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Abstract—Current fault localization methods struggle to pri-
oritize true faulty lines due to coverage ambiguities in dynamic
analysis and missing semantic dependencies in static analysis. Ex-
isting feature-concatenation strategies fail to produce sufficiently
discriminative suspiciousness scores for Top-N recall. To address
this, we propose DSLA, which constructs a line-level property
graph integrating dynamic coverage with static code semantics,
enabling fine-grained code representation. DSLA performs deep
feature fusion via a joint objective combining MSE, t-SNE
constraints, and discriminative losses, explicitly enforcing geo-
metric separability to prevent model collapse. On the Defects4]
benchmark, DSLA improves Top-1 recall by 1.3x over state-of-
the-art techniques, and on the C-language Codeflaws dataset, it
achieves a 6.1x improvement, demonstrating its effectiveness in
precise faulty line localization.

Index Terms—software fault localization, feature fusion, code
semantics, code line coverage, multiple objective optimization.

I. INTRODUCTION

As software systems and their supply chains continue to
grow in complexity, software bugs have become an unavoid-
able challenge [1]. The effectiveness of fault localization and
the subsequent bug-fixing process is crucial to ensuring soft-
ware quality [2]. Fault localization seeks to identify suspicious
program elements at various levels of granularity, ranging from
broader entities such as files [3], embedded devices [4], [5],
and high-level program units (e.g., modules [6] or compo-
nents [7]) to more detailed elements like functions [8], [9]
and individual lines of code [10], [11]. This process reduces
the manual debugging effort required by developers [12], [13].

A major challenge in fault localization arises from runtime
failure, such as call stacks, which only reflect the execution
context at the time of failure and do not directly pinpoint the
root cause of a defect [14]. The actual fault may originate
from earlier executions or incorrect parameter propagation,
and many defects do not even result in crashes, further limiting
the effectiveness of call stack-based localization [15]-[17].

Spectrum-based fault localization (SBFL) techniques at-
tempt to address this by analyzing dynamic execution spectra
and code coverage, ranking program elements using formulas
such as Ochiai [18], DStar [19], and Tarantula [20]. However,
SBFL’s accuracy heavily depends on the quality of the test
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suite and often struggles to distinguish between code lines that
have nearly identical or highly similar suspiciousness scores.

Recent advancements have integrated static semantic infor-
mation with dynamic execution data through deep learning
models. Examples include DeepFL [21], DeepRLAFL [22],
TRANSFER-FL [10], and CMFL [23]. These approaches em-
bed source code into vector representations and combine them
with coverage matrices, SBFL scores, or historical fix data
to predict fault locations. While they outperform traditional
SBFL methods, they typically fail to fully capture structural
dependencies, such as control-flow and data-flow relationships,
and often perform static-dynamic feature fusion in separate
stages, limiting their discriminative power.

Similarly, large language model (LLM)-based fault local-
ization methods, such as LLMAO [11], focus on learning rich
static semantic representations and can localize faults without
dynamic execution data. However, these methods neglect the
explicit structural dependencies between code lines, leading to
incomplete modeling of program behavior.

To overcome the indistinguishability among highly suspi-
cious code lines, we propose a unified framework that tightly
integrates dynamic execution behaviors with static structural
semantics. This integration is challenged by two key issues:
(C1) the granularity mismatch between line-level dynamic
traces and fine-grained static representations, and (C2) the
superficiality of existing fusion strategies, which rely on naive
concatenation. As a result, prior approaches lack a unified
optimization objective that explicitly enforces geometric sep-
arability in the fused feature space.

To address these challenges, we model static semantics as
graphs and align them with line-level fault localization by
decomposing basic blocks into line-level nodes and recon-
structing graph connectivity accordingly. Dynamic coverage is
computed at the same granularity and fused with static features
in a shared embedding space. We further project dynamic,
static, and fused representations via PCA [24] and t-SNE [25],
and jointly optimize cosine similarity and Euclidean distance
to enhance both feature alignment and discriminative power.

