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Fault Localization (FL) is a critical yet inherently complex phase in the software debugging process. Over the years, numerous
automated FL techniques have been developed to alleviate the time and effort involved. More recently, the emergence of
Large Language Models (LLMs) has marked a new era for FL. However, existing LLM-based approaches often arrive at
premature conclusions due to both extrinsic and intrinsic hallucinations. To address these challenges, we propose FaultLens,
a novel FL technique that equips an LLM-based agent with a fine-grained feedback mechanism for repository-scale fault
localization. Specifically, the decision-making stage of our approach starts with identifying FL candidates through an LLM-
based agent. Here, location extraction validation detects extrinsic hallucinations, triggering further investigation. A defined
rule determines investigation completion, while a self-check mechanism mitigates intrinsic hallucinations arising from
incomplete investigation. The advanced location identification stage further minimizes intrinsic hallucinations caused by
faulty reasoning. We demonstrate the effectiveness of our approach through a comprehensive evaluation on the Defects4J
benchmark. Our results show that FaultLens outperforms several fault localization techniques across multiple categories,
including spectrum-based methods, mutation analysis, machine learning approaches, and LLM-based systems. Specifically,
FaultLens achieves a 43.35% improvement over SoapFL and a 24.24% improvement over AutoFL in the Top-1 metric, surpassing
state-of-the-art LLM-based agent methods. Additional experiments further indicate that FaultLens generalizes across different
programming languages and LLM backends, and that its hallucination-mitigation mechanisms are transferable to an external
localization workflow.
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1 Introduction
Fault Localization (FL), the process of pinpointing specific locations in code or a system where faults or errors
cause incorrect or unexpected behavior, is a crucial and popular topic in software engineering. Recently, with the
advent of Large Language Models (LLMs), FL techniques have evolved from traditional methods (e.g., spectrum-
based FL [3, 19] and mutation-based FL [40, 43]) to LLM-based approaches. For instance, Yang et al. [64] propose a
statement-level FL technique by fine-tuning bidirectional adapter layers on top of LLMs’ learned representations.
Additionally, Widyasari et al. [55] employ LLMs to generate step-by-step reasoning, achieving explainable FL.
However, due to token limitations and the complex nature of multi-file and multi-module dependencies, this
category of LLM-based approaches cannot be applied to address repository-scale FL. To address this issue, current
research has shifted towards utilizing LLM-based agents. These approaches typically convert FL into a series
of progressive tasks. As the agent progresses through each task, it adjusts its approach based on intermediate
feedback, leveraging tools and LLM capabilities throughout the process to gather insights and refine its plan
for achieving the desired outcomes. For example, Kang et al. [21] demonstrate how LLMs use tools to extract
information from the codebase. These tools help LLMs extract class structures and method contents relevant to
FL.

However, since the AI agent for fault localization typically narrows down the range of FL candidates by
progressively collecting information from the codebase, an error in the early stages can drastically influence
the results. Unfortunately, current research [38] demonstrates that LLMs suffer from hallucinations, which can
be categorized into two types: extrinsic and intrinsic hallucinations. Extrinsic hallucinations refer to model
generations that cannot be verified against the source content, while intrinsic hallucinations involve generations
that contradict the source content [16]. In the context of repository-scale FL, we define extrinsic hallucinations
as cases where the model identifies suspicious locations that do not actually exist in the codebase, typically due
to prematurely ending its investigation process. Intrinsic hallucinations, on the other hand, arise when the model
selects existing locations that are in fact unrelated to the observed failure. Both types of hallucinations may
originate from a common underlying cause: incomplete investigation, in which the model fails to collect sufficient
contextual information. In addition, intrinsic hallucinations can also result from faulty reasoning, where the
model has already collected sufficient contextual information but fails to identify the actual locations responsible
for the fault. Through our investigation, we observed that both types of hallucinations frequently occur during
FL, significantly contributing to the low Top-1 accuracy of current approaches. This low Top-1 accuracy indicates
that FL methods frequently fail to correctly identify the faulty method as the top suggestion in their prediction
lists. Since FL is an upstream task for program repair, more precise fault identification can significantly enhance
the efficiency of downstream tasks.

In response to these challenges, we explore various strategies to mitigate hallucinations, enhancing the accuracy
of repository-scale FL tasks powered by LLM-based agents. To address extrinsic hallucinations, we implement
a location extraction validation to verify whether the identified locations genuinely exist within the codebase,
thereby detecting extrinsic hallucinations early. For intrinsic hallucinations, we design targeted components based
on their specific causes. We require the agent to reevaluate its outputs to alleviate intrinsic hallucinations from
incomplete investigation. For those arising from faulty reasoning, we divide the location identification process
into two phases: preliminary location identification and advanced location identification. This approach allows
the agent the opportunity to correct earlier reasoning errors. Together, these components mitigate hallucinations,
thereby enhancing the accuracy of repository-scale FL, particularly in the Top-1 metric.

Overall, we propose FaultLens, a novel FL technique that employs an LLM-based agent to identify suspicious
locations for repository-scale fault localization. The key insight is that a well-designed fine-grained feedback
mechanism can effectively mitigate hallucinations. Building on this insight, we have designed a decision-making
stage that incorporates fine-grained feedback to reduce hallucinations in FL tasks. Through our observations, we
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find that the LLM-based agent occasionally identifies invalid locations that do not exist within the codebase. For
example, it may flag a candidate method that cannot be located in the specified class. To address this issue, we
design a location extraction validation mechanism to capture such extrinsic hallucinations. If the agent identifies
non-existent locations, it is required to conduct deeper investigations using codebase exploration tools. We
establish a specific rule to determine whether investigations are complete and use a self-check mechanism to
address intrinsic hallucinations caused by incomplete investigation. In addition, faulty reasoning remains a
challenge in FL tasks. Even when the agent has all the necessary information to pinpoint fault locations, flaws in
its reasoning can still lead to incorrect conclusions. We adopt advanced location identification to mitigate such
intrinsic hallucinations resulting from faulty reasoning.

We evaluate FaultLens onDefects4J version 1.2.0 [20], which comprises 395 real-world bugs from 6 open-source
Java projects. FaultLens demonstrates outstanding overall performance in the Top-1 metric, surpassing various
baselines, including Ochiai [3], Metallaxis [43], FLUCCS [50], AutoFL [21] and SoapFL [46]. Furthermore, we
assess the transferability of our hallucination-mitigation mechanisms on an external repository-scale localization
workflow, and evaluate the generalizability of FaultLens on a Python benchmark and with both proprietary and
open-weight LLM backends.

Our contributions are summarized as follows:

• We design a decision-making stage with fine-grained feedback to mitigate both extrinsic and intrinsic
hallucinations in LLMs for repository-scale FL tasks. This stage integrates location extraction validation,
a self-check mechanism, and advanced location identification.

• We propose FaultLens, a novel LLM-based agent technique for repository-scale FL that enhances the
accuracy of suspicious location identification.

• FaultLens outperforms various baselines on the Defects4J benchmark, achieving up to a 43.35% improve-
ment in the Top-1 metric compared to LLM-based agent approaches. Additional experiments demonstrate
the generalizability of FaultLens across different programming languages and model providers, as well
as the transferability of the proposed hallucination-mitigation mechanisms to the fault-localization stage
of AutoCodeRover, an external issue-driven program repair framework.

2 Background

2.1 Fault Localization
Fault Localization is a critical task in software debugging aimed at automatically identifying program elements
that may be responsible for a program failure. Traditional FL techniques are represented by spectrum-based FL
(SBFL). SBFL utilizes coverage information from test case executions to calculate suspicious scores of program
elements. Most popular methods leverage both passing test cases and failing test cases to generate a ranked
list of potential fault locations [58]. For each program element, several metrics are involved in calculating its
suspiciousness in the context of SBFL, including the counts of failed and passed test cases that cover and do
not cover the element. Various SBFL techniques leverage these metrics to assess and rank the suspiciousness of
program elements [3, 4, 19]. In recent years, learning-based FL has been widely studied [26, 28, 34], aiming to
leverage various fault-diagnosis features, including information from test cases traditionally used in SBFL for
more precise FL.

With the advancement of LLMs, recent research has explored their application in FL [55, 60, 64]. In these
approaches, LLMs are provided with code context or test case failure information to identify suspicious locations.
However, these methods face limitations due to the restricted input length of LLMs, which can hinder their ability
to process FL tasks in large-scale codebases effectively. Additionally, techniques like Chain-of-Thought (CoT)
[54] may not effectively mitigate these issues, as a recent study indicates that CoT reasoning does not improve
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tasks related to code comprehension [18]. This is a significant limitation, as code comprehension is crucial for
LLMs to accurately identify root causes during FL tasks.

The use of LLM-based agents mitigates this issue, allowing the inclusion of repository-scale FL. These agents
can invoke specialized tools to gather relevant information, allowing them to learn more detailed insights about
the given issue. After conducting investigations, the agents identify the root cause of a failure and pinpoint
the specific methods responsible. However, without proper guidance, agents may still struggle with incomplete
investigation or faulty reasoning, leading to hallucinations and inaccurate results. Our work demonstrates how
to guide the agent in conducting more in-depth investigations, and rectifying potential errors in early reasoning,
overcoming hallucinations in LLMs to enhance accuracy for fault localization.

2.2 LLM-Based Agents
AI agents represent entities that display intelligent behavior and are characterized by attributes like autonomy,
social ability, reactivity, and pro-activeness [59]. Recent developments in LLMs have given rise to a new class of
AI agents known as LLM-based agents, in which LLMs serve as the core of the agent’s brain [61]. Endowed with
the ability to perceive and utilize external resources and tools, LLM-based agents surpass standalone LLMs in
both versatility and expertise. LLM-based agents can operate as either a single agent or multiple agents working
in collaboration, with human interaction seamlessly integrated into both configurations.

LLM-based agents generally consist of three key modules: perception, brain, and action [61]. The perception
module is responsible for receiving and processing information from the environment, promoting the brain
module’s work. Acting as the core of agents, the brain handles crucial activities such as information processing and
decision-making through its components of planning and memory. During the planning phase, agents decompose
a complex task into smaller sub-tasks, formulating plans for each sub-task. The plans can be dynamically adjusted
as the task goes on through reflection mechanisms [49, 65]. The memory component plays a pivotal role by storing
historical observations, decisions, and actions, thereby enhancing agents’ ability to generate effective plans and
make informed decisions in the future [52]. The action module executes interactions with the environment based
on the plans formulated by the brain. External tools significantly enhance the capabilities of the action module,
enabling agents to perform more sophisticated tasks [45].

3 Motivating Example

Failing Test Case 
Information:
Test Path:...
Test Source Code: ...
Test Error Information: ...

b. User Prompta. System Prompt

The following tools are 
provided to explore the issue:
- get_class_info(...)   
- extract_method(...)  
- get_inner_class_info(...)
- get_covered_files_from_dir(...)

Based on your analysis, if you have enough
information to locate the bug, please directly
write down the root cause and all the suspicious
bug location(s). If you cannot locate the bug
based on the provided information, indicate this
in your response.

Fig. 1. Prompts used by the basic agent in the motivating example. (a) The core system prompt provides the failing-test
information and the available codebase exploration tools. (b) The user prompt asks the agent to report the root cause and
suspicious locations only when sufficient evidence has been collected. Otherwise, it should indicate that more investigation
is needed.

To investigate the extent of hallucinations exhibited by LLMs in repository-scale FL tasks, we implement a basic
agent capable of invoking codebase exploration tools, based on the GPT-4o-mini model. By randomly selecting
200 bugs from Defects4J dataset [20], we find that during the FL process for 32.5% (65/200) of the bugs, the agent
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The expected behavior is that the 
variable `foo` should still reference the 
object after the deletion, but the compiler
is optimizing it in a way that it loses the 
reference to `foo` and instead uses an 
inlined variable.We need to identify the 
relevant part of the main code that 
handles the inlining of object literals and
property deletions. 
Invoke Tools: 
get_covered_files_from_dir(
"src/com/google/javascript/jscomp")

Result of get_covered_files_from_dir(
"src/com/google/javascript/jscomp"): ...
src/com/google/javascript/jscomp/
InlineObjectLiterals.java
...

Root Cause: 
The compiler incorrectly inlines object
literals and loses the reference to the 
original variable when properties are
deleted, leading to unexpected behavior
 in the output.
Bug Locations:
File: src/com/google/javascript/jscomp/
InlineObjectLiterals.java
Class: InlineObjectLiterals
Method: shouldInline

 

Non-existent Method

a. Example of Extrinsic Hallucination

Root Cause: ...
Bug Locations:
File: src/com/google/javascript/jscomp/
FlowSensitiveInlineVariables.java
Class: FlowSensitiveInlineVariables 
Method:process(Node, Node)

File: src/com/google/javascript/jscomp/
FlowSensitiveInlineVariables.java
Class: FlowSensitiveInlineVariables
Method: visit(NodeTraversal, Node,
Node)

Existing but Uninspected

Result of get_class_info
("FlowSensitiveInlineVariables"):...
<covered_methods> ...
process(Node, Node)
visit(NodeTraversal, Node, Node)
...</covered_methods> 
Result of get_covered_files_from_dir
("src/com/google/javascript/jscomp"):...

b. Example of Intrinsic Hallucinations I

The parsing mechanism does not
correctly account for leap years when
interpreting the day of the month for
February...

