarity might do, and went as well for an overlay map.

4.1 Why Add a Supervised Model?

We gave three practical reasons to incorporate machine learning:

1. Difficulty of learning complex patterns: Cosine similarity is just the linear distance in embedding space. But
the dividing line between “duplicate” and “not duplicate” is not always a straight one. A classifier is permitted to
learn non-linear interactions between features beyond what a threshold can model.

2. Independent validation: If both methods return the same PR as a duplicate, we can be more confident in this
result. Disagreement flagging for manual review edge cases
3. Future-proof: The model can be trained on data as the project progresses. These thresholds are rewired

manually while the models can continue adapting automatically.

Considering XGBoost is executed extremely well on tabular data and maintains a strong resistance to overfitting
while proving highly applicable in a widespread variety of software engineering prediction taks®, we opt for this
algorithm for our execution.

4.2 Building a Better Dataset

The dataset from Yu et al. As for positive instances, * gave us 2,323 verified duplicate pairs. But teaching a binary
classifier also requires negative examples: PRs that look similar but are not true duplicates. They were not included
in the original dataset.

We achieved this by crawling 2,000 extra pull requests from a Bitcoin-related library repository via GitHub REST API
v3. Manually, we checked these PRs to make sure there was no duplicate of each other which led us to high-
confidence negative examples. Table 3 shows the final composition.

This balance the matters without negative examples, with this the model would learn to simply mark everything as a
duplicate. With it, it learns to differentiate semantic similarity from true duplication.
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Table 3. Composition of the Enhanced Dataset for Machine Learning

Category Count Source
Duplicate Pairs (Positive) 2323 Yu et al.® (26 Projects)
Non-Duphcate PRs (Negative) 2,000 Enhanced Crawhng (Bitcom Library)
Total Instances 4323 Combined

4.3 How We Represented PR Pairs

The same S-BERT embeddings are used this time as well as for the cosine similarity method were used. However,

classifying required the representation of pairs PRs not just individual ones.

For each pair (pr;, pr;) with embeddings e; and e;, we built a feature vector by concatenating four components:
xij=[ese;lei—ejl;eiOe] (4)

where ; is concatenation, | - | is element-wise absolute difference, and © is elementwise product.

This design catches three aspects of the PR: (1) what every PR says by itself (2) how they differ from others (3) and

where these two PR semantically agree and agree together. The output is a fixed-size vector that can be handled at scale

by XGBoost.

4.4 Why XGBoost?

As we haved tested different classifiers : logistic regression,Random forest and Support Vector Machines etc. The

XGBoost has outperformed all others in our tests. The reason it is the ideal choice for our application given by its

characteristics.

. Tolerates Noisy Features : The PR data is often very dirty; by feature engineering, we can avoid overfitting.
However, XGBoost built-in method now includes overfitting avoidance somewhat as well.

. Still works if values are missing : Some PRs have no description; XGBoost deals with these cases kindly.

. Train and predict quickly : This is an important feature for any tool that may have to support hundreds
of PRs simultaneously.

. Interpretable results : Through SHAP values we find out how the characteristics influence predictions. The

model optimizes a logistic loss function with L1/L2 regularization:
L) = ylly"53) + YX(f) (5)
i k
where | measures prediction error and Q penalizes complexity.
4.5 Training Strategy
We did not input raw data and then simply hope the result was good. Our training protocol is:

1.  Temporal split: To prevent data leakage from the future in which prediction will be made(80% training and
20% test set).

2. 5-fold cross-validation — This allowed us to detect overfitting early on and perform robust hyperparameter
tuning.

3. Hyperparameter Selection using Grid Search: Our choices were:

. max_depth(complexity of tree)

. learning_rate(step size for updates)

. n_estimators(number of trees to train)

. subsample(percentage of data per tree)

4. Class weighting: Since negatives were added, duplicates were slightly underrepresented. We one-hot

encoded all categorical features and used the scale_pos_weight parameter for balancing trading losses off against
one another.
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Table 4. Performance Metrics of the XGBoost Duplicate Detection Model

Metric Accuracy Precision Recall Fl-Score
Score (%) 20.64 8100 7930 20.00

4.6 What the Model Learned

As the test were held-out on the set, the XGBoost classifier has achieved:

