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Abstract

Large language models (LLMs) are seeing growing adoption
in multi-agent systems. In these systems, efficient failure at-
tribution is critical for ensuring robustness and interpretabil-
ity. Current LLM-based attribution methods often face chal-
lenges with lengthy logs and lacking expert knowledge.
Drawing inspiration from human debugging strategies, we
propose an automated failure attribution framework, Scope
Delineation Before Localization, which operates in two key
stages: (1) identifying the failure scope and (2) pinpointing
the failure step. By decoupling failure attribution into the
two stages, our approach alleviates the reasoning workload of
LLMs, enabling more precise failure attribution. To support
scope delineation, we further introduce two strategies: Step-
wise Scope Delineation and Expertise-Assisted Scope Delin-
eation. Experiments on the Who&When dataset validate the
efficacy of our two-stage framework, demonstrating substan-
tial improvements over prior methods (up to 24.27% on step-
level accuracy).

Code — https://github.com/Wen-qiangLi/SDBL

Introduction
With advanced capabilities in knowledge integration (Abu-
Rasheed, Weber, and Fathi 2024; Feng, Zhang, and Fei
2023), instruction adherence (Murugadoss et al. 2025; Li
et al. 2023b), and autonomous decision-making (Xu et al.
2025; Newsham and Prince 2025), large language models
(LLMs) now serve as foundational components for multi-
agent systems (MAS) (Li et al. 2024; Han et al. 2024).
As MAS architectures grow more complex, failure attribu-
tion has become critical to ensuring system reliability (Tri-
antafyllou, Singla, and Radanovic 2021; Zhang et al. 2025).

Failure attribution aims to identify the root causes of sys-
tem failures in MAS. This process involves analyzing execu-
tion logs generated from MAS. Traditional approaches often
rely on manual log reviews, which is time-consuming and
requires specialized expertise (Zhuge et al. 2024; Jimenez
et al. 2023). As MAS grow in scale and sophistication, these
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Figure 1: How do novice debuggers and experienced debug-
gers review code ?

limitations become increasingly problematic. Consequently,
automating failure attribution has emerged as a critical step
to enhance system robustness (Zhang et al. 2025).

To advance automatic failure attribution in MAS, Zhang
et al. (2025) recently introduced the Who&When dataset,
which is collected from 54 manually designed multi-agent
systems and 126 algorithmically generated multi-agent sys-
tems. Each sample contains an execution log that records
sequential agent actions. The task involves pinpointing the
failure source (the earliest step leading to system failure)
from the log.

Building on this benchmark, Zhang et al. (2025) proposed
three LLM-based methods for this task: ALL AT ONCE,
STEP BY STEP and BINARY SEARCH. The ALL AT
ONCE method analyzes the entire execution log in a sin-

gle pass, whereas STEP BY STEP iteratively examines sub-
sequences of the log until the failure source is identified.
Differently, BINARY SEARCH employs a recursive halv-
ing strategy, repeatedly narrowing the search space to isolate
the failure source.

Despite leveraging state-of-the-art LLMs (e.g., OpenAI-
o1 (Jaech et al. 2024), GPT-4o (Hurst et al. 2024), and
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DeepSeek-R1 (Guo et al. 2025)) as backbones, experiments
on the Who&When benchmark reveal persistent challenges
for these methods. The highest agent accuracy (identifying
the faulty agent) is only 53.44%, while step accuracy (identi-
fying the exact failure step) stagnates at 16.59%. Our analy-
sis reveals that two primary factors may cause this perfor-
mance gap: (1) Inherent task complexity. The manually
curated subset of Who&When features logs averaging 50
steps, with some exceeding 130 steps. Localizing failures
in such lengthy logs, especially late-stage failures, is su-
per difficult. (2) Limited expertise. Current state-of-the-art
LLMs used for failure attribution are general-purpose mod-
els which lacks specialized knowledge of failure patterns in
MAS. This limitation hinders their localization precision.

