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Abstract

Software repositories play an essential role in modern software engineering by enabling
code sharing, collaboration, and reuse. Repository tag recommendation is a key technique
for improving the discoverability and organization of software repositories. However,
existing methods still suffer from noisy annotations, incomplete tag coverage, long-tailed
label distributions, and limited adaptability to emerging technical terms. To address these
issues, this paper proposes ReG-TG, a retrieval-augmented framework for repository tag
recommendation. ReG-TG integrates hybrid retrieval, a tag co-occurrence knowledge
graph, and Chain-of-Thought (CoT) reasoning within a large language model (LLM)-based
architecture. Specifically, the hybrid retrieval module combines dense semantic embed-
dings and sparse lexical matching to retrieve relevant reference repositories, followed by
a reranking mechanism to refine candidate results. A tag co-occurrence graph is further
constructed to model structural relationships among tags and provide graph-enhanced tag
knowledge. The retrieved context and graph-enhanced information are then incorporated
into structured prompts to guide LLM-based tag generation. Experimental results on multi-
ple GitHub repository datasets show that ReG-TG consistently outperforms representative
baselines, including TF-IDF+LR, ZestXML, and LEGION, in terms of Precision@5, Recall@5,
and Fl-score@5. Further ablation studies demonstrate that retrieval augmentation, hybrid
retrieval, reranking, graph enhancement, and structured reasoning each contribute to per-
formance improvement. In addition, long-tail analysis shows that ReG-TG maintains better
robustness on low-frequency labels, indicating its effectiveness in alleviating the sparsity
and long-tail challenges in repository tag recommendation.

Keywords: ReG-TG; hybrid retrieval; chain-of-thought; LLM; repository tag recommendation

1. Introduction

Software repositories serve as centralized platforms for hosting source code, docu-
mentation, and related resources, enabling developers to efficiently manage, share, and
collaborate on software projects [1,2]. With the rapid evolution of software engineer-
ing and the widespread adoption of artificial intelligence technologies, the number of
projects hosted on open-source platforms has grown explosively in recent years. This
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unprecedented scale brings significant challenges to repository management, particularly
in enabling developers to effectively search, discover, and reuse relevant projects.

To facilitate repository organization and retrieval, modern platforms have introduced
tag or topic recommendation mechanisms [3]. For example, GitHub employs the repo-
topics framework, which analyzes README files using Term Frequency-Inverse Document
Frequency (TF-IDF) to suggest descriptive tags [4]. These tags play a critical role in
categorizing repositories and improving their discoverability. However, in practice, the
final assignment of tags is often left to repository owners, which may contain spelling
errors, excessive abbreviations, or highly idiosyncratic expressions that are difficult for
other users to interpret. Beyond annotation quality, existing repository tags often suffer
from limited expressiveness; many tags are overly coarse-grained or capture only a single
aspect of a project, failing to provide a comprehensive description. Moreover, many
repositories lack tags entirely. Such issues significantly hinder effective project retrieval
and recommendation, as relevant repositories may not be returned even when users query
with appropriate keywords.

To address these challenges, a substantial body of research has explored automated
repository tag recommendation [5,6]. Early approaches primarily relied on traditional
machine learning methods, such as Naive Bayes and Support Vector Machines (SVMs),
combined with shallow textual features like TF-IDF [5,7]. While these methods demon-
strated the feasibility of automatic classification, they are limited in capturing deep semantic
information and result in low accuracy. With the advent of deep learning techniques, neural
models based on Convolutional Neural Networks (CNNs), Recurrent Neural Networks
(RNNSs), and Pre-trained Language Models (PLMs) have been introduced, significantly
improving semantic understanding [7,8]. However, these approaches typically formulate
tag recommendation as a closed-set multi-label classification problem, which restricts their
ability to handle the open and evolving nature of repository tags [9].

Another fundamental challenge lies in the extreme distribution of repository tags,
which typically follows a long-tail pattern. Recent studies have shown that directly fine-
tuning PLMs on such data leads to severe popularity bias, where models tend to recommend
high-frequency “head” tags while performing poorly on the vast number of rare but
important “tail” tags. In addition, most existing methods treat tags as independent labels,
overlooking the rich semantic and structural relationships among them [10,11]. In practice,
tags exhibit strong correlations and hierarchical dependencies: for example, “react” is
closely related to “javascript,” and “deep learning” is a subfield of “machine learning”.

Recently, Large Language Models (LLMs) have strong contextual understanding and
generation capabilities and can adapt to new tasks through contextual examples [12].
In repository tag recommendation, traditional discriminative models are constrained by
the closed-world assumption, because their prediction space is limited to the fixed label
set observed during training. However, the open-source community evolves rapidly,
and new technical terms continue to emerge. In this paper, zero-shot or emerging tags
refer to tags that are not included, or are not sufficiently represented, in the supervised
label space of classification-based baselines, rather than labels that are absent from all
available repository data. This setting makes it difficult for traditional models to cover
newly appearing technical concepts [9,13]. LLMs can understand repository functions
and technical features from complex and unstructured README documents and generate
candidate tags in a more open-vocabulary manner. These capabilities make LLMs suitable
as reasoning and tag-generation components for repository tagging. On the other hand,
directly using an LLM for open-vocabulary generation may result in hallucinations, such as
nonexistent tags or lengthy descriptive content rather than standardized short-phrase tags.
To address this problem, retrieval-augmented generation can provide external evidence to
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constrain the generation process. The external knowledge base provides relevant repository
examples and tag knowledge, while the LLM focuses on logical reasoning and formatted
output [14]. Through in-context learning, the model can generate candidate tags based
on the retrieved reference information without being retrained whenever new repository
topics appear [12,14].

Based on the above analysis, this study formulates three hypotheses to guide the
design and evaluation of the proposed framework. The first hypothesis concerns the
overall effectiveness of the framework. Existing repository tag recommendation methods
usually rely on predefined label spaces and training data. However, repository tags in
open-source communities are user-defined, sparse, and continuously evolving, which
makes it difficult for traditional classification-based methods to cover newly emerging or
low-frequency tags. By combining external repository retrieval with LLM-based semantic
reasoning, the proposed framework is expected to improve recommendation performance
across datasets with different label-space characteristics [6,9,13,14].

H1: ReG-TG achieves better repository tag recommendation performance than representative
baseline methods on different GitHub topic datasets.

The second hypothesis concerns the contribution of the main components. Repository
tag recommendation is affected by several different factors, including lexical mismatch
between repositories, noisy or incomplete user-defined tags, insufficient modeling of tag
relationships, and the uncertainty of LLM-generated outputs. These problems correspond
to different stages of the recommendation process. Therefore, hybrid search, re-ranking,
graph enhancement, and structured reasoning are expected to provide complementary
effects rather than replace one another [6,15].

H2: The complete ReG-TG framework achieves better recommendation performance than its variants
with key components removed.

The third hypothesis concerns the performance under long-tailed tag distributions.
Long-tail tags are more difficult to recommend because they have fewer training exam-
ples and weaker statistical signals. Compared with head tags, tail tags require additional
semantic and contextual evidence. If retrieved reference repositories and tag relationship in-
formation can provide such evidence, ReG-TG is expected to show more stable performance
under long-tailed distributions [6,14,16].

H3: ReG-TG achieves more stable recommendation performance under long-tailed tag distributions
than representative baseline methods.

To test these hypotheses, we propose ReG-TG, a repository tag recommendation
framework that integrates hybrid retrieval, re-ranking, tag co-occurrence graph enhance-
ment, and CoT-based structured reasoning. GitHub README documents contain both
natural-language descriptions of repository functions and technical terms, such as library,
framework, and API names. Dense retrieval can capture deep semantic information but
may overlook exact matches of technical terms, whereas sparse retrieval can precisely
match specific keywords but has limited ability to recognize semantic relationships be-
tween different expressions. Therefore, ReG-TG combines dense and sparse retrieval in a
hybrid retrieval strategy. Since the initial retrieval results may still contain repositories with
similar keywords but different functions, a cross-encoder re-ranking mechanism is further
employed to perform fine-grained semantic matching on the candidate set. In addition,
user-defined GitHub tags are often incomplete, and relying only on the tags of the retrieved
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repositories may result in insufficient tag coverage. Therefore, ReG-TG constructs a tag
co-occurrence graph from historical tag associations to identify potentially related tags that
may be missing from the retrieved samples. Finally, the retrieved repository context and
graph-enhanced tag knowledge are organized into a structured prompt. CoT prompting
is used to guide the LLM through a structured reasoning process and to distinguish the
reasoning content from the final tags. The framework consists of two main stages: offline
index construction and online retrieval and recommendation.

In summary, the main contributions of this paper are as follows:

e Wefirst propose the ReG-TG framework based on LLM for software repository tagging,
which innovatively introduces hybrid search, knowledge graph enhancement and
CoT reasoning mechanisms to enhance the contextual understanding of the repository.

*  We conduct systematic evaluations on two recent datasets and one self-collected
dataset to assess the effectiveness of the ReG-TG framework and each module.

*  We conduct experiments on long-tailed distribution scenarios to verify the practicality
of the ReG-TG framework.