Invoke Tools:
extract_method("parseInto")
extract_method("verifyValueBounds")
extract_method("computeMillis")

c. Example of Intrinsic Hallucinations II

It appears that the optimization process
is incorrectly determining that the
assignment to `a` should be removed or
is not being recognized as necessary...
Invoke Tools:
get_class_info
("FlowSensitiveInlineVariables")
get_covered_files_from_dir
("src/com/google/javascript/jscomp")

Inspected but Falsely 
Diagnosed 

Root Cause: 
The parsing logic does not account for leap
years when validating the day of the month
for February, leading to an
IllegalFieldValueException when attempting
to parse February 29 in a leap year.
Bug Locations:
File: src/main/java/org/joda/time/field/
FieldUtils.java 
Class:  FieldUtils
Method: verifyValueBounds(DateTimeField,
int, int, int)

Result of extract_method("parseInto"): ...
Result of extract_method("verifyValueBounds"):
...
Result of extract_method("computeMillis"):
...

Fig. 2. Examples of hallucinations in LLMs during fault localization: (a) Extrinsic hallucinations in the fault localization, (b)
Intrinsic hallucinations in the fault localization due to incomplete investigation, and (c) Intrinsic hallucinations in the fault
localization due to faulty reasoning.

identifies at least one non-existent method, demonstrating that extrinsic hallucinations significantly impact FL
accuracy. Moreover, we observe two distinct types of intrinsic hallucinations that further contribute to FL failures.
To effectively illustrate extrinsic and intrinsic hallucinations in LLMs during repository-scale FL tasks, we use
three real-world bugs from the Defects4J dataset to present motivating examples. Following prior LLM literature
[16], we use extrinsic hallucination and intrinsic hallucination in a task-specific sense for repository-scale FL.
Specifically, extrinsic hallucinations refer to predicted suspicious locations that do not actually exist in the
codebase, whereas intrinsic hallucinations refer to predicted locations that exist but are unrelated to the observed
failure. In the motivating examples below, incomplete investigation and faulty reasoning are treated as two
underlying causes that may lead to such incorrect localization outputs.

To make the annotation of Figure 2 reproducible, we further operationalize the motivating examples at the
predicted-location level. We first identify extrinsic hallucinations using an observable repository-scale criterion.
A predicted location is labeled as an extrinsic hallucination if it cannot be resolved to an extractable method in the
checked-out repository. For predicted locations that do exist in the repository but are still incorrect, we observed
two recurring intrinsic-hallucination patterns in our motivating traces. In Figure 2, code inspection is defined as
follows: a method is considered inspected only if its body has been exposed to the agent through extract_method
or get_inner_class_info before the localization output. Intrinsic hallucination due to incomplete investigation
occurs when the model identifies an existing but incorrect location without inspecting the body of the predicted
method before the localization output. Intrinsic hallucination due to faulty reasoning occurs when the model
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produces an existing but incorrect localization output, even though it has already inspected the body of at least
one ground-truth faulty method before the localization output. These criteria are used to annotate the motivating
examples in Figure 2 in our repository-scale fault-localization setting.

The core components of the system prompt, depicted in Figure 1(a), include details about a failing test case and
a list of available tools. The failing test case information encompasses the file path, code, and error information.
The agent is equipped with a set of tools to explore the codebase. The provided tools enable the agent to retrieve
information about classes, inner classes, methods, and files from specific directories. After each tool invocation,
the agent analyzes the output to determine whether sufficient information has been collected for FL, with the key
elements of the user prompt shown in Figure 1(b). To reduce redundancy, these two prompts are omitted from
Figure 2, which directly illustrates the agent invoking tools, processing the results, and identifying FL candidates.

According to the above criteria, Figure 2(a) is classified as an extrinsic hallucination. While the agent’s analysis
regarding a wrong inlining action by the compiler is plausible, after identifying the covered files from the relevant
directory, it prematurely reports FL candidates without conducting further investigation. The predicted method
shouldInline cannot be resolved to an extractable method in the checked-out repository, and is therefore labeled
as an extrinsic hallucination.

According to the above criteria, Figure 2(b) and Figure 2(c) are classified as intrinsic hallucinations due to incom-
plete investigation and faulty reasoning, respectively. In Figure 2(b), the agent investigates the bug by utilizing
tools to search for classes and files. It discovers the methods process(Node, Node) and visit(NodeTraversal,
Node, Node) within the class FlowSensitiveInlineVariables. However, instead of inspecting the bodies of
these predicted methods using extract_method, the LLM prematurely identifies them as suspicious locations. In
reality, these two methods are not defective in this scenario and could have been excluded if inspected properly.
Therefore, this case is classified as an intrinsic hallucination due to incomplete investigation. In Figure 2(c), the LLM
invokes extract_method multiple times and inspects the defective method parseInto(ReadWritableInstant,
String, int) along with two other methods before producing its localization output. However, it still incorrectly
concludes that the method verifyValueBounds(DateTimeField, int, int, int) is responsible for the bug.
Since the true faulty location has already been inspected before the incorrect prediction is made, this case is
classified as an intrinsic hallucination due to faulty reasoning.

To complement the motivating traces in Figure 2, Figure 3 presents condensed correction traces for the same
three bugs after applying FaultLens. Because the full agent trajectories and raw tool outputs are lengthy, we
retain only the intermediate feedback that is directly involved in correcting the hallucinated prediction.

Figure 3(a) shows how FaultLens corrects the extrinsic hallucination in Figure 2(a). The initial hallucinated
output predicts InlineObjectLiterals.shouldInline, which cannot be resolved to an extractable method
in the checked-out repository. FaultLens first captures this error through location extraction validation and
returns the feedback. The agent is then required to continue the investigation. In the condensed trace, the
follow-up investigation queries class-level information for InliningBehavior in InlineObjectLiterals.java
and ReferenceCollectingCallback in ReferenceCollectingCallback.java. Based on the newly collected
information, the agent proposes two extractable candidate methods, process(Node, Node) in ReferenceCol-
lectingCallback and isInlinableObject(List<Reference>) in InliningBehavior. Since these candidates are
identified from class-level exploration rather than prior method-body inspection, FaultLens invokes conditional
self-check. The self-check rejects ReferenceCollectingCallback.process(
Node, Node) and retains InliningBehavior.isInlinableObject(List<Reference>). The blue box marks
this ground-truth faulty method, which remains in the final corrected output.

Figure 3(b) shows how FaultLens corrects the intrinsic hallucination caused by incomplete investigation in
Figure 2(b). In the original trace, the agent outputs existing but incorrect suspicious methods before inspecting
the relevant method bodies, so the error is not one of repository existence but of insufficient investigation.
FaultLens therefore applies conditional self-check to the previously proposed but uninspected candidates and
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Location extraction validation feedback:
Non-existent method

shouldInline

Further investigation
get_class_info("InliningBehavior", 
"src/com/google/javascript/jscomp/InlineObjectLiterals.java")
get_class_info("ReferenceCollectingCallback", 
"src/com/google/javascript/jscomp/ReferenceCollectingCallback.java")
...

Candidate locations
(after location extraction validation):

File: src/com/google/javascript/jscomp/ReferenceCollectingCallback.java
Class: ReferenceCollectingCallback
Method: process(Node, Node)

File: src/com/google/javascript/jscomp/InlineObjectLiterals.java
Class: InliningBehavior
Method: isInlinableObject(List<Reference>)

Conditional self-check results:
 ReferenceCollectingCallback.process(Node, Node)

InliningBehavior.isInlinableObject(List<Reference>)

Conditional self-check results:
FlowSensitiveInlineVariables.process(Node, Node)
FlowSensitiveInlineVariables.visit(NodeTraversal, Node, Node)

Further investigation
get_inner_class_info("FlowSensitiveInlineVariables", "Candidate")
get_inner_class_info("FlowSensitiveInlineVariables", "GatherCandidates")

Candidate locations
(after location extraction validation):

File: src/com/google/javascript/jscomp/FlowSensitiveInlineVariables.java
Class: Candidate
Method: canInline()

......

Advanced location identification output:
File: src/main/java/org/joda/time/format/DateTimeParserBucket.java
Class: DateTimeParserBucket
Method: computeMillis(boolean, String)

File: src/main/java/org/joda/time/format/DateTimeFormatter.java
Class: DateTimeFormatter
Method: parseInto(ReadWritableInstant, String, int)

......

......
: ground-truth faulty locations

...... : omitted later steps

(a) (b)

(c)

Fig. 3. FaultLens corrects the three motivating hallucinations shown in Figure 2: (a) extrinsic hallucination, (b) intrinsic
hallucination due to incomplete investigation, and (c) intrinsic hallucination due to faulty reasoning. For readability, we
omit steps that are not directly involved in correcting the hallucinated prediction. Blue-boxed methods denote ground-truth
faulty methods that are retained in the final corrected output.

rules them out. The agent is then sent back for further investigation. In the condensed trace, the follow-up calls
to get_inner_class_info(
"FlowSensitiveInlineVariables", "Candidate") and get_inner_class_info(
"FlowSensitiveInlineVariables", "GatherCandidates") expose inner-class methods together with their
code content. With this additional method-level evidence, the subsequent localization output identifies
Candidate.canInline() as a candidate that passes location extraction validation. The blue box marks
Candidate.canInline() as the ground-truth faulty method, and this method is retained in the final corrected
output.

Figure 3(c) shows how FaultLens corrects the intrinsic hallucination caused by faulty rea-
soning in Figure 2(c). In the original motivating trace, the agent had already inspected the true
faulty method parseInto(ReadWritableInstant, String, int) but still incorrectly blamed
verifyValueBounds(DateTimeField, int, int, int). This case reflects faulty reasoning rather than
missing code evidence. In FaultLens, this type of error is addressed by advanced location identification, which
revisits the earlier investigation context after validation and self-check. In the condensed trace, advanced location
identification produces DateTimeParserBucket.computeMillis(

ACM Trans. Softw. Eng. Methodol.

 



8 • Chen et al.

boolean, String) and DateTimeFormatter.parseInto(ReadWritableInstant, String, int) as can-
didate methods. Among them, the blue-boxed parseInto(ReadWritableInstant, String, int) is the
ground-truth faulty method.

Taken together, Figures 2 and 3 show both how the three motivating hallucinations are operationally classified
and how FaultLens corrects them in practice: by rejecting non-existent predicted methods through location ex-
traction validation, reducing uninspected false positives through conditional self-check, and recovering previously
overlooked true faulty methods through advanced location identification.

4 Methodology

Initial Issue 
Analysis

Failing Test Case:
· File Path
· Source Code
· Exception/Assertion
· Stack Trace Codebase 

Exploration Tools

Coarse Fault 
Location 

Candidates

Codebase

Found Intrinsic 
Hallucinations

Advanced 
Location 

Identification 

Conditional 
Self-check

Ranking

Location 
Extraction 
Validation

· Failure Analysis
· Potential Root                
Causes
· Investigation 
Suggestions

Precise Fault 
Location 

Candidates

Tool Invocation 
Loop

Preliminary 
Location 

Identification

· Repo-scale Code Context Found Extrinsic
Hallucinations

Issue Analysis and Investigation

Fault Localization Decision

  

  

Fig. 4. Fault localization pipeline of FaultLens. After initial issue analysis and iterative tool-based investigation, FaultLens
performs preliminary location identification, validates extracted locations to catch extrinsic hallucinations, applies conditional
self-check to re-inspect unexamined candidates, conducts advanced location identification to mitigate faulty reasoning, and
finally ranks the remaining candidates.