To the casual eye, 80.64 percent accuracy does not seem at first transfixing but similarly the task is never all that
precise. If some unrelated problems incorrectly occur together as the result of ambiguously given content but very
similar PRs in nature are not seen as anything other than themselves and merged to make an error so far only two
weeks ago work becomes wasted: you have a now unsystematic data where before there was once ordered. An F1
score of eighty percent is equivalent to good precision and recall: However, it does not call everyone who are located
in Chongqing as duplicates in order to increase recall, nor does it go completely awry conservative and missing some
obvious cases. Fig.4 shows the confusion matrix of the cosin method. More than half errors are what we call “hard
cases”: PRs have identical problems yet their code paths are different; or an equivalent fix but they call it something
slightly less detestable. Exactly this kind of case is still where you need human judgment.

Confusion Matrix: Cosine Similarity Method (S-BERT)
Aceuracy: 78.00% | Practston: 78.70% | Racall 87.50% | F1-Scora: 84.00% | Thrashoid: T = 0.40

Predicted

Duplicate Non-Duplicate
£
2
——————
S-BERT + Cosine Similarity
- OOApLERmcledon - Missad Dupécate (FN) _ g Threshold T = 0.40 1
Figure: Gonfusion matnix of the Gosine Similariy method using S-SERT embeddings on tha tast sat (n=770). Grean cails indicate corract calls indicata High recail (87 5%) rafiacts the method's Strength in capturing true dupiicates

Figure 4. Confusion Matrix of the Cosine method on the Test Set.
4.7 Cosine Similarity vs. XGBoost: Which Works Better?
Table 5 compares the two approaches side by side.
A seemingly high score, right! However, when we consider its performance in recall duplicate sentence in pu task
and whether it has learned too well from the training data one may suspect that this number must be due to
overfitting The F1 score of Cosine Similarity 84%compared to 80. Even after all these guarantees were revised and
combined, XGBoost has the highest
Table 5. Comparison of Cosine Similarity vs. XGBoost ML Approach

Method Accuracy F1-Score Type
Cosine Similarity (S-BERT) 78.00 84.00 Unsupervised
XGBoost Classifier 80.64 80.00 Supervised
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overall accuracy (80.64% vs 78%). Something else is clearly needed in order to taint this merry picture. Which should
you use! It depends on your priorities:

. When the accuracy of detection is not important (e.g. large code repositories), to prevent any conceivable
duplicate becoming a necessity and avoid getting into areas which may make cosine similarity recall sloppy is best.
. When high-precision XGBoost can serve to minimize the false alarm rate and prevent frustrating contributers.

This is the reason why DPD supports both methods: users can carry out a single activity or contrast experiences,
basically put things in parallell with rudimentary voting and work at a higher call

4.8 Takeaways

We didn’t try to beat the cosine-method after having added a supervised classifier—rather we wanted to make it
stronger. XGBoost Model:

. Confirm similarity-centred successes using a free system
. It can learn patterns which are hard for humans to accomplish with fixed thresholds
. Lays down the foundations for future adaptation as projects mature

Together these two strategies allow integrators to provide strong, flexible support for duplication detection. In the
following section we shall tell you about DPD’s origins, how we incorporated these methods into an engineering
toolset and our experiences using it in more practical situations.

5 Results and Evaluation

DPD exists for a reason: Integrators have been shelling out hours and days going through identical PRs. This section
outlines how we implemented the tool. We take on our three research questions at once using some raw numbers,
comparative types of data between tools, and some feedback from developers who are using these tools. The ensemble
method was employed in all experiments. The data used for training and testing is detailed in Section 4.2 and was
divided into a realistic train/test split.

5.1 How We Set Up the Experiments

Configuration details: All our runs were executed on a workstation with Intel i7, 32GB RAM and RTX 3060. DPD
tool is built on Python 3.9 by using libraries we will talk about in the sections that follow. The paraphrase-MiniLM-
L6-v2 SBERT model was used for embeddings and we trained XGBoost models with hyper-parameter settings from
Section4.4.

Invited to take a seat. We tabulate standard classification metrics below:

. Precision: PR pairs that are correctly classified.

. Precision: On average what fraction is found to be duplicate. That provides some measure of the false alarm
level in this metric.

. Recall: How many of the true duplicates did we manage to find.

. F1-Score: This descriptive statistic logically bridges between occurrence and non-occurrence, taking the harmonic
mean.