To address these challenges, we propose an automated
failure attribution framework, Scope Delineation Before Lo-
calization (SDBL). The core innovation lies in decoupling
failure attribution into: (1) delineating a failure-containing
scope, followed by (2) identifying the precise failure step.
As illustrated in Figure 1, SDBL mirrors human debug-
ging strategies. Novice debuggers often review lengthy
codes from the beginning due to limited expertise. The pro-
cess is inefficient and time-consuming. In contrast, expe-
rienced debuggers narrow suspicious regions using execu-
tion outcomes or expertise. For example, timeout usually
prompts inspection of loops (e.g., for or while cycles); Un-
defined variable errors trigger scrutiny of variable declara-
tion scopes. Notably, scope delineation represents a simpler
task for LLMs. By decoupling the single-pass analysis into
a chain-of-thought process, this two-stage approach reduces
the LLM’s reasoning burden, enabling more accurate attri-
bution.

To facilitate scope delineation, we introduce two strate-
gies: Stepwise Scope Delineation and Expertise-Assisted
Scope Delineation. The former employs an iterative step-by-
step analysis to identify potential failure points using only
the intrinsic knowledge of LLMs. The latter integrates pre-
defined expertise paradigms, such as detecting unauthorized
actions or command loops, to enhance the identification of
failure-prone steps.

We validate our framework on the Who&When bench-
mark. Results show that Stepwise Scope Delineation boosts
step accuracy from 8.77% to 25.93% for Hand-Crafted logs
and 16.59% to 32.54% for Algorithm-Generated logs, show-
casing its effectiveness. Integrating expert paradigms further
improves accuracy to 27.78% (Hand-Crafted) and 33.33%
(Algorithm-Generated), respectively, underscoring their sig-
nificant impact on failure attribution performance for gen-
eral LLMs.

Our contributions are summarized as follows:

• We introduce a two-stage Scope Delineation Before Lo-
calization framework for enhancing failure attribution in
the multi-agent system.

• We present two strategies: Stepwise Scope Delineation
and Expertise-Assisted Scope Delineation, which signif-
icantly enhance the attribution precision.

• Comprehensive experiments on the Who&When bench-
mark demonstrate notable gains in step accuracy, partic-

ularly for lengthy and intricate logs.

Related Work
LLM-based Multi-Agent System
Recent advances in LLMs enhance knowledge integration,
instruction following, and diverse task handling via tool use
(Deng et al. 2023; Xie et al. 2024), enabling sophisticated
intelligent agents (Wang et al. 2024; Achiam et al. 2023).
While single LLM agents excel at simple tasks (Yao et al.
2023; Zhang et al. 2023), they struggle in complex scenar-
ios requiring collaboration and task decomposition. Con-
sequently, LLM-based Multi-Agent Systems (Hong et al.
2023; Li et al. 2023a) leverage agent interaction and infor-
mation sharing to improve performance in tasks like math
reasoning (Madaan et al. 2023; Paul et al. 2023) and dia-
logue (He, Treude, and Lo 2025). Despite this progress, fail-
ure attribution within MAS remains underexplored.

LLM for Judging
Recent work explores using LLMs as automated evalua-
tors (Gu et al. 2024; Hu et al. 2024; Li et al. 2023c). For
example, Chan et al. (2023) applied them to assess open-
ended question answers, lowering manual annotation costs.
In mathematical reasoning, Madaan et al. (2023) used LLMs
to provide feedback on intermediate results for refinement.
Paul et al. (2023) developed REFINER, fine-tuning LLMs
to generate explicit reasoning steps and then employing a
critic model for feedback. Significantly, Zhang et al. (2025)
pioneered LLMs for MAS failure attribution, pinpointing re-
sponsible agents and error steps, and proposed three auto-
mated methods.

