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Abstract

Failure attribution, i.e., identifying the responsi-
ble agent and decisive step of a failure, is partic-
ularly challenging in LLM-based multi-agent
systems (MAS) due to their natural-language
reasoning, nondeterministic outputs, and intri-
cate interaction dynamics. A reliable bench-
mark is therefore essential to guide and evalu-
ate attribution techniques. Yet existing bench-
marks rely on partially observable traces that
capture only agent outputs, omitting the in-
puts and context that developers actually use
when debugging. We argue that failure attribu-
tion should be studied under full execution ob-
servability, aligning with real-world developer-
facing scenarios where complete traces, rather
than only outputs, are accessible for diagno-
sis. To this end, we introduce TraceElephant,
a benchmark designed for failure attribution
with full execution traces and reproducible en-
vironments. We then systematically evaluate
failure attribution techniques across various
configurations. Specifically, full traces im-
prove attribution accuracy by up to 76% over
a partial-observation counterpart, confirming
that missing inputs obscure many failure causes.
TraceElephant provides a foundation for follow-
up failure attribution research, promoting eval-
uation practices that reflect real-world debug-
ging and supporting the development of more
transparent MASs.

1 Introduction

If there is one constant in the evolution of software,
it is the persistent occurrence of failures (Charette,
2005). When it does, the critical first step is to
assign responsibility for the failure to a specific
component, i.e., failure attribution or localization,
which enables developers to focus debugging ef-
forts, guide the design of patches or architectural
improvements. Traditional techniques for this task,
ranging from statistical debugging (Zheng et al.,
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2006) and delta debugging (Misherghi and Su,
2006) to more recent learning-based approaches
(Wong et al., 2016; Zou et al., 2019), operate under
the assumption that system states are discrete, exe-
cutions are traceable, and component behaviors are
largely deterministic.

The rise of LLM-based multi-agent systems
(MASs) fundamentally challenges these assump-
tions and complicates the attribution problem. In
these systems, complex tasks are decomposed and
coordinated across multiple agents whose primary
reasoning and communication medium is natural
language (Guo et al., 2024; Li et al., 2024). This
introduces two layers of complexity for fault attri-
bution. First, the problem-solving process in MASs
often involves complex interactions among mul-
tiple LLM-powered agents, between agents and
external tools, and within the internal reasoning
processes of the LLMs themselves. These inter-
actions complicate system logs, challenging the
interpretation of system behavior and hindering
rapid root cause identification. Second, the sys-
tem actions and their resulting states are recorded
in natural language within the log. The inherent
ambiguity of natural language further impedes the
precise characterization of operations and states.

To address the challenge of fault attribution in
MAS, several technical approaches have been pro-
posed, such as ECHO (Banerjee et al., 2025), Agen-
Tracer (Zhang et al., 2025a), GraphTracer (Zhang
et al., 2025b), and FAMAS (Ge et al., 2025). On an-
other front, to effectively evaluate how these tech-
niques perform in real-world MAS settings, the
foundation lies in having benchmarks that accu-
rately reflect authentic fault attribution scenarios.

To the best of our knowledge, Who&When
(Zhang et al., 2025c) is currently the only bench-
mark specifically designed for failure attribution
in LLM-based MAS. It provides partially observ-
able execution traces that include only the agents’
outputs, without the corresponding inputs such as
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Figure 1: A failure case (from Who&When benchmark) illustrating the limitation of partial observability. When
only agent outputs are visible and critical inputs are absent, localizing the decisive failure step becomes difficult.

original task instructions, prompts, or contextual
messages. This restricted setting can be suitable
for evaluating attribution methods under certain
black-box scenarios, where internal inputs or in-
termediate states are inaccessible (e.g., debugging
deployed agents on external platforms).

However, in many practical developer-facing de-
bugging scenarios, developers typically have ac-
cess to substantially richer execution information,
including task instructions, prompts, intermediate
messages, tool invocations, and environment states.
More importantly, we view failure attribution as a
developer-centric task conducted in the context of
system debugging and iterative refinement, with the
explicit goal of producing actionable insights for re-
pairing and improving MASs. Achieving this goal
critically depends on access to the inputs, interme-
diate states, and environment interactions that drive
agent behavior. In contrast, black-box settings,
where only outputs are observable, leave many fail-
ures ambiguous and thus offer limited practical
value for guiding system fixes. For instance, our
analysis of the 184 failure cases in Who&When
benchmark shows that in at least 21% of instances,
developers cannot reliably perform failure attribu-
tion using output-only logs. We illustrate this in
Figure 1 with an adapted case from Who&When,
where we restored the missing inputs by re-running
the original system. Under partial observability, the

failure cause remains ambiguous, whereas with full
inputs, the ambiguity is largely resolved, enabling
precise step-level localization.

To fill this gap, we construct TraceElephant, the
first benchmark specifically designed for developer-
facing failure attribution in LLM-based MASs by
“seeing the whole elephant”, i.e., providing access
to the complete execution narrative of an MAS.
Although we use MAS as the main terminology,
the attribution unit in TraceElephant is a functional
component rather than necessarily a separate agent
entity, so the benchmark also applies to single-
agent scaffold systems whose planning, orchestra-
tion, and tool-use modules make distinct decisions.
Compared with existing benchmarks in this field
(i.e., Who&When), TraceElephant differs in two
key aspects: (1) TraceElephant collects step-by-
step execution traces from multiple representative
agentic systems, where each trace records agent-
level actions, natural language inputs and outputs,
tool and environment interactions, agent configu-
rations and system architecture, and (2) it accom-
panies each trace with a reproducible execution en-
vironment, enabling controlled re-execution, state
inspection, and interactive hypothetical debugging
queries (e.g., “what if this agent had received dif-
ferent input?”).