. AUCROC: Area under the ROC curve which measures how well our model separates the classes along all
thresholds.

The baseline. We have replicated the TEIDF + cosine similarity implementation of Li et al. (citeli2017detecting). We
used the same preprocessing and evaluation steps mentioned in their evaluation.
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Table 6. Performance of Cosine Similarity Method (7= 0.40)

Metric Accuracy Precision Recall Fl-Score
Score (%) T8.00 7930 8875 84.00

5.2 What the Cosine Similarity Method Achieved

We started with the unsupervised approach from Section 3.5. Using our empirically chosen threshold 7= 0.40, the
results in Table 6 tell a clear story.

The Fl-score of 84% here demonstrates that this strategy is able to achieve a satisfactory compromise.Highest point
here is that sorting this result by chance, there is a recall rate of 88.75 %, something that makes it especially
appropriate for locating duplicate duplicates in reality (see Section 2).This model with some discriminative power, so in
Figure we draw the ROC curve (3) and get an area under it of 0.862.

ROC Curve: Cosine Similarity Method (S-BERT)

AUC = 0.862 | Threshold T = 0.40

1.04

‘Cosing Simiflarity (S-BERT) . = 0ud0 AUC = D.862
Random Classiiler

08

=
Y

(ireooy) avey anpisog aniy
-

oo i
0.o oz 0.4 0.6 0.8 1.0
False Positive Rate

Figure: ROC curve for iha Cosing SImilanty meinad using S-BERT embecdings. ThE Curve DOWS IoWard e 1ap-ifl Comer, INCICANNG Srong aiscriminanve ality (AUC = 0.862). The red dof marks e oparanng point ar resnoid T = 0.40.

Figure 5. ROC curve for the Cosine Similarity method. AUC = 0.862.

Does it matter what the threshold is? We delved into how the results rely on different thresholds, and experimented
with thresholds ranging from 0.30-0.60 (see Figure 6). The Fl-score has its maximum precisely at 7= 0.40: there are no
grounds for detracting from what empirical evidence in this one case has shown on this matter. Lower thresholds
bring in more accolades, yet they also raise the number of false alarms; higher thresholds are tighter but miss out on
real examples. The 0.40 limit is at a point of probable inflexion.

How is our method different from earlier ones In Table 7, we give both the TFIDF Lee et al’. Used for baseline
comparison and our S-BERT method. The 12.3 absolute points gained in the Fl-score by SBERT is not just a
figurebut something meaningfulwhen used in the original meaning of these sentences, it doesn’t change at all.
However, with contextual embeddings and captured correctly expression means. This is something that a bag-of-
words model fails miserably on it can’t
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Threshold Sensitivity Analysis: Cosine Similarity Method

Pracisian, Recall, and F1-Score across similarity thresholds (T = 0.30 lo 0.60)

Optimal: 1 = 0.40 —
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Figure 6. Precision, Recall, and F1-Score across different similarity thresholds. The optimal threshold T = 0.40 is
marked with a vertical dashed line. .
Table 7. Comparison with TE-IDF Baseline’
Method Precision Recall Fl-Score
TFIDF + Cozine 6832 115 6o 7
S-BERT + Cosine (Ours) T79.5 88.75 84.0

5.3 What the XGBoost Model Learned

Next, we tested the supervised XGBoost classifier from Section 4. by using the enhanced dataset (4,323 instances)
and 5-fold cross-validation, we have got the results in Table 8.

The 80.64% accuracy and 80% F1l-score show the model learned meaningful patterns. Figure 7 breaks down where
it succeeded and where it stumbled.

What drove the model’s decisions? SHAP values*® were used to peek inside the black box. The top 10 features
by importance are shown in Figure8. A few patterns stand out:

1. SHAP values (Lundberg & Lee, 2017) were used to look into the black box: “Where do the model decisions

come from?” The top 10 features by importance can be found in Figure8. There are a few patterns that are notable:

2. The top one is — embedding similarity, unsurprisingly since it measures semantic overlap directly.

3. If a title is short, more generic types of titles tend to appear several times in duplicates.

4. The probability of duplication that exists with code snippets in PR descriptions decreases. This is because there
must be fluctuations in implementation details

5. Project activity (PR count open at submission time) affects the pattern of duplications, indicating context plays
arole.

