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Abstract

Software defect prediction (SDP) is essential for improving software reliability by iden-
tifying faulty components early in the development process. However, SDP faces three
major challenges: class imbalance, scarcity of labeled data, and distributional discrepan-
cies across projects or versions. To address these challenges, we propose CoCo-GAN,
a CodeBERT-based collaborative adversarial framework for SDP. CoCo-GAN consists
of three main components: a bimodal CodeBERT input constructed from source code
and associated comments to capture richer semantic representations; a conditional GAN
(CGAN) that generates synthetic samples for the minority class, mitigating data scarcity
and class imbalance; and a semi-supervised GAN (SSGAN) that leverages unlabeled data
to reduce distribution gaps between source and target projects. Additionally, a block-reg-
ularized repeated half-sampling (BRHS) strategy combined with ensemble learning is em-
ployed to better utilize limited labeled data and enhance training robustness. Experiments
on ten Java projects from the PROMISE benchmark show that CoCo-GAN increases the
average F1 score from 51.8 and 53.4 of MFGNN and DP-CCL, respectively, to 57.8 in
within-project defect prediction (WPDP), and from 43.4 and 51.0 to 53.1 in cross-project
defect prediction (CPDP). This improvement arises because CoCo-GAN jointly exploits
semantic-rich bimodal inputs to strengthen feature representation, uses CGAN-generated
minority samples to stabilize learning under extreme imbalance, and aligns source—target
domains via SSGAN’s adversarial use of unlabeled data—addressing a combination of
challenges that prior methods typically overlook or handle only partially.

Keywords Software defect prediction - Semi-supervised learning - Generative
adversarial networks - Pre-trained models - Ensemble learning

1 Introduction

With the growing complexity of software systems, ensuring software quality has
become increasingly challenging. To detect and fix potential defects early in the devel-
opment cycle and minimize their impact on system stability, functionality, and user
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safety - preventing serious consequences such as financial losses or risks to human life
- the prediction of software defects aims to automatically identify code modules faulty
using existing code and historical data (Shen & Chen, 2020; Thomas & Kaliraj, 2024).
This reduces the need for manual inspection and has become a prominent research
focus in software engineering, attracting significant attention from both academia and
industry (Li et al., 2024; Okumoto, 2016).

Early SDP approaches combined handcrafted software metrics—such as lines of code
(LOC), complexity, and process-related indicators (Qiu et al., 2025)—with traditional
machine learning models like logistic regression, random forest, and naive Bayes (Arar &
Ayan, 2017; Wang & Li, 2010; Wang et al., 2012). However, these features often fail to cap-
ture the semantic syntax and contextual information of the source code, meaning that two
semantically different code fragments may exhibit similar metric values (Abdu et al., 2022;
Wang et al., 2018). Moreover, feature extraction becomes increasingly costly and impracti-
cal as software systems scale (Zhou et al., 2025).

Recent studies in software defect prediction have focused on extracting semantic
and structural features from source code to enhance prediction performance. Early
approaches typically represent program structure using token sequences, abstract syn-
tax trees (ASTs) (Deng et al., 2020; Shippey et al., 2019), and control- or data-flow
graphs (CFGs/DFGs) (Gupta et al., 2022; Zhao et al., 2022); however, token-based
methods struggle to capture long-range dependencies, ASTs may lose contextual infor-
mation during traversal, and graph-based methods—while expressive—are computa-
tionally expensive and difficult to scale. To learn patterns from these representations,
deep learning models such as Deep Belief Network (DBN) (Wang et al., 2018), Convo-
lutional Neural Network (CNN) (Abdu et al., 2024), Recurrent Neural Network (RNN)
(Fan et al., 2019), and Long Short-Term Memory network (LSTM) (Khleel & Nehéz,
2024) have been employed. Yet DBN and CNN tend to capture only local or shallow
patterns (Li et al., 2017), while RNN and LSTM, despite modeling sequential depen-
dencies, often suffer from vanishing gradients over long sequences (Fang et al., 2022),
limiting their ability to model rich program semantics in complex software systems.

Pre-trained models such as CodeBERT (Feng et al., 2020), UniXCoder (Guo et al.,
2022), and CodeT5 (Wang et al., 2021) have demonstrated superior ability compared with
traditional feature extraction methods in capturing both syntactic structures and semantic
dependencies from source code, and have been successfully applied to various code intel-
ligence tasks (Dam et al., 2023; Zhang et al., 2024). However, when directly applied to soft-
ware defect prediction, their effectiveness is limited. In particular, these pre-trained models
are not inherently designed to handle practical challenges in SDP, including severe class
imbalance between defective and clean modules, scarcity of labeled data, and distributional
discrepancies across projects or versions (Song et al., 2024; Sahar et al., 2024).

Class imbalance—where defective modules are significantly outnumbered by clean
ones—is common in real-world software projects. This skew tends to bias learning algo-
rithms toward the majority class, often reducing recall for defective modules (Borandag,
2023; Khleel & Nehéz, 2023).

Labeled data is typically scarce, as reliable defect labels require manual auditing or
consistent historical bug reports, which are frequently unavailable or project-specific. This
limits the ability to learn robust decision boundaries, especially in cross-project or cross-
version settings where no labeled data exists for the target project.
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Moreover, differences in coding conventions, development practices, and defect
patterns across projects lead to distributional shifts that hinder model generalization
(Sahar et al., 2024). Effective software defect prediction therefore requires an inte-
grated approach that jointly addresses class imbalance, makes efficient use of limited
labeled data, and aligns feature distributions across domains.

In this papeer, We propose CoCo-GAN, a CodeBERT-based framework for software
defect prediction that jointly encodes source code and comment-derived semantics
using a bimodal input strategy. The model integrates conditional and semi-supervised
GANs (Mirza & Osindero, 2014; Odena, 2016) to alleviate data scarcity, class imbal-
ance, and distribution shifts. Additionally, the BRHS strategy (Wang et al., 2019) is
adopted to improve data utilization and support model ensembling. Extensive experi-
ments on multiple projects from the PROMISE dataset show that CoCo-GAN achieves
performance improvements over baseline methods in both within-project and cross-
project settings.

The main contributions of this work are summarized as follows:

e Improves defect prediction by jointly using source code and its comments to better cap-
ture program semantics—without manual feature engineering.

e FEnables more effective learning for defect prediction from limited, class-imbalanced
data by combining synthetic minority generation with unlabeled target utilization.

e Consistently outperforms baselines on PROMISE projects in both within- and cross-
project defect prediction.

The remainder of this paper is organized as follows: Section 2 reviews related work.
Section 3 details the implementation of the proposed CoCo-GAN model. Section 4 and
Section 5 describe the experimental setup and present the results, respectively. Section 6
discusses potential threats to validity. Finally, Section 7 concludes the paper and suggests
directions for future work.

2 Related work

Software defect prediction builds models from historical development data to identify
potentially defective modules, thereby improving software reliability and development
efficiency (Basili et al., 1996). As illustrated in Fig. 1, the process begins by extract-
ing code modules and their corresponding defect labels from version control systems
or code repositories (Hassan, 2009), where data may come from different versions of
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Fig. 1 Workflow of software defect prediction
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the same project or from other projects. In the feature construction phase, researchers
either extract traditional static code metrics or directly capture semantic and structural
features from the source code (Abreu & Melo, 1996; McCabe, 1976); these features,
combined with defect labels, form training and testing samples for model training. The
trained model is evaluated on a retained test set or external data and can ultimately be
deployed in real development environments to predict the defect tendency of newly
submitted code modules.