In this section, we introduce our proposed approach, FaultLens (as shown in Figure 4), which aims to precisely
localize faults while mitigating hallucination effects in LLM-based fault localization. In repository-scale fault
localization, the agent often needs to collect information across multiple files and classes before identifying
suspicious locations. In each run, FaultLens takes exactly one selected failing test case as input and performs
fault localization using an LLM-based agent configured to act as a software maintenance engineer. We adopt
this single-test setting because fault investigation is often triggered by an individual observed failing test, and
it may be non-trivial to determine a priori whether multiple failing tests stem from the same underlying root
cause. Each run consists of two stages: (1) Issue Analysis and Investigation: upon receiving the failing test
case information, the agent begins by analyzing the bug to identify initial investigation points and then uses
codebase exploration tools to conduct a detailed examination. (2) Fault Localization Decision: the agent
performs preliminary location identification and provides root cause analysis. It employs location extraction
validation to mitigate extrinsic hallucinations, while the conditional self-check mechanism and advanced location
identification are designed to address intrinsic hallucinations. To improve robustness against the stochasticity
of LLM outputs, FaultLens can be executed multiple times and aggregate the ranked results across runs, as
described in Section 4.3.
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Algorithm 1 End-to-end workflow of FaultLens for a single run

Require: failing test case information 𝑥, codebase ℛ, coverage information cov(𝑡𝑓), tool set 𝒯, maximum
investigation rounds 𝑁𝑖𝑡𝑒𝑟

Ensure: root-cause description 𝑟𝑐, ranked fault-location candidates 𝒞rank
1: 𝒜 ← InitAgent()
2: 𝑐𝑡𝑥 ← [ ]; ℳ𝑐ℎ𝑘 ← ∅; 𝑖𝑡𝑒𝑟 ← 0
3: 𝑟𝑐 ← 𝜖; 𝒞 ← [ ]; 𝒞val ← [ ]; 𝒞rank ← [ ]
4: ℎ0 ← 𝒜.InitialIssueAnalysis(𝑥)
5: 𝑐𝑡𝑥 ← 𝑐𝑡𝑥 ‖ (𝑥, ℎ0)
6: while true do
7: while 𝑖𝑡𝑒𝑟 < 𝑁𝑖𝑡𝑒𝑟 do
8: 𝑖𝑡𝑒𝑟 ← 𝑖𝑡𝑒𝑟 + 1
9: 𝒦 ← 𝒜.SelectToolCalls(𝑐𝑡𝑥,𝒯)

10: for all 𝑎 ∈ 𝒦 do
11: 𝑟𝑎 ← Execute(𝑎;ℛ, cov(𝑡𝑓))
12: 𝑐𝑡𝑥 ← 𝑐𝑡𝑥 ‖ (𝑎, 𝑟𝑎)
13: if 𝑎.𝑛𝑎𝑚𝑒 ∈ {extract_method, get_inner_class_info} then
14: ℳ𝑐ℎ𝑘 ← ℳ𝑐ℎ𝑘 ∪MethodsFrom(𝑟𝑎)
15: end if
16: end for
17: 𝑐𝑡𝑥 ← 𝒜.AnalyzeToolResult(𝑐𝑡𝑥)
18: if 𝒜.StopInvestigation(𝑐𝑡𝑥) then
19: break
20: end if
21: end while
22: (𝑟𝑐,𝒞, 𝑐𝑡𝑥) ← 𝒜.PreliminaryIdentify(𝑐𝑡𝑥)
23: (𝑐𝑡𝑥,𝒞val,ℰ) ← ValidateLocations(𝒞,ℛ, 𝑐𝑡𝑥)
24: if ℰ ≠ [ ] and 𝑖𝑡𝑒𝑟 < 𝑁𝑖𝑡𝑒𝑟 then
25: continue
26: end if
27: (𝑐𝑡𝑥,𝒞val) ← 𝒜.ConditionalSelfCheck(𝒞val,ℳ𝑐ℎ𝑘, 𝑐𝑡𝑥)
28: if 𝒞val = [ ] and 𝑖𝑡𝑒𝑟 < 𝑁𝑖𝑡𝑒𝑟 then
29: continue
30: end if
31: (𝑐𝑡𝑥,𝒞val) ← 𝒜.AdvancedIdentify(𝒞val, 𝑐𝑡𝑥)
32: 𝒞rank ← 𝒜.RankBySuspiciousness(𝒞val, 𝑐𝑡𝑥)
33: break
34: end while
35: return (𝑟𝑐,𝒞rank)

Algorithm 1 summarizes the end-to-end control flow of FaultLens for a single run. Given a failing test case,
the agent first performs InitialIssueAnalysis to build an initial understanding of the failure (Line 4), and
appends both the input test information and the analysis result to the running context 𝑐𝑡𝑥 (Line 5). Throughout
the workflow, 𝑐𝑡𝑥 stores the interaction history available to the agent, including the failing-test information,
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tool calls, tool outputs, intermediate analyses, and subsequent decision-stage feedback. The framework also
maintains the set of inspected methods ℳ𝑐ℎ𝑘, the investigation-round counter 𝑖𝑡𝑒𝑟, the preliminary candidate
list 𝒞, the validated candidate list 𝒞val, the final ranked list 𝒞rank, and the root-cause description 𝑟𝑐 (Lines 2–3).
The inner loop of the algorithm corresponds to codebase investigation (Lines 7–21). In each round, the agent
selects one or more exploration tools according to the current context (Line 9), executes them on the codebase,
appends the returned evidence to 𝑐𝑡𝑥 (Lines 10–12), and analyzes the accumulated evidence to guide subsequent
actions (Line 17). For tool calls such as extract_method and get_inner_class_info, which expose method
contents, FaultLens additionally updates ℳ𝑐ℎ𝑘 through MethodsFrom(𝑟𝑎) (Lines 13–14). The investigation
loop terminates when the agent judges that the collected evidence is sufficient for preliminary localization
(Lines 18–19), or when the maximum round budget 𝑁𝑖𝑡𝑒𝑟 is reached (Line 7).

After the investigation loop, the agent performs PreliminaryIdentify to produce a root-cause description 𝑟𝑐
and a preliminary candidate list 𝒞 (Line 22). These candidates are then passed to ValidateLocations, which
returns a normalized list 𝒞val together with a feedback list ℰ (Line 23). Here, ℰ records the candidates that fail
extraction validation, such as cases where the predicted file, class, or method cannot be matched to the codebase.
If ℰ ≠ [ ] and the investigation budget has not been exhausted, the workflow returns to the investigation stage,
allowing the agent to gather additional evidence and revise its localization hypothesis (Lines 24–25). Once
validation succeeds, FaultLens invokes ConditionalSelfCheck and uses ℳ𝑐ℎ𝑘 to determine whether candidate
locations satisfy the trigger condition for subsequent self-check (Line 27). If no suspicious candidate remains
after self-check while there are still remaining investigation rounds, the workflow again returns to codebase
investigation, since the current evidence is considered insufficient to support a reliable localization decision
(Lines 28–29). Otherwise, the remaining candidates are further refined by AdvancedIdentify (Line 31) and then
ranked by suspiciousness to produce the final output 𝒞rank (Line 32).

4.1 Issue Analysis and Investigation
4.1.1 Initial Issue Analysis. Given the information about a bug, the agent first analyzes the issue to gain an initial
understanding of the situation, aligning with the common practice of human debugging. The complete prompt is
shown in Figure 5. The agent is provided with a failing test case that includes the file path, test source code, and
error information, which encompasses assertions or exceptions.

To facilitate the agent’s further investigation, the error information also contains the stack traces of the bug
[8]. Since full stack traces can be lengthy and often contain calls from libraries or testing infrastructure, we keep
only the trace entries whose reported source locations resolve to files in the subject repository under analysis.
Concretely, we parse the stack trace entry by entry and retain those with file-and-line information that can be
matched to a file in the checked-out repository, while omitting the remaining entries. However, when stack traces
are provided only as textual input to the agent, the file names and line numbers in trace entries mainly serve as
references to source locations rather than as direct code evidence. Unless the corresponding code is explicitly
retrieved, the LLM receives only indirect location cues and may have difficulty using them for fault reasoning.
To make the retained trace entries more informative, for each repository-local stack-trace entry, we append the
corresponding source statement after the trace. For example, given MathArrays.linearCombination:846, we
resolve the referenced file in the checked-out repository and recover the statement containing line 846 from
MathArrays.java. Specifically, we parse the file with the tree-sitter library [1], locate the smallest named syntax
node whose span covers the reported line, and then climb to the nearest enclosing statement or declaration.
The text span of that syntactic unit is appended to the prompt. If the extracted unit spans multiple lines, we
serialize it into a single line only for concise presentation in the prompt. Since we apply this augmentation only
to stack-trace entries whose source locations can be resolved to files in the subject repository, this step avoids
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Failing Test Case Information 
Test Path: 
{ path of the file containing the failing test }
Test Source Code：
{ code of the failing test }
Test Error Information:
 {assertion or exception information and stack traces}

Note: Each stack trace entry in Test Error Information is followed by the corresponding source code. 
For example, the entry `at org.jfree.chart.plot.XYPlot.getDataRange(XYPlot.java:4493)  Collection c = 
r.getAnnotations();` shows:
`org.jfree.chart.plot.XYPlot.getDataRange`: The method where the error occurred.
`(XYPlot.java:4493)`: The file and line number.
`Collection c = r.getAnnotations();`: The specific line of code at this location, indicating what was executing
 when the error was triggered.
Please analyse the issue based on the provided test case error information. Address the analysis in three steps:
### Analysis of the Test Failure
### Potential Cause of the Issue
### Suggested Starting Points for Root Cause Investigation

Fig. 5. Prompt for the initial issue analysis. The prompt provides the failing-test path, test code, and error information and
asks the agent to produce three outputs: failure analysis, potential causes, and starting points for root-cause investigation.

searching the entire codebase and incurs only modest overhead. A clear note is included in the prompt in Figure
5, indicating that the stack trace format has been modified to incorporate the exact line content from the code.

The analysis is structured in three sequential parts to enhance the agent’s understanding of the issue: analyzing
the test failure, identifying potential root causes, and suggesting starting points for root cause investigation.
Failure analysis encourages the agent to consider the direct cause of the problem while inferring potential root
causes helps the agent prioritize key areas for further investigation. By suggesting starting points, the agent
establishes an initial plan for subsequent investigations. This comprehensive analysis enables the agent to build a
foundational understanding of the issue, laying the groundwork for the FL task.

4.1.2 Tool Invocation Loop. While the initial analysis provides the agent with a foundational understanding
of the issue, it cannot ensure accurate FL when relying solely on the limited information from a failing test
case. This is due to the complexity of repository-scale FL, which often involves numerous interdependencies and
cross-file interactions, unlike localizing issues within a short code snippet. Codebase exploration tools equip the
agent with the ability to navigate the codebase, allowing it to gradually uncover FL candidates through a detailed
examination.

We provide a set of codebase exploration tools to facilitate the agent’s code investigation, as outlined in Table 1.
The tool set is designed from the perspective of repository-scale fault localization to support flexible investigation
paths, rather than enforcing a fixed exploration order. Accordingly, these tools expose complementary information
at different granularities, including file-level structure, class-level overviews, inner-class details, method contents,
and import information. This applies whether the agent starts by investigating files and gradually narrows the
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Table 1. List of Codebase Exploration Tools

Tool Description

get_class_info(𝑐, [𝑓=None]) Get an overview of the class 𝑐 in the file 𝑓, including package infor-
mation, inheritance and implementation, class-level comments, fields,
covered inner classes, and a list of covered methods.

get_covered_files_from_dir(d) Get covered files under the directory 𝑑.
extract_method(𝑚, [𝑐=None], [𝑓=None]) Extract the code and comment of the method 𝑚 within class 𝑐 from the

file 𝑓.
get_inner_class_info(𝑐, 𝑖𝑐, [𝑓=None]) Retrieve the fields and covered methods of the inner class 𝑖𝑐within class

𝑐 from the file 𝑓.
get_imports(𝑓) Retrieve a list of libraries imported in the file 𝑓.

scope to identify FL candidates, or directly examines a class, inner class, or method, depending on its current
hypothesis, with each tool providing contextual information useful for FL.

To balance effectiveness and efficiency, we aim for each tool’s output to be informative without being overly
detailed, carefully dividing the responsibilities among tools. Specifically, the get_class_info tool provides a
concise overview of a class, displaying information such as the names of covered inner classes and the signatures
of covered methods, while omitting detailed content. Correspondingly, we offer get_inner_class_info and
extract_method to access their respective code content on demand. Statistical analysis across the real-world
open-source projects comprising the Defects4J-V1.2.0 benchmark reveals that inner classes are significantly
smaller in scale, containing an average of 3.53 methods (median: 2), compared to an average of 14.48 methods
(median: 6) in top-level classes. Given this compact nature, get_inner_class_info displays the code content
of all covered methods within an inner class when invoked. Additionally, we provide the tool get_imports to
supply imported-library information for a file when such dependency context is needed. These tools are not tied
to benchmark-specific metadata. In our implementation, codebase navigation is generally repository-agnostic,
and the syntax-aware structure extraction is built on tree-sitter, making the same tool design applicable to other
repositories written in supported languages.

Since the input to FaultLens is the information of one failing test case, the tools are designed to focus
information extraction on the actual coverage provided by this failing test case. For instance, in the code
content provided by extract_method, lines covered by the test are marked as covered, distinguishing them
from uncovered lines. This allows the agent to concentrate on the lines directly relevant to the failing test. In
the get_covered_files_from_dir tool, line coverage data is utilized to refine the results. Since the agent may
provide broad directories such as src/ that include many files, the tool filters and returns only those files that
are actually covered at the line level.