Our contributions are summarized as follows:

e We propose DSLA, a unified dynamic—static fusion

framework that integrates execution coverage with struc-
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achieving over 1.3x improvement on Defects4] and an
average 6.1x gain across the top-10 defect types in
Codeflaws.

The implementation and datasets are publicly available at
https://anonymous.4open.science/r/dsla_afl_for_review-711D.

II. MOTIVATION

Automated fault localization is currently dominated by two
paradigms: SBFL and static semantic analysis. Howevser, both
exhibit complementary limitations regarding feature discrim-
inability, preventing precise fault isolation.

On the one hand, SBFL methods transform test execution
coverage into suspiciousness scores but treat code lines within
the same basic block as homogeneous entities. This context-
oblivious approach ignores the semantic differences between
statements. As vividly exemplified by Mockito bug #29 in
Fig. 2, the faulty statement (line 29) shares an identical
Ochiai score (0.447) with its distinct context lines (27-28).
Statistically, based solely on dynamic spectra, the root cause
is indistinguishable from its execution context. On the other
hand, while static analysis captures rich semantic information
(e.g., identifying the potential null dereference at line 29), it
inherently suffers from a lack of runtime focus. Without the
guidance of failure-inducing executions, static features tend to
flag all semantically risky patterns across the codebase equally,
burying the actual fault amidst numerous benign "code smells"
or latent risks that were never triggered.

To resolve this mutual indistinguishability, we propose
DSLA, which leverages the complementary synergy of static
and dynamic modalities. The fundamental rationale behind this

NullPointerException at line 29 due to method
invocation on a potentially null object. Selected lines are
annotated with Ochiai suspiciousness scores.

fusion is that a true fault possesses a unique fused signature: it
must be simultaneously "executed during failure" and "seman-
tically vulnerable." By synthesizing these dimensions, DSLA
resolves the ambiguity observed in single-modal approaches.
Specifically, in the Mockito example, although the faulty line
29 and the safe line 27 are dynamically identical due to shared
execution paths, they are semantically distinct—the former
involves a risky object dereference while the latter is a benign
string append. Fusion allows the model to prioritize the seman-
tically riskier statement within the executed block. Conversely,
compared to other statically similar null-checks that remain
dormant, line 29 is distinguished by its execution relevance. By
mapping this synthesis of "execution context" and "semantic
risk" into a unified latent space, DSLA constructs a fine-
grained decision boundary that effectively isolates the active
fault from both dynamically correlated safe lines and statically
risky but irrelevant ones.

III. APPROACH
A. Overview

As depicted in Fig. 1, the DSLA framework comprises three
sequential stages to address the core challenges of semantic
alignment and feature fusion. First, to address C1, the system
constructs a line-level CPG by parsing faulty programs with
Joern and transforming them into graphs that establish a one-



Algorithm 1 Line-Level Graph Construction.

1: Input: Raw N, Eaw, Lohys; Output: Mine, Eline

2: procedure BUILDLINEGRAPH(N, Epw)

3 Init Mnh Mm Mine7 gline — @

4: for n € N do > Step 1: Node Splitting
5: Split n by \n into {n'}; add each n’ to Mu[n'.line]

6: end for

7 for /,nodes € My do > Step 2: Aggregation
8 n* < arg maxy,enodes Sc0re(n); Mine <= Mine U {n*}

9: Map all IDs in nodes to n*.id in Miq
10: end for

11: for (u,v,t) € Enw do > Step 3: Edge Re-establishment

12: u',v/ — Mid[u},]\/[id[v}
13: if v’ Znull Av' # null Au’ # o' then Ene.add(v’, v’ t)
14: end if

15: end for
16: return Mine, Eiine
17: end procedure

to-one alignment between static semantic features and struc-
tural dependencies. Simultaneously, defective programs are
instrumented using tools such as Gecov [26] and Cobertura [27]
to extract high-dimensional dynamic execution feature vectors
from coverage statistics. Subsequently, to address C2, these
static and dynamic features are concatenated and processed
via a multi-head fusion network, utilizing composite objec-
tive optimization to enhance both fusion quality and suspi-
ciousness discrimination. Finally, a Graph Attention Network
(GATConv) incorporates the line-level structural relations to
predict suspiciousness scores and rank the target code lines
accordingly.