To lay the groundwork for our approach, this section reviews the key research areas that
underpin our proposed model.

2.1 Research on software defect prediction based on source code characteristics

Most methods derive source code characteristics based on AST node information. The
model proposed by Song et al. (Wang et al. 2018) uses DBN to automatically learn semantic
features of programs from AST nodes, significantly improving the accuracy of defect pre-
diction in both WPDP and CPDP tasks. Shi et al. (2020) encoded AST as control and symbol
sequence and input BILSTM for modeling. Zhao et al. (2022) fused AST and CFG into a
graph structure input graph neural network (GNN) to improve the ability to capture struc-
tured semantic. Qiu et al. (2023) used AST based structural matrix to input CNN to real-
ize automatic feature extraction. Wenjun et al. (Yao et al. 2023) designed a PSFM model,
combined with the syntax structure and source code text, and used CNN to automatically
mine potential defect features, showing good universality, while Zhou et al. (2022) further
combined GNN and CNN to achieve the best prediction performance on 21 data sets. Zhou
et al. (2025) propose DP-TACT, a multi-feature fusion approach for software defect predic-
tion that integrates AST, CFG, and traditional metrics using multiscale CNN, BiLSTM, and
GCN, demonstrating superior performance on the PROMISE dataset.

With the development of pre-trained models, code representation moves from the struc-
tural level to the semantic level. Nasir et al. (Uddin et al. 2022) combined BERT with BiL-
STM to build SDP-BB model, which is used to extract context representation of source code
and improve model performance with data augmentation. The LineVul model proposed
by Fu and Tantithamthavorn (2022) uses CodeBERT as a Transformer encoder for defect
detection tasks in C/C++ projects, and the results show that the F1 score is much higher than
traditional methods. Liu et al. (2023) combined UnixCoder with CNN, and improved the
generalization effect of the model by using the powerful cross-language semantic modeling
ability of UnixCoder. Sahar et al. (2024) used CodeBERT to extract code semantic vectors,
introduced contrastive learning strategy to strengthen the discrimination ability of similar
samples, and achieved significantly better prediction results than existing methods in the
PROMISE project.

Nevertheless, both structure-centric and pre-trained semantic approaches exhibit
limitations in practical defect prediction. Structure-based methods rely heavily on local
syntactic constructs and often fail to capture long-range semantic dependencies or logi-
cal intent. Meanwhile, despite their richer semantic representations, pre-trained models
are typically employed as static feature extractors—used without task-specific fine-
tuning or adaptive optimization (Malhotra & Singh, 2024; Vasamsetty et al., 2022)—
which limits their ability to address domain-specific challenges such as extreme class
imbalance and cross-project distribution shifts.
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A growing line of research explicitly targets the practical data constraints inherent in SDP.
To cope with limited labeled examples, some studies adopt unsupervised, semi-supervised,
or transfer learning to leverage unlabeled or cross-project data (Bai et al., 2022; Majumder
et al., 2024); others address class imbalance through data augmentation (including resam-
pling and data generation) and ensemble strategies (Algarni & Aljamaan, 2023; Borandag,
2023; Khleel & Nehéz, 2023), and mitigate distributional discrepancies by filtering software
metrics or employing contrastive learning to enhance feature alignment across domains
(Sahar et al., 2024).

Yet these approaches tend to address the challenges of label scarcity, class imbalance,
and distribution shift in a modular or isolated manner, without considering their interdepen-
dencies or designing a unified mechanism to jointly mitigate them.

2.2 CodeBERT

CodeBERT is an encoder-only transformer model based on RoBERTa (Liu et al., 2019), pre-
trained on the CodeSearchNet! dataset using code-comment pairs from six programming
languages. By jointly encoding source code and its associated natural language comments
into a unified sequence, CodeBERT learns cross-modal representations that capture both
syntactic structure and semantic intent. Its bidirectional architecture enables holistic under-
standing of code context—modeling variable dependencies, function nesting, and control
flow—making it well-suited not only for code search and documentation generation but also
for downstream tasks requiring deep comprehension of program logic.

The proposed model applies CodeBERT as a trainable semantic encoder, fine-tuned to learn
domain-adaptive representations for software defect prediction under limited labeled data.

2.3 Conditional and semi-supervised GANs

CGAN extend the traditional GAN framework by introducing conditional information, such
as class labels or textual descriptions, into both the generator and discriminator. This allows
the generator to produce samples that match specific conditions and the discriminator to
evaluate their authenticity under the same context, enabling more controllable and targeted
generation (Algarni & Aljamaan, 2023). SSGAN further enhance GANs by combining gen-
eration and classification with limited labeled data. The discriminator not only distinguishes
real from fake samples but also classifies them, while the generator learns to produce realis-
tic and label-consistent samples. This joint learning helps improve both data augmentation
and classification performance under scarce supervision (Xiaozhi et al., 2020).

The proposed model integrates CGAN and SSGAN into a unified generative framework
to jointly address class imbalance, defect sample scarcity, and distribution shifts through
conditional synthesis and semi-supervised feature alignment.

2.4 Block-regularized repeated half-sampling
BRHS is an enhanced variant of the Repeated Learning Test (RLT) that reduces the variance

of generalization error estimation by controlling sample overlap across training sets. It con-
structs balanced partitions using two orthogonal arrays, ensuring that each instance appears

Thttps://github.com/github/CodeSearchNet

@ Springer


https://github.com/github/CodeSearchNet

12 Page 6 of 28 Software Quality Journal (2026) 34:12

equally often across all training folds and that pairwise overlaps remain consistent—as illus-
trated in Table 1. Compared to conventional RLT, BRHS offers lower estimation variance,
flexible partition sizes, and a rigorously balanced design, making it especially well-suited
for learning under small-sample and highly imbalanced conditions.

In this work, we adopt the same block configuration as the original BRHS study without
experimental tuning.

Drawing on both the insights and limitations of prior work, this study unifies several
complementary technical directions into a single framework. By jointly leveraging semantic
representation, conditional generation, semi-supervised learning, and balanced ensemble
partitioning, the proposed approach aims to address the intertwined practical challenges of
limited labeled data, severe class imbalance, and distribution shifts.

3 Methods

This section describes the motivation behind our study and details the implementation of
our proposed method. Specifically, we present the dataset construction and preprocessing
process, the design of feature engineering, and the training and ensemble testing strategies.

3.1 Research motivation

Software defect prediction faces three major challenges that hinder model performance and
generalization. First, the inherent class imbalance between defective and non-defective samples
often biases learning toward the majority class, reducing the model’s ability to detect actual
defects. Second, the scarcity of high-quality labeled data limits the effectiveness of data-driven
approaches, particularly deep learning models. Third, significant distribution shifts between
training and test data—especially in cross-version and cross-project scenarios—undermine the
transferability of learned representations. To address these issues, this study proposes a unified
defect prediction framework capable of handling class imbalance, data scarcity, and distri-
bution heterogeneity, while enhancing the semantic understanding of source code to achieve
accurate and robust defect identification.