Building upon this benchmark, we evaluate
the automated failure attribution techniques under
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various configurations. The experimental results
demonstrate that with complete trace information,
it achieves an average attribution accuracy of 65.9%
at the agent level and 30.3% at the step level. This
represents an improvement of 22% in agent-level
accuracy and 76% in step-level accuracy over the
performance on output-only traces (i.e., similar to
Who&When benchmark), underscoring the critical
role of full observability. With the running environ-
ment, the step-level accuracy can further improve
by 10%. Our analysis further reveals that step-level
attribution is more sensitive to missing information
than agent-level attribution, highlighting the finer-
grained, context-dependent nature of localizing the
precise failure step. Moreover, performance can
also vary across different MAS architectures, agent
types, and step positions, indicating the need for
architecture-aware attribution approaches. We also
provide actionable implications and takeaways for
developing more effective attribution techniques
and designing more debuggable MASs.

On one hand, this work highlights the neces-
sity of full trace information for reliable fault at-
tribution, indicating that developers should, when-
ever possible, incorporate all accessible execution
details when performing this task. On the other
hand, it also suggests that the field would benefit
from more diverse benchmarks to evaluate attribu-
tion techniques from multiple perspectives, thereby
contributing to a more solid and cumulative under-
standing of failure attribution in MAS.

The contributions of this work are as follows.

• We are the first to study failure attribution of
LLM-based MASs from a developer-facing
scene, where full execution traces and repro-
ducible execution environment are available.

• We develop TraceElephant1, a failure attri-
bution benchmark that instantiates the above
paradigm by providing a collection of anno-
tated execution traces. It consists of 220 fail-
ure traces collected from three representative
agentic systems, including both multi-agent
orchestration and a single-agent tool-centric
scaffold, with each annotated with the respon-
sible component and decisive failure step.

1https://github.com/TraceElephant/
TraceElephant

• We conduct extensive experiments on
TraceElephant, examining how failure attri-
bution behaves under various configurations,
and providing related implications.

2 Problem Definition

We consider an LLM-based multi-agent system
(MAS) composed of a finite set of functional com-
ponents A = {a1, . . . , aN} collaboratively per-
forming a task τ . These components may corre-
spond to explicit agents in a classical MAS, or to
functional modules in a single-agent scaffold, such
as planning, orchestration, and tool-use compo-
nents. The system executes in discrete steps under
a turn-based protocol, where exactly one compo-
nent is selected to act at each step. At step t, the
acting component a(t) receives input xt and pro-
duces output yt. The execution trace at step t is
recorded as

ot =
(
xt, yt, a(t), step_idt, agent_idt

)
.

The task outcome is determined by the complete
execution trace. In case of failure, we aim to at-
tribute responsibility at both the step and agent
level: step-level attribution identifies the earliest
point at which failure becomes inevitable, while
agent-level attribution identifies the component re-
sponsible for the failure at that step. This definition
follows a role-aware and recoverability-aware prin-
ciple rather than a purely chronological notion of
the first visible mistake. If an upstream mistake
remains recoverable because a later verifier or or-
chestrator is explicitly responsible for checking and
correcting it, the decisive failure step is attributed to
the point where that recovery opportunity is missed.
For example, if an agent produces a hallucinated
fact at step t but a verifier at step t+ 2 is expected
to detect such errors and fails to do so, the failure
is attributed to the verifier step, because the sys-
tem remains recoverable until that responsibility is
not fulfilled. For the task of failure attribution in
MAS, the goal is to determine both the step-level
and agent-level responsibility given the full failure
trace.

For a full formalization, including definitions,
notation, and equations, refer to Appendix A.1.

3 Benchmark Construction

We construct TraceElephant, a benchmark for fail-
ure attribution in LLM-based MAS. Each instance
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Figure 2: Overview of TraceElephant.

is grounded in an executable MAS and is associ-
ated with a fully observable execution trace, as
well as the annotated failure-responsible agent and
decisive failure step.

3.1 Data Sources: Systems and Tasks

TraceElephant collects execution traces from three
representative agentic systems across various tasks,
aligning task design with each system’s intended
capabilities, as demonstrated in Table 1. These
systems cover dynamically assembled agent teams,
fixed-role multi-agent orchestration, and a single-
agent tool-centric scaffold, allowing the same attri-
bution formulation to apply across both explicit
multi-agent interactions and scaffolded single-
agent workflows. Detailed descriptions of the sys-
tems, task sources, run configurations are provided
in Appendix A.2.

System Task Source # Traces # Failed

Captain-Agent GAIA 126 73
Captain-Agent AssistantBench 21 12
Magentic-One GAIA 119 74
Magentic-One AssistantBench 30 17
SWE-Agent SWE-Bench 84 44

Total All 380 220

Table 1: Overview of execution traces in TraceElephant.

3.2 Trace Collection Pipeline

TraceElephant adopts an automated collection
pipeline designed to capture complete execution
traces while preserving the original structure of
agent interactions. At its core, a lightweight LLM
API middleware transparently intercepts and cap-
tures all LLM requests, responses, and subsequent
tool interactions without modifying the original
agent implementations. The raw traces then un-
dergo targeted pre-processing, extracting only ba-
sic attributes such as agent names and step types, to

maintain maximal fidelity to the original execution
flow. More details are provided in Appendix A.3.

3.3 Trace Schema and Recorded Fields

Each instance in TraceElephant benchmark con-
sists of a complete execution trace generated by
running a multi-agent system on a given task, as
well as the executable system associated with the
runnable code and configurations for this specific
trace instance.

(1) Trace metadata. Each execution trace
is associated with a set of trace-level meta-
data that describes the execution context as a
whole. These metadata fields include: (1)
task_id and task_instruction, indicating the task
being solved; (2) system_name, identifying the
multi-agent system that produced the trace; (3)
agent_configuration, the runtime setup defining
the agent roster, prompts, and toolset; and (4) sys-
tem_architecture, the design documentation and
implementation code defining the system’s struc-
tural blueprint.