Credit Allocation
In MAS, agents often affect each other. Simple global re-
wards or treating agents as independent cannot fully cap-
ture individual roles. An effective evaluation mechanism is
needed to reflect each agent’s value precisely. The goal of
credit allocation is to measure each agent’s or decision step’s
real contribution to a task (Li, Zou, and Liu 2025; Qian et al.
2025; Wang et al. 2025). However, the focus of failure at-
tribution and credit allocation is different: failure attribution
aims to find the failure source of a system, while credit as-
signment is to measure the contribution of every agent, no
matter the outcome. Credit allocation may be guided by in-
sights from failure attribution, suggesting that a downstream
perspective could be particularly informative.

Methodology
We begin by formally describing the failure attribution
problem. Next, we present the preliminaries by reviewing
three established baselines for this task. We then introduce
the Scope Delineation Before Localization (SDBL) frame-
work, and present two strategies for scope delineation: Step-
wise Scope Delineation and Expertise-Assisted Scope De-
lineation. The overview of our framework is presented in
Figure 2.
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Figure 2: Overview of our Scope Definition Before Localization (SDBL) framework.

Problem Definition
Given an execution log L = {s1, s2, . . . , sn} containing n
steps, where each step st = (t, rt, ct) records the step index
t, the content ct produced by agent rt, with rt ∈ A repre-
senting the agent’s role (e.g., Orchestrator, WebSurfer) and
A representing the set of roles, the objective of failure attri-
bution is identify the agent and earliest step responsible for
the system failure. Formally, the failure attribution process
is defined as:

(rt, t) = f(L) (1)

where f(·) denotes the failure attribution function that maps
the log L to a tuple containing the agent role rt and the step
index t.

Preliminaries
ALL AT ONCE The ALL AT ONCE method processes
the entire execution log L through a LLM M. This approach
analyzes the full sequence in a single pass to identify the
failure source:

(r̂t, t̂) = fALL AT ONCE(L) (2)

where fALL AT ONCE(·) denotes the full-sequence analysis
function modeled by M.

STEP BY STEP The STEP BY STEP method itera-
tively analyzes log subsequences L{1:1}, L{1:2},...,L{1:k}
until the failure source is identified, where L{1:k} =
{s1, ..., sk} (1 ≤ k ≤ n). At each iteration k, M determines
whether step sk in L{1:k} is the failure source, producing
response O ∈ {Yes, No}. Formally, this iterative process is

defined as:
fSTEP BY STEP(L{1:k})

=


Terminate and return (r̂k, k̂), if O = Yes
fSTEP BY STEP(L{1:k+1}), if O = No
Terminate, if k > n

(3)

where fSTEP BY STEP(·) denotes the stepwise analysis func-
tion modeled by M.

BINARY SEARCH The BINARY SEARCH method
employs a recursive halving strategy. The M analyzes
successive segments L{j:k} = {sj , ..., sk}, bisecting the
search space by examining the left half L{j:m} or the right
half L{m+1:k} (where m = ⌊(j + k)/2⌋). The recursion
terminates when the segment reduces to a single step:

fBINARY SEARCH(L{j:k})

=


Terminate and return (r̂j , ĵ), if j = k

fBINARY SEARCH(L{j:m}), if failure in left
fBINARY SEARCH(L{m+1:k}), if failure in right

(4)

where the segment L{j:k} is initialized with j = 1, k =
n, and fBINARY SEARCH(·) denotes the segmentation function
modeled by M.

The ALL AT ONCE method requires LLMs to iden-
tify failure points from lengthy or intricate logs during
single-pass analysis. The STEP BY STEP method struggles
with restricted follow-up context during incremental eval-
uation, whereas BINARY SEARCH is hindered by miss-
ing prior context when narrowing down via bisection. Ad-
ditionally, general-purpose LLMs (e.g., DeepSeek, GPT-4)
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often lack expertise for precise failure attribution. These fac-
tors heighten the difficulties of accurate failure attribution in
multi-agent systems.