Paper Organization. For the remainder of this paper, the following structure is
used: Section 2 discusses related works. Section 3 provides details of the proposed method
ReG-TG. Section 4 presents key components involved in the experiment. Section 5 evaluates
the effectiveness of the proposed method ReG-TG and performance comparison with the
baseline methods. Section 6 discusses the impact of the number of retrieved reference
repositories. Finally, Section 7 concludes the paper.

2. Related Work

This section introduces related work about Software repository tags.

A large number of studies have employed various classification algorithms and tech-
niques to address the software repository tagging task. Early work [17,18] first demon-
strated that textual information from software projects (e.g., descriptions, README files,
and package metadata) can be used as input to traditional machine learning models
such as Support Vector Machines (SVMs), Naive Bayes, and topic models (Latent Dirich-
let Allocation, LDA) to obtain baseline domain classification performance. However,
these approaches are limited by textual noise, vocabulary diversity, and ambiguous cate-
gory boundaries.

Subsequent studies [13,19,20] focused on constructing large-scale labeled or semi-
automatically labeled datasets and investigating the reproducibility of “domain defini-
tions,” i.e., how application domains or functionalities can be consistently defined as
discriminative classes. These works emphasize the importance of annotation protocols.
Zanartu et al. [13] proposed a hybrid human—machine labeling approach to define applica-
tion domain categories and establish classification baselines, highlighting that classification
performance is highly dependent on training data coverage and label consistency.

With the emergence of deep learning, researchers began to apply neural network-based
methods to process textual and code features. Studies by Nguyen, Leclair, and others [8,21],
as well as related work, adopted deep neural architectures or adapted text classification
models for software categorization, achieving improved representation generalization
compared to traditional methods. These approaches are particularly effective in scenarios
involving long-form documentation (e.g.,, README files) and mixed code-text inputs.
However, they still face two major practical challenges: (1) poor generalization across
languages and ecosystems, and (2) performance degradation on rare classes due to data
imbalance, which leads to bias toward high-frequency labels.

To address multi-source information fusion and structural relationship modeling, a
line of research incorporates graph-based or heterogeneous information to represent both
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internal repository structures (e.g., files, dependencies, and function calls) and external
signals (e.g., authorship, forks, and stars). For example, Repo2vec [22] and Rep2Vec [23]
propose learning unified repository embeddings that jointly encode code, metadata, and de-
pendency relationships for downstream tasks such as classification and similarity retrieval.

In addition, for weakly supervised or minimal-label settings, researchers have explored
hierarchical and weak-label-driven strategies. HiGitClass [24] introduces a keyword-driven
hierarchical classification framework that combines human-defined label hierarchies and a
small set of keywords with automated learning, thereby reducing annotation cost while
leveraging hierarchical information to improve multi-class decision-making. Similarly;,
Zhang et al. [25,26] investigate minimal-supervision classification methods incorporating
metadata such as programming language, dependencies, and file distributions. Their results
show that metadata and structured prompts can significantly improve robustness under
limited supervision. However, these methods are sensitive to the selection of keywords
and metadata, and they generally fail to match fully supervised deep learning models in
fine-grained classification performance.

To further clarify the position of ReG-TG in the existing literature, we summarize
representative software repository tagging and categorization studies in Table 1. The
table focuses on the key technical route of each type of method, especially whether it uses
retrieval evidence, graph-based tag knowledge, LLM-based generation, and mechanisms
for sparse or long-tailed labels.

Table 1. Comparison of representative studies on software repository tagging and categoriza-
tion. TC: traditional classification; XML: extreme multi-label learning; NC: neural and pre-trained-
language-model-based classification; GSM: graph or structure-aware methods.

. . . Long-Tail/Open- Main Gap Compared
Type Representative Studies Key Mechanism Label Handling with ReG-TG
LDA, SVM, LR, Uses textual features such as  Limited; usually depends Weak semantic modeling
TC MNB-based TF-IDE, topics, descriptions, on a predefined and limited adaptability to
methods [5,7,17,18] and README metadata. label space. emerging tags.
Treats repository tagging as Does not explicitly use
ZestXML and related P Y lagging Designed for large and retrieved repository
XML large-scale sparse .
XML methods [6,9] multi-label prediction sparse label spaces. evidence or
P ’ LLM-based generation.
Learns semantic
Neural text classification ~ "cPresentations from Improves long-tail le'arnmg Still mainly constrained by
NC and LEGION [8,16,21] repository text; through representation supervised training labels
o LEGION uses learning or loss design. P & '
distribution-balanced loss.
Models tag relations, Usually not designed for
GSM géetza\,](l;epOZVec, repository similarity, Can use structural or open-vocabulary tag
HigitCla’ss [10,22-24] metadata, hierarchy, or hierarchical information. generation with
! structural signals. retrieved evidence.
Combines hybrid retrieval, Uses retrieved repositories . .
reranking, PMI-based tag and graph-expanded tags Higher inference cost
ReG-TG  Our work / than pure

graph expansion, and
structured LLM generation.

to support sparse and
long-tailed labels.

classification methods.

As shown in Table 1, existing studies have made important progress, but several
gaps remain. Traditional classification and neural classification methods usually rely on
predefined label spaces, which limits their adaptability to emerging or rarely observed
tags. Extreme multi-label learning methods improve scalability under sparse labels, but
they do not explicitly use retrieved repository examples as contextual evidence. Graph-
based and structure-aware methods capture useful relationships among tags or repositories,
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but they are usually not combined with LLM-based open-vocabulary generation. In
contrast, ReG-TG treats repository tag recommendation as a retrieval-enhanced generation
task. It retrieves semantically and lexically similar repositories, expands candidate tag
evidence through a PMI-based tag co-occurrence graph, and guides an LLM to generate
normalized tags with a structured prompt. Therefore, ReG-TG differs from existing studies
by jointly integrating retrieval evidence, graph-enhanced tag knowledge, and structured
LLM reasoning.

3. A Software Repository Tag Recommendation Method Based on Hybrid
Search and Graph Enhancement

3.1. Problem Formulation and Unified Framework Description

Let D = {r;}}, denote a repository corpus, where each repository r; is associated
with a textual description x; constructed from its repository name, short description, and
README content. Let V = {t1,t5,...,t|} denote the global tag vocabulary, and let
Y; C V be the ground-truth tag set of repository r;. Given a target repository r; with
textual input x,, the goal of repository tag recommendation is to generate a ranked tag list
Y{f = {f,fy,...,Ix}, where each predicted tag f; € V or is normalized into the GitHub
topic format, and the predicted list should maximize its relevance to the true tag set Y;.

Unlike conventional discriminative multi-label classification methods that directly
learn a mapping f : x; — Y, over a fixed label space, ReG-TG formulates repository tag
recommendation as a retrieval-enhanced generation process. First, the target repository
text x; is used to retrieve an initial candidate set C; from the indexed repository corpus
through hybrid dense-sparse retrieval:

Sﬁnal(xq/ xi) = “Sdense(xqrxi) +(1- “)SSParSE(xqrxi)r

where S gense measures semantic similarity, Ssparse measures lexical matching, and & controls
their relative contribution. The top-ranked candidates are then refined by a reranker to
obtain a smaller reference set R.

Second, ReG-TG constructs a tag co-occurrence graph G = (V, £, W) from the training
repository set, where nodes are tags and edge weights are computed using Pointwise
Mutual Information (PMI). Given the tags contained in the retrieved reference repositories,
the graph enhancement module extracts related neighbor tags and forms a graph-enhanced
tag evidence set V;. Finally, the target repository text x,, retrieved reference repositories
Ry, and graph-enhanced tag evidence N are organized into a structured prompt. The
LLM-based generator Gy produces the final ranked tag list:

Therefore, the complete ReG-TG framework can be viewed as a unified process con-
sisting of candidate retrieval, semantic reranking, graph-based tag evidence expansion,
and constrained LLM-based tag generation.

Based on the above formulation, as shown in Figure 1, we propose ReG-TG, a topic
recommendation framework that integrates graph structure, retrieval enhancement genera-
tion, and a large language model. The core process of this framework consists of two main
stages: offline index construction and online retrieval and recommendation. In the of-
fline index construction stage, based on the metadata from massive historical repositories,
ReG-TG first utilizes hybrid text encoding to build a vector index library covering both
dense semantic representations and sparse lexical representations. And then automatically
constructs a lightweight tag co-occurrence knowledge graph based on statistical associ-
ation features between tags. These two components are the foundation for the system’s
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underlying structured prior knowledge. In the online retrieval and recommendation stage,
when faced with a new target repository, ReG-TG executes a hybrid retrieval strategy,
synergistically leveraging the deep semantic capture capabilities of dense vectors and the
precise technical terminology matching capabilities of sparse vectors to efficiently recall
semantically similar reference fragments from a large-scale knowledge base. Subsequently,
ReG-TG uses a re-ranking mechanism to perform secondary refinement of the candidate
reference set to eliminate semantic noise in the initial retrieval. Based on this, ReG-TG
further collaborates with the tag co-occurrence knowledge graph to mine potential semantic
associations in the candidate tag set through a graph nearest neighbor algorithm. Finally,
ReG-TG organizes the retrieved repository context with the graph-enhanced association
knowledge into a structured prompt, submits it to LLM, and performs structured reasoning
to generate the final label. To make the processing procedure of ReG-TG explicit and to
complement the framework-level view in Figure 1, we summarize the complete workflow
as follows:

1.  Repository preprocessing: raw README documents are cleaned, segmented, and
normalized to obtain repository text fragments.

