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Abstract

Recent advances in multi-agent Large Language Model-
based code generation enable collaborative software de-
velopment through role-specialized agents. However, fail-
ure localization of code generation remains challenging due
to inter-agent dependencies and solution-path multiplicity.
Consequently, existing prompting-based localization meth-
ods exhibit vulnerability towards semantically valid but non-
canonical strategies. To address this, we propose FLKR
(Failure Localization via Knowledge-guided Reasoning), an
self-supervised framework that combines behavior encoding,
knowledge-strategy alignment, and consistency scoring for
solution-path invariant localization. To evaluate, we also in-
troduce COFL (Code Oriented Failure Localization), the first
expert-annotated benchmark for fine-grained failure localiza-
tion. Experiments show FLKR outperforms state-of-the-art
prompting-based baselines by up to 14 points in Fault Local-
ization Accuracy and 45 points in Top-1 accuracy, with strong
performance in divergent, real-world, and refinement-critical
cases. Such results demonstrate that our proposed FLKR gen-
eralizes well to real-world software development scenarios
and opens up a new direction for failure-aware refinement
recommendation by providing precise and interpretable re-
sponsibility signals.

Datasets — https://github.com/gmy2013/FLRK

Introduction
Recent advances in code generation have followed a clear
trajectory: from early encoder-decoder models (Wang et al.
2021, 2023d,c; Chen et al. 2022) trained on parallel
code-text corpora, to powerful single-agent LLMs capa-
ble of generating complete programs from natural language
prompts (Jiang et al. 2024; Li et al. 2025; Zhang et al. 2024,
2023a,b). Recent researches have shifted toward multi-agent
LLM systems (Wu et al. 2023; Islam, Ali, and Parvez 2024;
Dong et al. 2024; Huang et al. 2023; Du et al. 2024; Bai
et al. 2025; Ashrafi, Bouktif, and Mediani 2025; Cai et al.
2021; Wang et al. 2025b, 2024a; Liu et al. 2024), which dis-
tributed software development roles, such as product man-
ager, architect, engineer, and QA engineer, across special-
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Figure 1: An illustrative example of failure localization in
multi-agent code generation.

ized LLM agents to collaboratively plan, implement, and
verify complex software artifacts. This paradigm promises
greater modularity, interpretability, and scalability.

However, as coordination complexity increases, so too
does the likelihood of system-level failure, often arising
from miscommunication or flawed dependencies between
agents. As illustrated in Figure 1, accurately localizing such
failures is essential for building trustworthy and debuggable
multi-agent code generation systems, yet remains an un-
derexplored problem. Prior work on failure localization in
multi-agent LLM systems (Zhang et al. 2025) primarily op-
erates on natural language dialogue, with prompting-based
techniques, e.g., full-context input, step-wise prompting, or
binary search, over textual logs to query a frozen LLM for
the responsible agent. Unfortunately, existing advances op-
erate purely on surface-level text and assume strong align-
ment with a canonical trajectory. Consequently, the diver-
gent structures of code data from that of textual data, to-
gether with much more accurate and qualified output re-
quirements of the task of code generation, limit their effec-
tiveness in code-based settings.

Therefore, the failure localization in multi-agent code
generation particularly falls in the inherent solution-path
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multiplicity of programming tasks. On the one hand, mul-
tiple correct algorithmic strategies (e.g., greedy vs. Dy-
namic Programming) can yield valid implementations. On
the other hand, an LLM-based system might fail due to a
conceptual misunderstanding along one path, yet appear su-
perficially different from the reference. Moreover, failures
often stem from inter-agent dependencies, e.g., an upstream
design flaw affecting downstream components, making it
difficult to isolate responsibility. Compounding this, the ab-
sence of fine-grained supervision or labelled ground truth
at the agent level further complicates learning-based ap-
proaches. As a consequence, effective localization thus re-
quires not only structural reasoning over causal agent chains,
but also semantic alignment with abstract algorithmic intent
rather than surface-level code comparison.