3.2 Model implementation
3.2.1 Dataset

The PROMISE dataset (Jureczko & Madeyski, 2010) is one of the most widely used bench-
mark datasets in software defect prediction. Originally collected by the NASA Software

Table 1 Each row represents one  gp|jt

Training Blocks (7)

Validation Blocks (¥)

of the six splits of dataset S into Solit 1
training set 7 and validation set P
V. Each block is denoted as B* Split 2

Split 3
Split 4
Split 5
Split 6

BQ’ B4, BG, B7,B8
Bl, BZ, BG, BQ’ BlO
32,33,35,377310
Bl, BS’ B7, BS,BQ
BS, B4, B5, BG, B9
Bl, B4, B5, B8,Blo

Bl, B3’ B5’ BQ, B10
B3, B4, B5, B7, B3
Bl,B4,BG,B8,Bg
BZ, B4, B5, BG, RB10
Bl,B2,B7, B8, B10O
BQ, BB’ BG, B7, B9
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Engineering Laboratory and released through the PROMISE project,? it contains multiple
historical versions of real-world Java projects. Owing to its clear structure and standardized
format, the PROMISE dataset has become an important foundation for constructing and
evaluating defect prediction models, and is widely used in both within-project and cross-
project studies (Chen et al., 2020; Dam et al., 2019).

In this study, ten Java projects with several versions are selected to ensure consistency
with the datasets used in the baseline models, thereby providing a fair and comparable
experimental setup for both prediction scenarios. Each sample in the dataset corresponds to
a source code file labeled as defective or non-defective. We utilize the source code and its
corresponding labels for model training and evaluation, ensuring that all features are learned
directly from the raw code. The selected projects collectively cover 25 versions, with thou-
sands of source files in total, encompassing diverse project scales and defect distributions.
Detailed statistics are summarized in Table 2.

3.2.2 Feature engineering

Figure 2 illustrates the feature extraction process of the CodeBERT model. To leverage
CodeBERT’s pre-training paradigm, which is designed to model pairs of natural language
descriptions and source code, we design a bimodal input structure that integrates both natu-
ral language (NL) and programming language (PL) components using a unified input tem-
plate consistent with the model’s pre-training format.

For the NL modality, we extract the class name, class-level comments, and annotated
method names from Java source files to capture the high-level semantic intent of code mod-
ules. Following prior work showing that contextual prompts can enhance downstream per-
formance (Pan et al., 2021), we prepend a fixed prompt—*“These codes have corresponding
class or function information:”—to guide the model’s interpretation. The class name and
annotated method names are explicitly retained because they often encode core functional-
ity; in particular, developer-annotated identifiers tend to highlight essential behaviors of the
module.

This design aligns with CodeBERT’s pre-training objective, which leverages paired
code—natural language segments. Moreover, by keeping the NL component concise, we
reserve more token capacity for the source code, allowing the model to better attend to syn-
tactic and structural patterns. The final NL input is constructed as:

NL = Prompt || Class _name || Method names, (1

where || denotes concatenation. If no annotated method names are available, Method
names is replaced with the class-level comment to preserve semantic completeness. For
minimal constructs such as interfaces or enumerations that lack both method annotations
and comments, the NL input consists only of the prompt and class name. An illustrative
example of this NL construction is provided in Fig. 2.

For the PL modality, we preprocess each Java file by removing single-line, multi-line,
and Javadoc comments, as well as package declarations and import statements. Only func-

Zhttps://openscience.us/repo/defect/
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Table2 Detailed statistics of Project Version No. of No. of defec- % of de-
defect prediction datasets files tive files fective
files
Ant 1.5 292 32 10.96
1.6 350 92 26.29
1.7 741 166 22.40
Camel 1.2 595 216 36.30
1.4 848 145 17.10
1.6 935 188 20.11
Ivy 1.4 241 16 6.64
2.0 352 40 11.36
jEdit 32 260 90 34.62
4.0 293 75 25.60
4.1 300 79 26.33
Logdi 1.0 119 34 28.57
1.1 100 37 37.00
Lucene 2.0 186 91 48.92
22 234 143 61.11
2.4 330 203 61.52
Poi 1.5 235 141 60.00
2.5 380 248 65.26
3.0 438 281 64.16
Synapse 1.0 157 16 10.19
1.1 222 60 27.03
1.2 256 86 33.59
Xalan 2.4 676 110 16.27
2.5 762 387 50.79
Xerces 1.2 439 71 16.17
1.3 452 69 15.27
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Input = [CLS] 1l NL i [SEP] i PL 1 [EOS]
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Fig. 2 Feature extraction with CodeBERT for defect
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tion bodies and core implementation code are retained, reducing syntactic noise and ensur-
ing effective utilization of CodeBERT’s token capacity.
Finally, NL and PL are organized into CodeBERT s standard input format as follows:

Xinput = [CLS] [| NL || [SEP] [| PL [| [EOS], ()

Here, [CLS] serves as a special token for capturing the global semantic representation used
in downstream classification tasks. [ SEP] separates the NL and PL modalities, and [EOS]
marks the end of the input sequence.

Before being fed into CodeBERT, the constructed bimodal input is first tokenized using
its built-in BPE (Byte-Pair Encoding) tokenizer (Sennrich et al., 2016), which encodes each
input at the subword level for better semantic understanding. The resulting token sequence
is then mapped into semantic space through token and position embeddings, formulated as:

Einput = Etoken (Xtok) + EpOS(Xtok)> (3)

where Xox = Tokenizer(Xinput) denotes the BPE-tokenized input.
The embedded sequence is passed through the multi-layer Transformer encoder of Code-
BERT to model deep semantic and syntactic features. The output representation is given by:

Eoutput = CodeBERT(Einput) € RE*4, (4)
We extract the hidden state at the [CLS] position as the final semantic feature:
Eﬁnal = Eoutput [CLS} S Rd (5)

This high-dimensional semantic vector encodes rich structural and semantic information,
including logical patterns and potential defect cues, providing strong support for the down-
stream classification model.

3.2.3 Training and ensemble testing

Figure 3 illustrates the complete pipeline of the proposed defect prediction model,
consisting of three stages: pre-training, training, and testing. In the training stage, the
original labeled source dataset is first partitioned into twelve train-validation pairs
using the BRHS strategy. Both the source (labeled) and target (unlabeled) code files—
along with the test set—are then processed by CodeBERT to extract semantic feature
representations, yielding labeled features from the source and unlabeled features from
the target project.

In the pre-training stage, several datasets with known labels are used to construct training
samples. Specifically, for the WPDP task, we adopt the earliest version of each Java project.
For the CPDP task, the earliest versions of all projects, excluding the target project, are used.
Feature vectors extracted by CodeBERT and their corresponding defect labels are then used
to train CGAN, which learns to generate realistic synthetic samples.

