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Abstract—Large Language Models (LLMs) have demonstrated
impressive capabilities in automated unit test generation. How-
ever, they predominantly rely on textual co-occurrence patterns,
often neglecting the explicit control flow and dependency struc-
tures inherent in source code. This limitation frequently results in
test cases that suffer from logical hallucinations and insufficient
boundary coverage. While Graph Neural Networks (GNNs) excel
at modeling non-Euclidean code structures, effectively aligning
structural features with the textual semantics of LLMs remains
a significant challenge. To address these issues, we propose SAD-
Gen, a Structure-Aware Disentangled Generation framework.
First, we present a dual-modal encoding architecture that lever-
ages a textual encoder to capture sequential semantics alongside
Graph Attention Networks (GAT) for extracting structural fea-
tures from Abstract Syntax Trees (ASTs). These representations
are dynamically fused via an adaptive gated mechanism. Second,
to maximize generation diversity, we propose a novel Latent
Space Disentanglement Strategy that decouples the program rep-
resentation into immutable Logic Latents and perturbable Data
Latents. By injecting Gaussian noise into the data latent space
during generation, our model actively explores diverse boundary
conditions while strictly preserving the underlying program logic.
Extensive experiments on the Methods2Test and MBPP datasets
demonstrate that SAD-Gen consistently outperforms state-of-the-
art baselines in terms of syntax pass rate, branch coverage, and
mutation score, validating the effectiveness and robustness of our
proposed approach.

Index Terms—Unit Test Generation, Latent Space Disentan-
glement, Structure-Aware Modeling, Graph Neural Networks

I. INTRODUCTION

Unit testing stands as a cornerstone in modern software de-
velopment, serving as the first line of defense against software
regression and functional defects. Writing high-quality unit
tests manually, however, is a labor-intensive and error-prone
process, consuming a substantial amount of development effort
[1]. To mitigate this burden, Automated Unit Test Generation
[2], [3]has garnered significant attention from both academia
and industry. The primary goal is to automatically synthesize
test cases that not only adhere to syntactic constraints but also
achieve high code coverage to reveal potential vulnerabilities.

In recent years, LLMs trained on vast code corpora have
revolutionized this field [4]-[6]. By modeling code as se-
quential text, LLMs can generate fluent and human-like

test cases [7], [8]. However, a critical limitation persists:
LLMs predominantly rely on statistical token co-occurrence
probabilities, often neglecting the explicit control flow and
rigid dependency structures inherent in source code. This
textual bias frequently leads to logical hallucinations—such
as invoking non-existent methods [9]-[11] or misinterpreting
complex nested conditions. Although GNNs excel at capturing
non-Euclidean structures [12]-[14], existing approaches often
struggle to effectively align these structural features with the
high-dimensional semantic spaces of LLMs, treating them as
disjoint modalities rather than a unified representation [15].

Furthermore, even when generated tests are syntactically
valid, they often suffer from low diversity [16]. LLMs tend
to converge on average input patterns found in the training
data, failing to explore edge cases or boundary conditions (like
empty lists, extreme values) that are crucial for robust testing.
This is largely because the generation process entangles the
program logic (what to test) with the input data (how to test) in
a chaotic latent space, making it difficult to precisely control
the generation of diverse test inputs [17]-[19].

To address these challenges, we propose SAD-Gen, a novel
framework that bridges the gap between semantic understand-
ing and structural constraints. Unlike previous approaches that
treat code structure and semantics as disjoint modalities, SAD-
Gen unifies them to ensure both logical correctness and test
coverage. The main contributions of this paper are summarized
as follows:

e We propose a Dual-Modal Encoding Architecture that
integrates a textual encoder (e.g., CodeT5+ [20]) for se-
quential semantics and GAT [21] for AST-based structural
features. An adaptive gated mechanism is employed to
dynamically fuse these representations, effectively miti-
gating logical hallucinations caused by textual bias.

+ We introduce a Latent Space Disentanglement Strategy to
enhance test diversity. By projecting code representations
into orthogonal Logic Latents (immutable) and Data
Latents (perturbable), we enable the model to actively
“imagine” diverse boundary conditions through noise
injection without compromising logical correctness.

o We conduct extensive experiments on the Methods2Test
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Fig. 1. Overall architecture of the SAD-Gen framework.

[22] and MBPP [23] datasets. The results demonstrate
that SAD-Gen significantly outperforms state-of-the-art
baselines, achieving substantial improvements in branch
coverage and mutation score.