2. Offline index construction: repository fragments are encoded by BGE-M3 and stored
in the vector database, while GitHub topic tags are used to construct the PMI-based
tag co-occurrence graph.

3. Initial hybrid retrieval: given a target repository, ReG-TG combines dense semantic re-
trieval and sparse lexical retrieval to recall the Top-50 candidate repository fragments.

4. Candidate reranking: BGE-Reranker-v2-m3 reranks the Top-50 candidates and selects
the Top-K most relevant reference repositories.

5. Graph-based tag expansion: the tags of the Top-K reference repositories are used as
anchor nodes in the tag co-occurrence graph to obtain graph-enhanced neighbor tags.

6.  Structured prompt construction: the target repository text, retrieved reference reposi-
tories, and graph-enhanced tags are organized into Retrieval Context, KG Context,
and Target Input fields.

7. LLM-based tag generation and parsing: the LLM generates a reasoning process and
outputs normalized tags after the fixed marker, and the parser extracts the final
JSON-formatted tag list.

Offline Index Construction Stage

O [ T C
—_— > v _—
Chunking TXT Vectorization

GitHub

GitHub Software Repository Text Chunk1  Text Chunk K Embedding Model
0 f Repository
SIZ\\ i |__Embeddings | |
LA\ i ‘
L g g =0 (V) ! Tag i
o0 i Embeddings ]
\._ Tag Co-occurrence Graph NectorData e

T | \
Retrieval AD -~ ; hain-of-Thought i
> -— | H
9 - 1 1

. i Tags i

Target Repoltory Hybrid Retrieval Re-lanking \ p

N R \ f
3 [ 0 Reference Tags] [ Target Repository] [ Repogteg:};e;(:emples] i ‘ é '

Figure 1. The framework of the proposed ReG-TG.
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3.2. Offline Index Construction

Building an offline index is the foundation of the entire ReG-TG framework. Its main
task is to transform raw, unstructured GitHub repository data into vector representations
that computers can efficiently retrieve and compare. Specifically, this process includes
two phases, i.e., vector database construction and label co-occurrence graph construction.
The former is used to encode repositories into vector representations and build an efficient
similarity search index for large-scale retrieval. The latter is used to capture global relation-
ships among tags by modeling their co-occurrence patterns, thereby providing structured
semantic guidance for tag recommendation.

(1)  Vector database construction

First, ReG-TG utilizes hybrid text encoding to construct a vector database, which
includes three steps: text sequence construction, vector representation, and index storage.

Text sequence construction We employ an overlapping block strategy to construct the
input text sequence for semantic encoding. Specifically, by setting a fixed sliding window
size and overlap step, long texts are segmented into several sub-segments with overlapping
context. This approach helps preserve the semantic information of the document and
maintain semantic coherence at the segmentation boundaries through overlapping regions,
thereby reducing contextual breaks caused by hard segmentation.

Vectorization representation After constructing the text sequence, we vectorize the frag-
ment text sequence using embedding techniques. Specifically, to simultaneously capture
the deep semantics and literal matching features of the text, we employ the BGE-M3
(BAAI General Embedding M3) model for multi-granularity text encoding [27]. This model
possesses multilingual, multi-functional, and multi-granularity characteristics, capable
of mapping the input text fragments into both dense and sparse vector representations.
The former captures the high-dimensional semantic information of the text, addressing
semantic mismatch issues. The latter learns the lexical weight of each token in the text,
focusing on the precise matching of proper nouns and technical terms, compensating for
the shortcomings of dense vectors in precise keyword matching. Through this hybrid
encoding strategy, ReG-TG can balance the breadth of semantic understanding with the
accuracy of keyword matching, providing rich information for subsequent hybrid retrieval.

Index storage To support efficient vector matching and retrieval, we use the Milvus Lite
library to build a hybrid text vector index. During the index construction, a metadata map-
ping database was established, associating the unique ID of each vector with the original
name of the repository, the list of real tags, and the block index. This ensures that when
similar vectors are retrieved subsequently, the corresponding real tags can be immediately
obtained as a reference for generation. Furthermore, given that the text fragments generated
after the repository documents are segmented reach hundreds of thousands, we adopted
the classic IVE_FLAT (Inverted File Flat) algorithm from the approximate nearest neighbor
search field to optimize query response speed while maintaining retrieval accuracy, thereby
reducing computational overhead and supporting efficient query responses.

(2) Label co-occurrence graph construction

Second, ReG-TG utilizes metadata from massive historical repositories to construct
a global tag co-occurrence knowledge graph. The specific process is illustrated in
Algorithm 1. This graph is essentially a weighted tag co-occurrence matrix, where nodes
represent unique tags, and edge weights are calculated using Pointwise Mutual Information
(PMI) to measure the association strength between two tags. Unlike simple co-occurrence
frequency statistics, PMI-based weighting reduces the influence of high-frequency generic
tags and helps identify more informative tag associations. For example, statistical pat-
terns show that NumPy and Data Analysis co-occur frequently, and PyTorch is often
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associated with Deep Learning. In this way, the graph makes the implicit dependencies
scattered across massive repositories explicit, solidifying them into a queryable domain
knowledge structure.

Algorithm 1: Label co-occurrence knowledge graph construction

Input: Dy, repository set, each repository r includes tags set T;; 6: minimum
co-occurrence frequency threshold; 7: PMI filtering threshold; K, ;p;,: maximum
number of neighbors to retain for each node

Output: G = (V,E,W): weighted directed label co-occurrence graph

1 V+ Q0 E+©O, W+O
2 Initialize frequency maps:
3 Count(t) «- 0; CoCount(t; t;) <0

4 Step 1: compute label frequency and co-occurrence frequency
5 foreach repository r € Dyygipy, do

6 foreach tag t; € T, do

7 Count(t;) < Count(t;) +1

8 V+Vu {ti}

9 foreach tag tj € T do

10 if t; # t; then

11 ‘ CoCount(t;, t;) < CoCount(t;, t;) +1
12 end

13 end

14 end
15 end

16 Step 2: calculate PMI weights and construct edges
17 N |Dtrain|
18 foreach pair (t;,t;) in CoCount do
Cij -N
(ti) - Count(t;)

19 Cij < CoCount(t;, tj); weight «+ log Connt

20 if cij > 6 and weight > T then
2 | E< EU{(ti,t})}; W(t;,t;) < weight
22 end

23 end

24 Step 3: sparse knowledge graph (Top-K prune)

25 foreach node t; € V do

26 Neighbors < outgoing edges of t;

27 Sort Neighbors by weight in descending order
28 Keep only top Ky, edges and remove others
29 end

30 return g

3.3. Online Retrieval and Tug Recommendation

Online retrieval and tag recommendation is the core of the entire ReG-TG framework.
Its main task is to retrieve the most similar candidate reference fragments for a new target
repository and combine them with enhanced knowledge graph semantics to construct
structured reasoning of LLM to generate the final tag. Specifically, this process includes
four phases, i.e., hybrid search, resort, label co-occurrence knowledge graph enhancement,
and structured prompts construction and constraint reasoning. The following will introduce
the process step by step:

https:/ /doi.org/10.3390/app16157777
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(1) Hybrid search

The first step of online retrieval and tag recommendation is to sift through massive
historical data to create a preliminary set of reference fragments. Benefiting from the
previously constructed vector database employing a hybrid encoding of dense and sparse
vector representations, we also adopt a hybrid retrieval strategy based on the BGE-M3
model. Specifically, dense vector retrieval captures deep semantics, which could understand
metaphors and synonyms. And sparse vector retrieval precisely anchors technical terms,
which could automatically identify highly discriminative technical terms in the text and
assign them higher weights, while reducing the weight of stop words or generic words.
For the similarity metric, we choose cosine similarity, which reduces the influence of vector
magnitude differences caused by fragments of different lengths in the vector space. Finally,
a weighted fusion is used to obtain a score for each reference fragment. The dual scores are
merged using a linear weighting method, as shown below, to identify the Top-50 candidate
reference fragments with the highest scores:

Sfinal = Sgense + (1 —a) - Ssparse

Here, the dense score reflects semantic fit, while the sparse score reflects keyword
overlap. S, represents the normalized dense vector similarity, Ssparse represents the
sparse vector matching score, and « is a balancing hyperparameter used to adjust the
weights of semantic understanding and literal matching.