As shown in the left part of Fig. 4, the CGAN consists of a generator G and a discrimina-
tor D, trained in an adversarial manner. The generator takes a noise vector z and a class label y

@ Springer
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Fig.3 Training and testing pipeline of the proposed model with CGAN-based pretraining, SSGAN-based
semi-supervised training on BRHS-partitioned train-validation sets, and ensemble prediction

as input and generates a pseudo feature vector G(z,y) that mimics the real feature distribution.
The discriminator receives either a real sample x or a generated sample, along with its label, and
attempts to distinguish between them.The dimensionality of the input noise vector z is set to 100.

Generator Discriminator

Generator Discriminator Input: 1*768 Input: 1*768

Input: 1* (100+2) Input: 1*(768+2)

Liner: 102*512 Liner: 770*512 Liner: 768*512 Liner: 768*512
LayerNorm LayerNorm LayerNorm LayerNorm
LeakyReLU LeakyReLU LeakyReLU LeakyReLU

Dropout Dropout Dropout Dropout

Liner: 512*768 Liner: 512*768 Liner: 512*768 Liner: 512*768
LayerNorm LayerNorm LayerNorm LayerNorm
LeakyReLU LeakyReLU LeakyReLU LeakyReLU

Dropout Dropout Dropout Dropout

Liner: 768*768

Liner: 768*1

Liner: 768*768 Liner: 768*3

Fake Feature: 1*768

Validity: 1*1 ‘ Fake Feature 1*768 ' ‘ SoftMax )

CGAN SSGAN

Fig. 4 Network structures of CGAN (left) and SSGAN (right)
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This value was selected based on a sensitivity analysis over dimensions 50, 100, 150, 200, 250,
300, which showed that 100 yields the best average performance under our BRHS-based valida-
tion protocol, while also being consistent with standard configurations in GAN literature (Mirza
& Osindero, 2014; Odena, 2016; Song et al., 2024).

The discriminator loss is defined as:

Lp = —Eflog D(x,y)] — [log(1 — D(G(2,y),y))] (6)

This encourages the discriminator to assign high probabilities to real labeled samples
and low probabilities to generated ones.
Conversely, the generator aims to fool the discriminator:

['G = _E[IOgD(G(Z7 Y)>Y)] (7)

This drives the generator to produce synthetic features that are indistinguishable from real
data under the same class label.

After CGAN convergence, its generator is frozen. During training, we sample new noise
vectors with balanced class labels (1:1 defective/non-defective ratio) and feed them into the
frozen generator to obtain pseudo-labeled features. These are then passed to the SSGAN for
further refinement to better match the target project’s feature distribution.

In the formal training stage (right part of Fig. 4), SSGAN builds the final defect predictor.
The source project is partitioned using BRHS into multiple train-validation groups, ensuring
each instance appears equally often in training sets and that training/validation splits main-
tain consistent overlap—thereby reducing partition bias. Each training set is resampled to a
1:1 defect ratio, while validation sets preserve the original class distribution.

During SSGAN training, the pretrained CGAN generator (with its weights fixed) takes
random noise z and a conditional label y, . as input, and generates synthetic minority-class
samples denoted as (Xfake, Yeake)- These synthetic instances are then combined with real
labeled source data (x,y) and unlabeled target data x to train the SSGAN discriminator.
This design allows the model to jointly mitigate class imbalance through realistic minority
augmentation and reduce cross-project distribution discrepancies via adversarial learning on
both real and generated data.

The SSGAN generator’s loss comprises three components:

‘CG = _‘Cadv - ['feat - ['cls (8)
The three components are defined as follows:
(1) Adversarial Loss:

Lodv = E [log D(G (Xtakes Yfake))PTOb} ©)

This pushes the generator to create features that the discriminator confidently classifies as
“real.”
(2) Feature Regularization Loss:

@ Springer
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Lieat = HE[D(X)feat} - E[D(G(Xfake>Yfake))featmg (10)

This aligns the statistical moments of real and generated features in the discriminator’s
intermediate representation space, promoting distributional similarity.
(3) Classification Loss:

Leos = CrOSSEntrOPY(D(G(Xfakea Yfake))logit57 Yfake) (1)

This ensures that synthetic features retain correct semantic class information by enforcing
accurate label prediction.

The SSGAN discriminator processes three types of inputs: labeled source data, unlabeled
target data, and refined synthetic data. Its total loss is:

[fD = _[rsup - £unsup-real - ﬁunsup-fake (12)

(1) Supervised Loss (for labeled real data):
Lsup = CrossEntropy(D(x)iogits, y) (13)

This trains the discriminator to correctly classify labeled defective and clean code samples.
(2) Unsupervised Loss (for real and generated data):

ﬁunsup—real =K [IOg D(X)prob] (14)

This encourages the discriminator to assign high “realness” scores to all unlabeled (target)
code features.

£unsup—fake =E [IOg (1 - D(G(Xfakea Yfake))prob)] (15)

This penalizes the discriminator if it fails to recognize synthetic features as ‘‘fake,” strength-
ening its ability to distinguish real from generated data.

The complete training objective is:

mén/lg , mDinﬁD (16)

To better align CodeBERT-extracted features with the defect prediction task, we embed the
pre-trained CodeBERT Transformer encoder directly into the discriminator and jointly fine-
tune its parameters during SSGAN training. This preserves CodeBERT’s semantic model-
ing capacity while adapting it to capture defect-relevant patterns. After convergence, the
entire discriminator—including the adapted CodeBERT encoder—is frozen and reused in
the ensemble stage.
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For ensemble evaluation, we leverage twelve such discriminators, each trained on a dis-
tinct train-validation split generated by the BRHS strategy. As shown in Table 1, the source
project is partitioned into six groups; by alternating each group as validation set (with the
rest as training), we obtain twelve unique training configurations and thus twelve fixed-
weight discriminators.

During testing, the target project’s code is first encoded by the fine-tuned CodeBERT to
produce feature vectors. These features are then fed into all twelve frozen discriminators—
now used purely as binary classifiers—to obtain defect probabilities. Finally, predictions
are aggregated via a weighted ensemble, where each model’s weight equals its F1 score on
its respective validation set. The class with the highest aggregated probability is selected as
the final prediction.

4 Experimental setup
4.1 Research questions

To evaluate the effectiveness of CoCo-GAN and understand the contribution of each com-
ponent, we design the following research questions:

e RQI1: How does CoCo-GAN perform in within-project defect prediction tasks com-
pared with baseline models?

o RQ2: How does CoCo-GAN perform in cross-project defect prediction tasks compared
with baseline models?

e RQ3: How do the core components of CoCo-GAN—including CGAN-based data aug-
mentation, SSGAN-based semi-supervised learning, and the BRHS strategy—contrib-
ute to addressing the key challenges of data scarcity, distribution discrepancy, and class
imbalance across both WPDP and CPDP tasks?

4.2 Training configuration

All experiments are conducted on an NVIDIA A800 SXM4 80GB GPU and an Intel(R)
Xeon(R) Gold 6330 CPU @ 2.00GHz. The base weights of the CodeBERT pre-trained
model are obtained from microsoft/codebert-base on HuggingFace®, which fol-
lows the RoBERTa architecture.For training the adversarial generative networks, the fol-
lowing hyperparameters are used: the random seed is set to 64, batch size is 16, learning rate
is 1 x 107, dropout rate is 0.3, and the slope of LeakyReLU is 0.2. The training process
employs the AdamW optimizer and a cosine annealing with warm restarts learning rate
scheduler.