To address the above challenges, we propose an un-
supervised framework named Failure Localization via
Knowledge-guided Reasoning (FLKR), which localizes
responsible agents in multi-agent code generation with-
out human supervision. More specifically, the proposed
FLKR integrates semantic encoding, strategy alignment, and
consistency-based reasoning to support solution-path invari-
ant failure localization. By encoding each agent’s behavior
into a latent representation, FLKR aligns the representation
with multiple algorithmic strategies from a domain knowl-
edge base. To estimate the responsibility score for each
agent, FLKR is trained via a self-supervised approach with
contrastive learning (Khosla et al. 2020), enabling learn-
ing from unlabeled logs. Subsequently, by quantifying each
agent’s deviation from both canonical strategies and contex-
tual behavior, FLKR achieves accurate localization of fail-
ures even under structurally different yet semantically valid
solutions.

To support evaluation, we construct Code Oriented
Failure Localization (COFL), the first benchmark with
expert-annotated fine-grained failure localizations in multi-
agent code generation. In concrete, COFL contains 2520 un-
labeled Codeforces cases from MetaGPT (Hong et al. 2023)
for training and 142 expert-annotated cases for evaluation,
covering both canonical and divergent solutions. We fur-
ther exploit real-world programming cases from the Soft-
wareDev dataset (Hong et al. 2023) to assess generalizabil-
ity. On COFL, FLKR outperforms state-of-the-art baselines
by up to 14 points in Fault Localization Accuracy and 45
points in Top-1 Localization Accuracy, and remains robust
on divergent-solution cases. FLKR also produces more in-
terpretable, actionable refinement suggestions and general-
izes well to real-world software debugging scenarios beyond
algorithmic benchmarks. Overall, the contributions of this
paper are organized as follows:

• We contribute and systematically study the novel prob-
lem of failure localization for multi-agent LLM-based
systems in code generation. To facilitate research in
this area, we present COFL, the first benchmark featur-
ing fine-grained, expert-validated annotations that trace
system-level failures back to their root causes at the agent
level.

• We propose an unsupervised framework for automated

failure localization at the agent level to pinpoint faulty
agents within a collaborative workflow.

• FLKR achieves state-of-the-art performance on the
COFL benchmark, outperforming prompting-based
baselines by up to 14 points in Fault Localization
Accuracy and 45 points in Top-1 Attribution, with
notable gains in cases involving divergent yet valid
solution paths, real-world software tasks, and refinement
recommendation quality.

Related Work
Failure Localization in Collaborative Systems
(Zhang et al. 2025) pioneers automated failure localiza-
tion in LLM-based multi-agent systems by introducing the
Who&When dataset and proposing methods to identify the
responsible agent and failure step. (Li, Naito, and Shirado
2025) further investigates reasoning failures using the Hid-
den Profile paradigm, analyzing how information asymme-
try among agents affects collaboration and failure attribu-
tion.

Root-Cause Analysis in Machine Learning
Root-cause analysis (RCA) has been extensively studied
in traditional systems, characterized by tabular data with
fixed inputs and outputs for each node. Typical approaches
incorporate the Structural Causal Model (SCM) to model
the interconnection across nodes, which includes discovery-
based (Ikram et al. 2022) and counterfactual-based (Bud-
hathoki et al. 2022) frameworks. To be specific, the for-
mer class, i.e., causal discovery-based RCA methods, con-
structs causal graphs using statistical or domain-informed
methods (Glymour, Zhang, and Spirtes 2019) (e.g., PC algo-
rithm (Ikram et al. 2022), DAG-GNN (Zheng et al. 2024)),
followed by ranking (Ma et al. 2019) or search-based (Chen
et al. 2014; Kim, Sumbaly, and Shah 2013) identifica-
tion of root causes. By contrast, the latter class, i.e., the
counterfactual-based RCA methods, instead model system
anomalies via interventions on exogenous variables while
preserving structural dependencies (Budhathoki et al. 2022;
Okati et al. 2024; Nguyen et al. 2024).