II. METHOD

A. Overview

The overall architecture of our proposed SAD-Gen frame-
work is illustrated in Fig.1.The framework consists of three
distinct stages: (1) Dual-Modal Encoding, which processes
source code through parallel semantic and structural streams;
(2) Latent Disentanglement, which projects the fused repre-
sentation into orthogonal logic and data subspaces via a vari-
ational mechanism; and (3) Structure-Aware Decoding, which
reconstructs high-coverage unit tests from the disentangled
latent representations.

B. Input & Dual-Modal Encoding

As shown in the “Input & Dual Encoding” module of Fig.1,
we represent the input source code C' from two complementary
perspectives: sequence and graph.

1) Semantic Encoding Stream: To capture the sequential
semantics (e.g., identifiers, comments, and natural language
cues), we employ a stack of Transformer [24] encoder layers
(labeled “Text Encoder” in Fig.1). Given the tokenized code
sequence X = {x1,Z2,...,T,}, the encoder computes the
contextualized representation H,,, € R™*4 via multi-head
self-attention:

H,.,, = TransformerEncoder(X) (D

where each layer applies the scaled dot-product attention
mechanism followed by position-wise feed-forward networks.

2) Structural Encoding Stream: To model the rigorous
syntactic constraints, we simultaneously parse the code into
an AST and construct a graph G = (V, ). We utilize a GAT
(labeled “Graph Encoder” in Fig.1) to aggregate neighborhood
information. The structural embedding for each node v; at
layer [ is updated as:

bt =0 [ 3 a;whnl? )
JEN;

where «;; is the attention coefficient derived from the node
features. A global pooling operation is then applied to obtain
the fixed-size structural representation Hg, € R<.

C. Gated Fusion Mechanism

Directly concatenating heterogeneous features may lead
to semantic misalignment. To address this, we introduce an
Adaptive Gated Fusion module (visualized as the fusion gear
in Fig.1). We compute a learnable gate vector g to dynamically
weigh the contribution of each modality:

g=0 (Wf[Hsem”Hstr] + bf) (3)
The fused representation H , 4.4 is obtained by:
Hfused =g0 H..n + (1 - g) © Hgr (4)

where ® denotes element-wise multiplication and || denotes
concatenation.

D. Latent Space Disentanglement

This is the core innovation of SAD-Gen. As depicted in
the “Fusion & Latent Disentanglement” panel, we map the
fused representation into a variational latent space. To separate
immutable program logic from variable data patterns, we
explicitly disentangle the latent space into two orthogonal
subspaces: Logic Latent (Z1) and Data Latent (Zp).



1) Probabilistic Projection: We model the posterior distri-
butions ¢4(z|C') using two separate inference networks. We
assume multivariate Gaussian priors:

21 ~N(py, o11)
zp ~ N(up,0%HI) (Perturbable Data)

(Immutable Logic)

The parameters (p, o) are learned from Hy,qcq. Using the
reparameterization trick, we sample latent vectors [25]:

e~N(0,I), ke{L D} (5

2) Stochastic Data Perturbation: To encourage the gener-
ation of diverse boundary conditions, we introduce a noise
injection mechanism. As shown in the “Noise” module of
Fig.1, we inject Gaussian noise ¢ specifically into the data
latent space during training:

z_k=p k+o_kOe,

Zp=2zp+ A0, &~N(0T) (6)

This forces the decoder to reconstruct valid test logic (zr)
even when the input data features (zp) are perturbed, thereby
enhancing robustness.

E. Decoding & Generation

The final stage is the reconstruction of the unit test.

1) Latent Concatenation: We first concatenate the im-
mutable logic latent and the perturbed data latent to form the
final context vector (labeled “Concatenation” in Fig.1):

Ziinal = |ZL||ZD] @)

2) Text Decoding: The decoder (Transformer-based model)
Treceives Zjfinq and automatically generates the target unit test
Y = {y1,...,ym}. The probability of generating the next
token vy is:

P(yely<t: 2 finar) = softmax(W ouhi®) (8)
where h{¢ is the hidden state of the decoder at step ¢.

F. Training Objective

We train the entire framework end-to-end by minimizing
a composite loss function L., ensuring both generation
quality and effective disentanglement.