During this loop, tool invocation is demand-driven rather than exhaustive. As formalized in Algorithm 1, in
each iteration the agent selects a subset of tools via SelectToolCalls(𝑐𝑡𝑥,𝒯) according to the current context,
which includes the failing-test information, previously retrieved code context, and the agent’s intermediate
analyses. Therefore, not all tools are invoked for every bug, while multiple tools may still be invoked within one
iteration when they provide complementary evidence. The order of tool invocation is unrestricted, ensuring both
flexibility and efficiency.

After receiving the tools’ outputs, the agent is prompted to analyze the newly obtained evidence, mirroring
the actions a human would take after gathering information. In each iteration, the tools’ outputs and the agent’s
analysis are saved as contextual information. Based on this accumulated context, the agent determines whether
sufficient information has been collected to identify suspicious locations or whether further investigation is still
needed. This decision is formalized as StopInvestigation(𝑐𝑡𝑥) in Algorithm 1. If the agent decides to proceed,
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the saved context forms the basis for the next iteration, enabling the construction of subsequent tool calls. This
accumulated context also helps reduce redundant exploration. When the tool list is provided to the agent in each
investigation round, the prompt explicitly instructs it not to repeat a tool call with identical arguments, because
the returned result would remain unchanged. Combined with the retained context of prior tool outputs, this
encourages the agent to build subsequent actions on previously collected evidence rather than issuing duplicate
calls.

To balance thoroughness with efficiency, the tool invocation loop is bounded. The agent stops the loop either
when the accumulated context is deemed sufficient for preliminary localization or when the predefined maximum
number of investigation rounds, denoted by 𝑁𝑖𝑡𝑒𝑟 in Algorithm 1, is reached. Moreover, as shown in Algorithm 1,
even when later stages request additional investigation, control returns to the tool loop only if the remaining
iteration budget is still available. This design guarantees termination and prevents infinite tool-invocation loops.

4.2 Fault Localization Decision
When the agent enters the fault localization decision stage, it conducts preliminary location identification at
the method level, identifying FL candidates and generating root cause analysis. The decision stage provides
fine-grained feedback to mitigate hallucinations and enhance the accuracy of FL. Potential hallucinations caused
by incomplete investigation are captured through location extraction validation and a conditional self-check
mechanism. Additionally, faulty reasoning poses a challenge during FL tasks. Even when the agent has access
to all the relevant information needed to identify fault locations, it may still make incorrect conclusions due to
errors in reasoning. To address this, we design the advanced location identification phase to rectify potential
errors in early reasoning.

4.2.1 Location Extraction Validation. Location extraction validation is designed specifically to capture extrinsic
hallucinations, where the agent identifies invalid locations that do not exist in the codebase. Since the locations
are at the method level, each location includes the file, class, and method name provided by the agent. Through
interaction with the codebase, these locations are verified to determine whether they are extractable or non-
existent. Validation is considered successful only if all locations are confirmed as extractable.

For cases where validation fails, suppose a location identified by the LLM at the method level is represented as
a tuple (𝐹 , 𝐶,𝑀), where 𝐹 denotes the file name containing the identified fault, 𝐶 denotes the class or inner class
name where the faulty method resides, and 𝑀 denotes the method name identified as faulty. When validation
fails, feedback indicates which part of the identified location is imprecise, guiding further investigations to avoid
such hallucinations. There are three types of feedback in such cases:

• 𝐹 cannot be located.
• 𝐹 is located, but 𝐶 cannot be found within 𝐹.
• 𝐶 is located within 𝐹, but 𝑀 cannot be found within 𝐶.

It is possible for the agent to identify a method with the correct name but the wrong class or file name. The
rationale behind providing feedback and prompting further investigation, rather than extracting candidates
with the same method name from the codebase, is that identifying a location with the correct file, class, and
method name is a fundamental requirement for FL. If this requirement is not met, there is a high likelihood
of hallucinations in the response, compromising the quality of the content. Offering clear feedback to prompt
a deeper investigation is more effective than continuing with imprecise results. Once the location extraction
validation captures extrinsic hallucinations, the agent is sent back to the tool invocation loop with specific
feedback. It then uses the tools to gather new information to rectify the imprecise locations.

4.2.2 Conditional Self-check Mechanism. If the agent identifies fault-localization candidates solely from method
signatures, class-level summaries, or test-case clues without examining the method body, it cannot confidently
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Here is the code of the bug locations:
Bug Location 1:
{The content of the location including comment and code.}
...
Please inspect the code of each location above and answer whether it is buggy or not. 
You should give reasons for your judgment. Return your answer in JSON format as follows:
{
    "recheck": [
        {
            "file": "path/to/file",
            "class": "class_name",
            "signature": "method_signature",
            "buggy": true or false,
            "reason": "reason for judgment"
        },
        ...
    ]
}

Fig. 6. Prompt for the conditional self-check mechanism. Given the code of the candidate bug locations, the agent re-inspects
each location and returns a JSON object indicating whether the location is buggy, together with the rationale for the
judgment.

determine whether the location is genuinely responsible for the bug. A suspicious method inferred in this way
may only be an entry point in the execution flow, while the actual fault resides in one of its callees or in another
related method. To mitigate such intrinsic hallucinations caused by incomplete investigation, we introduce a
conditional self-check mechanism that prompts further code-level verification when needed.

More specifically, the framework first determines whether candidate locations satisfy the trigger condition
for self-check, rather than applying this process indiscriminately to all methods that may be relevant to the
bug. For each candidate location, we determine whether additional inspection is required by consulting an
inspected-method list maintained throughout the tool invocation loop. A method is added to this list only
when its code content has actually been returned by content-revealing tools, such as extract_method and
get_inner_class_info. Therefore, when a candidate is inferred from higher-level evidence without prior
examination of its method body, the framework treats it as requiring supplementary inspection and organizes
the subsequent self-check accordingly.

Figure 6 shows the prompt used in this process. The framework provides the full context, together with the
code and comments of the locations to be checked, and asks the agent to assess whether each location is genuinely
buggy and to justify its judgment. The self-check results are returned in the JSON format shown in Figure 6.
Candidates that are rechecked and judged not buggy are removed from the FL candidate list. If no suspicious
candidate remains after self-check, the agent returns to the tool invocation loop for further investigation.

4.2.3 Advanced Location Identification. To mitigate intrinsic hallucinations caused by faulty reasoning, we
introduce an advanced location identification step in the decision stage. As shown in Figure 4, this step is
performed after location extraction validation and the conditional self-check mechanism. As illustrated by the
motivating example in Figure 2(c), even after relatively thorough code inspection, the agent may still incorrectly
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include innocent locations in the candidate list due to flawed reasoning. To address this issue, FaultLens performs
an additional round of candidate identification based on the full task context, aiming to supplement suspicious
locations that may have been missed in preliminary location identification.

Based on your previous investigations and interaction results, carefully reconsider the bug and 
identify additional suspicious locations that may have been missed earlier.

Return results in JSON:
{
  "more_suspicious_locations": [
    {
      "file": "...",
      "class": "...",
      "method": "..."
    }
  ]
}

Fig. 7. Prompt for advanced location identification. Based on the previous investigation and interaction results, the agent
reconsiders the bug and returns additional suspicious locations that may have been missed earlier in JSON format.

Advanced location identification takes the full context 𝑐𝑡𝑥 as input. This context includes the entire interaction
history accumulated during fault localization, including previous investigations, feedback from location extraction
validation, and the self-check process. With this more comprehensive context, the agent is better positioned
to identify additional suspicious locations beyond those found in the preliminary stage. Figure 7 presents the
prompt used for advanced location identification. Following this prompt, the agent is required to return newly
identified candidate locations in a structured format.

Algorithm 2 Workflow of Advanced Location Identification
Require: Existing validated candidate list 𝒞val, full context 𝑐𝑡𝑥
Ensure: Updated validated candidate list 𝒞val, updated full context 𝑐𝑡𝑥
1: Predefined prompt 𝑄 for advanced location identification
2: Δ𝒞 ← Identify(𝑐𝑡𝑥, 𝑄)
3: Δ𝒞val ← { 𝑐 ∈ Δ𝒞 ∣ Extractable(𝑐) = true }
4: 𝒞val ← AppendUniqe(𝒞val, Δ𝒞val)
5: 𝑐𝑡𝑥 ← UpdateCtx(𝑐𝑡𝑥, 𝑄, Δ𝒞, Δ𝒞val)
6: return (𝑐𝑡𝑥,𝒞val)

Algorithm 2 summarizes the workflow of advanced location identification. Specifically, given the full context
𝑐𝑡𝑥 and a predefined prompt 𝑄, the framework first generates an additional candidate list Δ𝒞 (Line 2). It then
performs location extraction on Δ𝒞 and directly retains only the locations that can be successfully validated,
yielding Δ𝒞val (Line 3). Different from the earlier location extraction validation step, this stage does not preserve
error feedback for failed extractions. Instead, it simply filters them out. Next, Δ𝒞val is appended to the end of the
existing validated candidate list 𝒞val in the order of identification, while duplicate entries are removed (Line 4).
Finally, the prompt and identification results are written back to the context for subsequent ranking, and the
updated context 𝑐𝑡𝑥 and candidate list 𝒞val are returned (Lines 5–6).
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Since extrinsic hallucinations caused by insufficient investigation have already been reduced by the preceding
location extraction validation step, advanced location identification typically introduces fewer non-existent
locations. Any remaining non-existent locations are directly filtered out if they appear.

4.2.4 Ranking of Fault Localization Candidates. All FL candidates are aggregated for final ranking. The agent
receives a list of identified FL candidates, excluding those filtered out during location extraction validation and
the self-check process. Based on the conversation context throughout the task, the agent ranks all the remaining
candidate methods according to their suspiciousness.

4.3 Multi-run Rank-Based Voting

Algorithm 3 Rank-Based Voting Scheme for Fault Localization Candidate Ranking

Require: 𝑁 FL candidate lists from independent runs: 𝒞(1)
𝑟𝑎𝑛𝑘,𝒞

(2)
𝑟𝑎𝑛𝑘, … ,𝒞(𝑁 )

𝑟𝑎𝑛𝑘
Ensure: Final ranked list of FL candidates
1: 𝐿max ← max{|𝒞(𝑖)

𝑟𝑎𝑛𝑘| ∣ 1 ≤ 𝑖 ≤ 𝑁 }
2: Score ← ∅
3: for 𝑖 ← 1 to 𝑁 do
4: for each location 𝑙 in 𝒞(𝑖)

𝑟𝑎𝑛𝑘 with rank 𝑘 do
5: if 𝑙 ∉ Score then
6: Score(𝑙) ← 0
7: end if
8: Score(𝑙) ← Score(𝑙) + (𝐿max − 𝑘 + 1)
9: end for

10: end for
11: Sort all locations based on descending Score(𝑙)
12: Return the ranked list of FL candidates

Although low-temperature or greedy decoding reduces stochasticity, repeated runs can still produce slightly
different results because LLM inference is subject to implementation-level non-determinism, such as hardware-
dependent floating-point computations [66]. Even tiny numerical deviations may accumulate and be amplified
during autoregressive generation, causing variations in candidate assessments and rankings for the same input.
To reduce the influence of nondeterminism while improving reliability and decision quality, FaultLens allows
the number of runs to be configurable and employs a rank-based voting mechanism to aggregate the ranked
lists of FL candidates from all runs. In each run, FaultLens independently performs fault localization and ranks
the identified candidates. The rank-based voting approach is outlined in Algorithm 3. It begins by initializing
𝐿max (Line 1) as the maximum list length across all ranked lists and creating an empty score dictionary (Line
2). Next, for each run’s list, the algorithm iterates through each location (Lines 3-10). The location’s score is
then incremented based on its rank 𝑘, using the formula ( 𝐿max - 𝑘 + 1) (Line 8), which gives higher increments
to locations ranked higher in each run. Finally, the algorithm sorts all locations based on their accumulated
scores in descending order (Line 11) and returns the ranked list of FL candidates (Line 12). This rank-based voting
scheme promotes locations that are consistently identified and highly ranked across multiple runs, improving the
reliability of FL.

5 Evaluation
We design the following research questions to assess the performance of our technique.

• RQ1: How does the performance of FaultLens compare with other FL techniques?
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Table 2. Overview of the Defects4J-V1.2.0 Benchmark

Chart Closure Lang Math Mockito Time Sum
#Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T.
26 92 133 348 65 124 106 176 38 118 27 76 395 934

Table 3. Overview of the BugsInPy Projects Used in RQ5

ansible black fastapi httpie matplotlib pandas PySnooper
#Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T.
15 19 19 20 3 10 5 5 27 28 167 211 1 1
scrapy spacy thefuck tornado tqdm youtube-dl Sum

#Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T. #Bugs F.T.
21 33 2 2 30 38 14 16 8 9 42 42 354 434

• RQ2: What impact do individual components of FaultLens have on the accuracy?
• RQ3: To what extent do the proposed mechanisms provide evidence of transferability beyond FaultLens
in an external repository-scale localization workflow?