The Conditional Generative Adversarial Network is trained for 30 epochs on the training
set to ensure convergence. For the Semi-Supervised Generative Adversarial Network, we
set the maximum number of training epochs to 30 as well, but apply early stopping based on
the performance on the validation set to avoid overfitting and reduce training time.

3 https://huggingface.co/microsoft/codebert-base
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4.3 Evaluation metrics

To evaluate the performance of the proposed defect prediction model, we adopt two widely
used binary classification metrics: F1 score and AUC (Area Under the ROC Curve).

F1 score is the harmonic mean of precision and recall, particularly suitable for imbal-
anced datasets. Based on the confusion matrix (Table 3), precision (P) and recall (R) are
computed as:

TP TP

P = = 1
TP+ FP’ R TP+ FN an
The F1 score is then calculated as:
2-P-R
Fl="—"" 18
P+ R (18)

AUC measures the area under the ROC curve, which plots the true positive rate (TPR)
against the false positive rate (FPR). It evaluates the model’s ability to distinguish between
defective and non-defective samples:

1
AUC = / TPR(FPR) dFPR (19)
0

where TPR and FPR are defined as:

P

TP = —_———
R FP+TN

FPR (20)

“TP+FN’

4.4 Baseline models

We selected five models as baseline models, including DBN (Wang et al., 2018), Tree-
LSTM (Dam et al., 2019), DTL-DP (Li et al., 2019), MFGNN (Zhao et al., 2022), and
the latest DP-CCL (Sahar et al., 2024). These models are all based on source code text for
feature extraction and have been widely verified in cross-version and cross-project defect
prediction tasks, thus having good comparability. The DBN model extracts token vectors
from the abstract syntax tree and source code change metrics, and uses a Deep Belief Net-
work to automatically extract features, followed by classification using logistic regression.
Tree-LSTM parses the abstract syntax tree using JavaParser and inputs it into a tree-struc-
tured LSTM network. The output of the last root node is used for classification through
logistic regression. It achieved good results on both WPDP and CPDP datasets. Both DTL-
DP and MFGNN use CFG and AST, where DTL-DP further combines DFG to capture
context dependencies, while MFGNN treats AST basic blocks as nodes of the CFG for

E_‘ble 3 ICOI?EL‘SiO_n matrix for Actual positive Actual negative
mnary classification Predicted positive TP (True Positive) FP (False Positive)
Predicted negative FN (False Negative) TN (True Negative)
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further integration. Graph Attention Networks (GAT) are then used to extract features, fol-
lowed by classification using logistic regression. DP-CCL extracts node information from
AST and combines it with software metrics, utilizing supervised contrastive learning to
capture semantic features from source code, followed by classification using logistic regres-
sion. Based on these existing defect prediction task studies, we adopt the same WPDP and
CPDP experimental group design, and compare the prediction performance of these models.
These baselines collectively cover various feature extraction paradigms explored in previ-
ous defect prediction studies.

5 Experimental results

To answer Questions 1 and 2, this study compares and analyzes the performance of five
mainstream baseline models across multiple datasets, primarily using F1 score and AUC
as evaluation metrics. F1 score is suitable for imbalanced datasets, measuring the model’s
ability to identify defect samples. AUC evaluates the model’s ability to distinguish between
positive and negative samples under varying thresholds, focusing on stability and general-
ization across complex settings like cross-project and cross-version tasks.

To ensure consistency between WPDP and CPDP experimental setups, we re-imple-
mented both MFGNN and DP-CCL, and conducted comparative experiments under a uni-
fied evaluation protocol. It should be noted that in the original implementation of MFGNN,
30% of the target project’s test set was used as a validation set to fine-tune the logistic
regression classifier for cross-project defect prediction experiments, with the remaining
70% used for final prediction. However, in this study, to ensure consistency in experimental
design and the rationality of generalization evaluation, we fully used the source project
training set for fine-tuning, keeping the target project data unlabeled.

For the comparison results of the other baseline methods, we referenced the data pro-
vided in the original MFGNN paper, as their experimental group design aligns with ours.
Since MFGNN did not provide results for Tree-LSTM in cross-project prediction, we used
the data from the original paper that reported cross-project and cross-version experimental
results for this model. Considering that the original paper used bar charts and did not pro-
vide specific values, we used the open-source tool WebPlotDigitizer* for image data extrac-
tion. This tool has been widely adopted in various studies (Burda et al., 2017; Drevon et al.,
2017; Marin et al., 2017), and its extraction accuracy has been verified for reliability. The
final extracted values are consistent with the general trends and average values described
in the original paper, ensuring the credibility and reproducibility of the comparison data.

To thoroughly answer Question 3, this study designs and implements multiple ablation
experiments to validate the specific contribution of different modules in the proposed model
to the overall prediction performance. All experiments are conducted based on the com-
plete CoCo-GAN framework. By systematically removing or replacing key components
and comparing their F1 scores and AUC values across multiple datasets, we evaluate how
each module affects the model’s capability to handle data scarcity, distribution discrepancy,
and class imbalance, as well as its performance consistency across both WPDP and CPDP
tasks. The specific experimental settings are as follows:

“https://automeris.io/ WebPlotDigitizer
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® CB-LR: A baseline model that uses CodeBERT embeddings with a logistic regression
classifier.

e —CGAN: Removes the CGAN module to evaluate the contribution of adversarial data
generation to model performance.
Sup.: Trains only on labeled data to assess the influence of semi-supervised learning.
—FT: Disables joint fine-tuning of CodeBERT and uses its pretrained weights instead, to
analyze the impact of feature adaptability.

e —BRHS: Replaces BRHS-based partitioning with random splits to examine its effect on
distribution stability and cross-project consistency.

e —Ens.: Removes the ensemble voting mechanism and averages the discriminator out-
puts instead, to test the effect of ensemble voting.

5.1 RQ1and RQ2

As shown in Tables 4 and 5, the proposed method, CoCo-GAN, demonstrates signifi-
cant performance advantages in both WPDP and CPDP tasks. In the 15 cross-version
prediction experiments presented in Table 4, CoCo-GAN achieves the highest average
F1 score of 57.8, and in the 22 cross-project prediction settings shown in Table 5,
CoCo-GAN also obtains the highest average F1 score of 53.1, indicating strong perfor-
mance across both scenarios.The statistical “Win” counts further support CoCo-GAN’s
overall superiority and stability, where it outperforms other methods in the majority
of cases.