(2) Resort

The main purpose of the hybrid retrieval strategy is to exclude most irrelevant samples
from the full database and retrieve similar samples with coarse-grained retrieval. In hybrid
retrieval, both dense and sparse vectors essentially belong to the Bi-Encoder paradigm.
In this architecture, the target and candidate are encoded independently, and they are
invisible to each other in the deep network. Although the BGE-M3 model greatly im-
proves feature representation capabilities, the information compression bottleneck caused
by independent encoding still exists. This bottleneck is particularly evident when process-
ing GitHub repositories. For example, a tutorial repository named “Learn-React” and a
framework repository named “React-Core” share a large number of the same technical
keywords, resulting in them being very close in the vector space. However, for the tag
recommendation, their natures are completely different; one is a tutorial, and the other
is a framework. Therefore, to solve this, we adopt the BGE-Reranker-v2-m3 model as
the re-ranking core of the ReG-TG framework to understand the fine-grained interaction
relationships between texts [27]. Specifically, instead of processing queries and documents
independently, BGE-Reranker-v2-m3 employs a cross-attention interaction mechanism.
This involves concatenating the description of the target repository and candidate text
fragments into a single input sequence, which is then used as the overall input. Under
this architecture, a multi-layered self-attention mechanism allows each token in the target
text to interact directly with each token in the candidate text across sequences. This means
that ReG-TG can not only see which words appear in two texts but also gain a deeper
understanding of the modification relationships, negation logic, and subtle differences in
item properties between words. ReG-TG uses BGE-Reranker-v2-m3 to score each of the
Top-50 candidate samples, ultimately outputting a scalar score between 0 and 1, represent-
ing the confidence level of deep semantic relevance between the target repository and the
reference fragment. Based on this score, the candidate list is reordered in descending order,
and the Top-K with the highest final scores are selected, which are considered the best
reference samples that highly match the target repository in terms of semantics, keywords,
and item properties.
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(8)  Label co-occurrence knowledge graph enhancement

The previous search and reordering steps yielded the Top-K reference samples that
are closest in content and intent. However, GitHub tag data inherently exhibits strong
sparsity and a long-tail distribution. Many high-quality repositories have incomplete tags.
For example, a data analysis project might only be labeled with the specific library name
“numpy”, omitting its overarching concept “data-analysis” or the associated technology
“python”. If LLM relies solely on these incomplete local references, it can easily lead to
insufficient tag coverage.

To address this issue, we design a tag co-occurrence graph enhancement module, aim
to inject global statistical knowledge into local reference samples. Specifically, ReG-TG
extracts the tag set of the reordered Top-K reference repositories and uses it as “anchor
points” input into the tag co-occurrence knowledge graph. Then, it automatically searches
the knowledge graph for the first-order semantic nearest neighbor with the highest con-
nection weight to the anchor tag. For example, if the retrieved reference repository tag
set is “pytorch, transformer,” the graph analysis might recommend the implicit neighbor
nodes “natural-language-processing, bert.” Finally, these expanded neighbor labels are
deduplicated and merged with the original reference labels, serving as contextual input.
This step provides the LLM with additional domain prior knowledge beyond the current
README text and suggests potentially related tags based on general co-occurrence patterns
in the GitHub community. In this way, the graph enhancement module is expected to
improve tag coverage and may help reduce low-recall cases for long-tail labels caused by
incomplete reference sample annotations.

(4)  Structured prompts construction and constraint reasoning

After obtaining high-quality reference samples and extended domain prior knowledge,
the next step is to fuse this content with the original description of the target repository
using constraint instructions to create a composite prompt. The actual prompt used in
our experiments is shown in Table 2. It guides the LLM to first produce a short reasoning
process and then output the final tags after a fixed marker, i.e., “### Final Tags:”. To
reduce parsing ambiguity, only the content after this marker is required to be a valid JSON
object with a single key “tags”. This design separates the reasoning text from the final
machine-readable tag list and makes the output easier to parse. The prompt consists of
three core information domains.

For reproducibility, we further specify how retrieved repositories and graph-enhanced
tags are converted into the LLM input. Each retrieved reference item is formatted as a
short text-label pair in the form “Description: {text} | Tags: {labels}”, where {text} denotes
the retrieved repository fragment and {labels} denotes its original GitHub topic tags. The
Top-K reranked reference items are concatenated in descending reranking score order and
placed in the Retrieval Context field. The graph-enhanced tags are obtained by using
the tags of these Top-K reference repositories as anchor nodes in the PMI-based tag co-
occurrence graph, and the selected neighbor tags are placed in the KG Context field. The
target repository name and truncated README content are placed in the Target Input
field. Therefore, the LLM receives three explicitly separated evidence sources: retrieved
examples, graph-expanded tag candidates, and the target repository text.

Retrieval context domain, which consists of the Top-K reference samples obtained
through hybrid search and re-sort in the vector database. This information limits the
generated style specifications (such as tag granularity and naming conventions) by showing
the LLM similar existing tags, ensuring that the tags conform to community standards.

Knowledge graph neighbor domain, which consists of semantically extended neigh-
bors mined from the tag co-occurrence knowledge graph. This information supplements
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the LLM with domain knowledge. For example, when the repository only mentions the
specific name, the knowledge graph neighbor domain guides the LLM to focus on its
implicit higher-level concepts, thus compensating for the lack of long-tail information
caused by simple retrieval.

Target repository domain, which is the summary and description of the repositories to
be tagged, is the main content that LLM needs to analyze.

Existing generative methods typically require the LLM to output comma-separated
text. This unstructured output is prone to parsing errors and makes it difficult to distinguish
between the model’s reasoning process and the final tag list. Therefore, ReG-TG uses a
fixed output marker and a JSON constraint for the final tag list. Specifically, the LLM is
allowed to provide its reasoning process before the marker “### Final Tags:”, while the
content after this marker must be a valid JSON object in the form {"tags": ["tagl",
"tag2", "tag3"]}. The parser used in our experiments follows a deterministic rule-based
procedure. It first locates the marker “### Final Tags:” using regular expression matching
and discards all text before the marker. It then parses the remaining content as a JSON object
and extracts the value of the “tags” field. If JSON decoding fails, a fallback delimiter-based
extraction is applied to split the remaining text into candidate tags. Finally, the extracted
tags are normalized by converting them to lowercase, replacing spaces and underscores
with hyphens, removing invalid punctuation, deduplicating repeated tags, and keeping
the Top-K tags for evaluation.

Furthermore, to prevent logical jumps when the LLM handles complex technology
stacks, ReG-TG embeds the CoT mechanism in the reasoning text before the final JSON
output. Specifically, the LLM is guided to execute the following three-step reasoning
logic: (1) analyze the similarities between the target repository and the retrieval context
to determine whether standard labels in the reference sample should be inherited; (2)
check the suggestions provided by the knowledge graph neighbor domain to determine
whether macro-level classification labels need to be supplemented; and (3) scan the target
repository’s unique descriptions to identify new terms that are not present in the reference
context but have significant technical representativeness.

Table 2. ReG-TG structured prompt template

System Role

You are an expert software engineering assistant specializing in technical taxonomy and open-source
repository classification. Your task is to extract precise technical tags based on the provided evidence.

Retrieval Context

[Retrieval Context: Similar Repositories]
(Content retrieved from Milvus and BGE-Reranker)
Description: {text}|Tags: {labels}

KG Context

[Domain Knowledge Graph: Related Concepts]
Based on global statistics, the tags appearing in the context are associated with the following broader
concepts. You may consider using them if they fit the target repository: {neighbor_labels}.

Target Input

[Target Repository to Tag]
Repository Name: {repo_name}
README Snippet: {readme_content_truncated}

Instructions

Analyze the technical stack, language, application, functionality, and purpose.
Output a brief reasoning process before the final tag list.

Output the final tags strictly after “### Final Tags:”.

Format: lowercase, hyphenated (e.g., machine-learning, python-client).

LN =

Output Format

1. The content after “### Final Tags:” MUST be a valid JSON object with a single key “tags”.
2. The value of “tags” MUST be a list of strings.

3.  Format: ### Final Tags: {‘‘tags’’: [‘‘tagl”’, ‘‘tag2”’, ‘‘tag3’]}

Let’s think step by step:
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3.4. Computational Cost and Scalability Discussion

The computational cost of ReG-TG mainly comes from five stages: offline index
construction, hybrid retrieval, cross-encoder reranking, graph-based tag expansion, and
LLM-based generation. In the offline stage, repository README documents are cleaned,
segmented, encoded, and stored in Milvus Lite. Following the design described in the
retrieval-augmented generation literature, approximate nearest neighbor (ANN) indexing
can support sublinear retrieval over a large document collection. In our implementation,
the IVF_FLAT index is used to divide the high-dimensional vector space into several
cells, so that online retrieval only searches the regions closest to the query vector. This
design reduces the retrieval overhead while maintaining query efficiency for large-scale
repository fragments.

In the online stage, the initial dense-sparse hybrid retrieval module first filters the full
repository index and returns a limited candidate set. The cross-encoder reranker is more
computationally expensive because it needs to jointly encode the target repository and each
candidate repository fragment. Therefore, following the implementation strategy described
above, ReG-TG first uses the efficient BGE-M3 bi-encoder retrieval module to remove most
irrelevant samples and retains only the Top-50 candidates for BGE-Reranker-v2-m3 scoring.
This two-stage design avoids applying cross-encoder reranking to the entire repository
corpus and balances retrieval efficiency with semantic matching accuracy.