(2) Step-level records. An execution trace is
composed of an ordered sequence of steps, where
each step corresponds to a single agent action. For
each step, TraceElephant records a set of observ-
able fields, organized into input and output fields,
that are directly exposed by the running system.

(i) Step input fields. They capture all informa-
tion provided to an agent when an action is exe-
cuted. Specifically, the recorded input fields in-
clude: (1) step_id, a unique identifier indicating the
global execution order of the step; (2) agent_id and
agent_name, identifying the agent responsible for
the action; (3) input_context, which stores the com-
plete input information supplied to the agent. This
field typically includes the original task instruction,
intermediate messages exchanged among agents,
and any system-constructed contextual information
available at execution time.
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(ii) Step output fields. They record the observ-
able results produced by the agent at the current
step. These fields include: (1) output_content,
which stores the response generated by the agent.
(2) tool_logs, which (when available) records raw
interaction logs with external tools or environments
when such interactions occur. Each tool log typi-
cally includes the tool name, input arguments, out-
puts, and execution status.

All execution traces are stored in a structured
JSON format. Each trace is represented as a JSON
object containing trace-level metadata and an or-
dered list of step records, within which input and
output fields are stored as nested objects, preserv-
ing all content in its raw, unprocessed form. We
provide an example trace in Appendix A.4.

3.4 Failure Attribution Annotation

The annotation aims at acquiring failure attribution
labels, i.e., (1) the component primarily responsi-
ble for the failure, and (2) the execution step where
the failure originates. These labels are obtained
through a multi-round expert annotation process
designed to ensure reliability. On the first-round
independent annotations, Krippendorff’s alpha is
0.72 for agent-level labels and 0.64 for step-level
labels, indicating substantial agreement for agent
attribution and moderate-to-substantial agreement
for step identification. Afterward, uncertain cases
are jointly reviewed and finalized through expert
consensus. Detailed annotation protocols are pro-
vided in Appendix A.5.

4 Failure Attribution Evaluation

4.1 Evaluation Design

Observability Configurations. We evaluate fail-
ure attribution performance under two complemen-
tary observability configurations reflecting practi-
cal debugging workflows. (1) Static: Attribution
is performed using the complete execution trace
(including metadata, inputs, and outputs fields as
shown in Section 3.3). (2) Dynamic: In addition to
the static trace, a replayable execution environment
is provided, enabling controlled re-execution and
counterfactual probing to verify or refine candidate
attributions. We additionally utilize several vari-
ants of static configuration to further evaluate the
performance under different levels of observability.

Figure 3: Comparison under different backbone LLMs.

Attribution techniques. We utilize five
commonly-used techniques. There are three LLM-
based prompting techniques, i.e., All-at-Once, Bi-
nary Search, Step-by-Step, which differ in how
the trace is provided to the LLM. There are two
agent-based techniques. Static Agentic adopts
mini-SWE-agent2, which can navigate the trace
information, retrieve related fields as needed, and
make a conclusion gradually. Dynamic Agentic
first proposes candidate failure attributions derived
based on static agentic technique, with the candi-
date steps and agents. The method then re-runs the
system from the corresponding execution point and
issues counterfactual checks. Default setting of the
following evaluations is Static Agentic.

Application Scenarios. Following existing stud-
ies (Zhang et al., 2025c), experiments are con-
ducted both With ground truth (use this, if not
explicitly stated) and Without ground truth scenar-
ios, simulating different debugging contexts.

Evaluation Metrics. Predictions are evaluated
for both responsible agent and decisive step, and we
use agent-level accuracy and step-level accuracy,
following existing studies (Zhang et al., 2025c,b).

More details about the evaluation design are pro-
vided in Appendix A.6.

4.2 Results and Analysis

4.2.1 Performance Across Configurations
(1) Static vs. Dynamic Attribution Performance.
Generally speaking, dynamic configuration can
achieve the highest performance, especially for
step-level accuracy, and within static configura-
tions, the agentic technique is the best in most ex-
perimental settings.

As demonstrated in Table 2, with ground truth,
failure attribution performance can reach an aver-
age of 33.3% and 30.3% step-level accuracy re-
spectively in dynamic and static configuration. For

22.4k stars as of January 2026. https://github.com/SWE-
agent/mini-swe-agent/.
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System Ground Truth

Static Configurations Dynamic Config.

All-at-Once Binary Search Step-by-Step Static Agentic Dynamic Agentic

Agent Step Agent Step Agent Step Agent Step Agent Step

Captain-Agent w/ Ground Truth 64.7 29.4 25.9 14.1 57.7 22.4 67.1 30.6 68.2 32.9
w/o Ground Truth 63.5 22.4 24.7 9.4 44.7 17.7 58.8 24.7 61.2 25.9

Magentic-One w/ Ground Truth 58.2 25.2 38.5 13.2 63.7 20.9 67.0 30.8 68.1 33.0
w/o Ground Truth 56.0 23.1 37.4 8.8 60.4 15.4 61.5 26.4 61.5 27.5

SWE-Agent w/ Ground Truth 63.6 29.6 52.3 11.4 61.4 6.8 63.6 29.6 63.6 34.1
w/o Ground Truth 54.6 22.7 50.0 9.1 56.8 4.6 56.8 27.3 59.1 29.6

All-avg w/ Ground Truth 62.2 28.1 38.9 12.9 60.9 16.7 65.9 30.3 66.7 33.3
w/o Ground Truth 58.0 22.7 37.4 9.1 54.0 12.5 59.1 26.1 60.6 27.6

Table 2: Performance (i.e., Agent-level accuracy and Step-level accuracy) comparison of failure attribution tech-
niques across different agent systems under with or without ground truth scenario. We use bold to indicate the
highest value, while underline indicating the second highest value.