Figure 5 presents the Scott-Knott boxplots for the AUC scores across WPDP and
CPDP tasks. It clearly shows that CoCo-GAN outperforms competing models in terms

Table 4 Comparison of F1 scores between CoCo-GAN and baseline models on the WPDP task. Bold values
indicate the highest F1 score in each experimental group. [*] Proposed method in this work; [{] Reimple-
mented baselines; [{] Results extracted from figures in the original papers; [§] Models trained using data
provided in MFGNN

Train Test CoCo-GAN™  DP-CCL'  MFGNN Tree-LSTM! DTLDP® DBN®
ant-1.5 ant-1.6 45.4 55.1 29.5 47.1 453 40.7
ant-1.6 ant-1.7 54.4 429 54.7 35.2 35.5 51.7
camel-1.2 camel-1.4 28.8 52.4 53.5 325 32.9 16.5
camel-1.4 camel-1.6 41.8 51.9 53.7 40.2 34.7 32.0
ivy-1.4 ivy-2.0 39.5 19.5 20.4 19.0 21.1 27.3
jedit-4.0 jedit-4.1 61.5 51.9 62.6 49.4 23.8 41.6
log4j-1.0 log4j-1.1 717.9 69.2 74.6 52.7 24.0 60.5
lucene-2.0 lucene-2.2 71.5 70.3 66.7 75.2 58.9 36.6
lucene-2.2 lucene-2.4 76.2 74.9 68.4 75.2 68.8 37.4
poi-1.5 poi-2.5 83.1 80.8 82.6 81.2 81.9 8.4
poi-2.5 poi-3.0 79.4 82.5 72.0 78.2 71.7 27.0
synapse-1.0  synapse-1.1  50.3 27.8 26.7 45.7 41.0 43.0
synapse-1.1  synapse-1.2  58.2 543 47.0 51.4 54.4 41.5
xalan-2.4 xalan-2.5 57.3 60.2 33.1 66.1 50.4 30.8
xerces-1.2 xerces-1.3 41.7 7.2 31.5 26.2 14.8 324
Avg 57.8 534 51.8 51.7 443 35.2
Win 10 11 11 14 15
P-Value >0.16 <0.05 <0.05 <0.05 <0.05
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Table 5 Comparison of F1 scores between CoCo-GAN and baseline models on the CPDP task. Bold values
indicate the highest F1 score in each experimental group. [*] Proposed method in this work; [{] Reimple-
mented baselines; [f] Results extracted from figures in the original papers; [§] Models trained using data
provided in MFGNN

Train Test CoCo-GAN™  DP-CCLT  MFGNN' Tree-LSTM!  DTLDPS DBNS
ant-1.6 camel-1.4 37.8 36.0 33.0 322 22.8 31.9
ant-1.6 poi-3.0 70.1 79.7 60.1 78.9 333 43.5
camel-1.4 ant-1.6 61.4 452 45.1 452 47.8 56.1
camel-1.4 jedit-4.1 53.6 38.1 44.1 39.9 384 323
ivy-1.4 synapse-1.1  51.4 48.1 13.7 46.3 15.7 9.7
ivy-2.0 synapse-1.2  §7.7 49.3 43.7 26.8 45.7 324
ivy-2.0 xerces-1.3 36.5 42.7 394 53.7 29.4 36.6
jedit-4.1 camel-1.4 38.1 15.0 20.2 32.1 31.3 234
jedit-4.1 log4j-1.1 68.3 58.5 42.6 58.2 59.6 37.8
log4j-1.1 jedit-4.1 51.1 441 45.9 39.2 39.9 48.4
log4j-1.1 lucene-2.2 64.7 64.9 57.8 75.4 76.4 52.7
lucene-2.2 log4j-1.1 61.3 73.5 66.7 58.4 46.5 45.2
lucene-2.2 xalan-2.5 66.1 64.6 54.4 68.6 37.8 57.2
poi-2.5 synapse-1.1 454 48.8 48.3 44.3 35.2 49.0
poi-3.0 ant-1.6 56.5 52.6 46.6 39.1 44.8 48.2
poi-3.0 synapse-1.2  57.3 56.7 27.4 50.9 29.4 49.5
synapse-1.2  ivy-2.0 35.0 33.7 20.4 26.8 22.0 29.6
synapse-1.2  poi-3.0 61.9 76.6 81.0 79.0 73.9 48.5
xalan-2.5 lucene-2.2 54.6 75.6 75.1 75.7 74.5 56.4
xalan-2.5 xerces-1.3 38.2 36.4 46.3 34.6 15.7 324
xerces-1.3 ivy-2.0 38.4 15.7 13.0 68.2 11.3 30.5
xerces-1.3 xalan-2.5 62.4 65.6 29.3 26.4 64.9 26.8
Avg 53.1 51.0 434 50.0 40.7 39.9
Win 14 16 15 18 19
P-Value >0.16 <0.05 <0.16 <0.05 <0.05

WPDP CPDP
Rank2

=1 Ramia Rkt i Rank2

80 é e Rank3 Rank2 Rank3

* Avgi71.4  Avgi70.9  Avgi65.2  Avgi6d.2  Avgi59.7 Avg:ru Avg:70.3  Avg:62.4  Avg:59.9  Avgi57.3  AvgiS7.1  Avgidd.l

Fig.5 Scott-Knott boxplots for the AUC scores across WPDP and CPDP tasks

of AUC, with a higher median and tighter variance range, highlighting its robust and
stable predictive ability. This reflects CoCo-GAN’s superior capability in modeling
defect-related semantics and handling different data distributions.
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Particularly noteworthy is that CoCo-GAN consistently achieves strong performance
in challenging defect prediction scenarios, especially when class imbalance is severe or
cross-project distribution shifts are pronounced. This strength stems from the coordinated
operation of its core components: the bimodal CodeBERT encoder captures richer semantic
cues by jointly modeling source code and comments; the CGAN generates high-quality syn-
thetic defect samples to alleviate minority scarcity; the SSGAN leverages unlabeled target
instances to align source and target feature distributions; and the BRHS-based ensemble
strategy stabilizes training under limited labeled data. For instance, in cross-version tasks
such as ivy-1.4 (6.64%) — ivy-2.0 (11.36%), xerces-1.2 (16.17%) — xerces-1.3 (15.27%),
and notably synapse-1.0 (10.19%) — synapse-1.1 (27.03%)—where the target defect rate
nearly triples—CoCo-GAN achieves the highest F1 scores among all methods. In these
cases, CGAN effectively compensates for the extreme scarcity of defective samples in the
source, while SSGAN reduces version-induced distribution drift using unlabeled target
code, enabling robust knowledge transfer despite evolving defect prevalence.

This capability extends to cross-project settings with significant functional divergence.
Consider the transfer from ivy (a build dependency manager focused on configuration reso-
Iution) to synapse (an enterprise service bus handling message mediation). Despite their
distinct architectures and API ecosystems, CoCo-GAN outperforms all baselines. Here, the
bimodal encoder proves critical: by fusing method-level comments with implementation
logic, it extracts higher-level semantic patterns—such as error-handling intent or resource
management—that transcend syntactic differences. Simultaneously, SSGAN’s adversarial
alignment on unlabeled target data mitigates domain shift, allowing the model to generalize
across heterogeneous codebases where traditional feature-based or graph-based approaches
falter.