B. Static feature extraction from code semantic

To align static analysis with the granularity of fault local-
ization, we implement a graph transformation pipeline that
converts fine-grained, statement-based CPGs into a unified
line-level representation. As detailed in Algorithms 1, this uni-
fication proceeds through three sequential stages: node split-
ting, node aggregation, and edge re-establishment. Initially,
raw CPG nodes generated by Joern [28] are parsed and split to
strictly correspond to physical source code lines. Subsequently,
multiple nodes mapping to the same line are aggregated into a
single representative node that maximizes semantic coverage,
after which topological edges are reconstructed to preserve
valid control and data flow dependencies. This transformation
significantly clarifies structural semantics.

For semantic representation, we leverage the pre-trained
RoBERTa model [29] to encode the normalized code text
of each line. By applying mean pooling over the token em-
beddings, we derive a fixed-dimensional static feature vector
hitatic. Concurrently, the structural topology of the generated
line-level CPG is encoded as a sparse adjacency matrix, serv-
ing as the structural input for the subsequent fusion module.

C. Dynamic feature extraction from program execution

Dynamic feature extraction characterizes runtime program
behavior by instrumenting the source code and executing the
test suite, as shown in Fig. 1. The resulting coverage reports

are initially generated at the test-case level. To enable line-
level fault localization, DSLA aggregates these reports into
a unified-granularity representation that pivots execution data
from test cases to code lines. As illustrated in Listing 1,
each line is associated with three raw execution statistics:
total execution count, number of passing tests, and number
of failing tests (e.g., Same.java_LINE_35). These features
are normalized using logarithmic transformation and Z-score
standardization to compress value ranges and reduce vari-
ance. The normalized vectors are then mapped into a high-
dimensional embedding space through a gated neural encoder,
in which a learnable gate modulates the output of a base
MLP to emphasize informative runtime patterns. The resulting
representation, h?yn, serves as the dynamic feature embedding
for subsequent fusion with static structural semantics.

Listing 1: Partial coverage of code line granularity example.

"org/mockito/internal/matchers/Same. java_LINE_35":

"id":"org/mockito/internal/matchers/Same.
java_LINE_35",

"lineNumber": 35,

"covered_by_tests": 1,

"passed_tests": 0,

"failed_tests": 1,

"execution_count": 2

D. Feature fusion and suspicion prediction

To synthesize complementary information from static and
dynamic modalities, we employ an end-to-end multi-modal
graph neural network, as illustrated in Fig. 3. First, static and
dynamic features are normalized, concatenated, and projected
via a multi-head linear layer to generate the fused latent
representation F' (Equation 1).
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Subsequently, F is processed by GATConv layers to capture
structural dependencies. A residual connection adds the initial
representation F' to the GCN output, which is then mapped by
a prediction layer to produce the final suspicion ranking.

Optimization is driven by a composite objective £ (Equa-
tion 2) that balances task performance and feature space
structure.

L=Lpm+La+ MLy 2)

Here, L£,, represents the primary MSE regression loss (Equa-
tion 3). L4 ensures the retention of dynamic behaviors by max-
imizing the mutual information between fused and dynamic
features via contrastive learning (Equation 4). Furthermore, £,
explicitly enforces geometric separability between defective
and non-defective nodes through a t-SNE-based constraint
(Equations 5). The optimized features are finally propagated
through GATConv layers to generate suspicion rankings.
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Fig. 3: Feature fusion-based suspiciousness ranking procedure.

IV. EVALUATION

¢« RQ1: How does DSLA perform against state-of-the-art
fault localization techniques in terms of Top-N recall?

e RQ2: How robust is DSLA across programming lan-
guages with respect to Top-N recall?

e RQ3: How do DSLA’s key components and composite
loss function contribute to its overall Top-N recall?