The tag co-occurrence graph expansion stage only queries neighbor tags based on
the tags extracted from the Top-K retrieved repositories, so its online cost is limited by
the number of retrieved repositories and retained graph neighbors. The final LLM-based
generation stage is the most expensive online component because its latency is affected by
the prompt length and the generated output length. Therefore, ReG-TG improves scalability
mainly by moving repository encoding and graph construction to the offline stage, using
ANN-based vector retrieval for the online retrieval stage, and restricting the expensive
reranking and graph expansion operations to a small candidate set. Nevertheless, because
the framework still includes retrieval, reranking, graph query, and LLM generation, its
online inference latency is higher than that of pure classification methods. We have clarified
this computational trade-off in the revised manuscript.

4. Experimental Setting

In this section, we provide a detailed description of the key components involved
in the experiment of our study, including the real dataset from GitHub and the dataset
preprocessing steps uesd for experiment, the benchmark methods and models used for
comparison, the evaluation metrics used to quantify model performance, and the specific
implementation details of the experiments, such as the experimental environment and
key hyperparameters.

4.1. Experimental Datasets

To evaluate ReG-TG, we use two public GitHub topic datasets and one self-collected
dataset. These datasets were selected to cover three complementary experimental settings:
a large-scale sparse and long-tailed label space, a curated and standardized label space,
and a self-collected open-world setting containing emerging topics. The first public dataset
(Dataset Zest) was collected by Widyasari et al. and contains 21,273 repositories with
37,161 unique user-defined topics. Infrequent topics were retained, resulting in a highly
sparse and long-tailed label space [6].

ZestXML is included as a baseline because it was identified as the strongest zero-shot
extreme multi-label learning method among the approaches evaluated on this dataset [6,9].
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The second public dataset (Dataset LEG) is the curated dataset used by LEGION. It
was derived from the dataset of Widyasari et al. by retaining GitHub featured topics and
contains 15,262 repositories with 665 unique labels [16].

In addition, we constructed a self-collected dataset (Dataset ReG) from representative
public repositories on GitHub. We collected the raw dataset via the GitHub API and
performed additional filtering based on the following criteria: (1) star count limit, only
repositories with more than 5 stars were retained to remove low-quality or experimental
projects; (2) text integrity, repositories lacking descriptions or with empty README files
were removed; (3) tag validity, repositories without any topic tags were removed to ensure
the existence of genuine ground truth for evaluation. We also perform simple data cleaning
on these GitHub repositories. That is, since README documents are typically written in
Markdown or HTML format, the HTML tags, image links, and other non-natural language
information interspersed within them not only fail to provide effective semantic features
but also interfere with the feature extraction. Therefore, we use regular expressions to filter
the original text, removing all formatting characters, URL links, and non-text elements, and
eliminating generic phrases such as “License” and “Contributors” that appear repeatedly
across different repositories but lack distinctiveness. After these steps, we obtained a new
dataset containing 18,773 repositories with 32,338 unique tags, which not only has high
label sparsity but also involves a large number of emerging terms.

Due to the large amount of data, it is difficult to visualize the tag distributions of all
three datasets. Therefore, we select Dataset ReG for visualization. As shown in Figure 2,
the tag distribution of Dataset ReG exhibits typical long-tail characteristics (only showing
the top 15 tags with the highest frequency), which suggests the relevance of using retrieval
augmentation methods to handle sparse tags.
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Figure 2. Feature information of the dataset, the vertical axis representing topics and the horizontal
axis representing frequencies.

4.2. Comparison Benchmark

To comprehensively evaluate the effectiveness of ReG-TG, we select three represen-
tative methods as benchmarks according to their methodological relevance to repository
tag recommendation. The selected baselines cover three major technical routes: traditional
feature-based classification, extreme multi-label learning, and pre-trained-language-model-
based topic recommendation. This selection allows us to compare ReG-TG with both
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classical keyword-based methods and recent methods designed for large-scale sparse or
long-tailed GitHub topic labels. These benchmark methods are briefly introduced below.

TF-IDF+LR is a traditional statistical method. It uses TF-IDF to extract text features
and combines them with logistic regression to build a multi-label classifier. This method
represents a traditional benchmark method for keyword matching. ZestXML is the cur-
rent state-of-the-art method for GitHub tag recommendation tasks, a zero-shot extreme
multi-label classification method specifically designed to handle large-scale sparse labels.
LEGION is a recently proposed method based on fine-tuning the pre-trained model Bidi-
rectional Encoder Representations from Transformers (BERT), introducing a distributional
balance loss to optimize the prediction of long-tail labels.

For a fair comparison, all baseline methods are evaluated under the same dataset split,
input information, and evaluation metrics as ReG-TG. Specifically, each dataset is divided
into the same training and test sets. For TF-IDF+LR, ZestXML, and LEGION, the training
set is used to train the corresponding multi-label prediction model, and the held-out test
set is used for evaluation. For ReG-TG, the same training set is used to build the retrieval
index and label co-occurrence graph, while the same test set is used as target repositories
for tag recommendation. All methods take repository textual information as input and are
evaluated using Precision@5, Recall@5, and F1-score@>5.

4.3. Evaluation Metrics

Given that GitHub topic recommendation is a multi-label recommendation task
and the model output is a ranked label sequence, we use Precision@K, Recall@K, and
F1-score@K as the core evaluation metrics. These metrics are selected because they are
commonly used for top-K recommendation evaluation and are consistent with the practical
usage scenario of repository tags, where users usually focus on the first several recom-
mended labels. Precision@K measures the accuracy of the recommendation results, i.e., how
many of the first K recommended labels are correct. Recall@K measures the coverage of
the recommendation results, i.e., how many of the true labels are included in the first
K recommended labels. Fl1-score@K is the harmonic mean of Precision and Recall, used to
comprehensively evaluate the overall performance of the method. The formulas for each
metric are as follows:

iy 1 lya Nk
Precision@K = —
DY K
AK
Recall@K = Z lya 0l |
IDI i Iydl
2 X P@K x R@K
F1 — K =
score@ P@K + R@K

where D is the total number of samples in the test set, v is the set of true labels for repository
d,and 7; is the set of the Top K labels predicted by the method. In this experiment, since
the average number of tags for most repositories is 5.3, we choose the value K = 5 to
measure the overall performance of the ReG-TG.

4.4. Experiment Implementation

The implementation settings are chosen according to the functions of different mod-
ules in ReG-TG. In the label co-occurrence graph construction phase, we first count the tag
frequency and tag-pair co-occurrence frequency based on the full training set, and then
calculate Pointwise Mutual Information (PMI) as the edge weight of the tag co-occurrence
graph. The PMI threshold 7py; is set to 0.5 to filter out weak association edges caused by

https:/ /doi.org/10.3390/app16157777


https://doi.org/10.3390/app16157777

Appl. Sci. 2026, 16,7777

16 of 27

random co-occurrence, thereby retaining the core knowledge structure with domain uni-
versality and technical relevance. In the hybrid retrieval phase, the dense and sparse score
fusion weights are set to 0.6 and 0.4, respectively, because dense retrieval is used to capture
semantic similarity, while sparse retrieval is used to preserve exact matching of technical
terms. This setting is used to balance semantic understanding and technical terminology
matching accuracy. In the constraint reasoning phase, we selected DeepSeek-V3 as the final
label generation engine because it is suitable for semantic understanding and structured
generation when handling complex README texts. Unlike the traditional “train-valid-test”
dataset partitioning for classification tasks, we divided the dataset into training and test
sets. The training set accounts for 90% of the dataset; this data is not used for model training
because this framework does not require model fine-tuning. Instead, it is vectorized and
stored in the database as a reference case pool for the retrieval phase. The test set accounts
for 10% of the dataset; these data are used as held-out target repositories to evaluate the
method’s performance on repositories not included in the retrieval index. All experiments
were conducted on a high-performance machine equipped with RTX 4090*4 GPUs. The
software environment was based on PyTorch 2.1, Transformers 4.30+, and Python 3.10.

5. Experimental Results and Analysis

In this section, we evaluate the three hypotheses formulated in the Introduction
to verify the effectiveness of the proposed method ReG-TG. Below, we elaborate on the
approach and results corresponding to H1, H2, and H3 to facilitate experimental verification
and results analysis.

H1: ReG-TG achieves better repository tag recommendation performance than representative
baseline methods on different GitHub topic datasets.

Approach: To evaluate H1 and conduct a comprehensive evaluation, we experiment
with the repository tagging task using three datasets with different features described in
Section 4.1. We compare the performance of the proposed method ReG-TG with three
representative baseline methods, namely TF-IDF+LR, ZestXML, and LEGION, covering
traditional feature-based classification, zero-shot extreme multi-label learning, and pre-
trained language model fine-tuning.

Results: Table 3 shows the performance comparison of various methods on Preci-
sion@5, Recall@5, F1-score@5, and HumanEval. Before computing the automatic metrics,
both predicted tags and ground-truth GitHub topics were normalized by lowercasing,
converting spaces and underscores to hyphens, removing invalid punctuation, deduplicat-
ing repeated tags, and merging common synonymous aliases according to GitHub topic
naming conventions. Because GitHub topics are user-defined and may contain missing
or noisy labels, we further conducted a human evaluation to complement the automatic
metrics. For each dataset-method pair, three expert evaluators independently assessed the
semantic relevance of Top-5 recommended tags on 100 randomly selected test repositories.
A tag was considered acceptable if at least two evaluators judged it to be semantically
relevant to the target repository. The inter-rater agreement measured by Fleiss” kappa was
0.86, indicating high agreement among the evaluators.