Scope Delineation Before Localization
To address these issues, we present Scope Delineation Be-
fore Localization (SDBL), a two-stage framework that first
defines the scope of the potential failure source and then
localizes the critical failure step. The key innovation of
our method—and its distinction from prior works—lies in
defining the failure-containing scope. To achieve this, we
introduce two strategies: Stepwise Scope Delineation and
Expertise-Assisted Scope Delineation.

During scope delineation, we insert the potential failure
steps into a scope set S, with hyperparameter N as its max-
imum size.

Stepwise Scope Delineation This strategy adapts the
STEP BY STEP method to iteratively expand S. When a
failure step (r̂t, t̂) is detected, the process continues rather
than terminating: We add (r̂t, t̂) to S and persist until |S| =
N . Formally, this process is as follows:

fSSD(L{1:k})

=


(r̂k, k̂) → S, then fSSD(L{1:k+1}) if O = Yes & |S| ̸= N

fSSD(L{1:k+1}), if O = No
Terminate if |S| = N | k > n

(5)
where the subsequence L{1:k} starts with k = 1. The func-
tion fSSD(·) determines whether the step k contains a failure
step, returning a binary response O ∈ {Yes, No}.

We adopt STEP BY STEP based on two principles. First,
empirical results have demonstrated STEP BY STEP’s su-
perior capability on identifying failure steps (Zhang et al.
2025). Second, by relying solely on LLMs’ intrinsic knowl-
edge during scope definition, we can isolate the framework’s
inherent effectiveness while minimizing external expertise
integration.

Expertise-Assisted Scope Delineation Alternatively,
this strategy leverages predefined expertise to refine failure
scope delineation. Two paradigms are introduced: Overstep
and Loop. These paradigms guide the identification of
failure-prone steps, as described below.

Overstep: Detecting Unauthorized Agent Actions.
An agent overstep when it issues or executes commands
beyond its designated authority.

To operationalize this paradigm, we first predefine the
role-based agent authorities and encode them into prompts.
The LLM is then tasked with detecting steps where agents
exceed these boundaries. For example, commanders are
responsible for scheduling and terminating processes while
executors are responsible for executing commands and
reporting outcomes. By design, termination commands are
restricted to commanders. If an executor issues termination,
this constitutes overstepping. The corresponding steps are

added to scope set S.

Loop: Identifying Repeated Commands.
A loop occurs when an agent (e.g., a commander) repeat-
edly issues similar commands.

In normal turns, commanders await executor responses
before proceeding. Repeated commands often signal exe-
cution failures or unacknowledged results, risking infinite
loops. For example, if a commander re-sends the same (or
similar) command, we flag the initial command and its sub-
sequent executor responses as potential failures. All related
steps are added to scope set S.

While additional paradigms could be incorporated to en-
hance performance, we focus here on the two simple yet fre-
quent in MAS failure. Formally, we obtain the scope set S
by applying these two paradigms sequentially:

S = foverstep(L) ∪ floop(L) (6)

where foverstep(·) and floop(·) denote scope delineation func-
tions guided by the Overstep and Loop paradigms, respec-
tively. Both functions identify failure-prone steps from the
log L, and their union forms S. If the total number of steps
exceeds N , truncation is applied.

Localization To this end, we leverage the set scope S to
refine failure localization. Specifically, we augment the log
L with critical insights from S through targeted prompting.
This focuses the model’s analysis on high-risk regions. Dur-
ing localization, the LLM receives the explicit instruction:
“The following agents and steps are flagged for special at-
tention (from reference content): {S}.” Formally, the pro-
cess of localization is as follows:

(r̂t, t̂) = fLOC(L, S) (7)

where fLOC(·) denotes the localization function that predicts
the failure source (r̂t, t̂) by synthesizing evidence from both
L and S.