• RQ4: How do different hyperparameter configurations influence FaultLens?
• RQ5: How effectively does FaultLens generalize to different programming languages?
• RQ6: How effectively does FaultLens generalize to different LLMs?

The six research questions address distinct aspects of our evaluation. For RQ1, we compare the performance
of FaultLens against state-of-the-art FL techniques on the Defects4J [20] benchmark. For RQ2, we investigate
the significance of the location extraction validation, conditional self-check mechanism, and advanced location
identification, analyzing their impact on accuracy. In addition, we also examine the contribution of the ranking
component introduced in Section 4.2.4 by conducting an ablation study that removes this step. For RQ3, we
conduct an external case study to assess whether the proposed hallucination-mitigation mechanisms provide
evidence of transferability beyond FaultLens by adapting them to the fault-localization stage of AutoCodeRover
[71], an issue-driven program repair framework. For RQ4, we adjust the hyperparameter configurations to observe
and conclude the trends in FaultLens’s behavior.

For RQ5, we assess the cross-language generalizability of FaultLens by applying the same overall frame-
work and default hyperparameters to a Python benchmark, with language-specific adaptations to the codebase
exploration tools. For RQ6, we evaluate the model-level adaptability of FaultLens by testing it with different
foundation models. Finally, we provide a supplementary failure analysis of FaultLens by examining representa-
tive individual-run failure modes, highlighting residual cases where hallucinations persist or later decision stages
introduce new ranking errors.

In line with previous works [21, 26, 34, 50], we evaluate the performance of FaultLens using the Top-N metric.
Specifically, we evaluate for N = 1, 3, and 5. This metric measures the number of bugs that have at least one
defective element ranked within the top N locations of the list. In our evaluation, defective elements are identified
at the method level.

5.1 Experiment Setup
5.1.1 Benchmark. For each defect, we use exactly one selected failing test case as the input to fault localization.
When multiple failing tests are available for a defect, we deterministically select the first failing test listed in
the benchmark-provided failing-test list. We evaluate FaultLens on the Defects4J benchmark version 1.2.0 [20],
which consists of 395 bugs from real-world projects. Defects4J has been extensively used in prior studies on
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software debugging, including FL [21, 50] and automatic program repair (APR) [31, 35, 37]. Table 2 presents
an overview of the projects in Defects4J v1.2.0, outlining the number of bugs, and the total number of failing
tests (F.T.) for each project. Each bug is associated with at least one failing test that can reproduce the issue.
Additionally, to investigate the generalizability of FaultLens across different programming languages (RQ5),
we evaluate its performance on BugsInPy [56], a benchmark consisting of 501 real bugs from Python projects.
Leveraging the improved BugsInPy dataset provided by [5], we successfully reproduced 354 bugs. The remaining
bugs could not be reproduced due to various challenges encountered during setup, mainly involving environment
configuration, as well as issues during execution. The reproducible bugs were subsequently included in our
evaluation. Table 3 summarizes the number of bugs and failing tests across the 13 BugsInPy projects used in our
study.

5.1.2 Implementation. FaultLens is implemented in Python. We utilize Gzoltar [9] to gather coverage infor-
mation for the Java benchmark, Coverage.py [7] for the Python benchmark, and the tree-sitter library [1] to
parse the code, enabling effective codebase exploration tools. Considering both cost and effectiveness, we adopt
GPT-4o-mini (gpt-4o-mini-2024-07-18) as the default foundation model in our framework, unless explicitly stated
otherwise.

5.1.3 Hyperparameters for RQ1, RQ2, RQ5, and RQ6. We configure FaultLens with 5 independent runs. In all
runs of the same defect, the selected failing test case is fixed. The temperature is set to 0.2, and the upper limit of
the tool invocation loop is 10.

5.2 Experiments and Discussion
5.2.1 RQ1: How does the performance of FaultLens compare with other FL techniques? FaultLens is compared
against representative FL techniques on the Defects4J benchmark using Top-N metrics, including Ochiai [3],
Metallaxis [43], FLUCCS [50], AutoFL [21], and SoapFL [46]. These baselines cover spectrum-based, mutation-
based, learning-based, and LLM-based FL techniques. In particular, AutoFL and SoapFL are the closest repository-
scale LLM-based comparators to FaultLens, while Ochiai, Metallaxis, and FLUCCS provide representative
non-LLM references that are widely used on Defects4J.

Baseline provenance and rerun protocol. We collect Ochiai results with Gzoltar [9]. The evaluation results for
Metallaxis (using the Ochiai formula) and FLUCCS are sourced from Li et al. [26]. AutoFL is an LLM-based
agent FL technique with configurable repetition. For a fair comparison with FaultLens, we use GPT-4o-mini
as the foundation model for AutoFL and rerun it 5 times, aligning with the settings of FaultLens. SoapFL [46]
is a multi-agent FL framework that follows a standard operating procedure consisting of three phases. Since
FaultLens employs rank-based voting across 5 runs to mitigate the nondeterminism in LLM outputs, while
SoapFL produces a single-run result, we rerun SoapFL 5 times and apply rank-based voting in the same manner
as described in Section 4.3 for FaultLens, ensuring a fair one-to-one comparison. Similarly, we use GPT-4o-mini
as the foundation model for SoapFL.

Table 4 presents the performance of FaultLens compared with other FL techniques. For the 395 bugs in the
benchmark, FaultLens successfully identifies 205, 259, and 278 defective methods in the Top-1, Top-3, and
Top-5 metrics, respectively. Notably, FaultLens achieves outstanding overall performance in the Top-1 metric,
surpassing all baselines across the benchmark, while demonstrating superior or comparable performance for
individual projects.

FaultLens demonstrates significant improvement over Ochiai and Metallaxis across the Top-1, Top-3, and
Top-5 metrics. Specifically, FaultLens shows increases of 57.69%, 56.02%, and 49.46% over Ochiai in the Top-1,
Top-3, and Top-5 metrics, respectively, and an increase of 118.08% in the Top-1 metric compared to Metallaxis.
Against the machine learning-based technique FLUCCS, FaultLens achieves a 28.12% increase in the Top-1
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Table 4. Performance of FaultLens and other FL techniques on the Defects4J benchmark.

Techniques Chart Closure Lang
Top-1 Top-3 Top-5 Top-1 Top-3 Top-5 Top-1 Top-3 Top-5

Ochiai 10 16 18 25 37 41 37 42 46
Metallaxis 7 15 17 19 47 64 32 51 56
FLUCCS 15 19 20 42 66 77 40 53 55
AutoFL 16 23 23 27 50 57 38 57 60

SoapFL5runs 12 19 20 24 50 60 37 51 54
FaultLens 19 22 23 39 57 63 48 54 59

Math Mockito Time Overall
Top-1 Top-3 Top-5 Top-1 Top-3 Top-5 Top-1 Top-3 Top-5 Top-1 Top-3 Top-5
41 51 60 7 7 8 10 13 13 130 166 186
20 51 71 9 15 21 7 12 15 94 191 244
48 77 83 7 19 22 8 15 18 160 249 275
56 81 84 15 22 24 13 19 20 165 252 268
46 71 73 13 22 22 11 16 16 143 229 245
63 83 88 20 24 25 16 19 20 205 259 278

metric and outperforms FLUCCS by 4.01% in the Top-3 metric, while delivering comparable performance in the
Top-5 metric. Note that FLUCCS is trained on specific projects using 10-fold cross-validation, whereas FaultLens
does not require any specialized training.

When compared to AutoFL, which is also based on LLMs, FaultLens achieves a 24.24% improvement in the Top-
1 metric, along with additional gains in the Top-3 and Top-5 metrics. In FaultLens, location extraction validation
and conditional self-check mechanisms enable a more thorough investigation during the preliminary location
identification phase, leading to more accurate fault localization. The advanced location identification process helps
uncover previously overlooked suspicious locations. Together, these strategies contribute to overall improvements
in Top-N performance, with a particularly notable gain in Top-1 accuracy. Although the hallucination mitigation
strategies employed by FaultLens introduce a slight increase in token usage due to extended interactions with
the model, this overhead is negligible in light of the continuously decreasing cost of mainstream large language
models.

When compared to SoapFL, which is rerun five times and aggregated using the same rank-based voting scheme
(denoted as SoapFL5runs in Table 4), FaultLens achieves improvements of 43.35%, 13.10%, and 13.46% in the Top-1,
Top-3, and Top-5 metrics, respectively. SoapFL narrows the faulty code space in a step-by-step manner, initially
identifying suspicious classes and then selecting methods within those classes. While this structured pipeline
helps to focus the search, it lacks dynamic adaptability. Once a class is flagged as suspicious, the agent is restricted
to investigating methods within that class, even when further inspection shows that those methods are unrelated
to the actual root cause of the bug. This rigidity limits the agent’s ability to explore other potentially relevant
classes that may have been overlooked in earlier stages. In contrast, FaultLens adopts a dynamic tool-calling
loop, allowing the agent to independently determine when to continue or terminate the investigation. More
importantly, the hallucination mitigation strategies integrated into FaultLens further enhance the investigation
process and location identification, resulting in improved FL performance.

These results demonstrate that FaultLens exhibits a strong capability in identifying defective locations
compared to different kinds of FL techniques using only the information from failing tests, without the need for
additional training. The enhanced hallucination-mitigation capability of FaultLens enables it to fully leverage
LLMs’ code comprehension strengths and minimize mislocalization caused by hallucinations, thereby achieving
performance improvements that surpass various baselines.

ACM Trans. Softw. Eng. Methodol.

 



20 • Chen et al.

FaultLensAutoFL

SoapFL5runs

39

24
101

41

8

10

15
FaultLensAutoFL

SoapFL5runs

19

11
202

27

3

13

20
FaultLensAutoFL

SoapFL5runs

21

10
218

29

5

12

16

Fig. 8. Overlap of AutoFL, SoapFL5runs, and FaultLens under Top-1, Top-3, and Top-5. The three Venn diagrams show the
overlaps for Top-1 (left), Top-3 (middle), and Top-5 (right), respectively.

Overlap Analysis. To further understand the noticeably larger Top-1 improvement of FaultLens over other LLM-
based approaches, we analyze the overlap of successfully localized bugs shown in Figure 8. At Top-1, FaultLens
localizes 39 bugs that are not localized by either AutoFL or SoapFL5runs, whereas AutoFL and SoapFL5runs localize
only 15 and 10 unique bugs, respectively. In contrast, the overlap among the three approaches becomes much
larger at Top-3 and Top-5, where all three methods jointly localize 202 and 218 bugs. This indicates that, once
multiple candidates are allowed, these LLM-based techniques often converge to similar shortlists, which naturally
narrows the gap at Top-3 and Top-5. The main advantage of FaultLens therefore lies in identifying the correct
faulty method more reliably during the localization process.

Importantly, this advantage is not merely a consequence of the final ranking step. Before the final ranking
stage, FaultLens still localizes 195 bugs at Top-1, including 35 bugs that are not localized by either AutoFL or
SoapFL5runs. This observation is also consistent with the ablation results in Table 5, where removing the ranking
step causes only very limited changes in performance. Therefore, the contribution of the final ranking is minor,
and the gain of FaultLens mainly comes from the hallucination-mitigation strategies in the decision stage, which
improve candidate identification before final ranking. A small-scale manual inspection of FaultLens-only Top-1
cases suggests that, under rank-based voting across five runs, FaultLens more often preserves the correct fault
location across runs, whereas competing approaches may identify the correct location in some runs but fail to do
so consistently enough for it to remain at the top after aggregation.

Hallucination-Related Event Analysis. To complement the Top-N results, we further analyze hallucination-
related events observed during FaultLens execution on Defects4J. For tractability, this analysis is conducted on
one sampled trajectory for each bug under the default five-run setting. We observe that extrinsic hallucinations are
not rare in repository-scale FL: 154 out of 395 bugs (38.98%) trigger location extraction validation because at least
one predicted location cannot be extracted from the repository. This phenomenon also shows a clear project-level
skew. The rate is especially high in Closure (97/133, 72.93%) and Mockito (22/38, 57.89%), but much lower in
Chart (2/26, 7.69%) and Lang (4/65, 6.15%). Closure is a JavaScript checker and optimizer, while Mockito is a Java
mocking framework centered on mock creation, verification, and stubbing. Compared with smaller utility-style
libraries, such projects may require broader context integration and make premature location decisions more
likely.