1) Reconstruction Loss:

»Crec = - Z log P(yt|y<t7 Zfinal) (9)

t=1
2) KL Divergence Regularization: To align the posterior
distributions with the standard normal prior:

Lrr= Y Drr(gs(z|C)|N(0,T))

ke{L,D}

(10)

3) Orthogonality Constraint: To prevent information leak-
age between Z; and Zp, we enforce an orthogonality con-
straint on their mean vectors:

Hr Hp

e (11)
HNLH2||#D||2

‘Corth =

Total Loss:
£t0tal = ‘Crec + B‘CKL + rYLorth

III. EXPERIMENTS
A. Research Questions

To comprehensively evaluate the effectiveness of our pro-
posed framework, we design our experiments to answer the
following four research questions:

¢ RQ1: How does SAD-Gen perform in comparison to the
representative benchmarks in all the evaluation metrics?

e RQ2: What is the contribution of each key component
(i.e., Structural Encoding, Gated Fusion, and Latent Dis-
entanglement) to the overall performance?

e« RQ3: Can the proposed variational mechanism effec-
tively disentangle the immutable program logic from the
perturbable data patterns in the latent space?

o RQ4: How does the intensity of noise injection in the data
latent space impact the diversity and boundary coverage
of the generated test cases?

B. Datasets and Preprocessing

To evaluate the versatility and robustness of SAD-Gen
across different programming paradigms and languages, we
conducted experiments on two distinct datasets: Methods2Test
and MBPP.

o Methods2Test: This is a large-scale dataset consisting of
real-world Java methods and their corresponding JUnit
test cases mined from open-source repositories. It repre-
sents complex, enterprise-level logic.

« MBPP: To assess the cross-language generalizability of
our framework, we employ the Mostly Basic Python
Problems (MBPP) dataset. Unlike Methods2Test, MBPP
focuses on algorithmic problems and foundational pro-
gramming logic.

To ensure data quality and task alignment, we applied rigor-
ous preprocessing across both datasets. For Methods2Test, we
filtered out noise by removing methods with fewer than 3 lines
or syntax errors, and eliminated duplicate pairs to prevent data
leakage. For MBPP, we adapted the original code synthesis
benchmarks for unit test generation by treating the ground-
truth solutions as input source (C') and the accompanying
assertions as targets (1'). Regarding structure extraction, we
employed Tree-sitter to parse both Java and Python code into
ASTs, pruning redundant nodes (e.g., comments) to simplify
graph complexity. This unified parsing approach demonstrates
that our structural encoding module is language-agnostic and
capable of adapting to diverse syntactic structures, from Java’s
block-based syntax to Python’s indentation rules.The final
statistics of the dataset are summarized in Table I.

C. Baselines

To provide a comprehensive and rigorous evaluation, we
compare SAD-Gen against four representative state-of-the-art
baselines, covering a diverse spectrum of model scales (from
1.5B to 8B) and architectures (Dense, MoE, and Encoder-
Decoder):

e Qwen2.5-Coder-1.5B: The current SOTA among small-

sized open models, known for its exceptional coding
performance despite its compact size.



TABLE I
STATISTICS OF EVALUATION DATASETS

Dataset Language Type Split Statistics
Name Source Domain Train Valid Test
Methods2Test Java Real-world 78,450 | 8,920 9,800
MBPP Python Algorithmic - - 964
Total - - 78,450 | 8920 | 10,764

aMethods2Test is for training; MBPP is for zero-shot evaluation.

o DeepSeek-Coder-V2-Lite: A Mixture-of-Experts (MoE)
model that demonstrates superior code reasoning capabil-
ities, serving as a strong baseline for logic generation.

o Llama 3-8B-Instruct: A powerful general-purpose foun-
dation model. Comparing with it highlights the advan-
tages of our structure-aware specialized approach over
larger generalist models.

o CodeT5+: The backbone of our framework. We include
it to rigorously quantify the specific improvements con-
tributed by our structural encoding and latent disentan-
glement modules.

D. Evaluation Metrics

We comprehensively evaluate the generated test cases using
four standard metrics. We first measure Compilability to
ensure syntactic correctness. To assess testing thoroughness,
we report Line Coverage and Branch Coverage, prioritizing
the latter as the primary indicator of the model’s ability to
navigate complex control flows. Furthermore, we calculate
Mutation Score using the Pitest framework to quantify the
tests’ semantic robustness and their practical capability in
detecting software faults.

E. Implementation Details

We implement SAD-Gen using PyTorch and employing
CodeT5+ as the semantic backbone and a 3-layer GAT (hidden
dimension of 768) for structural encoding. The model is
trained on a single NVIDIA RTX A6000 GPU for 20 epochs
using the AdamW optimizer, configured with an initial learn-
ing rate of 2¢~°, a batch size of 32, and a linear warmup over
the first 10% of training steps. Regarding hyperparameters,
we set the dimensions of both logic and data latent subspaces
(Z1, Zp) to 384, the noise injection coefficient \ to 0.4, and
utilize beam search with a width of 5 for final test generation.