Root-Cause Analysis for Software Tasks
Root-cause analysis is essential in software incident man-
agement, particularly for microservice systems, where
causality aids localization (Wang et al. 2022, 2023a,b,
2025a; Yang et al. 2024). Recent approaches integrate
multi-modal data to address challenges like anomaly inten-
sity (Wang et al. 2024b), link exceptions to KPIs to reduce
alert fatigue (Liu et al. 2025), and combine anomaly detec-
tion with Bayesian methods for improved accuracy (Pham,
Ha, and Zhang 2024a,b). Advancements also explore LLMs
for diagnostic assistance (Ahmed et al. 2023) and collabo-
rative learning for behaviour-based root cause identification
(Lu et al. 2019). In microservices, methods employ causal
inference and trace analysis to localize failures (Meng et al.
2020; Li et al. 2021), underscoring the growing role of ad-
vanced analytics in RCA.
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However, conventional RCA paradigms are inadequate for
our problem setup, given the high-dimensional generative
workflows and complex interactions among multiple LLM
agents. Our work addresses this gap with a fault localization
framework specifically designed for multi-agent generative
systems.

Problem Formulation
Task Goal. Specifically, given a collaborative multi-agent
LLM system that generates code for a programming prob-
lem, the localization goal is to determine which agent(s)
were responsible for the failure and what proportion of the
failure can be localized to each agent. In other words, the lo-
calization task judges agents by quantifying their respective
scores to the failure of the code generation process.
Input. The input to this task consists of the following com-
ponents:

a) Programming Problem P : A description includes the
problem statement, input format, and the expected output.

b) Multi-agent Collaboration logL : A sequence of in-
teractions between multiple agents in the LLM system, in-
cluding a set of actions, decisions, code segments, and ex-
planations generated by agents, which are sequentially exe-
cuted by the system to produce the final code Cfail. The log
captures all interactions between the agents and is structured
as L = {l1, l2, . . . , lk}, where each li represents an individ-
ual agent’s contribution to the process.
Output. The output is a failure localization vector y =

{(Ai, ri)}|A|
i=1, where Ai represents an agent in the multi-

agent system; the responsibility score ri ∈ [0, 1] indicates
the proportion of failure assigned to agent Ai for the fail-
ure of the generated code, quantifying how much the agent
contributed to the failure.

Methodology
We propose an unsupervised framework, Failure
Localization via Knowledge-guided Reasoning (FLKR), for
localizing responsible agents in multi-agent code generation
without supervision. As shown in Figure 2, FLKR consists
of: (1) a Semantic Encoder that embeds agent decisions; (2)
a Knowledge Projection Module that aligns behaviors with
canonical strategies for solution-path invariance; (3) a Con-
sistency Scorer measuring deviation from knowledge and
context; and (4) an Unsupervised Responsibility Estimator
combining these signals for fine-grained localization.

Semantic Encoder
The goal of the Semantic Encoder is to transform the
raw interaction logs of each agent into structured, high-
dimensional representations that can be used for down-
stream knowledge alignment and graph reasoning. Each de-
cision unit li produced by an agent is composed of two com-
ponents: role, content. We encode these elements into a uni-
fied vector using a transformer-based encoder fenc Code-
BERT. The encoded vector is given by:

zi = fenc (li) = Encoder θ ([ role i; content i]) , (1)

where zi ∈ Rd captures the semantic behavior of agent i and
serves as the foundation for knowledge-guided alignment.

Knowledge Projection Module
The Knowledge Projection Module (KPM) facilitates
solution-path invariant reasoning by aligning each agent’s
behavior with a set of canonical strategies retrieved from a
domain knowledge base. For a given problem P , we obtain
a set of relevant algorithmic templates:

K = {K1,K2, . . . ,Km} , Kj = (Sj ,Rj) , (2)

where Sj denotes the code skeleton and Rj the reasoning
chain for strategy Kj . Both the agent representation zi and
the encoded knowledge entry Kj are projected into a shared
latent space H via a trainable projection function ϕ. The pro-
jected vectors are:

z̃i = ϕ (zi) , k̃j = ϕ (Enc (Kj)) , (3)

and the alignment score between agent i and knowledge en-
try j is computed via softmax-normalized dot product:

αi,j =
exp

(
z̃⊤i k̃j

)
∑m

j′=1 exp
(
z̃⊤i k̃j′

) . (4)

The scalar αi,j ∈ [0, 1] represents the strategy compatibility
score between the agent’s decision and a known correct al-
gorithmic solution, enabling localization that is agnostic to
surface-level implementation details.