That said, CoCo-GAN’s effectiveness is bounded by the quality of semantic signals and
the degree of structural alignment between projects. In the xalan-2.5 (50.97%) — lucene-2.2
(61.11%) task, it achieves only 54.6 F1—comparable to DBN and substantially below DP-
CCL and MFGNN. This underperformance arises because Xalan (an XSLT processor) and
Lucene (a search engine) share almost no common design idioms or library usage, and
Lucene’s defects are concentrated in low-level concurrency modules that lack informative
comments. Consequently, the bimodal encoder receives weak supervision, and even CGAN
cannot generate meaningful minority samples without reliable semantic anchors. Similarly,
in ivy-2.0 (11.36%) — xerces-1.3 (15.27%), CoCo-GAN yields a low F1 of 36.5—below
DP-CCL, Tree-LSTM, and MFGNN. The issue here lies in structural opacity: Xerces’
parser relies on tightly coupled state transitions that are poorly reflected in linearized code-
comment pairs, whereas tree- or graph-based models inherently capture such control-flow
dependencies. These cases highlight that our sequence-based framework, while powerful in
semantically rich settings, may struggle when projects are both functionally orthogonal and
structurally non-compositional.

Even in adverse conditions, CoCo-GAN often exhibits behavior aligned with practical
inspection priorities. For example, in camel-1.2 — camel-1.4, degraded comment quality—
where method documentation is replaced by generic class banners—Ieads to high recall
(89.2%) but low precision (17.3%), resulting in a modest F1. While this reflects a limitation
in noisy signal contexts, the high recall ensures that most defective files are flagged, which
is consistent with the principle that minimizing false negatives is often more critical than
optimizing composite metrics in real-world defect triage (Dam et al., 2019).
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5.2 RQ3

Tables 6 and 7 present the performance of the proposed method and its ablation variants on
the WPDP and CPDP tasks, respectively, including F1 score, precision, recall, and average
AUC. Based on a comparison with the complete model, the following observations can be
made:

CB-LR Performance: The CB-LR model, combining CodeBERT embeddings with a
logistic regression classifier, already shows strong results (average F1: WP=153.7, CP =
45.1). In WPDP, it even surpasses most traditional baselines. This confirms that Code-
BERT’s bimodal encoding effectively captures syntactic and semantic code features,
providing powerful representations even with a simple linear classifier.

Addressing Data Scarcity and Class Imbalance: Comparing the complete CoCo-
GAN model with the variant without the CGAN module (—-CGAN) reveals a perfor-
mance decline of 1.7 in WP and 1.5 in CP average F1. This demonstrates that pretraining
with a conditional GAN to generate label-conditioned and class-balanced pseudo fea-
ture vectors effectively improves prediction accuracy. The generated synthetic samples
enrich the representation of minority classes and compensate for limited labeled data,
thereby enhancing the model’s generalization ability across both within-project and
cross-project prediction.

This benefit is consistently observed across diverse defect rate configurations.
In CPDP, CoCo-GAN outperforms -CGAN when transferring from a low-defect
source to a higher-defect target—e.g., ivy-2.0 (11.36%) — synapse-1.2 (33.59%):
57.7 vs. 56.5—and also when predicting a lower-defect target from a high-defect
source—e.g., poi-3.0 (64.16%) — synapse-1.2 (33.59%): 57.3 vs. 55.7. Similarly,
in WPDP, where version-to-version defect rates can shift dramatically, CoCo-
GAN shows robust gains: for ant-1.5 (10.69%) — ant-1.6 (26.29%), F1 improves
from 42.0 to 45.4; even more strikingly, for synapse-1.0 (10.19%) — synapse-1.1
(27.03%), F1 jumps from 40.4 to 50.3. These results confirm that the CGAN
component effectively mitigates class imbalance and data scarcity regardless of
whether the target project/version has higher or lower defect prevalence than the
source, making it broadly applicable across realistic software evolution and reuse
scenarios.

Incorporating Unlabeled Data for Domain Alignment: Compared with the super-
vised-only variant (Sup.), CoCo-GAN improves F1 scores by 1.4 on WPDP and 0.4 on
CPDP, indicating that incorporating unlabeled target samples via semi-supervised ad-
versarial learning enhances domain alignment. In our SSGAN framework, the discrimi-
nator is trained to distinguish source from target features, while the generator (i.e., the
feature encoder) is optimized to fool it—effectively minimizing the divergence between
source and target feature distributions. We adopt the Wasserstein distance as a stable
and meaningful metric to quantify this discrepancy, as it reflects the minimal “cost” of
transforming one distribution into another in the feature space and correlates well with
GAN training stability.

Crucially, reducing this distance directly benefits defect prediction under domain
shift: when source and target features occupy similar regions in the embedding
space, the classifier trained on labeled source data can generalize more reliably to
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unlabeled target instances. This is especially important in cross-project settings,
where differences in coding style, API usage, or module structure often cause the
decision boundary learned on the source to misalign with the true defect distribu-
tion in the target—leading to poor recall or precision. By aligning the marginal
feature distributions via adversarial training on unlabeled target data, CoCo-GAN
mitigates this misalignment, enabling the classifier to transfer its knowledge more
effectively. As shown in Table 8§, CoCo-GAN generally achieves smaller Wasser-
stein distances than Sup., and this reduction consistently corresponds to higher F1
scores. For example, in xalan-2.5 — lucene-2.2, the distance decreases substan-
tially, and F1 rises from 37.1 to 54.6; similarly, in camel-1.4 — ant-1.6, reduced
discrepancy yields a 7.2-point F1 gain. Conversely, in the few cases where the dis-
tance slightly increases (e.g., ant-1.6 — camel-1.4), F1 marginally drops. Across
the 22 CPDP tasks, CoCo-GAN achieves lower Wasserstein distance in 19 settings,
and 13 of these show concurrent F1 improvement, revealing a strong negative cor-
relation. This pattern confirms that feature distribution alignment—enabled by
unlabeled target data—is a key mechanism through which CoCo-GAN improves
robustness in cross-project defect prediction.

e Domain Adaptation of CodeBERT: Disabling joint fine-tuning of CodeBERT (-FT)
leads to a significant drop of 3.1 in WP F1, indicating that domain-adaptive fine-tuning
helps capture project-specific semantics and improves within-project prediction. How-
ever, for CPDP, the fine-tuned model slightly underperforms compared to the non-fine-
tuned version. This suggests that while fine-tuning enhances specialization for simi-
lar domains, it may also weaken the original generalization capability of CodeBERT,
thereby reducing performance when detecting defects in heterogeneous target projects
trained on different source distributions.

e Effect of BRHS and Ensemble: Replacing the BRHS-based partitioning strategy
with random splits (-BRHS) causes a 2.0-point F1 decrease in WP while having

Table 8 Wasserstein Distance between source and target project feature distributions in CPDP tasks. Smaller WD indicates a
closer feature distribution between domains. Bold values denote the smaller WD in each comparison

Model ant-1.6—poi-3.0 synapse-1.2—poi-3.0  ant-1.6—camel-1.4 jedit-4.1— camel-1.4
CoCo-GAN  10.4395 11.7311 29.6867 29.2633
Sup. 10.4578 17.0444 22.3616 28.8837

Method xerces-1.3—xalan-2.5  xalan-2.5—1lucene-2.2  log4j-1.1—lucene-2.2  xalan-2.5—xerces-1.3
CoCo-GAN  18.5030 27.7522 11.6049 25.7260
Sup. 28.4579 38.1981 18.2449 27.1038