(Observation 1) The proposed ReG-TG framework consistently outperforms all
baseline models in terms of automatic metrics and human semantic evaluation across
the three datasets with distinct characteristics. As shown in Table 3, on the ZestXML
and LEGION datasets, which employ relatively fixed label taxonomies, ReG-TG achieves
improvements of approximately 7.4% and 5.4% in F1-score, respectively, compared with
the strongest baseline models. On the Dataset ReG, which contains a substantial number of
emerging technical terms, the performance gain is even more pronounced, reaching 49.1%.
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The HumanEval results further show that ReG-TG obtains the highest human acceptance
rates on Dataset Zest, Dataset LEG, and Dataset ReG, reaching 0.698, 0.837, and 0.813,
respectively. Compared with the best baseline method on each dataset, ReG-TG improves
HumankEval by 3.7%, 4.2%, and 4.5%, respectively. The largest HumanEval gain appears
on Dataset ReG, which is consistent with the open and long-tailed nature of this dataset
and indicates that ReG-TG can generate semantically meaningful tags that may not always
be fully covered by the original user-defined GitHub topics. These results demonstrate
that the integration of retrieval-augmented generation and large language model (LLM)
reasoning can significantly enhance the effectiveness and semantic acceptability of multi-
label tag generation.

Table 3. Performance comparison with representative baselines. Best results are in bold; the italicized
Diff denotes ReG-TG’s relative gain over the best baseline.

Datasets Methods Precision@5 Recall@5 F1-Score@5 HumanEval
TF-IDF+LR 0.225 0.183 0.202 0.512
ZestXML 0.356 0.315 0.334 0.673
Dataset Zest LEGION 0.321 0.289 0.304 0.645
ReG-TG 0.379 0.341 0.359 0.698
Diff (+6.4%) (+8.2%) (+7.4%) (+3.7%)
TF-IDF+LR 0.451 0.402 0.425 0.642
ZestXML 0.523 0.481 0.501 0.731
Dataset LEG LEGION 0.568 0.535 0.551 0.803
ReG-TG 0.594 0.569 0.581 0.837
Diff (+4.6%) (+6.4%) (+5.4%) (+4.2%)
TF-IDF+LR 0.186 0.123 0.149 0.523
ZestXML 0.289 0.225 0.253 0.694
Dataset ReG LEGION 0.301 0.246 0.271 0.778
ReG-TG 0.423 0.386 0.404 0.813
Diff (+40.5%) (+56.9%) (+49.1%) (+4.5%)

Figure 3 further visualizes the cross-dataset pattern reported in Table 3. On Dataset
Zest and Dataset LEG, where the label spaces are relatively sparse or curated, ReG-TG
obtains stable improvements over the strongest baselines. On Dataset ReG, which contains
more open, sparse, and emerging tags, the improvement becomes much larger. Together
with the statistical results in Table 4, this visualization supports H1 by showing that ReG-TG
not only achieves higher average performance but also maintains consistent advantages
across different repository tag distributions.

Table 4. Wilcoxon signed-rank test and Cliff’s delta effect size for H1 model comparisons.

Comparison Metric p-Value Cliff’s ¢ / Effect Size
ReG-TG vs. TE-IDF+LR Fl-score@5 <0.001 0.61/large
ReG-TG vs. ZestXML Fl-score@5 <0.01 0.43/medium
ReG-TG vs. LEGION Fl-score@5 <0.01 0.39/medium

To further examine whether the observed improvements are statistically reliable, we
conducted the Wilcoxon signed-rank test on the per-repository F1-score@5 results between
ReG-TG and each baseline method. As shown in Table 4, ReG-TG achieves statistically
significant improvements over TF-IDF+LR, ZestXML, and LEGION, with all p-values
below 0.01. In addition, Cliff’s delta effect size analysis shows a large effect compared with
TF-IDF+LR and medium effects compared with ZestXML and LEGION, indicating that the
performance gains are not only numerically higher but also statistically meaningful.
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Figure 3. Fl-score@5 comparison of ReG-TG and baseline methods across different datasets.

The ZestXML dataset is characterized by an extremely large label space and a consid-
erable number of non-standardized and noisy labels. Experimental results indicate that
although traditional ZestXML-based methods, which rely on sparse feature learning, out-
perform BERT-based models on this dataset, ReG-TG still achieves superior performance.
This improvement can be attributed primarily to the semantic retrieval and reasoning-based
filtering mechanisms incorporated into the ReG-TG framework. Conventional statistical
models largely depend on keyword matching and are therefore susceptible to synonymy
and polysemy. In contrast, ReG-TG employs BGE-M3 to generate dense semantic represen-
tations for repository text fragments, enabling the retrieval of relevant repositories based
on semantic similarity rather than lexical overlap. Furthermore, by incorporating chain-
of-thought reasoning into the prompting process, the LLM is able to assess the contextual
relevance of candidate tags and filter out certain non-technical or noisy labels (e.g., test and
demo), thereby improving prediction accuracy.

The labels in the LEGION dataset are manually curated and exhibit a high degree of
standardization. Under this setting, the LEGION baseline model, which is built upon BERT
fine-tuning, achieves strong performance, highlighting the effectiveness of pre-trained
language models in contextual understanding. The additional gains achieved by ReG-TG
are primarily reflected in improved recall. In a controlled label taxonomy, one of the key
challenges lies in maintaining consistency with the predefined label granularity and naming
conventions. ReG-TG addresses this issue by retrieving the Top-5 most similar repositories
and providing their existing labels as demonstration examples for the LLM. This few-
shot learning paradigm offers explicit guidance regarding label naming conventions and
granularity, encouraging the model to generate standardized tags that are consistent with
the reference repositories. Consequently, prediction errors caused by synonymous variants
(e.g., generating deep_learning instead of the standardized label deep-learning) can be
effectively reduced.

The largest performance gap between ReG-TG and the baseline methods is observed
on the self-constructed Dataset ReG. This dataset contains a large number of emerging
technical terms that appeared between 2023 and 2024, such as LLM and LangChain. In
this study, these emerging terms should be understood as tags that are poorly covered or
absent in the supervised label space of classification-based baselines, rather than tags that
are completely absent from all available repository data. Baseline approaches, including
TE-IDF+LR, ZestXML, and LEGION, are discriminative models whose prediction space
is restricted by the label set observed during training. Consequently, they have limited
ability to recommend tags outside this predefined label space, resulting in relatively low
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recall. In contrast, ReG-TG adopts a retrieval-augmented generation architecture whose
knowledge source extends beyond model parameters to include an external vector index.
When repositories related to emerging technologies are present in the retrieval corpus,
ReG-TG can retrieve them as contextual evidence and guide the LLM to generate candidate
tags that are consistent with the target repository’s README. This capability enables
ReG-TG to better adapt to open-world and time-sensitive tag recommendation scenarios.

H2: The complete ReG-TG framework achieves better recommendation performance than its variants
with key components removed.

Approach: To evaluate H2 and quantitatively analyze the contribution of each compo-
nent in the ReG-TG framework, we conduct systematic ablation studies on Dataset ReG.
We choose Dataset ReG because it contains a more open, sparse, and long-tailed label
space with many emerging technical terms, making it more suitable for examining the
effects of retrieval augmentation, hybrid retrieval, graph enhancement, and structured
reasoning. Specifically, by progressively removing key components from the ReG-TG frame-
work, we construct five variant models: (1) w/o Retrieval, where the retrieval-augmented
mechanism is removed to assess the impact of incorporating external knowledge; (2) w/o
Hybrid Retrieval, where the sparse retrieval component is excluded, retaining only dense
vector-based coarse-grained retrieval to analyze the contribution of the hybrid retrieval
strategy; (3) w/o Reranker, where the reranking module is eliminated and the Top-5
results from hybrid retrieval are directly used as reference samples to experiment to eval-
uate the effect of reranking; (4) w/o Graph Enhancement, where the label co-occurrence
graph enhancement module is removed to examine its influence on final performance; and
(5) w/o CoT Instruction, where the structured chain-of-thought prompting is excluded
from the prompt template to investigate its contribution to the overall effectiveness of the
ReG-TG framework.

Results: Table 5 shows the performance comparison of the full model and different
variants on Precision@5, Recall@5, and F1-score@5.

Table 5. Ablation study results of the full model and different variants on Dataset ReG, bold values

mean better.