Consistency Scorer
To identify agents whose decisions deviate from algorithmic
knowledge or contextual coherence, we introduce a Con-
sistency Scorer module that provides unsupervised diver-
gence signals. Two self-supervised criteria are used. First,
the knowledge divergence score is defined as the inverse of
the best-aligned strategy match:

dknowledge
i = 1−max

j
(αi,j) , (5)

which captures how far an agent’s decision strays from
any known valid solution path. Second, the contextual di-
vergence score compares each agent’s representation to its
neighborhood context in the interaction sequence:

dcontext
i =

∥∥∥∥∥∥zi − 1

|Ni|
∑
j∈Ni

zj

∥∥∥∥∥∥ , (6)

whereNi denotes the set of adjacent agents (e.g., prior roles
in the workflow). These are linearly combined to obtain the
overall divergence signal:

di = λ1d
knowledge
i + λ2d

context
i , (7)

which serves as a key unsupervised indicator of potential
agent-level failure.

320



Figure 2: The architecture of our unsupervised failure localization via knowledge-guided reasoning framework.

Unsupervised Responsibility Estimator
The final module, the Unsupervised Responsibility Estima-
tor, combines the local consistency signal and the global
causal influence of each agent to estimate a responsibility
score without supervision. For each agent i, we fuse the se-
mantic representation zi and the divergence score di, via a
lightweight scoring function:

si = MLP ([zi; di]) , (8)
where si ∈ R is the un-normalized localization score. These
scores are then normalized across agents via a softmax op-
eration:

ri =
exp (si)∑
j exp (sj)

. (9)

The resulting vector y = {(Ai, ri)} serves as the final agent-
level failure localization, derived entirely from unsupervised
signals rooted in knowledge alignment, contextual coher-
ence, and causal graph structure.

Training Objective and Optimization
Although FLKR is designed for unsupervised failure local-
ization, key components of the framework are trained in a
self-supervised manner using structured proxy signals de-
rived from knowledge alignment and internal consistency.
Specifically, we optimize the Knowledge Projection Mod-
ule by leveraging a self-supervised similarity objective and
a consistency-based pseudo-supervision signal.

The primary training loss is a contrastive knowledge
alignment loss based on InfoNCE (Oord, Li, and Vinyals
2018), defined as:

Lalign = −
k∑

i=1

log
exp

(
z̃⊤i k̃

+
i /τ

)
∑m

j=1 exp
(
z̃⊤i k̃j/τ

) , (10)

where z̃i is the agent projection, k̃+
i is the best-matching

knowledge vector (positive), τ is a temperature hyperparam-
eter, and other k̃j serve as negatives.

To train the Responsibility Estimator, we add a self-
distillation loss using the consistency scores di as soft
pseudo-labels:

Ldistill =
k∑

i=1

(
ri −

di∑
j dj

)2

. (11)

The overall training objective is:

L = Lalign + λ · Ldistill . (12)

During training, agent representations zi and retrieved
knowledge entries Kj are projected into a shared latent
space H via ϕ(·). Their alignment informs both the knowl-
edge compatibility scores αi, j and the self-supervised ob-
jective. The resulting consistency scores di are used by the
Responsibility Estimator. The model is trained end-to-end
with external priors from the knowledge base and problem
specifications.