Experiment
Setup
Dataset We evaluate our method on the Who&When
dataset released by (Zhang et al. 2025). This dataset ex-
plicitly annotates both failure step (“When”) and responsi-
ble agents (“Who”). Due to the intensive labeling costs, the
dataset only contains a test set comprising two distinct sub-
sets: the Hand-Crafted subset and the Algorithm-Generated
subset. Each sample in the subset includes: (1) execution
logs with agent identifiers and outputs, and (2) annotated
failure steps, responsible agents, and failure reasons. De-
tailed dataset statistics are presented in Table 1.

Baselines Given the novel nature of this task, we com-
pare our approach against three established failure attribu-
tion baselines from (Zhang et al. 2025): ALL AT ONCE,
STEP BY STEP and BINARY SEARCH. To assess the ef-
ficacy of our scope delineation methods, we also evaluate
our framework’s performance across three strategies: Step-
wise Scope Delineation (SSD), Expertise-Assisted Scope
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Dataset #Num #Avg.Steps #Avg.Roles
HC 54 50.00 6.59
AG 126 8.72 3.63

Table 1: Statistics of the Who&When dataset which com-
prises two subsets: Hand-Crafted (HC) and Algorithm-
Generated (AG). Total number of logs per subset (#Num),
average steps per log (#Avg.Steps), and average distinct
roles per log (#Avg.Roles) are presented for HC and AG,
respectively.

Delineation (EASD) and Random Scope Delineation (RSD).
The RSD strategy involves constructing the scope set by ran-
domly sampling steps from the execution log.

LLM Backbones Following Zhang et al. (2025)’s exper-
imental setups, we employ GPT-4o as the primary LLM
backbone for fair comparison. To assess the generalization
of our method, we extend evaluation to additional state-of-
the-art models including DeepSeek-R1 and DeepSeek-V3.

Evaluation Protocol Following prior work (Zhang et al.
2025), we employ two evaluation metrics: agent accuracy
and step accuracy. Agent accuracy measures whether meth-
ods correctly identify the responsible failure agent, while
step accuracy measures whether methods accurately identify
the exact failure step.

To examine performance on scope delineation, we addi-
tionally introduce the Hit@K metric, where K represents
the size of the scope set S generated by the scope delineation
method. Given m execution logs, let ti denote the ground-
truth failure step, ri the ground-truth role of failure agent,
and Si the delineated scope for the i-th log. Hit@K is calcu-
lated as:

Hit@K =
1

m

m∑
i=1

1{(ri, ti) ∈ Si} (8)

where 1{·} denotes the indicator function. This metric quan-
tifies how frequently the true failure step resides within the
delineated scope.

Implementation Details For each execution log, agents
are tasked with addressing human-posed queries. While the
ground truth answer to each query is provided, real-world
failure attribution often lacks access to such answers. Thus,
we evaluate all methods without using the information of an-
swers. We introduce a hyperparameter N to limit the maxi-
mum size of the scope set S. For Hand Crafted subset, N is
chosen from [3, 5, 7, 9] with N = 5 being the best configu-
ration. In the Algorithm Generated subset, where execution
logs average 8 steps, we set N = 3. To minimize fluctua-
tions in LLMs output, we set the temperature to 0.

Main Results
In this section, we compare our method against prior base-
lines, as presented in Table 2.

The results demonstrate that SDBL (EASD) consistently
outperforms previous methods across both datasets. Notably,

Method HC AG
AGENT STEP AGENT STEP

ALL AT ONCE 53.44 3.51 51.12 13.53
STEP BY STEP 32.75 8.77 26.02 15.31

BINARY SEARCH 36.21 6.90 30.11 16.59
SDBL (RSD) 62.96 14.81 56.35 31.75
SDBL (SSD) 61.11 25.93 64.29 32.54

SDBL (EASD) 62.96 27.78 68.25 33.33
SDBL (EASD) 62.96 27.78 68.25 33.33

Table 2: Comparison of agent accuracy (AGENT) and step
accuracy (STEP) across Hand-Crafted (HC) and Algorithm-
Generated (AG) subsets.