We further find that insufficiently deep investigation is even more widespread than non-existent location
prediction. Conditional self-check is triggered for 287 of 395 bugs, indicating that preliminary localization often
proposes at least one candidate whose method body has not yet been inspected. This tendency is again visible
across projects, with particularly high trigger rates in Closure (117/133, 87.96%) and Mockito (30/38, 78.94%), but
it remains common in the other projects as well, including Chart (18/26, 69.23%), Math (73/106, 68.86%), and Time
(20/27, 74.07%). Compared with extrinsic hallucinations, these recheck events are more prevalent, suggesting that
when equipped with codebase exploration tools, the agent is usually able to identify relevant regions of code,
but still tends to terminate investigation before sufficiently examining all candidate method bodies. Across the
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triggered cases, self-check removes 184 candidates, among which 177 are non-faulty according to the benchmark
ground truth, while 7 correspond to fault locations, yielding a removal precision of 96.19%.

Finally, advanced location identification further improves candidate recovery after the earlier checks. We
observe that this stage corrects 29 and 35 previously unsuccessful localization stages under Top-3 and Top-5,
respectively. Although its effect on Top-1 is smaller, this result suggests that revisiting earlier reasoning can still
help recover true faulty methods that were missed in earlier stages and bring them into the final candidate list.

Case Study. To highlight the significance of FaultLens’s enhanced performance, particularly in the Top-1
metric, we demonstrate its FL capabilities on a real-world bug. Figure 9 illustrates FaultLens’s pipeline for bug
Closure-59 from the Defects4J [20] dataset, showing a single independent run of the framework. Closure-59
represents the 59th documented bug in the Google Closure Compiler [13], included in Defects4J. Due to space
limitations, some details, such as the agent’s analysis of tool outputs, are omitted. In Figure 9, the system comprises
the user, the agent, codebase exploration tools, and the environment. The user only needs to supply the failing
test case information and receive the final ranked list of FL candidates, while the FL process involves interactions
between the agent, tools, and environment, with the agent driving the process of identifying suspicious locations.

The top portion of Figure 9 provides a brief description of the failing test case. This bug arises because the
Compiler class does not correctly handle the --jscomp_off=globalThis option, which leads to an unintended
JSC_USED_GLOBAL_THIS warning. During the initial issue analysis, the agent identifies a potential cause of the
failure, but further investigation is required to determine the responsible location.

In the first iteration, the agent invokes two tools to retrieve information on the class
CommandLineRunnerTest and the imported libraries in CommandLineRunner. After analyzing the tools’ out-
puts, the agent attempts to exit the loop but incorrectly identifies two non-existent methods, compile and
createCommandLineRunner, within the class CommandLineRunner. These extrinsic hallucinations are captured
by the environment through location extraction validation, prompting the agent to continue its investigation.
Upon receiving feedback indicating that compile is a non-existent method in the class CommandLineRunner, the
agent proceeds to gather additional compilation-related information. It then uses tools to obtain information
on the Compiler class and the files under src/com/google/javascript/jscomp. Based on the newly collected
information, the agent identifies two actual methods, compile and initOptions, but does not inspect their
contents, which triggers the self-check mechanism. The agent rechecks these methods, confirming their defec-
tiveness. Through advanced location identification, it produces two additional locations and ultimately ranks all
four candidates, outputting a final ranked list in which initOptions, the true fault location, is ranked highest.

In contrast, the LLM-based agent approaches, AutoFL and SoapFL, both face challenges in accurately locating
the truly defective location for Closure-59. In the case of AutoFL, the method initOptions is ranked well outside
the Top-5, indicating that its prioritization may not effectively support downstream repair tasks, particularly if
the repair process adheres to the ranking provided by the FL results. SoapFL, which follows a fixed workflow by
first identifying suspicious classes and then selecting suspicious methods within those classes, also struggles in
this case. Specifically, for Closure-59, SoapFL fails to identify the class containing initOptions as suspicious,
thereby preventing accurate fault localization.
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Fig. 9. FaultLens’s pipeline on the bug Closure-59. The figure shows how initial issue analysis, location extraction validation,
conditional self-check, and advanced location identification interact during fault localization.
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Answer to RQ1: FaultLens outperforms various baselines on the Defects4J benchmark. The overlap
analysis shows that although FaultLens shares many localized bugs with existing LLM-based agents
under Top-3 and Top-5, it identifies substantially more unique bugs under Top-1. The hallucination-related
event analysis further indicates that repository-scale FL agents frequently suffer from invalid locations,
insufficiently inspected candidates, and missed fault locations, while FaultLens’s location extraction
validation, conditional self-check, and advanced location identification mechanisms help mitigate these
issues. The case study on Closure-59 illustrates how the overall workflow helps recover from misleading
intermediate localization results and ultimately identify the true faulty method.

Table 5. Ablation study results. Among them, LEV stands for Location Extraction Validation, CSC stands for Conditional
Self-check, and ALI stands for Advanced Location Identification. The entry ”w/o All” refers to a variant where all three
components are removed. ”w/o Ranking” disables the ranking step introduced in Section 4.2.4

Top-N w/o LEV & CSC w/o CSC w/o ALI w/o All w/o Ranking FaultLens
Top-1 167 190 193 161 195 205
Top-3 207 243 233 203 256 259
Top-5 221 261 237 207 274 278

5.2.2 RQ2: What impact do individual components of FaultLens have on the accuracy? We evaluate the effective-
ness of our design by investigating the impact of location extraction validation, conditional self-check mechanism,
and advanced location identification on performance. We create four variants of the original design: one without
the location extraction validation and self-check mechanism, one without the self-check mechanism, one without
advanced location identification, and one without all three components. In addition, to examine the contribution
of the ranking component introduced in Section 4.2.4, we include an extra variant that disables the ranking step.
Table 5 presents the results of the ablation study.

When the conditional self-check mechanism is removed, the performance drops by 7.31%, 6.17%, and 6.11%
in the Top-1, Top-3, and Top-5 metrics, respectively. Removing both the location extraction validation and the
self-check mechanism together leads to declines of 18.53%, 20.07%, and 20.50% in the Top-1, Top-3, and Top-5
metrics. The location extraction validation helps identify non-existent locations, providing feedback for further
investigation. Without it, premature conclusions caused by extrinsic hallucinations go undetected.The conditional
self-check mechanism offers the agent a second opportunity to thoroughly inspect previously unexamined code.
These results indicate that the location extraction validation is crucial for FaultLens’s performance, while
the conditional self-check mechanism also plays a key role in addressing intrinsic hallucinations arising from
incomplete investigation.

When the advanced location identification is removed, there is only a slight degradation in the Top-1 metric.
However, the decline becomes more pronounced for the Top-3 and Top-5 metrics, with decreases of 10.03%
and 14.74%, respectively. Although the agent can only identify FL candidates through preliminary location
identification, the location extraction validation compels it to perform an in-depth inspection of the codebase,
maintaining an advantage in the Top-1 metric. However, without advanced location identification, the agent
struggles to identify less obvious but still suspicious locations. These locations may be missed in preliminary
location identification due to faulty reasoning, but the combination of comprehensive investigation, location
extraction validation, and the self-check process helps correct the initial reasoning errors. Although the FL
candidates identified in advanced location identification may be ranked lower by the agent, including them in the
list is significantly better than excluding them entirely. Without advanced location identification, these locations,
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which are typically ranked beyond the first location, now have no chance of appearing in the list, contributing to
the decline in Top-3 and Top-5 performance.

Notably, the variant without all three components shows declines of 21.46%, 21.62%, and 25.53% in the Top-1,
Top-3, and Top-5 metrics, respectively, highlighting FaultLens’s superior performance over the LLM-based agent
that can only use tools. This is because these three components work together to construct a more comprehensive
decision stage, mitigating both extrinsic and intrinsic hallucinations while leveraging the LLMs’ advantage in
code comprehension, thus leading to better performance.

Finally, we analyze the impact of the ranking mechanism. Removing the ranking step results in only minor
declines of 4.87%, 1.15%, and 1.43% in the Top-1, Top-3, and Top-5 metrics, respectively. This indicates that
while the ranking component can modestly enhance the final output by reordering the collected candidates, its
contribution is limited compared to the core components. In particular, accurately identifying fault locations,
especially those obscured by hallucinations, primarily relies on the earlier components rather than on post-hoc
ranking. The ranking step serves to refine the candidate list based on already discovered information, but it
cannot compensate for candidates that were missed or misidentified during the initial investigation.

Table 6. Comparison between FaultLens and a deterministic-feedback variant. This variant retains Location Extraction
Validation, removes Advanced Location Identification, and replaces the LLM-based self-check with rule-based filtering based
on whether a candidate method has been inspected.

Top-N Det. Feedback FaultLens
Top-1 183 205
Top-3 235 259
Top-5 246 278

Motivated by the possibility that additional LLM-based checking may be replaced by deterministic feedback, we
further implement a deterministic-feedback variant. This variant retains location extraction validation, removes
advanced location identification, and replaces the LLM-based self-check with a rule-based strategy: candidates
whose contents have not been inspected are removed directly. If no candidate remains after filtering, the agent is
sent back to the tool invocation loop with feedback indicating that these locations have not been inspected and
recommending the use of extract_method to examine their contents in the subsequent investigation.

Table 6 presents the results. Compared with FaultLens, the deterministic-feedback variant achieves lower
performance across all Top-N metrics, with declines of 10.73%, 9.26%, and 11.51% in Top-1, Top-3, and Top-5,
respectively. These results suggest that deterministic feedback is helpful for reducing premature conclusions,
but it cannot fully replace the complete decision-stage design of FaultLens. In particular, replacing self-check
with rule-based filtering weakens the agent’s dedicated re-examination of previously uninspected candidates and
removes an important source of feedback from the interaction history. Moreover, without advanced location
identification, the agent is less able to correct earlier reasoning errors and recover suspicious locations that were
missed during preliminary location identification.
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Answer to RQ2: The location extraction validation, conditional self-check, and advanced location iden-
tification significantly contribute to the accuracy of FaultLens. Removing these components results
in varying degrees of performance degradation. Compared to FaultLens, the variant lacking all three
components shows performance declines of 21.46%, 21.62%, and 25.53% in the Top-1, Top-3, and Top-5
metrics, respectively. In contrast, removing the ranking step leads to only minor drops, indicating its
comparatively limited impact. We further find that a deterministic-feedback alternative improves over
weaker ablated variants, but still remains inferior to the full framework, indicating that rule-based filtering
alone cannot substitute for the combination of conditional self-check and advanced location identification
in FaultLens.

5.2.3 RQ3: To what extent do the proposed mechanisms provide evidence of transferability beyond FaultLens in
an external repository-scale localization workflow? To examine whether the proposed hallucination-mitigation
mechanisms provide evidence of transferability beyond FaultLens, we adapt them to the fault-localization stage
of AutoCodeRover [71]. AutoCodeRover is an autonomous program-improvement framework rather than a
standalone fault localization approach. It takes as input a GitHub issue’s problem statement and the corresponding
codebase, performs iterative context retrieval with code search APIs, and then generates a patch. Its default
workflow is therefore issue-driven, rather than failing-test-driven as in FaultLens, although it can additionally
incorporate test-based fault localization when a test suite is available.

We conduct this evaluation on SWE-bench-Lite, a curated subset of SWE-bench [17] designed for more efficient
evaluation on self-contained functional bug-fixing tasks. Following prior work on repository-scale localization
over SWE-bench-Lite [11], we use the patched functions as the localization targets and evaluate on the same 274
instances retained by [11], which excludes examples whose patches do not modify any existing functions. To eval-
uate transferability beyond FaultLens, we adapt AutoCodeRover by incorporating our hallucination-mitigation
mechanisms into its localization process while keeping its original methodology otherwise unchanged. Specifi-
cally, we evaluate four configurations: the original AutoCodeRover localization process, AutoCodeRover+LEV,
AutoCodeRover+LEV+CSC, and AutoCodeRover+LEV+CSC+ALI, where the abbreviations follow those used
in RQ2. For all configurations, we use GPT-4o-mini as the foundation model, follow AutoCodeRover’s default
temperature setting of 0.2, and report the average numbers of correctly localized instances under Top-1, Top-3,
and Top-5 over five independent runs, rounded to the nearest integer.

Table 7. Transferability of the proposed hallucination-mitigation mechanisms on AutoCodeRover. Results are averaged over
five independent runs and rounded to the nearest integer.

Top-N AutoCodeRover +LEV +LEV+CSC +LEV+CSC+ALI
Top-1 67 86 91 93
Top-3 83 112 114 124
Top-5 85 114 116 131

Table 7 presents the transferability results of our hallucination-mitigation mechanisms on AutoCodeRover. We
observe that all three Top-N metrics improve consistently as more components are introduced. Compared with
the original AutoCodeRover localization process, the full variant with LEV, CSC, and ALI increases the number of
correctly localized instances from 67 to 93 in Top-1, from 83 to 124 in Top-3, and from 85 to 131 in Top-5. These
correspond to relative improvements of 38.80%, 49.39%, and 54.11%, respectively, indicating that the benefits of
our design are not limited to FaultLens itself.