F. Main Results

1) RQI: Effectiveness Comparison: Table II presents the
comparative results on the Methods2Test dataset. We observe
that SAD-Gen establishes a new SOTA performance in terms
of structural coverage and fault detection capability. Specifi-
cally:

o Coverage Advantage: SAD-Gen achieves a Branch Cov-
erage of 69.5%, significantly outperforming the mas-
sive general-purpose model Qwen2.5-Coder (63.5%) by
+6.0%. This result highlights the limitation of purely

data-driven LLMs: while they generate syntactically per-
fect code (achieving a higher Pass Rate of 84.5%), they
often miss complex edge cases. Our GAT-based structural
encoding effectively guides the generation to traverse
deeper branches.

o Mutation Score: In terms of bug detection, SAD-Gen
achieves a mutation score of 63.8%, surpassing the
strongest baseline (Qwen2.5) by +6.3%. This indicates
that the test cases generated by our framework are not
only diverse but also semantically meaningful, capable
of verifying critical logic paths.

2) RQ2: Ablation Study: To validate the contribution of
each component, we compare SAD-Gen with three variants:
(1) w/o Structure (removing the GAT encoder), (2) w/o Dis-
entanglement (removing the dual-latent mechanism), and (3)
w/o Gated Fusion (using simple concatenation). As shown in
Table III:

o Impact of Structural Encoding: Removing the GAT
module causes the sharpest drop in Branch Coverage (.
5.2%). This confirms that the AST-based graph represen-
tation is essential for understanding the control flow of
the focal methods.

o Impact of Disentanglement: The w/o Disentanglement
variant suffers a significant decline in Mutation Score.
Without explicitly separating logic from data, the model
tends to generate repetitive test inputs, failing to explore
diverse boundary conditions.

o Impact of Gated Fusion: Replacing the gated mecha-
nism with simple concatenation leads to a minor perfor-
mance drop, suggesting that the adaptive gate effectively
filters out noise when fusing semantic and structural
features.

3) RQ3: Disentanglement Analysis: To answer RQ3, we
quantitatively investigate whether the proposed variational
mechanism effectively disentangles the immutable program
logic from the perturbable data patterns. Since the Meth-
ods2Test dataset does not provide fine-grained algorithmic
labels, we constructed a labeled subset for analysis. We
randomly selected 1,000 focal methods from the test set and
employed GPT-4 to perform zero-shot topic modeling, identi-
fying 5 distinct algorithmic categories: String Manipulation,
Numerical Calculation, Collection Handling, File I/0, and
Security/Encryption. These categories serve as the ground truth
for our evaluation. We employ a Linear Probing technique
to assess the semantic content of the learned representations.
specifically, we freeze the pre-trained encoders and train
simple linear classifiers on the Logic Latent vectors (Z1) and
Data Latent vectors (Zp) respectively, aiming to predict the
algorithmic category of the input code. Figure2 presents the
classification accuracy on the held-out test set. The results
reveal a sharp contrast between the two latent spaces: The
quantitative results reveal a distinct separation between the
two latent spaces. The classifier trained on the Logic Space
(Z1) achieves a high accuracy of 94.2%, confirming that
the logic encoder successfully captures the core functional



TABLE II
OVERALL PERFORMANCE COMPARISON WITH REPRESENTATIVE STATE-OF-THE-ART BASELINES ON THE METHODS2TEST DATASET

Model Effectiveness Metrics (%) Correctness Metrics (%)
Line Cov. | Branch Cov. | Mut. Score | Comp. Pass Rate
Llama 3-8B 62.5 54.2 48.5 92.1 72.4
DeepSeek-Coder-V2 69.4 61.8 55.2 95.5 80.8
Qwen2.5-Coder 71.8 63.5 57.5 97.2 84.5
Magicoder-S-DS 70.1 62.0 56.1 96.0 81.2
CodeT5+ (Base) 65.2 56.8 51.4 94.8 78.2
SAD-Gen (Ours) 78.4 69.5 63.8 96.5 82.6
TABLE IIT : —
ABLATION STUDY OF KEY COMPONENTS a0 Impact of Noise Injection (4) 100
Variant Branch Cov. Mut. Score | A Avg.
SAD-Gen (Full) 58.6 52.8 - 1 a0
w/o Structure 53.4 (15.2) 48.1 -4.9% 9
wlo Disentanglement | 55.1 (3.5) 475 4.4% 5 =
w/o Gated Fusion 572 (11.4) 51.0 -1.6% g 50 L 60 %
© 2
3 &
Linear Probe Accuracy Comparison 2 401 Lo &
£
10 04.2% == Random Guess (20%) =5 30 1 .
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Fig. 2. Linear Probe Accuracy on Latent Spaces. The classifier trained
on the Logic Space (Z1,) achieves 94.2% accuracy, indicating it captures rich
semantic information. In contrast, the Data Space (Zp) accuracy (23.8%) is
close to the random guess baseline (dashed line), demonstrating successful
disentanglement.