Observability Configurations Agent Step

All-at-Once 0.62 0.28
w/o metadata 0.55 0.21
w/o input 0.54 0.18
w/o metadata & input 0.51 0.16

Static Agentic 0.66 0.30
w/o metadata 0.57 0.23
w/o input 0.56 0.19
w/o metadata & input 0.54 0.17

Table 3: Ablation study on observability configurations.

agent-level accuracy, these figures are 66.7% and
65.9% respectively. The dynamic method improves
step-level attribution by 10% due to actively ver-
ifying candidate failure steps through controlled
re-execution and counterfactual probing. This pro-
cess helps filter out spurious candidates identified
from static traces, thereby refining the attribution.
Agent-level accuracy sees limited gains because
it depends more on understanding agent roles and
coordination logic, i.e., information already largely
available in complete static traces.

Among all static configurations, agentic tech-
nique achieves the highest performance in almost
all cases, which is likely because it allows to better
trace responsibility through the chain of analysis
and tool use that characterizes MAS failures. Fur-
thermore, among other static configuration, All-at-
Once performs relatively better than others. We
conduct further analysis in Section 4.2.3.

(2) Ablation Study. Table 3 presents the ab-
lation results for two representative techniques,
while others show similar trend and are omitted
for brevity. Full observability is essential for ac-
curate failure attribution, and the absence of either

metadata or input fields leads to noticeable perfor-
mance degradation. Besides, step-level attribution
is more sensitive to missing information than agent-
level attribution, i.e., 76% vs. 22% accuracy drop,
underscoring the finer-grained and more context-
dependent nature of identifying the failure step.

(3) Effect of Backbone LLMs. Figure 3 demon-
strates the performance in terms of different back-
bone LLMs. Broadly speaking, Claude-4.5-Sonnet,
DeepSeek-R1, and GPT-4o exhibit relatively strong
performance in both agent-level and step-level ac-
curacy, likely due to their advanced reasoning ar-
chitectures and strong contextual understanding.
In contrast, Qwen3-32B and GPT-OSS-20B show
weaker performance, which may be attributed to
their smaller parameter scales and consequently
limited capacity for sustained multi-step reasoning
and fine-grained causal tracing.

(4) With vs. Without Ground Truth. Per-
formance consistently declines across all systems
and techniques when ground truth is unavailable.
This confirms that access to a reference outcome
(e.g., a correct answer or test pass/fail signal) pro-
vides crucial guidance for attribution, especially
for finer-grained step attribution. Agentic meth-
ods (especially Dynamic Agentic) show relatively
smaller performance degradation without ground
truth. This suggests their interactive validation (re-
play and counterfactual checks) can partially com-
pensate for the missing reference signal by testing
behavioral hypotheses.

4.2.2 Failure & Attribution Patterns

(1) Failure Responsible Agents. Figure 4 illus-
trates the distribution of failure-prone agent types
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Figure 4: Distribution of failure agent in TraceElephant.

Figure 5: Fine-grained agent-level accuracy.

in our benchmark. Agents responsible for inter-
acting with external environments or performing
concrete operations are most prone to errors (al-
most over 50% of the failures), i.e., agents handling
web information collection and browsing in Cap-
tainAgent and Magentic-One, agent directly edit-
ing code in SWE-Agent. This might be because
these actions depend on dynamic, often noisy exter-
nal systems (APIs, websites, file systems), where
malformed requests, parsing errors, or unexpected
outputs can easily occur. The orchestrator/planner
agents also represent a non-negligible (18-29%)
source of failures. Their mistakes often stem from
incorrect task decomposition, sub-optimal agent
selection, or flawed coordination logic-errors that
may not manifest immediately but can propagate
and amplify throughout the execution.

(2) Agent-level Accuracy. Figure 5 further
breaks down the predicted agent-level accuracy
for these key agent types. For Captain-Agent, data
processing agents show high prediction accuracy
(53%), likely because their errors (e.g., CSV pars-
ing or script execution failures) leave clear, tool-
mediated traces, and web-related agents achieve
moderate accuracy (22%), as search API outputs
are often ambiguous in natural language. For
Magentic-One, the Orchestrator attains higher ac-
curacy (38%) than in Captain-Agent, possibly be-
cause its failures frequently arise during visible
mid-process interventions, such as re-planning af-
ter a browser search stalls, making its responsibility
more discernible from output logs.

(3) Decisive Failure Steps. Figure 6 shows
the distribution of failure steps over the execution

timeline in our benchmark. Failures in the auto-
matically generated system (i.e., Captain-Agent)
are dispersed. Since the system constructs and
coordinates agent teams on-the-fly for each task,
errors can be introduced at multiple points: dur-
ing agent selection, iterative planning, inter-agent
coordination, or tool-calling. Failures in manu-
ally crafted systems (i.e., Magentic-One and SWE-
Agent) are heavily concentrated in the early steps,
tightly linked to the initial task planning and rout-
ing decisions made by their central orchestrators.

(4) Step-level Accuracy. Figure 7 demonstrates
the step-level accuracy for the ground-truth failure
steps divided equally into three segments based on
their chronological order. In Captain-Agent and
SWE-Agent, step-level accuracy remains relatively
stable across all phases, while for Magentic-One,
the accuracy is remarkably low in the early phase
(8%), moderate in the middle (19%), and high in
the late phase (52%). This suggests that failures
occurring early in the execution are especially dif-
ficult to attribute, whereas those in later stages are
more easily identified. A plausible explanation lies
in Magentic-One’s system design, which often in-
volves extended exploratory and re-planning cycles.
Early-phase errors, such as incorrect task decom-
position, improper subtask assignment, or flawed
initial assumptions, may not manifest immediately
and only become visible after subsequent execution
fails. In contrast, mid- to late-phase failures often
involve tangible inconsistencies, evidence conflicts,
or clear execution failures (e.g., mismatched web
information), which provide stronger, more local-
ized signals for attribution.