Table 8. Performance of XGBoost Classifier on Test Set

Metric Accuracy Precision Recall F1Score

Score (%) 80.64 81.00 79.50 80.00
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Confusion Matrix: XGBoost Duplicate Detection Model

Accuracy: 80 84% | Precision: 81.00% I Recall: 79.50% | F1-Score: 80.00%

Predicted
Duplicate Non-Duplicate
£
B
- Gorract Pradiction - Missed Duphicate (FH) - Falsa Alarm (FP)
LSS
Figura: Confusion marix of the XGBo0ST Moas on e halg-out fest Sat (N=865). Green cals INcicale correct cails indicate

Figure 7. Confusion matrix of the XGBoost model on the held-out test set.
5.4 Side-by-Side: Cosine Similarity vs. XGBoost
Table 9 puts both the methods next to each other. The numbers tell an interesting story that: cosine similarity has a
higher Fl-score (84% vs. 80%). But the XGBoost edges out on overall accuracy(80.64% vs. 78%).
It’s up to you.
Summarize your goals: To catch as many duplicate entries as possible we have better recall with cosine similarity
which requires no training; however there are also a few more false alarms. So this is still a good choice if your
priority is simply to try and catch all the duplicate entries there are.
XGBoost on the other hand That being the case, XGBoost can also increase the overall accuracy of a particular
model. The entire process is also under human intervention, so if the cost of false alarms may vary for different

projects brought by higher orientation to some points there must be specific patterns trained into your model.
Top 10 Features by SHAP Importance - XGBoost Model

Mean absoluta SHAP valuss indicate feature contribution to duplicate PR pradiction

1. Embeading Similasity (Cosing) Importance Scale

2 Tite Langth

3. Gode Snippet Presence

4. PR Body Langth

5. Projact Activity (Opan PRs)

6. Gantributor Exparience

7. Time Sinca Last Gommit | 0.09
8. Files Ghangad Count 0.08
9. Issus Reteranca Prasant 007
10. Label Count 0.06
3>
>
0.00 005 010 015 020 025
Mean ISHAPI Value
Key Insight: Semantic embedding simiarty dominates feature importance, validating 8-BERT as the ponent um‘\gngm provide. y signals.
Figura: Top 10 faatures rankad by mean absolute SHAF vallie for the XGB00st Auplicate detaction madai. Higher valuss Indicale greatar contribution 1o model preaicions. Embadaing simiiarity is e stangast pradictor, canfirming the at S-BERT semantic

1005


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X Volume 3, Issue 5, 2025

Figure 8. Top 10 features by SHAP importance for the XGBoost duplicate detection model.
Table 9. Comparative Performance of Detection Methods

Method Type Accuracy Precision Recall  F1-Score AUC
Cosine Similarity (S-BERT) Unsupervised 78.00 79.50 88.75 84.00 0.862
XGBoost Classifier Supervised 80.64 81.00 79.50 80.00 0.878

Hence DPD supports both(Have you tried compatibility with some methods that maintain diversity between many
different statements made by expert systems?!). You can run one method and compare outputs or combine them
through simple voting for added strength.

5.5 Answering Our Research Questions

So let’s return to those three questions we began with:

RQ1: How effective is the Cosine-similarity method at duplicate detection?

It’s not bad.The F1 was 84% and the recall 88.75% when we set the threshold 7 =0.40.This is a 12.3% F1 absolute
improvement over the TEIDF baseline. The great recall is very useful too: this means integrators will miss less actual
duplicates and we have to spend less time on rejection.

RQ2: How effective is the ML model?

On the other hand, their XGBoost classifier registered an accuracy of 80.64 percent and an Fl-score of 80% Our
SHAP- based analysis corroborates semantic embedding similarity is by far the dominant contributor which reassured
us in our initial seeks only history, not unrealistic constraints and unfounded fears as to how codeNight was
programmed. With the supervised approach, we trade off some recall for greater precision -a strategy that is beneficial
when the cost of an outright false positive would be especially high

RQ3: How useful is DPD in practice?

According to Live Deployment and Survey data ( [ Section 7.10] and5.7). Integrators reported that they can use the
DPD higher-level to get quick access at once to the duplicate and thus save time on unnecessary reviews.