A. Experimental Setup

All experiments were conducted under a unified and fixed
configuration to ensure reproducibility and fair comparison
across methods. The static encoder employs RoBERTa-base
with a 768-dimensional embedding and a maximum input
length of 512. Feature fusion is implemented using a four-head
MultiHeadFusion module, followed by a three-layer GATConv
network with two attention heads per layer, dropout rate 0.2,
and residual connections. The prediction head consists of
two linear layers with LeakyReLU activation (slope 0.1) and
dropout. Models are trained using AdamW with a learning
rate of 1 x 1072, batch size 16, and 50 epochs, together
with edge dropping (rate 0.05), gradient clipping (max norm
1.0), and early stopping with a patience of five. Following
prior work [10], [21], ten-fold cross-validation is adopted.

All experiments are conducted on an Ubuntu 20.04 server
equipped with 32 CPU cores, 125GB RAM, and four NVIDIA
GTX 1080 Ti GPUs.

We evaluate DSLA on Defects4] [30] and Codeflaws [31]
to assess both industrial applicability and cross-language gen-
eralization. Defects4] contains two versions of benchmark:
v1.2.0 (6 projects) and the more diverse v2.0.0 (expanding
to 17 projects), while Codeflaws contains 7,436 C programs
across 40 defect types, we focus on the 10 most frequent types
to ensure statistical reliability. Performance is measured using
Recall@Top-N (N = 1, 3, 5), Mean First Rank (MFR), Mean
Average Rank (MAR), and AUC, which collectively evalu-
ate practical effectiveness, ranking quality, and overall dis-
criminative capability [11], [32]. We compare DSLA against
representative baselines, including the spectrum-based Ochiai
method [18], the transfer-learning-based TRANSFER-FL [10],
and the large language model approach LLMAO [11]. In
addition, ablation studies are conducted with different code en-
coders (CodeGen-350M, CodeT5-large, and RoBERTa-base)
and graph neural architectures (GATConv and GCNConv) to
analyze the contribution of individual components.

B. RQI. Comparison with the SOTA technique

We evaluate the effectiveness of DSLA against SOTA
baselines on two versions of the Defects4J benchmark: v1.2.0
(395 faults) and the more diverse v2.0.0 (expanding to 17
projects). As presented in Table I, DSLA demonstrates su-
perior performance on Defects4] v1.2.0, achieving a Top-
1 recall of 58.2%, which significantly surpasses the best-
performing baselines, CMFL (24.4%) and TRANSFER-FL
(21.3%). Notably, regarding ranking quality metrics, DSLA
reduces the Mean First Rank (MFR) to 8.73, an order of
magnitude improvement over DeepFL (95.84) and Ochiai
(183.78). This underscores the efficacy of our unified granular
alignment and multi-modal fusion strategy. It is worth noting
that the MFR and MAR metrics are omitted for LLMAO, since
LLMAO operates on code fragments rather than entire files,
it does not produce a global ranking of all code lines, making
these metrics inapplicable.

On the diverse Defects4] v2.0.0 dataset, DSLA maintains
robustness with a 41.6% Top-1 recall, surpassing the runner-up
TRANSFER-FL (36.4%) and securing the best MFR (11.56).
This confirms that DSLA’s deep fusion effectively resolves
the indistinguishability bottleneck that limits existing hybrid
approaches like DeepFL.

C. RQ?2. Cross-Language robustness analysis of DSLA

To assess cross-language generalizability, we compare
DSLA with LLMAO on the C-language Codeflaws dataset,
where traditional spectrum-based baselines are not directly
applicable. As summarized in Table II, these subjects span four
primary logical dimensions defined by the Codeflaws taxon-
omy: operand, operator, higher-order, and statement levels.

Fine-grained analysis by fault type further confirms this
robustness in the Table III. For the ten most frequent fault
categories DSLA consistently achieves TOP-1 recall rates



TABLE I: Comparison of Fault Localization Performance on Defects4] v1.2.0 and v2.0.0.