Model Variants Precision@5 Recall@5 F1-Score@5 Degradation
ReG-TG 0.423 0.386 0.404 -

w/o Reranker 0.415 0.378 0.396 —2.0%
w/o CoT Inst. 0.409 0.371 0.389 —3.7%
w/o Hybrid Ret. 0.391 0.359 0.374 —7.4%
w/o Graph & Clean 0.398 0.364 0.380 —5.9%

w /o Retrieval 0.375 0.342 0.358 —11.4%

(Observation 2) Each component of ReG-TG contributes to performance improve-
ments, with hybrid retrieval contributing the most. The results presented in Table 5
on Dataset ReG reveal that removing the retrieval module (w/o Retrieval) still yields a
relatively strong Fl-score of 0.358. However, compared with the full ReG-TG framework,
the performance decreases by an absolute F1-score of 0.046. Although this improvement
appears less dramatic than the gains observed over the baseline models in the previous sec-
tion, it objectively reflects the strong intrinsic capability of the DeepSeek-V3 large language
model. Benefiting from extensive pre-training on large-scale source code and technical
documentation, the model is already capable of understanding README files and inferring
many common technical tags (e.g., machine-learning and react). The primary contribution
of the retrieval mechanism lies in overcoming the limitations imposed by the model’s

https:/ /doi.org/10.3390/app16157777


https://doi.org/10.3390/app16157777

Appl. Sci. 2026, 16,7777

20 of 27

training cutoff date and reducing uncertainty in tagging styles. By retrieving up-to-date
reference repositories, the model can identify emerging technical terms that were absent
from its training data and align its predictions with the tag granularity used by similar
repositories (e.g., whether to assign a broad tag such as Al or a more specific tag such as
CNN). Consequently, retrieval enables the transition from generally correct predictions to
domain-specific and precise tag generation.

Figure 4 provides a visual summary of the module-level differences reported in Table 5.
The full ReG-TG framework achieves the highest F1-score@5, while each ablated variant
leads to a performance decline. The largest drop occurs when the retrieval module is
removed, which is consistent with the preceding analysis that external repository evidence
is the central source of domain-specific and up-to-date tag knowledge. The remaining
performance drops further indicate that hybrid retrieval, reranking, graph enhancement,
and CoT instruction play complementary roles in improving retrieval precision, filtering
noisy context, expanding implicit tag evidence, and structuring LLM generation.

w/o Reranker 0.396
w/o CoT Inst. A 0.389
w/o Graph & Clean 0.380
w/o Hybrid Ret. 0.374
w/o Retrieval 0.358
T T T T T T T
0.34 0.35 0.36 0.37 0.38 0.39 0.40 0.41

Fl-score@5

Figure 4. Ablation effect of different ReG-TG components on Dataset ReG.

Compared with the full model, removing the hybrid retrieval component (w/o Hybrid
Retrieval), which relies solely on dense retrieval, results in a 7.4% performance degradation.
This finding indicates that semantic vector retrieval alone has inherent limitations when
applied to software repositories. While dense embeddings are effective at capturing high-
level semantic relationships, they are prone to semantic drift when distinguishing between
precise technical abbreviations or closely related library names (e.g., PyTorch versus Torch).
By incorporating sparse retrieval signals, the hybrid retrieval strategy strengthens exact
lexical matching for domain-specific terminology, thereby improving retrieval precision
and overall tagging performance.

Eliminating the reranking module (w/o Reranker) leads to a 2.0% decrease in F1-
score@5, suggesting that the outputs of hybrid retrieval alone are insufficient for con-
structing high-quality contextual evidence. Without the Cross-Encoder reranker, the initial
Top-50 retrieved repositories contain not only relevant examples but also a substantial
amount of noise. The reranker serves as a denoising filter by removing false neighbors that
share similar keywords but differ significantly in their underlying technology stacks. Since
the quality of the retrieved context directly influences the upper bound of LLM generation
performance, reranking plays a crucial role in selecting semantically relevant reference
repositories and improving tag prediction accuracy.

Removing chain-of-thought reasoning and instruction guidance (w/o CoT & Instruc-
tion), which requires the model to generate tags directly without explicit reasoning steps or
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structured instructions, causes a 3.7% decline in F1-score@5. Although DeepSeek-V3 pos-
sesses strong implicit reasoning capabilities, explicit step-by-step reasoning is particularly
beneficial when processing long and complex documents. By encouraging the model to first
compare, analyze, and summarize information before generating tags, chain-of-thought
prompting introduces an intermediate reasoning process that reduces the likelihood of over-
looking important information, especially content appearing later in the document. This
effect is particularly pronounced for repositories that integrate multiple technology stacks.

Finally, removing the graph enhancement and rule-based cleaning module (w/o
Graph & Clean) results in an approximately 5.9% reduction in F1-score@5. The primary
contribution of this module lies in improving prediction completeness. Large language
models tend to generate only the most salient tags, whereas graph enhancement leverages
global tag co-occurrence information to encourage the generation of implicit higher-level
concepts (e.g., inferring backend from flask), thereby improving recall. In addition, the
rule-based cleaning component prevents the inclusion of meaningless or noisy tags such
as test. Regardless of the strength of the underlying language model, it remains difficult
to completely avoid blindly imitating noisy labels from retrieved examples. Therefore,
rule-based constraints serve as a final safeguard to ensure output quality.

H3: ReG-TG achieves more stable recommendation performance under long-tailed tag distributions
than representative baseline methods.

Approach: To evaluate H3 and reveal the potential of the ReG-TG framework in
handling complex application scenarios, considering the significant power-law distribution
characteristics of open-source repository tag dataset, this paper constructs a new evalua-
tion dataset based on the dataset used. Specifically, we employ a hierarchical evaluation
strategy, dividing the test set tags into three mutually exclusive subsets based on their
frequency of occurrence in the training set, i.e., head tags (frequency > 50), body tags
(10 < frequency <= 50), and tail tags (frequency <= 10). Based on this, we conduct com-
parative experiments on this dataset wusing representative baseline methods to evaluate
their performance under long-tailed label distributions.

Results: Table 6 shows the performance analysis of different label frequency groups.

Table 6. Performance analysis on different label frequency groups, bold values mean better.

Datasets Methods F1-Score@5 Degradation

ZestXML 0.555 -
g:;adga%s) LEGION 0.581 -
q ReG-TG (Ours) 0.603 -
ZestXML 0.321 -
1(31%(12 E"egs <50) LEGION 0.356 -
1= ReG-TG (Ours) 0.482 -

Tail Tacs ZestXML 0.123 177.7%

(fre <g1 0 LEGION 0.155 173.4%

1= ReG-TG (Ours) 0.357 140.8%

(Observation 3) ReG-TG exhibits relatively good stability when processing long-
tailed distributed data. As shown in Table 6, in the Head region, where sufficient training
samples are available (e.g., popular tags such as javascript and machine-learning), all
models achieve relatively high F1 scores. ReG-TG attains an F1-score@5 of 0.603 in this
region, slightly outperforming LEGION (0.581) and ZestXML (0.555). This result indicates
that, when handling common high-frequency tags, the retrieval mechanism of ReG-TG can
consistently retrieve a large number of high-quality reference repositories, while the large
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language model itself has already been exposed to these widely used technical terms during
pre-training. Consequently, the performance gap among different models remains relatively
small. Under such conditions, prediction performance is primarily constrained by issues
related to tag standardization and synonym normalization rather than knowledge scarcity.

Figure 5 complements Table 6 by visualizing how the performance gap changes across
label-frequency groups. In the Head region, the three methods show relatively close
performance because frequent tags provide sufficient training evidence. However, in
the Body and Tail regions, ReG-TG shows a much clearer advantage over ZestXML and
LEGION. This pattern supports H3 and is consistent with the retrieval-augmented design
of ReG-TG: even when a label has limited training frequency, similar repositories and
graph-expanded tag evidence can provide additional contextual support for LLM-based
tag generation.

0 ZestXML I LEGION E ReG-TG

0.603

0.6 4 0.581
0.555

0.5 0.482

N
=

0.356
0.321

0.357

o
W

Fl-score@5

021
0.155

0.123
0.1

0.0

Head Body Tail

Figure 5. F1-score@5 comparison across Head, Body, and Tail tag groups.

The most significant differences emerge in the Tail region. All models experience
performance degradation to varying degrees. The F1 scores of ZestXML and LEGION
decrease to 12.34% and 15.45%, respectively. Calculating the performance decay from
the Head to the Tail region reveals that both baseline models suffer performance drops
exceeding 70%. This observation highlights a fundamental limitation of parameterized
models when dealing with low-resource categories. Because tail labels contribute only weak
gradient signals during training, these models tend to prioritize optimizing the overall
loss by focusing on high-frequency labels, leading to the gradual forgetting of long-tail
knowledge and an increased tendency to overfit frequent categories.

In contrast, ReG-TG achieves an Fl-score of 0.357 in the Tail region, corresponding
to a performance decay rate of 40.8% from Head to Tail. Although its performance is still
affected by data sparsity, the degradation is substantially smaller than that of the baseline
models. As a result, ReG-TG maintains a reasonable level of effectiveness in predicting
low-frequency labels.

These experimental results demonstrate that ReG-TG exhibits superior robustness
when handling long-tailed data distributions. The observed advantage primarily stems
from differences in the underlying learning mechanisms. Baseline approaches, including
ZestXML and LEGION, are parameterized models that rely on sufficient training samples
to update model parameters and learn reliable representations for specific labels. For
infrequently occurring tail labels, it becomes difficult for these models to establish effective
feature-to-label mappings.
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By contrast, the retrieval-augmented mechanism adopted by ReG-TG can be viewed
as a non-parametric knowledge acquisition approach. Its predictions do not rely solely on
knowledge encoded within model parameters; instead, they are supported by retrieving
similar examples from an external knowledge base. The experimental findings suggest
that even for sparse labels that appear only a few times in the training data, the model can
successfully transfer such knowledge to the target repository as long as relevant examples
are present in the retrieved Top-5 contextual references. This capability effectively mitigates
the prediction failures caused by insufficient training samples and enhances the model’s
ability to generalize to long-tail labels.