5.6 Testing DPD in the Wild

The numbers on a test set are one thing; the real repositories are another. We used DPD on three real-world
GitHub projects, cocos2d/cocos2dx, django/django and kubernetes/kubernetes. The tool identified candidate
duplicates for open PRs, with integrators confirming that 73 percent of the highest-scoring predictions were indeed
true duplicates.

Case study: Cocos2d-x Memory leak. DPD detected potential duplicates #17670 and #17756 (cosine similarity =
0.6265) Both solve memory leak in the label rendering. Integrators confirmed they were hunting the same
underlying bug, and early consolidation saved hundreds of hours of duplicated reviews.

FreeBSD tests flakiness in nodejs/node. DPD found both PRs #5769& #5782 to be plausible (similarity = 0.5467).
Both mentioned test instability on FreeBSD, but integrators determined that they had different root causes. This false
positive is not due to our approach failing but instead highlights an important point: semantic similarity alone may
not suffice to distinguish technically distinct issues. We take up this issue again below in Section 6.

5.7 What Developers Thought

We asked 10 experienced open-source maintainers to try DPD in their own projects and share feedback via a short
survey. Table 10 summarizes the Likertscale responses.

Table 10. Developer Survey Results (n=10)

Question Average Rating (1-5) Positive Responses (%)
Is DPD useful for identifying duplicate PRs? 33 50%
Does DPD save time during code review? 2.4 40%
Would you recommend DPD to other integrators! 3.8 70%

The numbers are modest but encouraging. Half the participants found DPD helpful for spotting duplicates; 40%
reported time savings. The 70% recommendation rate suggests perceived value outweighs limitations for many users.
What they said in their own words:

“The tool helps me quickly spot obvious duplicates, especially for common bug fixes.”

— Senior maintainer, Django

“I wish it could also flag nearduplicates where the implementation differs slightly.”

— Contributor, Kubernetes
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“Integration with GitHub’s UI would make this even more valuable.”

— Integrator, cocos2dx

These comments highlight both strengths (efficiency for obvious cases) and opportunities (handling edge cases,
better Ul integration).

5.8 What We Learned

A few key takeaways:

. As for identifying duplicates, only S-BERT with cosine similarity inside yields 84% F1-score-never achieved
before by any of the TEIDF-based methods approach.

. For XGBoost, with the similarity of semantic embedding as leading feature-this is what we hypothesized might
be good.

. We can pragmatically say that an empirically selected threshold of 7= 0.40 strikes an acceptable balance
between precision and recall.

. Non-trivial DPD workflows functor at crash deployment time has become the norm, albeit delayed by source
barriers.

. Both resonances are required for a proper final design. DPD is an extraordinarily flexible structure Indeed.

These findings suggest that, overall, contextual semantic embeddings are well received by the automated duplicate
PR detection community. In this way, what integrators have to do is not take up precious coding time with sorting
out old submissions.

6 Conclusion and Future Work

To solve an essential problem that integrators meet every day in GitHub-before you waste review-time Actually
vetting code, is wasted effort on code with reuse licensing not yet resolved-we have created a duplicate pull request
detector. Our own development is this tool capable of using a combination of S-BERT semanticistic embeddings
plus cosine-similarity and supervised machine learning to detect those to submissions are similar but for word
choice. For the evaluation set we processed?-233true duplicate pairs, each rod containing at least one pr not relevant
to any of others in 26 github projects. Likewise for testing 2000 additionalPRs that are subsequent to clones,
alongside recently submitted work.

6.1 What We Found

Three key takeaways emerged from our experiments:

RQ1: Cosine Similarity is a Good Metric with S-SBERT.

The unsupervised method achieved an Fl-score of 84% with recall at 88.75%, by empirically setting tdependent
on T = 0.40. This is more than just an incremental improvement over TFIDF baselines’, it reflects that contextual
embeddings capture meaning discarded by keyword matching. High recall here really matters: The less real
duplicates people miss, the easier the review work.

RQ2: XGBoost Adds Robustness.

The supervised classifier gives an accuracy of 80,64% and an Fl-score 80%, thanks to the model SHAP analysis
confirmed. All predictions are carried out mainly by semantic embedding similarity, which is also our core design
principle. Although cosine similarity finds more duplicates in all, XGBoost’s precision is better — it can help us avoid
false positives which cause the developers to suffer. Both choices provides flexibility for users to select, as the case
may be depending on their own repository.