Defects4] v1.2.0

Defects4] v2.0.0

Feature Type Technique
Top-1 Top-3 Top-5 MFR MAR Top-1 Top-3 Top-5 MFR MAR
Dynamic Ochiai [18] 4.8% 16.5%  25.1%  183.78 233.14 7.8% 194%  259%  136.24 224.57
Static LLMAO [11] 223%  377%  46.3% - - 319% 412%  54.4% - -
DeepFL [21] 14.1%  24.0%  34.0% 95.84 16132 19.0% 413%  53.4% 84.37 137.61
Dynamic & TRANSFER-FL [10] 21.3%  36.5%  43.3% 79.97 120.47  36.4% 573%  66.1% 13.59 16.72
Static CMFL [23]" 244%  389%  47.3% 26.31 42.58 - - - - -
DSLA (Ours) 582% 64.6% 66.1% 8.73 1321  41.6% 557% 67.3% 11.56 15.17

* Results for CMFL are cited directly from its original paper as the source code is unavailable; no v2.0.0 data is available.
Note: MFR and MAR are not reported for LLMAO as it calculates suspicion scores on code fragments rather than comprehensive file-level rankings.

TABLE II: Taxonomy and examples of the top-10 defect
classes from Codeflaws.

Taxonomy ID Defect Class Name Example

Replace constant with - for (i=n+1;i<=9000;i++)

DCCR variable/constant + for (i=n+1;i<=10000;i++)
DRVA Rgplace a read variable - for (%:o; }<1; }++)
with variable/constant + for (i=0; i<m; i++)
Operand - 100
DCCA  Modify array size - int x[100]
+ int x[100000];
ORRN Replace relational oper- - %f(sum>n)
ator + if (sum>=n)
OILN Insert && (tighten) or Il - }f (£%2==0)
(loosen) + 1if(£%2==0 && t!=2)
Operator N -
OAIS Insert/Delete arithmetic - max += days$%2;
operator + max += (days3%7)%2;
HIMS Insert multiple non- + freopen("in.txt","r",stdin);
branch statements + freopen ("out.txt","w",stdout);
HDMS Delete multiple non- - freopen("in.txt","r",stdin);
branch statements - freopen ("out.txt","w",stdout) ;
Higher-order . - scanf ("%s",h);
HOTH ?tk:erlhlgher order de- b for(ic0;i<7l;i44)
ect classes + scanf ("sc", &h([i]);
Statement STYP Replace variable decla- - int a;

ration type

+

long a;

above or close to 50%, with TOP-5 recall exceeding 90% in
most cases, whereas LLMAO remains below 10% at TOP-1 for
nearly all these categories. These results suggest that DSLA
captures structural and semantic patterns that generalize across
languages, while LLMAO is largely constrained by surface-
level textual correlations. Although DSLA shows relatively
weaker performance on a few rare fault types, its overall
superiority demonstrates that it is a reliable and effective cross-
language fault localization approach.

D. RQ3. The ablation studies of DSLA

To quantify the contribution of individual components, we
analyze the results on Defects4] presented in Tables IV and
V. Table IV validates the architectural superiority of the full
DSLA configuration. Removing dynamic coverage precipitates
a sharp decline in Top-1 recall (58.2% to 24.6%), confirming
the necessity of execution traces. Furthermore, replacing GAT-
Conv with GCNConv or substituting RoBERTa with genera-
tive models significantly degrades performance, highlighting
the critical role of attention mechanisms and discriminative
semantic embeddings. Regarding the optimization objective,
Table V highlights a critical synergy among loss terms. While

the baseline MSE yields a Top-1 recall of only 15.9%, in-
tegrating t-SNE or discriminability losses individually boosts
performance to 34.1% and 26.3% respectively. However, the
peak performance of 58.2% is only achieved when all terms
are combined, demonstrating that enforcing both geometric
separability and feature discrimination is essential for accurate
fault localization.

V. CONCLUSION

We presented DSLA, a unified framework that bridges
dynamic coverage and static dependencies through line-level
graph reconstruction and a multi-objective Graph Attention
Network. Extensive experiments demonstrate that DSLA is
both robust and effective, surpassing state-of-the-art methods
by over 1.3x on Defects4] and outperforming the baseline by
an average of 6.1x across the top-10 most frequent defect
types in Codeflaws. Further ablation studies show that the
tight integration of execution traces, attention mechanisms,
and geometric separability constraints is essential for achieving
precise fault discrimination.
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