6. Discussion
6.1. Effect of Retrieval Quantity

In the ReG-TG framework, the hyperparameter K determines how many “reference
cases” are provided for LLM as context for inference. Choosing this parameter is not simply
a matter of “the larger the better,” but rather involves a trade-off between information
density and noise interference. Since more reference cases may introduce more noise,
while fewer reference cases may lead to insufficient contextual information. Therefore, to
explore the impact of hyperparameter K on the performance of the ReG-TG framework and
determine the optimal balance between “information gain” and “noise introduction,” we
conduct a parameter sensitivity experiment by varying the value of K. We set the value set
of Kto {1,3,5,7,10} and recorded the changes in Precision@5, Recall@5, and F1-score@5
under different numbers of retrievals. The experimental results are shown in Table 7.

Table 7. Effect of retrieval quantity K on performance, bold values mean better.

Retrieval Quantity (K) Precision@5 Recall@5 F1-Score@5
1 0.351 0.295 0.320
3 0.402 0.361 0.381
5 0.423 0.386 0.404
7 0.419 0.381 0.399
10 0.406 0.372 0.388

As the number of retrievals K increases, the model’s F1-score@K exhibits a trend of
first rising and then falling. Figure 6 provides a more intuitive view of this non-monotonic
trend. Precision@5, Recall@5, and Fl-score@5 all increase when K grows from 1 to 5,
indicating that additional high-quality reference repositories enrich the contextual evidence
available to the LLM. However, when K further increases from 5 to 10, all three metrics
slightly decrease, suggesting that additional retrieved repositories may introduce weakly
relevant examples and noisy labels into the prompt. This visualization reinforces the
discussion that retrieval quantity should balance information gain and noise interference
rather than simply be maximized. When K is small, increasing the number of reference
repositories significantly improves model performance. The Fl-score rapidly increases
from 0.320 at K =1 to 0.381 at K = 3. This indicates that a single reference example is often
insufficient to capture the complex technical stack characteristics of the target repository
and is also more vulnerable to annotation bias in individual samples. Incorporating more
reference examples effectively enriches contextual information, thereby improving recall
in tag generation. When K increases to 5, the model achieves its best performance, with
an Fl-score@K of 0.404. At this point, precision and recall reach an optimal balance. This
suggests that five high-quality reference repositories are sufficient to provide representative
label distributions and naming conventions, while not yet introducing excessive noise.
When K continues to increase beyond 5, performance no longer improves and instead
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shows a slight decline. At K = 10, the Fl-score drops to 0.388. This phenomenon indicates
that blindly increasing the number of retrieved neighbors leads to diminishing returns.

0.44 i
1

4, 0.419
0.42 A :
4

04 0.406
0399

0.402 0.

0.40
0.388

0.38 - 0.372

Score

0.36 1 (35

0.34 4

0.3

0.32
Precision@5
== Recall@5

—a&— Fl-score@5

0.30 9 029

Best K=5

0.28 T T T T
1 3 5 7 10

Retrieval quantity K
Figure 6. Sensitivity analysis of retrieval quantity K.

The observed trend reflects the trade-off between relevance dilution and noise interfer-
ence introduced by different values of K. In the retrieval ranking, lower-ranked candidates
(e.g., ranks 6 to 10) typically exhibit lower semantic similarity to the target repository com-
pared with the top 5 results. When K becomes too large, these weakly relevant or marginal
samples are included in the prompt context. Such examples may contain inconsistent or
conflicting labels; for instance, the target repository may use the Vue framework, while
the 10th neighbor may be based on React. Although both belong to frontend development,
their associated labels may be mutually incompatible. When processing excessively long
and noisy contexts, the attention mechanism of large language models may become dis-
tracted, leading to suboptimal focus on key features. In addition, the presence of too many
reference labels increases uncertainty during generation, resulting in reduced precision.
Based on these experimental results, this study concludes that K = 5 represents the optimal
trade-off between information richness and noise interference under the current dataset
and model configuration.

6.2. Inference Efficiency and Practical Deployment

We further analyze the inference efficiency of ReG-TG from the perspective of practical
deployment. In our implementation, repository encoding, vector index construction, and
tag co-occurrence graph construction are completed offline. Therefore, the online inference
stage mainly consists of hybrid retrieval, reranking, graph-enhanced tag expansion, prompt
construction, and LLM-based tag generation. We measured the end-to-end inference time
on 100 randomly selected repositories from Dataset ReG. The average latency for processing
a single repository is approximately 5.8 s. Among different modules, hybrid dense—sparse
retrieval and graph-based tag expansion are relatively lightweight, usually requiring less
than 0.3 s in total. The reranking stage over the Top-50 candidates takes about 0.9 s on
average, while the LLM generation stage is the dominant cost, accounting for approximately
4.5 s per repository. This indicates that the main efficiency bottleneck of ReG-TG lies in
LLM-based structured generation rather than retrieval or graph expansion.

From a deployment perspective, ReG-TG is more suitable for offline or semi-online
repository tag recommendation scenarios, such as periodically recommending tags for
newly created repositories, updating repository metadata, or assisting maintainers dur-
ing repository release. Since the retrieval index and tag graph can be precomputed and
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incrementally updated, the online cost can be further reduced by caching repository embed-
dings, reusing retrieved reference results for similar repositories, and limiting the number
of reranked candidates. In latency-sensitive scenarios, the LLM generation module can
also be replaced by a smaller instruction-tuned model or a distilled tag generator, while
retaining the same retrieval and graph-enhancement components. Therefore, although
ReG-TG has higher inference latency than pure classification models, its modular design
provides a practical trade-off between recommendation quality and deployment efficiency.

6.3. Case Study and Error Analysis

To further illustrate how the components of ReG-TG contribute to the final recom-
mendation results and to analyze its limitations, we discuss one successful case and one
failed case.

In the successful case, the target repository is a Python project that implements
Transformer- and BERT-based models for text classification. The README contains clear
technical signals such as Transformer, BERT, PyTorch, and text classification. During hybrid
retrieval, the dense retrieval branch recalls repositories with similar neural text classifica-
tion functions, while the sparse retrieval branch preserves exact matches of key technical
terms such as BERT and PyTorch. The BGE-Reranker then filters the Top-50 candidates and
keeps the most semantically relevant repositories as reference examples. These retrieved
repositories provide standard GitHub-style topic labels such as pytorch, transformer, and
text-classification. Based on these reference tags, the PMI-based tag co-occurrence graph
further expands related concepts such as natural-language-processing, bert, and deep-
learning. Finally, the structured prompt provides the LLM with three complementary
evidence sources: the target README content, the retrieved repository examples, and the
graph-enhanced tag candidates. The final generated tags include pytorch, transformer,
bert, natural-language-processing, and text-classification. This case shows that hybrid
retrieval provides concrete local evidence, reranking improves the quality of the reference
context, graph enhancement supplements implicit higher-level concepts, and structured
LLM reasoning integrates these signals into a normalized tag list.

In the failed case, the target repository is a Vue-based frontend project for building
reusable web UI components. Its README contains broad terms such as component, fron-
tend, UI, and JavaScript, which are also common in React component libraries. As a result,
the hybrid retrieval module may retrieve some React-related repositories because they are
semantically close and share many frontend keywords. Although the reranker removes
many irrelevant candidates, a few semantically similar but framework-incompatible reposi-
tories may still remain in the Top-K context. The graph enhancement module can expand
general frontend-related concepts such as javascript, frontend, and web-development, but
it cannot always distinguish mutually exclusive framework-specific tags such as vue and
react. Consequently, ReG-TG may correctly generate vue, frontend, and javascript but in-
correctly include react in the final tag list. This failure indicates that ReG-TG is still sensitive
to noisy retrieval context and fine-grained distinctions between closely related technology
ecosystems. Future work could incorporate stricter entity-level constraints, framework-
specific conflict detection, or retrieval confidence calibration to reduce such errors.

7. Conclusions

This paper presents ReG-TG, a novel framework for open-source repository tag rec-
ommendation that integrates multi-granularity hybrid retrieval, knowledge graph aug-
mentation, and chain-of-thought reasoning with large language models. ReG-TG achieves
accurate recall of high-quality reference samples through a dual-path retrieval mechanism
that combines dense semantic representations with sparse symbolic signals, further en-
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hanced by a re-ranking strategy. To address the challenges of long-tail and sparse tags,
ReG-TG leverages tag co-occurrence graphs and semantic neighborhood expansion to effec-
tively inject complementary domain knowledge. In addition, structured chain-of-thought
prompting is introduced to guide the large language model toward generating standard-
ized, comprehensive, and interpretable tag sets. Experimental results on multiple datasets
demonstrate that ReG-TG consistently outperforms representative baseline methods in
terms of Precision@K, Recall@K, and F1-score@K. Moreover, the framework exhibits strong
robustness and generalization under long-tail distributions. ReG-TG provides a scalable
and effective solution for repository tag recommendation in open-world scenarios and
offers new insights into the application of retrieval-augmented generation paradigms in
software engineering tasks.
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