Algorithm 1 outlines the FLKR pipeline for unsuper-
vised agent-level failure localization. It first encodes each
agent’s decision into semantic vectors and projects them into
a shared latent space for alignment with retrieved knowl-
edge strategies. A consistency score is computed based on
knowledge divergence and contextual deviation. Finally, the
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Algorithm 1: FLKR: Unsupervised Failure Localization

Require: Problem P , agent log L = {li}, knowledge base
Kbase

Ensure: Responsibility scores y = {(Ai, ri)}
1: // Encoding and Knowledge Projection
2: for each li ∈ L do
3: zi ← fenc(li), z̃i ← ϕ(zi)
4: end for
5: K ← Retrieve(P ), k̃j ← ϕ(Enc(Kj)) ∀j
6: // Consistency Scoring
7: for each i do
8: αi,j ← softmaxj(z̃⊤i k̃j)
9: di ← 1−maxj(αi,j) + λ · ∥zi −Mean(zNi)∥

10: end for
11: // Localization Estimation
12: si ← MLP([zi; di]), ri ← exp(si)∑

j exp(sj)

13: return y = {(Ai, ri)}

responsibility score for each agent is estimated by integrat-
ing its semantic and consistency representations, normalized
into a soft localization distribution.

Experiments
In this section, we present the evaluation part used to assess
the effectiveness of our failure localization and refinement
recommendation methods for multi-agent code generation
systems. We define the key research questions, evaluation
metrics, and experimental setup to rigorously test and bench-
mark the proposed approaches.

Experimental Settings

Component Setting / Value

Backbone Encoder CodeBERT (frozen)
Knowledge Encoder CodeBERT (shared, frozen)
Projection Head ϕ(·) 2-layer MLP, hidden size 256
Localization MLP 2 layers, hidden size 128
Optimizer AdamW
Learning Rate 1× 10−4

Batch Size 16 failure cases
Training Epochs 20
Temperature τ 0.07
Loss Weight λ 0.7 (distillation loss scaling)
Hardware 2× NVIDIA A100 GPU (40GB)
Knowledge Retrieval Top-5 strategies from curated base

Table 1: FLKR Experimental Settings

Table 1 summarizes the implementation details and
hyper-parameters used during training. The backbone en-
coder and knowledge encoder are based on frozen Code-
BERT (Feng et al. 2020), while the projection head and
localization module are trained in a self-supervised fash-
ion. The model is trained using the AdamW optimizer, with
contrastive alignment and pseudo-distillation losses. Top-5

knowledge strategies per problem are retrieved from a cu-
rated knowledge base constructed from Codeforces tags and
hand-labeled algorithmic templates.

Research Questions

The primary research questions (RQ) addressed by our eval-
uation are as follows:

• RQ1: How accurately can agent-level responsibility be
localized using FLKR in multi-agent code generation?

• RQ2: How does solution-path invariance contribute to
robust failure localization across semantically divergent
but correct strategies?

• RQ3: Can FLKR support interpretable and actionable re-
finement suggestions by accurately localizing failures?

• RQ4: Can FLKR generalize to out-of-domain failure
scenarios?

• RQ5: How robust is FLKR to key training variables, in-
cluding training data scale, self-distillation loss weight
(λ), and contrastive temperature (τ )?

• RQ6: Can FLKR produce sharper and more focused fail-
ure localizations compared to baseline methods?

Dataset

To support unsupervised training and evaluation, we con-
struct a comprehensive dataset of multi-agent code genera-
tion failures. For training, we collect 2520 unlabeled failure
cases from Codeforces using MetaGPT (Hong et al. 2023),
each containing full agent interaction logs. This enables
FLKR to learn localization signals via self-supervised ob-
jectives rooted in knowledge alignment and contextual con-
sistency.

For evaluation, we use 142 human-annotated cases from
the COFL benchmark with fine-grained responsibility vec-
tors across diverse algorithmic domains. To assess solution-
path invariance (RQ2), we include a challenging subset
of 84 cases where agents pursue valid but non-canonical
strategies. Additionally, to test generalizability (RQ4), we
evaluate FLKR on 70 failure cases from the SoftwareDev
dataset (Hong et al. 2023), covering broader software en-
gineering tasks beyond algorithmic coding. For each case,
we manually annotated the ground-truth agent-level respon-
sibility based on failure logs and execution results.