4.2.3 TraceElephant vs. Who&When
Performance under the Output-only Setting. Ta-
ble 3 demonstrates the performance under All-at-
Once w/o metadata&input, i.e., only utilizing the
step output fields for failure attribution, which is
exactly the case as Who&When benchmark (Zhang
et al., 2025c). We can see that, solely relying on
the output fields, the performance suffers a no-
table degradation, from 62% to 51% in agent-level
accuracy and from 28% to 16% in step-level ac-
curacy. These results are largely consistent with
those reported in Who&When (with the same back-
bone LLM), i.e., agent-level accuracy being 51.1%
to 54.3% and step-level accuracy being 12.5% to
13.5%. The key observability gap is therefore not
whether intermediate reasoning text appears in the
transcript, but whether the actual decision context
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Figure 6: Distribution of failure step in TraceElephant.

Figure 7: Fine-grained step-level accuracy.

of each LLM call is recorded. Who&When may
include intermediate agent outputs, reasoning snip-
pets, or tool-call descriptions, but it does not pro-
vide the role-specific prompt, the exact visible his-
tory, system-constructed context, agent configura-
tion, or tool/environment information injected into
the next prompt. Without these input-side fields, a
later output sequence only shows chronological or-
der, not what information each component actually
observed when making its decision. TraceElephant
records these input contexts explicitly, enabling
attribution methods to distinguish failures caused
by missing or transformed upstream information
from failures caused by the acting component’s
own reasoning.

Variation in Prompting Strategies. A key dif-
ference lies in the comparison across prompting
strategies: in our experiments, both agent-level and
step-level accuracy achieve the best results under
the All-at-Once setting, whereas in Who&When,
step-level accuracy peaks under the Step-by-Step
setting. This discrepancy may stem from the fact
that our execution traces contain more steps (aver-
age LLM invocations: 20.5 for Captain-Agent, 29.3
for Magentic-One vs. 9.6 and 28.8 in Who&When),
leading to overly long contextual inputs in later in-
teractions of incremental prompts, i.e., exceeding
the effective context window of the LLM and thus
degrading performance.

We provide more analysis on Appendix A.7.

4.2.4 Implications and Takeaways

Our benchmark and experimental findings offer
several actionable insights for the future of failure
attribution in MAS.

Architecture-Aware Attribution. As revealed
in Section 4.2.2, the types of failure responsible
agents and the distribution of decisive failure steps
vary significantly across different MAS architec-
tures. The performance of automated attribution it-
self is highly dependent on agent types and step po-
sitions. In practice, this calls for architecture-aware
attribution methods that leverage prior knowledge
about an MAS’s design (e.g., centralized vs. dy-
namic team formation, tool-heavy vs. planning-
heavy workflows) to focus attention on its most
vulnerable components and interaction patterns,
thereby improving both the efficiency and accu-
racy of failure attribution.

Enhancing Static Attribution with Advanced
Reasoning. Our Static Agentic method, while
effective, currently employs only basic tool use
(e.g., inspecting step I/O, see details in Appendix
A.6). Future work can integrate more sophisticated
reasoning strategies, such as explicit hypothesis
generation and testing cycles, or graph-based rea-
soning over extracted agent interaction networks.
This could help the agent better synthesize long-
horizon dependencies and ambiguous failure pat-
terns present in static traces.

Leveraging Dynamic Environment for Deeper
Analysis. The current dynamic configuration pri-
marily performs single-step replay and counterfac-
tual checks, which already improve step-level accu-
racy. The provided executable environment enables
more advanced analysis techniques, such as read-
ing code to infer potentially faulty nodes in the sys-
tem design, reconstructing the actual control-flow
structure from execution traces, conducting system-
atic state-space exploration around failure points,
testing system robustness through automated fault
injection, or applying causal discovery algorithms
that actively intervene on multiple variables to iso-
late root causes. These measures allow researchers
to better understand how error traces arise. As a
result, the benchmark is transformed from a pas-
sive dataset into an active laboratory for debugging
research.

Specializing Models for Attribution via Fine-
Tuning. The strong correlation between model
reasoning capability (e.g., Claude-4.5, DeepSeek-
R1) and attribution accuracy also highlights the
need for specialized models. Promisingly, recent
work such as GraphTracer (Zhang et al., 2025b)
and AgenTracer (Zhang et al., 2025a) shows that
task-specific fine-tuning can enable smaller mod-
els to surpass larger base models. Future efforts
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can fine-tune compact models utilizing TraceEle-
phant’s traces and running environments, explic-
itly incorporating structural features (e.g., agent
graphs, tool-call sequences) and temporal depen-
dencies as auxiliary training signals to create effi-
cient, attribution-specialized models.

Toward Integrated Debugging Tools. Our find-
ings underscore the practical value of full observ-
ability. This motivates the development of inte-
grated debugging tools that automatically capture
rich execution traces, visualize agent interaction
flows, and suggest potential failure points using at-
tribution models. Embedding such capabilities into
MAS development frameworks can significantly
reduce debugging overhead.

5 Related Work

LLM-based Multi-Agent Systems. LLM-based
Multi-Agent Systems (MASs) have been widely
studied as a paradigm for solving complex tasks,
where agents interact through natural language,
planning modules, and tool usage to perform tasks
such as software engineering, question answering,
and decision making (Chen et al., 2024; Maldonado
et al., 2024; Zhang et al., 2025d). Existing work has
explored different system architectures, including
centralized planning, decentralized coordination,
and hybrid designs, as well as mechanisms for role
assignment and communication (Wu et al., 2024;
Li et al., 2023; Fourney et al., 2024; Song et al.,
2025; Team, 2025; Jin et al., 2025). As MAS are
deployed in increasingly complex and long-horizon
tasks, failures become more difficult to diagnose
and failure attribution is even challenging.