semantics and structural characteristics of the code, making
different algorithms linearly separable. In sharp contrast, the
classifier trained on the Data Space (Zp) yields an accuracy
of only 23.8%, which is marginally above the random guess
baseline (20.0% for 5 categories). This substantial performance
gap serves as strong evidence that the logic information has
been effectively stripped away from Zp, validating the effec-
tiveness of our disentanglement mechanism. The substantial
performance gap (A = 70%) quantitatively demonstrates the
effectiveness of our disentanglement strategy. The Data Latent
Space Zp is proven to be agnostic to the program’s functional
logic, encoding only style-related or random patterns. This
successful disentanglement is the theoretical premise that
allows SAD-Gen to inject diversity-enhancing noise into Zp
without corrupting the correctness of the generated test cases.

4) RQ4: Sensitivity Analysis of Noise Injection: We analyze
the impact of the noise injection intensity A on the diversity
and validity of generated tests by varying A from 0.0 to

Noise Injection Intensity (A)

Fig. 3. Impact of Noise Injection Intensity (\) on Testing Performance.
The blue solid line (left axis) represents Branch Coverage, which peaks around
A = 0.4, indicating the optimal balance for exploration. The red dashed line
(right axis) represents the Pass Rate, which remains stable initially but exhibits
a sharp decline when A exceeds approximately 0.6. This trade-off justifies our
choice of A = 0.4.

1.0 and recording the Branch Coverage and Pass Rate. As
illustrated in Figure3, we observe a distinct “sweet spot”” where
Branch Coverage initially improves with the increase of A,
peaking around A = 0.4. This trend suggests that moderate
perturbations in the data latent space effectively encourage the
model to explore diverse input values and boundary conditions.
However, a trade-off emerges as A continues to increase;
specifically, when A\ exceeds approximately 0.6, there is a
sharp decline in the Pass Rate. Excessive noise appears to
disrupt the validity of the data representation, causing the
generated tests to become syntactically incorrect or logically
incoherent. Based on these empirical results, we set A = 0.4
as the optimal configuration to balance coverage maximization
with test validity.

IV. RELATED WORK

Traditional automated test generation has evolved from
Search-Based Software Testing tools like EvoSuite—which
excel in coverage but often lack readability—to modern
Deep Learning approaches. While LLMs such as Codex and
StarCoder have revolutionized the field by generating fluent,
human-like assertions, they frequently suffer from logical
hallucinations due to a reliance on textual patterns that ne-
glect the underlying non-Euclidean code structure. Although



integrating structural information via GNNs and models like
GraphCodeBERT [26] has emerged as a critical research
direction, effectively aligning these structural features with
textual semantics remains a significant challenge; existing
frameworks often rely on suboptimal static concatenation, a
limitation our proposed SAD-Gen overcomes by employing
an adaptive gated fusion mechanism to dynamically balance
sequential and structural signals.

V. CONCLUSION AND LIMITATIONS

In this paper, we proposed SAD-Gen, a novel framework
that enhances automated unit test generation by explicitly
disentangling code logic from data patterns via a structure-
aware dual-latent variational mechanism. Our extensive ex-
periments demonstrate that SAD-Gen effectively balances test
diversity and validity, achieving SOTA performance in Branch
Coverage and Pass Rate compared to existing LLM-based
approaches. While this study validates the effectiveness of
SAD-Gen on standard benchmarks, industrial-grade software
often involves intricate proprietary logic and specific coding
standards. Consequently, the generalizability of our framework
in such heterogeneous environments remains to be fully ex-
plored through real-world deployment. Future work will focus
on addressing these industrial-scale constraints and extending
SAD-Gen to handle complex external dependencies in broader
software engineering workflows.
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