Evaluation Metrics

To assess the performance of our methods, we define the
following evaluation metrics:

• Fault Localization Accuracy (FLA): Cosine similarity
between predicted and ground-truth responsibility vec-
tors, reflecting overall alignment.

• Top-1 Localization Accuracy (Top-1 LA): Measures
whether the top-ranked predicted agent matches the true
responsible agent.
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Method
General Cases Divergent-Solution Cases

FLA ↑ Top-1 LA (%) ↑ FLA ↑ Top-1 LA (%) ↑

All at once Prompting 0.78 23 0.66 17

Step by Step Prompting 0.76 26 0.64 19

Binary Search Prompting 0.78 35 0.68 25

w/o KPM 0.84 58 0.72 43

w/o context score 0.86 64 0.74 48

w/o knowledge score 0.82 57 0.70 41

w/o Lalign 0.85 60 0.73 46

w/o Ldistill 0.87 70 0.76 52

FLKR 0.89 78 0.80 62

Table 2: Failure Localization Results on General and
Divergent-Solution Cases.

Baseline Methods
In order to evaluate the effectiveness of our proposed ap-
proach, we compare it against five baseline methods, includ-
ing two ablation methods and three alternative approaches
for failure localization. The following is a brief description
of each baseline method:

• All at once Prompting (Zhang et al. 2025): The LLM
receives the entire failure log in one prompt and predicts
the responsible agent directly, without intermediate seg-
mentation.

• Step by Step Prompting (Zhang et al. 2025): The fail-
ure log is fed sequentially, and the LLM is queried at each
step to detect failures and identify the responsible agent.

• Binary Search Prompting (Zhang et al. 2025): The
failure log is recursively split, and the LLM identifies the
responsible half until the failure point is localized, bal-
ancing efficiency and granularity.

• -Knowledge Projection (w/o KPM): Remove the
Knowledge Projection Module. Localization is based
only on contextual and structural features, without lever-
aging domain strategies.

• -Contextual Divergence (w/o context score): Only use
the knowledge divergence dknowledge

i as the unsupervised
signal, ignoring surrounding agent behavior.

• -Knowledge Divergence (w/o knowledge score): Use
only the contextual divergence dcontext

i from the neighbor-
ing agents, discarding knowledge alignment.

• -Contrastive Learning (w/o Lalign): Train the model
without InfoNCE loss. The projection space is learned
implicitly without strategy discrimination.

• -Self-distillation (w/o Ldistill): Remove the self-
distillation loss based on consistency scores. The
Responsibility Estimator learns directly from embed-
dings without pseudo-supervision.

Experimental Results
RQ1 Results: the Accuracy of FLKR As shown in the
“General Cases” column of Table 2, our proposed FLKR

method achieves the highest failure localization accuracy of
0.89 and a Top-1 localization accuracy of 78%, substantially
outperforming all prompting-based baselines. In particular,
compared to the best-performing prompting method, Binary
Search Prompting (FLA: 0.78, Top-1 LA: 35%), FLKR im-
proves localization accuracy by 11 percentage points and
more than doubles the Top-1 attribution precision. These
results highlight the limitations of direct LLM prompt-
ing, which struggles to trace causal failure chains. In con-
trast, FLKR integrates structured reasoning over knowledge-
guided alignment and consistency signals, enabling more
precise localization.

Figure 3: Human evaluation results on refinement sugges-
tions.

RQ2 Results: Superiority on Divergent-Solution Cases
As shown in the “Divergent-Solution Cases” column of Ta-
ble 2, FLKR achieves the highest performance on divergent-
solution cases, demonstrating strong solution-path invari-
ance. Compared to prompting baselines, it localizes fail-
ure more accurately by aligning behaviors with multiple
canonical strategies. Ablation results further confirm the
importance of the knowledge projection module and self-
distillation loss, both critical for handling ambiguity and en-
abling robust attribution without reliance on reference align-
ment.