Among the three components, LEV yields the largest immediate gain over the original AutoCodeRover
configuration, increasing the number of correctly localized instances by 19, 29, and 29 in Top-1, Top-3, and Top-5,
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respectively. This result suggests that invalid locations are a non-trivial source of error in AutoCodeRover’s
localization process, and that explicitly validating extracted locations is effective in reducing such failures.

After LEV is introduced, CSC brings additional but relatively modest improvements. Our manual inspection of
the detailed results shows that, although CSC is also triggered frequently in AutoCodeRover, it rarely rejects all
currently identified locations and therefore seldom sends the workflow back for substantially deeper investigation.
In most cases, its role is to more carefully re-examine locations that were not sufficiently inspected earlier, which
still improves localization quality but with a smaller overall effect.

Finally, adding ALI further improves the results, especially for Top-3 and Top-5, where it increases the number
of correctly localized instances by 10 and 15, respectively, over AutoCodeRover+LEV+CSC. This observation is
consistent with our findings in RQ2: once invalid and insufficiently inspected locations are better controlled, an
additional identification step can further recover suspicious locations that may have been missed due to earlier
reasoning bias.

Notably, these improvements are obtained on an external workflow. AutoCodeRover is embedded in an
issue-driven repair pipeline and does not take failing test error information as its primary input, yet our
hallucination-mitigation mechanisms remain effective after adaptation. This result provides evidence that the
proposed mechanisms are not tied to a single failing-test-centered FL framework, but can transfer to another
LLM-based repository-scale localization workflow with a different task setting.

Answer to RQ3: The proposed hallucination-mitigation mechanisms also improve AutoCodeRover, an
external repository-scale localization workflow embedded in an issue-driven repair pipeline. Compared
with the original AutoCodeRover localization process, the full adapted variant improves Top-1, Top-3,
and Top-5 by 38.80%, 49.39%, and 54.11%, respectively. These results provide evidence of transferability
beyond FaultLens in one external issue-driven repository-scale localization workflow.

5.2.4 RQ4: How do different hyperparameter configurations influence FaultLens? In this RQ, we examine the
impact of hyperparameter configurations on FaultLens. We focus on three types of hyperparameters: model
temperature 𝑡, the upper limit of the tool invocation loop 𝑙, and the number of runs 𝑛. Starting with the original
configuration of FaultLens as 𝑡=0.2, 𝑙=10, 𝑛=5, we experiment with variations by modifying only one hyperpa-
rameter at a time while keeping the others unchanged. For the model temperature 𝑡, we evaluate three values: 𝑡 =
0.0, 0.2, and 0.8. Compared to the original setting, a temperature of 0.0 results in more stable model outputs, while
a temperature of 0.8 introduces greater variability. Based on our previous observations, in over 95% of cases,
FaultLens autonomously concludes investigations without reaching the upper limit of 10 iterations. Therefore,
for the upper limit of the tool invocation loop 𝑙, we test values of 𝑙 = 5 and 𝑙 = 10. To analyze the impact of the
number of runs, we compare the performance for 𝑛 = 1, 3, and 5. Table 8 shows the performance of FaultLens
across various hyperparameter settings.

Table 8. Performance of FaultLens across various hyperparameter settings

Settings Results
𝑡 𝑙 𝑛 Top-1 Top-3 Top-5

0.0 10 5 204 253 270
0.2 10 5 205 259 278
0.8 10 5 197 256 281
0.2 5 5 200 254 271
0.2 10 1 195 244 246
0.2 10 3 200 258 270

ACM Trans. Softw. Eng. Methodol.

 



Measure Twice, Locate Once: Mitigating Hallucinations in LLM-based Agents for Repository-Scale Fault Localization • 27

Starting with the original configuration, we find that modifying the model temperature or the upper limit of
the tool invocation loop has minimal impact on FaultLens’s performance, with fluctuations not exceeding 3.91%
across all metrics. Increasing the number of runs generally results in stable or improved performance. Notably,
the improvement from 1 to 3 runs is more evident in the Top-3 and Top-5 metrics, while further increasing the
number of runs to 5 yields diminishing returns. This suggests that FaultLens is capable of maintaining strong
performance even with a limited number of runs, making it effective when constraints restrict the number of
runs to 3. Moreover, even with just one run, FaultLens achieves remarkable Top-1 performance.

Answer to RQ4: Changes to temperature and tool loops have minimal impact on FaultLens (<=3.91%).
Performance improves notably from 1 to 3 runs in the Top-3 and Top-5 metrics, with diminishing gains
beyond that. Even with a single run, strong Top-1 results are achieved.

5.2.5 RQ5: How effectively does FaultLens generalize to different programming languages? To evaluate the cross-
language generalizability of FaultLens, we apply the original framework to a dataset of real-world Python bugs,
using 354 successfully reproduced bugs from the BugsInPy benchmark. The distribution of bugs across projects is
presented in Table 3.

While the overall framework of FaultLens remains unchanged, we make several adjustments to the codebase
exploration tools to accommodate differences in programming paradigms: Java is strictly object-oriented, whereas
Python supports both object-oriented and procedural styles. To handle cases where Python files do not contain
any classes, we introduce a tool, get_file_info(𝑓), which provides an overview of a file f, including its package
and import statements, the classes it contains (if any) along with their covered methods, and a list of standalone
functions not belonging to any class. In addition, based on our prior investigation, inner classes are rarely used in
Python. As a result, we do not provide a dedicated get_inner_class_info(𝑐, 𝑖𝑐, [𝑓=None]) tool for Python
projects. In the Fault Localization Decision stage, FaultLens identifies suspicious locations by specifying the
file, class, and method. However, since suspicious functions in Python may be standalone and not associated with
any class, we ensure that all tools presenting method or function signatures also include their start and end lines
within the file. For consistency, suspicious locations are identified using a unified format: file, method/function
name, start line, and end line.

Table 9. Performance of AutoFL and FaultLens on the BugsInPy benchmark.

Top-N AutoFL FaultLens
Top-1 159 172
Top-3 220 230
Top-5 231 237

Table 9 presents the performance of AutoFL and FaultLens on the reproduced bugs from the BugsInPy
benchmark. Compared to AutoFL, FaultLens improves the Top-1, Top-3, and Top-5 metrics by 8.17%, 4.54%,
and 2.59%, respectively. These results indicate that FaultLens maintains performance that is better than or
comparable to the state-of-the-art when applied to a different programming language.

To further examine whether the hallucination-related trends remain similar on Python bugs, we also analyze
the execution traces of FaultLens on BugsInPy. The rates are not exactly the same as those on Defects4J. In
particular, extrinsic-hallucination-triggering events remain non-negligible on BugsInPy, occurring in 65 out of
354 bugs (18.36%), although this rate is lower than the 154 out of 395 bugs (38.98%) observed on Defects4J. By
contrast, conditional self-check is still triggered in 250 out of 354 bugs (70.62%), which is close to the 287 out of
395 bugs (72.65%) observed on Defects4J. This suggests that when transferred to Python, the agent is still prone to
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identifying non-existent locations in a noticeable portion of cases, while premature termination of investigation
before sufficiently inspecting all candidate method bodies remains common. Across the triggered cases, self-check
removes 106 candidates, 89 of which are non-faulty according to the benchmark ground truth, yielding a precision
of 83.96%. Advanced location identification further corrects 29 and 33 previously unsuccessful localization stages
under Top-3 and Top-5, respectively, indicating that revisiting earlier reasoning remains beneficial beyond the
Java benchmark.

Answer to RQ5: FaultLens outperforms the LLM-based agent baseline on the BugsInPy benchmark,
demonstrating its effectiveness in localizing faults in Python projects. The execution-trace analysis further
shows that the hallucination-related issues targeted by FaultLens also appear in Python bugs: extrinsic
hallucinations remain non-negligible, and premature termination of investigation remains common.
Moreover, conditional self-check continues to remove non-faulty candidates, while advanced location
identification recovers previously unsuccessful localization cases, indicating that the key mitigation
mechanisms of FaultLens generalize beyond Java.

5.2.6 RQ6: How effectively does FaultLens generalize to different LLMs? To further assess the generalizability
of FaultLens across different LLM backends, we evaluate it with four representative foundation models. GPT-
4o (gpt-4o-2024-11-20) [15] and Qwen3-Max [47] are included as proprietary general-purpose models, while
DeepSeek-V3 (DeepSeek-V3-0324) [30] and Devstral 2 [39] are included as open-weight models. Among them,
Devstral 2 further represents a code-oriented backend. We keep the remaining settings unchanged so that the
comparison focuses on the impact of the foundation model.

Table 10. Comparing Foundation Models for FaultLens on the Defects4J-V1.2.0 Benchmark

Settings Results
𝑚 𝑡 𝑙 𝑛 Top-1 Top-3 Top-5

GPT-4o 0.2 10 5 225 281 302
Qwen3-Max 0.2 10 5 269 319 325
DeepSeek-V3 0.2 10 5 237 298 319
Devstral 2 0.2 10 5 250 306 320

Table 10 shows that FaultLens remains effective across all four evaluated model backends. Replacing the
default GPT-4o-mini backbone with stronger alternatives consistently improves FL performance. Among the
evaluated models, Qwen3-Max achieves the best overall results, followed by Devstral 2 and DeepSeek-V3, while
GPT-4o also yields clear gains over the default setting. These results suggest that FaultLens is not tied to a
specific model provider or model family. Rather, it generalizes well across both proprietary and open-weight
backends.

Table 11. Ablation study results with DeepSeek-V3 as the foundation model.

Top-N w/o LEV & CSC w/o CSC w/o ALI w/o All w/o Ranking FaultLens
Top-1 223 230 233 217 234 237
Top-3 266 287 287 265 292 298
Top-5 284 306 294 272 314 319

The results above show that FaultLens generalizes across different foundation models. A further question is
whether the proposed decision-stage components remain beneficial after replacing the default backbone with
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a stronger model. To examine this, we conduct an additional ablation study using DeepSeek-V3 as a stronger-
than-default representative backbone. We choose DeepSeek-V3 for this repeated ablation because it provides a
practical balance between model capability and experimental cost, while still representing a substantial upgrade
over the default GPT-4o-mini setting. The ablation setting otherwise remains the same as in RQ2.

Table 11 shows that the decision-stage components of FaultLens remain effective under the stronger DeepSeek-
V3 foundation model. Removing CSC leads to consistent degradation across all Top-N metrics, with performance
decreasing by 2.95% in Top-1, 3.69% in Top-3, and 4.07% in Top-5. When LEV and CSC are removed together,
the degradation becomes more substantial, reaching 5.90%, 10.73%, and 10.97% on Top-1, Top-3, and Top-5,
respectively. These results indicate that, even with a stronger foundation model, validating extracted locations
and enforcing additional self-checking still help reduce unsupported predictions and insufficient investigation.

Removing ALI also causes consistent performance degradation. The effect is limited on Top-1, where the
decrease is 1.68%, but becomes more evident on Top-3 and Top-5, with reductions of 3.69% and 7.83%, respectively.
This pattern is consistent with the findings in RQ2: without ALI, less obvious yet still suspicious locations are
more likely to be missed, which primarily affects broader candidate sets.

When all three hallucination-mitigation components are removed, the degradation becomes considerably
larger. Relative to the default configuration, performance decreases by 8.43% in Top-1, 11.07% in Top-3, and 14.73%
in Top-5. This result further suggests that the three components remain complementary under DeepSeek-V3:
LEV filters unsupported location predictions, CSC encourages more adequate inspection, and ALI provides an
opportunity to recover from earlier reasoning errors. Overall, the benefits of the proposed hallucination-mitigation
design are not confined to weaker foundation models, but remain stable after upgrading the foundation model.

Disabling the ranking step also results in consistent but smaller degradation, with reductions of 1.26%, 2.01%,
and 1.56% on Top-1, Top-3, and Top-5, respectively. This observation is consistent with the ablation results in
RQ2, suggesting that ranking helps refine the final output, whereas the more substantial gains come from the
hallucination-mitigation components that improve candidate quality before ranking.

Answer to RQ6: FaultLens generalizes well across diverse foundation models. It consistently benefits
from stronger backbones and remains effective across both proprietary and open-weight models, including
a code-oriented backend. Further ablation results on DeepSeek-V3 show that the proposed hallucination-
mitigation components remain consistently beneficial even under a stronger backbone model. This
indicates that the effectiveness of these components does not vanish as model capability improves, but
continues to contribute to localization quality.