Failure Attribution in MAS. There are sev-
eral techniques for failure attribution in MASs.
For example, FAMAS (Ge et al., 2025) conducted
spectrum analysis on multiple execution trajec-
tories collected by repeatedly replaying a failed
task. AgentTracer (Zhang et al., 2025a) proposed
a lightweight model trained via multi-granular re-
inforcement learning to jointly optimize step-level
and agent-level attribution accuracy. GraphTracer
(Zhang et al., 2025b) modeled agent interactions as
information dependency graphs, and traced causal
information flows. ECHO (Banerjee et al., 2025)
combined hierarchical context representation, ob-
jective analysis-based evaluation, and consensus
voting to improve failure attribution accuracy. To

reliably evaluate these existing techniques and sup-
port the development of new ones, high-quality
benchmarks like ours are essential.

6 Conclusion

The inherent complexity and non-deterministic in-
teractions in LLM-based MASs make failure attri-
bution a core challenge for ensuring operational
reliability and facilitating targeted debugging. To
support this, we introduce TraceElephant, a bench-
mark for failure attribution of LLM-based MASs
under full execution observability. Experiments
show that full observability significantly improves
attribution performance, and dynamic replay fur-
ther enhances attribution capability. This work lays
a practical foundation for future failure attribution
research and promotes evaluation practices that
mirror real-world debugging.

7 Limitations

This work focuses on failure attribution under
developer-facing settings using execution traces
collected from a limited set of representative multi-
agent systems. While this scope does not cover all
possible system architectures or black-box usage
scenarios, it reflects realistic debugging conditions
in which full execution traces are available. As this
study is conducted on only three MASs, some of
our findings may not generalize to all existing or
future systems. However, the selected systems, i.e.,
Captain-Agent, Magentic-One, and SWE-Agent,
are intentionally diverse in their design paradigms,
covering dynamic team assembly, centralized or-
chestration, and specialized software engineering
workflows. This deliberate diversity enhances the
representativeness of our benchmark and mitigates
the risk of architecture-specific bias.
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A Appendix

A.1 Detailed Problem Definition

Multi-Agent Execution and Observability. We
consider an LLM-based multi-agent system (MAS)
M composed of a finite set of agents A =
{a1, a2, . . . , aN} that collaboratively perform a
task τ . The system executes in discrete steps. At
each step, a single agent is selected to act, pos-
sibly through a dispatcher, router, or planning
component that is part of the system. At step t,
the acting agent is selected as a(t) = g(ht−1),
where g(·) represents the system-level agent se-
lection mechanism and ht−1 denotes the system
context at step t − 1, summarizing the execu-
tion history. The selected agent receives an in-
put xt = ϕ(ht−1), and produces an output yt =
πa(t)(xt), where πa(t) denotes the policy of agent
a(t). The system context is then updated as
ht = u(ht−1, a(t), xt, yt). The execution termi-
nates after T steps, producing an execution trace
T = ⟨s1, s2, . . . , sT ⟩. Each execution step st
is associated with a structured observable record
ot =

(
xt, yt, a(t), step_idt, agent_idt

)
.

Task Outcome and Failure Attribution. Given
a completed execution trace T , the system pro-
duces a task outcome. We define a task outcome
function Ω(T ) ∈ {0, 1}, where Ω(T ) = 1 indi-
cates successful task completion and Ω(T ) = 0
indicates failure. Failure attribution aims to iden-
tify the agent and the execution step responsi-
ble for a task failure based on observable exe-
cution traces. We define failure attribution at
two levels. Step-level attribution. Let T≤t

denote the prefix of the execution trace up to
step t. We define the set of feasible continua-
tions from T≤t under system M as C(T≤t) =
{T ′ | T ′ is a valid continuation from T≤t}. Fail-
ure is said to become inevitable at step t if all
feasible continuations result in failure: ∀T ′ ∈
C(T≤t), Ω(T≤t ⊕ T ′) = 0. The failure step is de-

fined as the earliest inevitable step t∗ = min
{
t ∈

{1, . . . , T} | ∀T ′ ∈ C(T≤t), Ω(T≤t ⊕ T ′) =

0
}
. Agent-level attribution. Given an execution

trace T and its failure step t∗, agent-level attri-
bution identifies the agent whose action at the
failure step gives rise to the task failure. For-
mally, the failure-responsible agent is defined
as a∗ = argmaxa∈A I[∃ st∗ ∈ T s.t. a(t∗) = a] ,
where a(t∗) denotes the agent selected by the sys-
tem to act at step t∗ in the execution trace T .

A.2 Details about Data Sources

LLM-based Multi-Agent Systems. We collect
execution traces from three representative agentic
systems: Captain-Agent, Magentic-One, and SWE-
Agent. Captain-Agent (Song et al., 2025) follows
an automated system construction paradigm, where
a meta-controller dynamically assembles and coor-
dinates a team of agents for each task through itera-
tive planning and execution. In contrast, Magentic-
One (Fourney et al., 2024) adopts a manually spec-
ified architecture, in which an orchestrator governs
a fixed set of specialized agents. SWE-Agent (Yang
et al., 2024) represents a single-agent tool-centric
scaffold for software engineering tasks, where plan-
ning, orchestration, and tool invocation act as func-
tional components for attribution. For each system,
we use the official implementation and retain the
original agent definitions, prompts, and tool inter-
faces.