RQ3 Results: Human Evaluation on Supporting Inter-
pretable and Actionable Refinements To assess whether
FLKR enables interpretable and actionable refinement, we
conduct a human evaluation on 80 COFL failure cases.
FLKR’s localized attributions guide GPT-4 to generate tar-
geted suggestions, which are then evaluated by annotators
across three criteria. Then, the resulting code is executed
on the corresponding test suite to assess whether the fail-
ure is resolved (correctness) and whether the modification
specifically addresses the identified issue (specificity). Addi-
tionally, six software-experienced annotators independently
score each suggestion on three dimensions: Correctness,
Specificity, and Actionability, using a 1–5 Likert scale. As
shown in Figure 3, FLKR outperforms prompting baselines
with higher scores in Correctness (4.3), Specificity (4.1), and
Actionability (4.2), confirming its effectiveness in support-
ing meaningful failure resolution.
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Figure 4: Sensitivity analysis to assess FLKR’s robustness across key training configurations.

Method FLA ↑ Top-1 LA (%) ↑
All at once Prompting 0.62 20
Step by Step Prompting 0.60 25
Binary Search Prompting 0.65 30

FLKR 0.81 76

Table 3: Generalization results on out-of-domain failure
cases from the SoftwareDev dataset.

RQ4 Results: Generalization to Out-of-Domain Fail-
ure Cases To evaluate generalizability beyond algorith-
mic domains, we test FLKR and baselines on 70 manu-
ally annotated cases from the inspiration of SoftwareDev
dataset (Hong et al. 2023), which includes a diverse set of
real-world multi-agent software tasks. These tasks span cat-
egories such as interactive mini-games, data visualization
dashboards, utility applications, algorithmic challenges, and
content generators, covering a broad spectrum of software
development scenarios. The predicted responsibility rank-
ings were compared against human-labeled localizations
to assess out-of-domain localization accuracy. As shown
in Table 3, FLKR achieves strong out-of-domain perfor-
mance (FLA 0.81, Top-1 LA 76%), while prompting-based
baselines degrade under domain shift. This demonstrates
FLKR’s robustness in handling unfamiliar tasks through
knowledge-guided, structure-aware reasoning, ensuring reli-
able fault localization even in scenarios outside the original
training domain.

RQ5 Results: Sensitivity Analysis on the Robustness of
FLKR FLKR’s sensitivity analysis (Figure 4) shows that
performance improves with increased training data and sta-
bilizes beyond 80%, indicating data efficiency. Optimal re-
sults are achieved with a distillation weight λ ≈ 0.7 and
contrastive temperature τ between 0.07–0.08. These trends
confirm FLKR’s robustness and stable performance across
key hyperparameters.

RQ6 Results: Failure Localization Distribution Analysis
To analyze behavioral differences across attribution meth-
ods, we compute entropy over predicted responsibility vec-

Figure 5: Entropy of responsibility distributions across
methods.

tors. A lower entropy value indicates more focused and pre-
cise attribution. On the COFL benchmark, which contains
expert-annotated fine-grained failure cases, FLKR produces
significantly lower entropy compared to prompting-based
baselines (Figure 5). This suggests that FLKR offers sharper,
more confident failure attribution, focusing its attention on
specific agents responsible for the failure. The reduced en-
tropy not only enhances accuracy but also improves the in-
terpretability of the fault localization process, making it eas-
ier to trace back errors to the exact source, an essential fea-
ture for debugging and repair in multi-agent systems.

Conclusion
In this paper, we introduce FLKR, an unsupervised frame-
work for fine-grained failure localization in multi-agent
code generation. It addresses solution-path multiplicity via
strategy-invariant knowledge projection and consistency
reasoning. Evaluated on COFA, FLKR excels in localiza-
tion accuracy, robustness to solution variance, actionable
refinement, and real-world generalization, outperforming
prompting baselines by up to 14% in accuracy with more
interpretable refinements. Future work includes expanding
benchmarks, annotating multi-agent strategies, and enhanc-
ing adaptability through interaction modeling and continual
learning.
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