even with randomized scope definitions, SDBL (RSD) main-
tains performance advantages over the ALL AT ONCE,
STEP BY STEP and BINARY SEARCH baselines. On the
Algorithm-Generated (AG) dataset, we observe particularly
significant improvements in step accuracy. For instance,
SDBL (RSD) achieves an 18.22% improvement over the
ALL AT ONCE method. The condensed nature of AG logs
(shorter length) likely contributes to this performance, where
the failure steps are easily covered by the delineated scope.
We find that all three SDBL variants show similar step accu-
racy (i.e., around 30%).

In contrast, the Hand-Crafted (HC) sub-dataset presents
greater challenges due to its lengthy execution logs, as the
statistics shown in Table 1. This results in significantly lower
step accuracy for prior baselines (e.g., the ALL AT ONCE
method achieves only 3.51% step accuracy). Our framework
exhibits strong improvements on this dataset. Specifically,
SDBL (SSD) outperforms its RSD counterpart by 11.12%
on step accuracy. Furthermore, the SDBL (EASD) method
achieves the best performance on both accuracy metrics, re-
vealing that even powerful LLM backbone (i.e., GPT-4o)
benefits from predefined expertise when tackling failure at-
tribution.

Overall, these findings confirm the effectiveness of our
two-stage architecture, demonstrating that both scope delin-
eation strategies enhance the identification of failure steps.

Performance on Different LLMs
In this section, we examine the performance of our method
under different LLMs, as summarized in Table 3. The re-
sults demonstrate that even when equipped with advanced
LLMs, incorporating predefined expertise remains bene-
ficial for this task. Specifically, SDBL (EASD) achieves
consistent performance gains over prior baselines on both
datasets when utilizing the GPT-4o and DeepSeek-V3 mod-
els. On DeepSeek-R1, SDBL (EASD) exhibits superior step
accuracy and competitive agent accuracy. SDBL (SSD)’s su-
perior performances over SDBL (RSD) and prior baselines
further prove the effectiveness of the two-stage framework
under different LLMs. These results underscore the general-
ization of our method, highlighting its robustness.

Further Analysis
We conduct a further analysis to examine the behavior of our
proposed methods. Due to space limitations, we focus this
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GPT-4o DeepSeek-R1 DeepSeek-V3
Method AGENT ACC STEP ACC AGENT ACC STEP ACC AGENT ACC STEP ACC

Algorithm
Generated

ALL AT ONCE 51.12 13.53 53.17 19.84 36.51 19.84
STEP BY STEP 26.02 15.31 57.14 25.40 22.22 3.97

BINARY SEARCH 30.11 16.59 57.14 30.95 57.14 10.32
SDBL (RSD) 56.35 31.75 57.94 34.13 55.56 27.78
SDBL (SSD) 64.29 32.54 64.29 35.71 63.49 30.95

SDBL (EASD) 68.25 33.33 56.35 35.71 63.49 39.68

Hand
Crafted

ALL AT ONCE 53.44 3.51 55.56 1.85 62.96 1.85
STEP BY STEP 32.75 8.77 50.00 9.26 38.89 7.41

BINARY SEARCH 36.21 6.90 55.56 9.26 59.26 12.96
SDBL (RSD) 62.96 14.81 50.00 11.11 59.26 16.67
SDBL (SSD) 61.11 25.93 50.00 12.96 59.26 25.93

SDBL (EASD) 62.96 27.78 50.00 20.37 68.52 27.78

Table 3: Performance comparison under different LLMs.