Task Sources. For both Captain-Agent and
Magentic-One, execution traces are collected on
tasks from GAIA and AssistantBench, reflecting
general-purpose agentic problem solving involving
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multi-step reasoning, information gathering, and
tool use. GAIA tasks typically require agents to
decompose a question, retrieve information from
multiple sources, and integrate intermediate results
through a sequence of reasoning steps. Assistant-
Bench tasks further emphasize interactive tool use
and sequential decision making, where errors may
arise from incorrect tool selection, incomplete in-
formation propagation, or early planning mistakes.
For SWE-Agent, traces are collected on SWE-Bench
Verified tasks, which focus on software engineering
scenarios such as code navigation, modification,
and validation. These tasks often involve long ex-
ecution traces with repeated interactions between
language model agents and external development
environments. Failures in this setting commonly
manifest as incorrect localization of code changes,
incomplete fixes, or mismatches between gener-
ated patches and test requirements, resulting in
qualitatively different failure patterns compared to
general-purpose reasoning tasks.

Run Configuration. For each system-task pair,
we execute the system under a fixed configuration
θ and assign a unique run identifier ρ. To ensure
stable tool invocation behavior while retaining a
controlled degree of stochastic diversity, we set the
decoding temperature as 0.3 across all runs and
repeat each system-task pair for multiple trials.

Trace Statistics. Across all systems and task
sources, a total of 380 execution traces are col-
lected after data cleaning, among which 220 traces
result in task failures and are included as bench-
mark instances. The number of failed traces varies
across systems and task sources, reflecting differ-
ences in task difficulty, execution length, domain
constraints, and system specialization. Rather than
enforcing a uniform failure rate, TraceElephant pre-
serves the naturally occurring failure distributions
observed during execution. This design choice al-
lows failure attribution methods to be evaluated
under realistic conditions, where failures may stem
from diverse causes and arise at different stages
of execution. Each failed run is treated as an inde-
pendent attribution instance, capturing variability
introduced by language model decoding and tool
interactions.

A.3 Details about Trace Collection

To enable systematic failure attribution across het-
erogeneous MAS, TraceElephant adopts an auto-
mated trace collection pipeline that adapts different

systems into a unified execution logging interface
without modifying their original implementations.

LLM API Middleware. At the core of the trace
collection pipeline is a lightweight LLM API mid-
dleware that mediates all interactions between a
running MAS and its underlying LLMs. Instead of
directly communicating with an external LLM ser-
vice, the MAS is configured to send LLM requests
through a middleware. It serves as a transparent
proxy between a running multi-agent system and
its underlying large language model. All LLM
requests issued by agents are intercepted by the
middleware, forwarded to a user-specified backend
model, and logged together with the corresponding
responses. This design enables complete observ-
ability of LLM-mediated decision making without
modifying agent logic, prompts, or system con-
trol flow. Instead of directly communicating with
an external LLM service, the multi-agent system
is configured to route all LLM requests through
the middleware. For each request, the middleware
records the request payload (including messages
and decoding parameters), forwards it to the back-
end model, receives the response, and returns the
response to the calling agent. Since tool invoca-
tions in modern MASs are typically triggered by
LLM-generated outputs, the middleware addition-
ally captures LLM-mediated tool interactions when
such information is observable at runtime. This in-
cludes the selected tool name, tool input arguments,
and execution results. As a result, both language-
model reasoning and subsequent tool-mediated ac-
tions are recorded in a unified, system-agnostic
manner.

Trace Pre-processing. We apply lightweight
pre-processing to raw traces to expose necessary
information in a structured manner while preserv-
ing their original form as much as possible. Specif-
ically, we use regular-expression matching to per-
form two annotations: (1) extracting and tagging
agent names in the traces, and (2) categorizing
step outputs as either plain LLM responses or tool-
mediated interactions.

Agent Name Extraction. Agent names are ex-
tracted directly from execution-time observations
using pattern matching, without introducing ad-
ditional semantic inference. In many MAS im-
plementations, agent identities are explicitly ref-
erenced in message headers or system-generated
markers. For example, given the message:
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Planner: We need to search for
relevant documentation.

The agent name Planner is extracted and associ-
ated with the current execution step.

Output type categorization. Each step output is
categorized as either a plain LLM response or a
tool-mediated interaction. This distinction is deter-
mined by matching tool invocation patterns in the
output text. For instance, the output

Action: search_web
Input: “Python regex example”

is classified as a tool-mediated step.

Step and Agent Indexing. Each recorded trace
is assigned a monotonically increasing step_id ac-
cording to its chronological order in the execution
trace. Agent identifiers (agent_id) are assigned
based on the first occurrence of each agent name
and remain consistent within a trace. Each step is
linked to both the corresponding agent_id and the
agent name.

A.4 Example Execution Trace

We provide a concrete example to illustrate how ex-
ecution traces are recorded in TraceElephant. The
example corresponds to a general travel-planning
task executed by a multi-agent system.

Task. “How should a first-time visitor plan a 3-
day trip to Walt Disney World in Florida?” This
task requires multi-step reasoning, external infor-
mation retrieval, and verification across multiple
constraints, making it representative of realistic
agentic workloads.

Trace Metadata. Each execution trace begins
with trace-level metadata that provides global con-
text for the execution.

{
"trace_metadata": {

"task_id": "WDW -TRAVEL -001",
"task_instruction": "How should a

first -time visitor plan a 3-
day trip to Walt Disney World
in Florida?",

"system_name": "Magentic -One",
"agent_configuration": {

"agents": [
"PlannerAgent",
"SearchAgent",
"ItineraryAgent",
"VerifierAgent"

],
"prompts": ["..."],
"tools": ["web_search"]

},
"system_architecture": {

"description": "A centrally
orchestrated multi -agent
system with role -
specialized agents.",

"code": ["orchestrator.py", "
agents /*.py"]

}
}

}

The metadata records the task, system identity,
agent composition, and architectural information.
Besides for failure attribution, these fields can also
provide essential context for interpreting execution
behavior and comparing traces across systems.

Step-level Records. The execution trace consists
of an ordered sequence of step-level records, each
corresponding to a single agent action. Step 1: Task
Decomposition

{
"step_id": 1,
"agent_id": 0,
"agent_name": "PlannerAgent",
"input_context": "Task: Plan a

three -day Walt Disney World
visit for a family.",

"output_content": "I will break the
task into park selection ,

ticket options , and visit order
."