Method camel-1.4— jedit-4.1 log4j-1.1— jedit-4.1 jedit-4.1—log4j-1.1 lucene-2.2—log4j-1.1
CoCo-GAN  17.2484 16.1614 15.7105 8.5589
Sup. 27.8166 31.1936 17.3481 8.5326

Method ivy-1.4—synapse-1.1  poi-2.5—synapse-1.1  ivy-2.0—synapse-1.2  poi-3.0—synapse-1.2
CoCo-GAN  12.9438 16.9287 14.6589 26.2829
Sup. 16.7939 21.5420 17.9846 31.4689

Method camel-1.4—ant-1.6 poi-3.0—ant-1.6 synapse-1.2—ivy-2.0  lucene-2.2—xalan-2.5
CoCo-GAN  16.9885 21.3198 19.7819 7.0551
Sup. 28.5554 24.4548 20.2085 7.8512

Method xerces-1.3—ivy-2.0 ivy-2.0—xerces-1.3
CoCo-GAN  10.8184 7.6697
Sup. 12.6002 12.7296
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little impact on CP. This shows that BRHS preserves the data’s inherent defect
ratio and overlap structure, improving stability in cross-version prediction where
inter-version continuity exists. Removing the ensemble voting mechanism (—Ens.)
and instead averaging classifier outputs further degrades performance (—3.8 WP,
—2.0 CP). This confirms that combining multiple discriminators trained on differ-
ent BRHS partitions through ensemble voting significantly enhances robustness
and discriminative consistency.

The ablation study shows that several components yield statistically significant gains: CoCo-GAN
outperforms CB-LR, —-BRHS, and —Ens., confirming the value of our architecture, structure-aware
BRHS partitioning, and ensemble voting. Disabling CodeBERT fine-tuning (—FT) also causes a
significant 3.1-point drop in WPDP (p <0.05), though it slightly benefits CPDP—suggesting a
trade-off between specialization and generalization.

Furthermore, one-tailed Wilcoxon signed-rank tests were conducted to assess statis-
tical significance. CoCo-GAN achieves significant improvements (p<0.05) over most
baselines—particularly DTLDP, DBN, and MFGNN—in both WPDP and CPDP tasks.
Although the gains over DP-CCL and Tree-LSTM are not statistically significant (p>0.16),
CoCo-GAN consistently attains higher average F1 scores and secures the largest number of
“wins” across nearly all datasets, indicating that its performance advantages are both stable
and practically meaningful.

In contrast, the average improvements from CGAN (+1.7/+1.5 F1) and semi-super-
vised learning (+1.4/+0.4 F1) are not statistically significant (p>0.07). However, in
software defect prediction, even modest average gains can reflect substantial practical
impact, especially when they arise from improved robustness across heterogeneous
projects or under extreme data conditions. For instance, while the average F1 gain
from CGAN appears small, it prevents catastrophic failure in high-imbalance scenar-
ios: on synapse-1.0 — synapse-1.1 (target defect rate: 27.03%), CGAN yields a +9.9
F1 improvement, directly enabling the detection of critical defects that would other-
wise be missed. Similarly, semi-supervised learning reduces domain discrepancy in 19
out of 22 CPDP tasks, stabilizing performance when labeled target data is absent—a
common real-world constraint.

Moreover, CoCo-GAN with CGAN wins on 9/15 WPDP and 11/22 CPDP tasks against
its ablated variant, and with semi-supervision wins on 6/15 and 10/22 tasks, indicating con-
sistent directional benefit. Given that false negatives in defect prediction often incur far
higher inspection or failure costs than false positives, any mechanism that reliably improves
minority-class recall—even at the cost of slight precision loss—can translate into mean-
ingful savings in testing effort or risk mitigation. Thus, while the aggregate F1 differences
may appear modest, their distributional and contextual effects align closely with practical
software quality assurance priorities.

6 Threats to validity
This section outlines two main threats to the validity of our study: potential differences in

experimental reproduction and the limited generalizability of our method to other program-
ming languages.
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6.1 Reproducibility issues

Despite detailed descriptions of experimental settings, parameters, and data prepro-
cessing, some implementation discrepancies are inevitable. For example, DP-CCL and
MFGNN were reimplemented based on their open-source code and papers, but certain
training details (e.g., feature node selection, parameter choices) were not fully disclosed.
For the Tree-LSTM model, since MFGNN did not report results for cross-project settings,
we extracted them from the original paper using WebPlotDigitizer, which may introduce
minor deviations. These factors may slightly affect the accuracy of comparisons.

6.2 Language generalizability

All experiments are limited to Java projects from the PROMISE dataset, which con-
stitutes a threat to external validity regarding language generalizability. That said,
CoCo-GAN builds upon CodeBERT—a foundation model pretrained on a large mul-
tilingual code corpus (including Python, JavaScript, Ruby, Go, and PHP)—which has
demonstrated transferable semantic understanding across languages in diverse code
intelligence tasks (Abid et al., 2023; Feng et al., 2020; Zhou et al., 2021). Since our
method relies on CodeBERT’s bimodal code-comment encoding as its semantic core,
the architecture is in principle extensible to other languages supported by the model.
However, practical deployment would require language-specific adaptations in pars-
ing, comment extraction, and data preprocessing due to differences in syntax, typing,
and documentation conventions. We leave such cross-language validation as an impor-
tant direction for future work

6.3 Computational cost and scalability

CoCo-GAN incurs significant computational overhead: it requires CGAN pretraining (4M
parameters) followed by twelve sequentially trained SSGAN models—one per BRHS-
derived split—each involving a fine-tuned CodeBERT encoder (476M parameters) and a
3.1M-parameter discriminator, trained up to 30 epochs with early stopping. All twelve mod-
els are retained for ensemble prediction, resulting in an average training time of 40 minutes
per project on two NVIDIA A800 GPUs. This cost may hinder deployment in time-sensitive
or resource-constrained scenarios.

7 Conclusion and future work

This paper addresses three key challenges in software defect prediction: scarce labeled
data, class imbalance, and distribution shifts in cross-version and cross-project settings.
We propose CoCo-GAN, a method that integrates CodeBERT with conditional and semi-
supervised GANs. CodeBERT captures syntactic and semantic features from code and com-
ments; CGAN augments minority-class samples, while SSGAN aligns source and target
distributions using unlabeled data. Combined with BRHS-based partitioning and ensemble
learning, our approach achieves superior F1 and AUC scores across WPDP and CPDP tasks,
demonstrating strong accuracy and generalization.
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Our study is currently limited to Java-based defect prediction using the PROMISE dataset.
To enhance generalizability, future work will extending CoCo-GAN to other programming lan-
guages and evaluating its effectiveness on Python, JavaScript, or C++ projects is a key direction
for future research. This extension will also involve evaluating the effectiveness of alternative
pre-trained models beyond CodeBERT for defect prediction in different programming languages.

Separately, to address the computational overhead, we plan to improve training efficiency
through three directions: (1) designing lightweight generator and discriminator architectures; (2)
applying parameter-efficient fine-tuning (e.g., LoRA, adapter modules) or progressive layer-wise
freezing to minimize redundant updates in the large pre-trained encoder; and (3) developing intel-
ligent data selection strategies that restrict adversarial training to high-utility or representative
samples, thereby accelerating convergence without sacrificing performance.
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