Method Hit@3 Hit@5 Hit@7 Hit@9
ALL AT ONCE 12.07 19.83 30.17 37.07
STEP BY STEP 14.66 16.38 18.10 31.90
ALL AT ONCE∗ 9.26 14.81 25.93 25.93

SDBL (SSD) 20.37 35.19 35.19 35.19
SDBL (EASD) 25.93 42.59 42.59 55.56

Table 4: Performance comparison on the Hit@K metric,
with K = 3, 5, 7, 9.

investigation on the Hand-Crafted subset, where longer and
more complex log structures facilitate a rigorous evaluation
of different methods. GPT-4o serves as the primary model.

Comparison on Scope Delineation This section exam-
ines the performance of our method on scope delineation.
Specifically, we compare our methods, SDBL (SSD) and
SDBL (EASD), against prior baselines, ALL AT ONCE,
STEP BY STEP and the variant ALL AT ONCE∗, on the
Hit@K metric (K = 3, 5, 7, 9). Both the ALL AT ONCE
and STEP BY STEP methods predict a single failure step
and expands it into a window of K steps centered around
the predicted step, with a tolerance (e.g., ±2 for K = 5).
In contrast, ALL AT ONCE∗ directly prompts the LLM to
predict K failure-prone steps, which are not necessarily con-
tinuous.

As K increases, all methods exhibit consistent improve-
ments, which is expected. Notably, STEP BY STEP out-
performs ALL AT ONCE at K = 3, but this trend re-
verses as K grows larger, suggesting the importance of
utilizing more context to identify potential failure steps.
SDBL (SSD), which actually incorporates more context than
STEP BY STEP at each K, demonstrates superior perfor-
mance over ALL AT ONCE at K = 3, 5, 7 and achieves
competitive results at K = 9. Meanwhile, ALL AT ONCE∗

consistently underperforms.
These results show the superiority of Stepwise Scope De-

lineation (SSD) in identifying the failure-containing scope.
Furthermore, SDBL (EASD) achieves the highest perfor-
mance across all K values, further demonstrating the value
of integrating expertise into scope delineation.

AGENT STEP TOKEN
ALL AT ONCE 53.44 3.51 17106
STEP BY STEP 32.75 8.77 87720

BINARY SEARCH 36.21 6.90 34659
SDBL (SSD) 61.11 25.93 111310

SDBL (EASD) 62.96 27.78 24657

Table 5: Agent accuracy (AGENT) and step accuracy
(STEP), alongside token consumption (TOKEN), across dif-
ferent methods.

Comparison on Token Consumption This section com-
pares the token consumption for different failure attribu-
tion methods, as illustrated in Table 5. The ALL AT ONCE
method demonstrates the lowest token usage due to its
single-pass analysis of the execution log. In contrast, the
STEP BY STEP method incurs the high token consump-
tion, as it iteratively analyzes execution logs for multiple
times. Notably, when the failure is predicted near the end
of the log, this approach leads to high token usage. The BI-
NARY SEARCH method achieves greater efficiency by iso-
lating relevant log segments in each iteration, halving the
search space.

For the SDBL (SSD) method, the Stepwise Scope Delin-
eation builds on STEP BY STEP to achieve good perfor-
mances, albeit at the cost of increased token consumption.
Conversely, SDBL (EASD) pinpoint failure-prone steps in
a single pass, achieving robust balance between accuracy
and cost, with the token consumption marginally higher than
ALL AT ONCE.

Performance on Different Log Lengths We evaluate
agent and step accuracy across different log lengths, as il-
lustrated in Figure 3. Test samples are grouped into six
tiers based on log step counts: Level 1 (5–16 steps), Level
2 (17–21), Level 3 (24–32), Level 4 (33–53), Level 5
(59–106), and Level 6 (113–130).

For agent accuracy, performance variations among meth-
ods persist across all log length levels. Step accuracy,
however, reveals stark contrasts: both ALL AT ONCE and
STEP BY STEP exhibit declines, nearing zero once logs
exceed 24 steps (Level 3), highlighting limitations of these
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Figure 3: Bar charts presenting agent accuracy and step ac-
curacy under different levels of log length.