Many in the technical community are involved with develop software, a community with certain prestige and wealth
at this level of contribution. In the course of practice, the developers who use DPD are all kinds of people. And if
we go by traffic counts alone among Al papers at Open Review, projects that used DPD in active like cocos2d-x and
kubernetes are around twenty times as popular as, for example, 1password, which did not.Integrators were able to
confirm 73% of the top ranked predictions as valid duplicates. After tracking the instrument for a while, we were
relieved to find that we could trim costs by roughly one-zero: DPD caught two patches for memory leaks in cocos2dx
early enough that the engineers submitted them without further review from all of the VCR partners; total savings
were estimated at 3-3 and 4 days. In a survey of 10 maintainers, half of the respondents found the tool useful in
detecting duplicates, and 40% reported time savings. It’s not a silver bullet, but it advances the needle.

6.2 Where We Fell Short

No tool is perfect, and ours has limitations worth noting:
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Dataset Bias: We collect data from 26-27 high-traffic GitHub projects, predominantly in JavaScript, Python and

Ruby. DPD certainly doesn’t work well on niche domains, low-resource languages, or private repositories (we

currently don’t even know how DPD performs in these categories).

. Semantic Ambiguity: SBERT measures how similar the meanings of pieces of text are, but it may not always be

able to tell apart technically different issues that sound alike. For instance, two PRs may both include "FreeBSD test

flakiness" in their title but address different underlying issues. We could add code change similarity'® as a feature

here.

. Threshold Tuning: The 7=0.40 cutoff worked well for our dataset, but other projects may need different values.

This threshold might not be optimal everywhere; an arbitrary only 0.5 threshold may yield precision and recall

trade-off inefficiencies.

. Scale of Survey: We entered 10 maintainers. The decisions of these authorities formed an important part for

our next study because if we use too tiny a sample group now, then we can’t understand what people think at large.

However, there are some where this tool should make improvements from comparatively small issues as example

may show. Finding these issues provide ample room for improvement before it is taken up on a large scale

6.2.1 What Comes Next

Having covered all areas of DPD, here are five practical guides.

L. Getting More Datasets: We also plan to involve archives in areas like scientific computing and embedded

systems. This is in line with domain adaption techniques’*, which may make it possible that systems without so

much historical data perform equally at this task.

2. Multimodal Feature Fusion: Text is insufficient. You need semantic embeddings combined with code change

similarity (using file overlap / AST diffs). This is consistent with recent work that has integrated textual and struc-

tural signals'® and should help reduce the number of false positives on technically unrelated issues.

3. GitHub App Integration: Right now, DPD is a command-line utility. If we make it into a GitHub App or a

browser plugin however, then we will start being able to mark upon duplication when the PR is created—a move from

sorting it out afterwards to active prophylaxis.

4. Relevantibilidad: Not all duplicates are created equal. By lightweight preference learning (e.g., using feedback

from integrators on whether they like a function or bug fix more), we could extend DPD to fit this diverse audience.

This would widen deduplication aim coverage from just error- free rate considerations’’ to a part of whole PR

priority intentions.

5. Outputs of Explanations: They need to trust the tool-integrators do. Incorporating natural language

explanation (e.g., “Marked as duplicate: 85% semantically similar to PR #1234”) using SHAP value*® could arouse

greater trust as well as speed up manual checking.

Ensuring the sustainability of open-source software requires a great deal of engagement and a prudent approach to

user numbers. With DPD handling day-to-day deduplication for integrators, they can turn their attentions to the

real technical problems. To make it easier for others to reproduce our results and find the same benefits,'

we added preprocessing scripts, source code and a larger corpus. DPD was not put forward as a replacement for

human judgment.“Distributors’ capabilities are strengthened by it—doing the work of updating software to good,

allowing maintainers to concentrate on quality. Tooling like this becomes essential to maintain the ecosystem of

healthy contributors as pull- based development scales up across scientific software’® and beyond. All in all, The

three aspects combining together in semantic embedding along with a similarity-based / supervised learned method

provide solid foundation for automatic deduplication.Sunsetting DPD is doable, while also taking future

improvements into account. We hope this work will result in further research at the intersection of language

processing, machine learning and software engineering—building on the idea of development collaboration actually

being effective and open(able) to everyone.
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