5.2.7 Failure Analysis of FaultLens. Although FaultLens achieves clear improvements in aggregate Top-N
performance, we observed representative failure trajectories in which hallucinations still persist or in which later
decision stages introduce new errors. Because LLM-based agent behavior can vary across runs, and FaultLens
further reduces such variability through multi-run rank-based voting in its default setting, the following examples
are representative individual-run failure modes rather than dominant outcomes of the overall framework.
Failure Trajectory 1: Conditional self-check is triggered but fails to remove a false positive. In one

representative run, the agent identified a candidate whose method body had not been inspected during the
tool-invocation loop, which correctly triggered the conditional self-check mechanism. However, after rechecking
the code, the agent still retained this non-buggy method as suspicious, and the false positive remained in the final
candidate list. This failure suggests that conditional self-check does not fully eliminate intrinsic hallucinations
caused by incomplete investigation. A possible reason is that the self-check is still performed by the same model
after preliminary location identification, and its judgment may therefore inherit earlier faulty assumptions formed
during the initial reasoning process.
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A potential mitigation is to make the self-check stage more evidence-grounded. For example, the model could
be required to explicitly justify each retained candidate using concrete code evidence tied to the observed failure.
Moreover, for ambiguous candidates, future work may aggregate self-check judgments across multiple agents or
employ lightweight multi-agent discussion to reduce the impact of a single biased recheck.

Failure Trajectory 2: Advanced location identification introduces a false positive that outranks the
true faulty method. In another representative run, the preliminary location identification had already included
the true faulty method, but the advanced location identification stage introduced an additional false positive.
During the final ranking stage, this newly introduced candidate was ranked above the true faulty method, thereby
harming Top-1 performance even though the correct location was still present in the final list. This example
shows that advanced location identification, while useful for recovering overlooked candidates, can sometimes
introduce new ranking errors. A possible reason is that this stage reasons over the broader accumulated context
and may overgeneralize from partial but plausible evidence.

A possible mitigation is to make the final ranking stage aware of how each candidate was produced. For instance,
candidates newly introduced by advanced location identification could be assigned a lower prior confidence
unless they are supported by stronger direct evidence than previously retained candidates. Future work may
also introduce a secondary agent to perform external investigation and confirmation when a candidate newly
introduced by advanced location identification is ranked above earlier validated candidates.

Overall, these failure trajectories indicate that the proposed hallucination-mitigation components substantially
improve fault localization performance, but they do not fully eliminate residual false positives or ranking errors.
At the same time, these examples should be interpreted together with the aggregate evaluation results, which
show that FaultLens remains effective overall and that multi-run aggregation helps reduce the influence of
unstable outcomes from individual runs.

6 Threats To Validity
One threat to internal validity is the nondeterminism of LLM inference, which can cause slight variations in
results across different runs. To address this issue, we employ a rank-based voting strategy among multiple
runs to reduce the impact of nondeterminism and achieve more reliable results. Additionally, our evaluation
of temperature settings indicates that FaultLens remains relatively stable across different temperature values.
Another internal validity concern is the potential for data leakage within LLMs, as the dataset being evaluated
may be part of their training data. To minimize this risk, we avoid disclosing any information about project
names, versions, bug IDs, or human-written bug reports. In addition, our ablation study reveals that an LLM-based
agent lacking our designed components performs poorly compared to FaultLens, indicating that LLMs cannot
directly memorize all ground-truth data. The accuracy improvements achieved by FaultLens demonstrate the
effectiveness of our methodology.

The primary threat to external validity arises from the benchmarks, target workflows, and foundation models
used in our evaluation. Although we assess FaultLens on two real-world benchmarks, Defects4J for Java and
BugsInPy for Python, evaluate it with both proprietary and open-weight foundation models, and provide initial
evidence of transferability by adapting the proposed hallucination-mitigation mechanisms to the fault-localization
stage of AutoCodeRover on SWE-bench-Lite, these settings still cannot fully cover the diversity of programming
languages, project types, LLM architectures, and repository-scale localization workflows encountered in practice.
Evaluating additional model backends would require substantial computation and API costs, while extending
FaultLens and its mitigation mechanisms to more languages, benchmarks, and target workflows would require
additional engineering effort. We leave broader evaluations in these directions for future work.

Applicability and limitations. FaultLens is designed for repository-scale fault localization in settings where
at least one failing test can be reproduced. In our current implementation, codebase exploration is guided by
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test coverage information to focus the investigation on code that is more directly related to the observed failure.
In each run, FaultLens operates on one selected failing test and currently localizes faults at the method level.
The current implementation further assumes source code that can be parsed by our syntax-aware tooling and
repositories that can be checked out and analyzed. Even without collected coverage information, the overall
framework can still execute based on the failing test and error information alone, although such guidance helps
narrow the search space and improve efficiency.

7 Related Work

7.1 Fault Localization
Spectrum-based FL (SBFL) [2–4, 19, 48, 57, 69] is one of the most prevalent traditional FL techniques. SBFL relies
on coverage data gathered from test case executions to assess the likelihood of each program element being
faulty. For each program element 𝑒, the number of failed test cases that cover it, 𝑁𝑓(𝑒), or do not cover it, 𝑁𝑓( ̄𝑒),
as well as the number of passed test cases that cover it, 𝑁𝑝(𝑒), or do not cover it, 𝑁𝑝( ̄𝑒), are commonly used
in suspiciousness calculations. There are numerous SBFL formulae extensively used in debugging, including
Tarantula [19], Ochiai [3], Jaccard [4], and Dstar [57]. For example, in the Tarantula formula, the suspiciousness
of each statement is 𝑁𝑓(𝑒)/𝑁𝑓/(𝑁𝑓(𝑒)/𝑁𝑓 + 𝑁𝑝(𝑒)/𝑁𝑝), where 𝑁𝑓 and 𝑁𝑝 refer to the total number of failing
and passing test cases, respectively. Mutation-based FL (MBFL) [40, 43, 70] uses mutation analysis to tackle the
issue of multiple program elements receiving identical suspiciousness scores, which is caused by coarse coverage
information. MBFL utilizes mutants to evaluate how program elements influence test case results in order to
calculate suspiciousness values. For instance, Metallaxis [43] treats mutants that affect test outcomes as covered
by the tests, while those without impact are considered uncovered. It then calculates the suspiciousness of each
mutant based on SBFL formulae. However, MBFL incurs the cost of mutation testing and is ineffective for program
elements where mutants cannot be generated.

In recent years, a variety of learning-based methods [6, 26, 27, 34, 50, 63, 72] have been developed to enhance
SBFL by incorporating diverse features. FLUCCS [50] combines multiple code and change metrics, using Genetic
Programming (GP) as its learning mechanism. CNNFL [72] leverages convolutional neural networks (CNN)
[23] to process execution information for statement suspiciousness calculations, while DeepFL [26] integrates
multi-dimensional features, training distinct neural networks for fault localization. GRACE [34] utilizes detailed
coverage information through a Gated GraphNeural Network (GGNN) [29]model. Numerous other learning-based
FL techniques [14, 28, 73] combine insights from traditional FL approaches with traditional machine-learning
or deep-learning methods. Although these approaches often achieve performance gains, they typically depend
on supervised training with project-specific data, which can limit scalability, adaptability, and practical use.
Therefore, our evaluation includes only one representative learning-based technique, FLUCCS.

With the advent of LLMs, these models have demonstrated remarkable capabilities in programming tasks,
such as code generation [12, 33, 44] and comprehension [18, 67]. Recent research [55, 60, 64] has focused on
applying LLMs to FL tasks. Wu et al. [60] provide ChatGPT [42] with method-level context and test failure
information. Yang et al. [64] fine-tune bidirectional adapter layers on top of CodeGen’s learned representations
[41]. Widyasari et al. [55] employ LLMs to generate step-by-step reasoning. However, these approaches are
limited by the restricted input length in their settings, making them unsuitable for repository-scale FL tasks that
require more comprehensive codebase details as input. The use of LLM-based agents, organized into perception,
brain, and action modules, helps mitigate this limitation. Recent work [21, 53] has begun to employ tool-equipped
agents for FL tasks. AutoFL [21] leverages tool invocations to identify failure root causes and locate defective
methods, representing an early tool-augmented LLM-based approach to repository-scale fault localization.
FaultLens shares this high-level setting, but differs in its technical focus. Rather than only relying on codebase
investigation and direct localization output, FaultLens introduces an explicit hallucination-aware decision stage,
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including location extraction validation, conditional self-check, and advanced location identification, to address
invalid locations, insufficiently inspected candidates, and reasoning errors during localization. We present these
differences not merely as implementation variations over AutoFL, but as a different design emphasis: improving
repository-scale fault localization by explicitly modeling and mitigating hallucination-related failure modes. In
addition, FaultLens does not reuse AutoFL’s exploration layer. Instead, we design a set of repository exploration
tools to support more flexible codebase investigation. This design allows the agent to initiate investigation from
file-, class-, or method-level context as needed, instead of following a strongly pre-structured exploration path.
Similar to AutoFL, RCAgent [53] uses tool invocations for FL in cloud computing environments. SoapFL [46] is a
multi-agent FL system that follows a standard operating procedure guided by LLMs to localize buggy methods in
a repository. It organizes the FL process into three fixed phases: fault comprehension, codebase navigation, and
fault confirmation, with tools assigned to specific agents in each phase. Unlike SoapFL, FaultLens allows the
agent to invoke codebase exploration tools during investigation on demand. Furthermore, FaultLens repeats the
same agent configuration across multiple independent low-temperature runs and aggregates the resulting ranked
candidate lists to reduce the impact of LLM nondeterminism, thereby improving result stability.

7.2 LLMs in Broader Software Engineering Applications
With the rapid advancement of LLMs, these models have been increasingly adopted across a wide range of software
engineering tasks beyond fault localization. LLM-powered approaches have been applied to code generation,
test case generation, program repair, and more, demonstrating their potential to automate and augment various
stages of the software development lifecycle.

Code generation is a core application of LLMs in software engineering. SYNCHROMESH [44] improves genera-
tion reliability through semantic example selection and constrained semantic decoding. Broader evaluations [68]
have systematically benchmarked pre-trained models across diverse code generation tasks, revealing both their
strengths and limitations. Recently, library-oriented code generation has attracted increasing attention, where
models are required to generate code that adheres to specific library usage. CodeGen4Libs [32] addresses this
challenge via a two-stage process that handles import prediction and code generation separately. CAPIR [36]
further improves generation quality by decomposing coarse-grained requirements and retrieving relevant APIs
in a compositional manner. The popularity of ChatGPT has also sparked a surge of interest in LLM-based code
generation, leading to a growing body of follow-up studies [12, 24, 33].

Recent studies have explored the use of LLMs for automated test case generation. CODET [10] leverages
pre-trained models to generate test cases for verifying candidate code completions and selecting the most
reliable outputs, significantly improving generation accuracy. LIBRO [22] focuses on generating executable test
cases directly from natural language bug reports, highlighting the potential of LLMs in bug reproduction tasks.
To address challenges in reasoning and correctness, TestChain [25] introduces a multi-agent framework that
decouples input/output generation and incorporates interpreter feedback, resulting in higher-quality test cases
from standalone LLMs.

LLMs have also been adopted for APR, offering greater flexibility compared to traditional pattern- or rule-based
approaches. ChatRepair [62] introduces a conversational APR paradigm, where the LLM iteratively generates
patches based on prior attempts and test failure feedback. AutoCodeRover [71] enhances repair effectiveness by
combining LLMs with structural code search over abstract syntax trees to resolve GitHub issues. MAGIS [51]
further proposes a multi-agent framework that assigns specialized roles to agents for collaborative planning and
patch generation, demonstrating the potential of structured coordination among LLMs in APR tasks.

Unlike the above studies that primarily focus on generation-based tasks, such as producing code, test cases,
or patches, our work tackles fault localization, which aims to identify suspicious locations in the codebase that
are likely responsible for observed failures. FaultLens leverages codebase exploration tools to investigate root
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causes, and incorporates specially designed components for hallucination mitigation to achieve more precise
localization.

8 Conclusion
In this work, we present FaultLens, an LLM-based agent FL technique with a decision-making stage that incor-
porates fine-grained feedback. By integrating location extraction validation, a conditional self-check mechanism,
and advanced location identification, FaultLens effectively mitigates both extrinsic and intrinsic hallucinations,
thereby enhancing FL accuracy. Our evaluation shows that FaultLens outperforms multiple FL techniques across
different categories, with up to a 43.35% improvement in Top-1 accuracy over LLM-based agent approaches.
Beyond FaultLens itself, our external workflow study further shows that the proposed hallucination-mitigation
mechanisms can be transferred to the fault-localization stage of AutoCodeRover, providing additional evidence
of their applicability in repository-scale localization workflows. In addition, experiments on a Python benchmark
and different LLM backends show that FaultLens maintains strong performance across different programming
languages and model providers, indicating its potential generalizability. A promising direction for future work is to
investigate how more accurate repository-scale fault localization may benefit downstream software maintenance
tasks.
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