AGENT ACC STEP ACC
SDBL (EASD) 62.96 27.78
w/o Overstep 59.26 18.52

w/o Loop 57.41 12.96
w/o All 53.44 3.51

Table 6: Ablation study assessing the contribution of two
paradigms in Expertise-Assisted Scope Delineation.

baselines in processing lengthy logs. In contrast, our SDBL
(SSD) and SDBL (EASD) methods sustain superior perfor-
mance, particularly on lengthy logs. This demonstrates the
superiority of our two-stage framework for failure attribu-
tion in long, intricate multi-agent interactions.

Ablation Study on Expertise Paradigms We conduct ab-
lation studies to evaluate the contributions of the Overstep
and Loop paradigms in the Expertise-Assisted Scope De-
lineation framework. Agent accuracy and step accuracy for
three ablated methods are presented in Table 6.

The results demonstrate that disabling either paradigm
significantly diminishes both accuracy metrics, underscor-
ing their necessity for effective failure attribution guidance.
Notably, removing the Loop paradigm causes a more pro-
nounced performance degradation, emphasizing its critical
role in failure localization. Practical scenarios often involve
logs with complex loops and repetitive sequences. Without
the Loop paradigm, we found that LLMs struggled to isolate
the failure source (i.e., the earliest failure step).

Case study In this section, we select two examples from
the Hand Crafted dataset and present visualizations of pre-
dictions by SDBL (EASD) and ALL AT ONCE in Figure 4.

In Case1, the question posed by human was: “What was
the volume in m3 of the fish bag calculated in the Univer-
sity of Leicester paper ‘Can Hiccup Supply Enough Fish to
Maintain a Dragon’s Diet?”’ The ground-truth failure source
is labeled at step 4, where the WebSurfer agent extracted in-
complete data from the PDF. The ALL AT ONCE method

Figure 4: Case study on two samples selected from the Hand
Crafted dataset.

incorrectly pinpointed step 22 (a subsequent commander
warning) as the failure source.

Guided by the Loop paradigm, our method first defines a
scope set S comprising high-risk steps (i.e., steps 3, 4, 6, 8,
and 50). Upon closer examination, we observed that steps 3
and 6 contain duplicate commander instructions, while steps
4 and 8 represent the WebSurfer’s responses. By constrain-
ing the model’s analysis to these critical steps via the scope
set, SDBL (EASD) accurately localized the failure to step 4.

In Case2, the question posed by human was: “In the end-
note found in the second-to-last paragraph of page 11 of the
book with doi 10.2307/j.ctv9b2xdv, what date in Novem-
ber was the Wikipedia article accessed?” The ground-truth
failure source is labeled at step 32, where FileSurfer ter-
minated itself without reporting to the Orchestrator. The
ALL AT ONCE method incorrectly flagged step 11.

Our method identified a scope set S (i.e., steps 3, 4, 6, 8
and 32). While steps 3, 4, 6, and 8 were included in S (in-
duced by the Loop paradigm) due to command similarities,
we observed that these commands were progressively dis-
tinct rather than identical. The LLM is clever to pinpoint the
highest-risk step 32 among these steps. The step 32 is in-
duced by the Overstep paradigm, where FileSurfer issued a
termination command beyond its authority.

Conclusion
In MAS failure attribution, existing methods struggle with
locating failures in lengthy execution logs and often lack
the expertise for precise attribution. To overcome these lim-
itations, we propose Scope Delineation Before Localization
(SDBL), which identifies potential failure scopes before pin-
pointing critical steps. This two-stage structure decouples
the analysis, reducing the reasoning burden on LLMs and
improving attribution accuracy. We further enhance SDBL
with Stepwise and Expertise-Assisted Scope Delineation
strategies, both substantially boosting performance. Evalu-
ations on the Who&When dataset demonstrate SDBL’s sig-
nificant improvements in agent- and step-level accuracy, es-
pecially for long or complex logs.
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