}

The planner interprets the user request and de-
composes it into actionable sub-tasks.

Step 2: Identifying Disney Theme Parks
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{
"step_id": 2,
"agent_id": 1,
"agent_name": "SearchAgent",
"input_context": "Find the main

theme parks at Walt Disney
World.",

"output_content": "Searching
official Disney sources.",

"tool_logs": {
"tool_name": "web_search",
"input_arguments": "Walt Disney

World theme parks",
"outputs": "Magic Kingdom , EPCOT ,

Hollywood Studios , and
Animal Kingdom.",

"execution_status": "success"
}

}

This step involves an external tool invocation.
The raw tool interaction is preserved verbatim in
tool_logs. Please note that for each step of the
output, there must be an output_content, and only
when there is a tool call will there be a tool_logs.

Step 3: Retrieving Ticket Options

{
"step_id": 3,
"agent_id": 1,
"agent_name": "SearchAgent",
"input_context": "Find ticket

options for a three -day Disney
World visit.",

"output_content": "Searching ticket
types and pricing.",

"tool_logs": {
"tool_name": "web_search",
"input_arguments": "Disney World

three -day ticket options",
"outputs": "Standard tickets

allow one park per day; park -
hopper tickets allow multiple
parks per day.",

"execution_status": "success"
}

}

Here, the same agent performs another retrieval
step, producing additional evidence required for
planning.

Step 4: Drafting an Initial Visit Plan

{
"step_id": 4,
"agent_id": 0,
"agent_name": "PlannerAgent",
"input_context": "Theme parks and

ticket options have been
retrieved.",

"output_content": "Draft plan: Day
1 Magic Kingdom , Day 2 EPCOT ,
Day 3 Hollywood Studios."

}

The planner synthesizes retrieved information
into a tentative plan.

Step 5: Feasibility Verification

{
"step_id": 5,
"agent_id": 2,
"agent_name": "VerifierAgent",
"input_context": "Verify whether

the proposed three -day plan is
feasible for a family.",

"output_content": "The plan is
feasible. Park -hopper tickets
are optional but not required."

}

The verifier checks internal consistency and prac-
tical feasibility.

Step 6: Final Recommendation

{
"step_id": 6,
"agent_id": 0,
"agent_name": "PlannerAgent",
"input_context": "Verification

completed.",
"output_content": "Final

recommendation: Visit Magic
Kingdom , EPCOT , and Hollywood
Studios on separate days with
standard three -day tickets."

}

This final step produces the consolidated answer
returned to the user.

This example demonstrates how TraceElephant
records: (1) rich trace metadata, (2) fine-grained
step-level inputs and outputs, and (3) raw tool in-
teractions, all in a unified JSON format.

A.5 Failure Attribution Annotation

This section describes the human annotation pro-
cess used to obtain failure attribution labels, i.e., (1)

14
19901



the agent primarily responsible for the failure, and
(2) the execution step where the failure originates.

Annotators. The annotation is conducted by
three human annotators with at least one year of
experience in developing and debugging MASs.
The annotators are familiar with agent pipelines,
tool-mediated execution, and trace-based analysis.

Annotation principle. The annotation process
is conducted in three rounds. In the first round,
failed execution traces from all multi-agent sys-
tems are evenly distributed among the three anno-
tators. Each annotator independently inspects the
complete execution trace, including agent actions
and tool interactions. For each trace, the annotator
identifies the failure-responsible agent and deci-
sive failure step. Annotators additionally indicate
whether they are confident or uncertain about each
annotation.

In the second round, all traces marked as uncer-
tain by at least one annotator are jointly reviewed.
Annotators collaboratively examine the execution
timeline, discuss alternative interpretations of the
trace, and reconcile differences through discussion.
Consensus is reached through mutual agreement
rather than majority voting, and annotations are
finalized only when all annotators agree on the at-
tribution outcome.

In the final round, each annotator reviews a sub-
set of annotations produced by the other annota-
tors to assess consistency with the shared annota-
tion standards. When inconsistencies or ambigu-
ities are identified, the corresponding traces are
revisited and re-annotated through further discus-
sion until a consistent labeling standard is achieved
across. This multi-round procedure follows estab-
lished practices for aggregating expert judgments
to approximate reliable ground truth (Krippendorff,
2018). We compute Krippendorff’s alpha on the
first-round independent annotations, obtaining 0.72
for agent-level labels and 0.64 for step-level labels.
After the consensus process, all finalized labels re-
flect unanimous agreement among the annotators.

A.6 Evaluation Design

A.6.1 Evaluation Metrics.

Given an execution trace O(T ), the failure at-
tribution method is tasked with predicting the
failure-responsible agent â and the decisive fail-
ure step t̂. Predictions are evaluated against the
ground-truth labels (a∗, t∗) annotated in our bench-
mark. Let D denote the set of failed execution

traces in the benchmark. We report agent-level
accuracy, defined as the proportion of traces for
which the predicted agent matches the ground
truth: Accagent =

1
|D|

∑
(T ,a∗,t∗)∈D I[â = a∗]. Sim-

ilarly, we report step-level accuracy, defined as:
Accstep = 1

|D|
∑

(T ,a∗,t∗)∈D I[t̂ = t∗]. Following
prior work, we additionally report step-level accu-
racy with tolerance, where a prediction is consid-
ered correct if |t̂ − t∗| ≤ δ, with δ fixed across
all experiments. All results are averaged over 3
independent runs.

A.6.2 Observability Configurations.

We evaluate two categories of observability con-
figurations. For Static configuration, we provide
the overall trace information as demonstrated in
Section 3.3 for failure attribution. For Dynamic
configuration, besides the static information, we
also provide a replayable execution environment
for each trace. This setting reflects an interactive
debugging workflow where static inspection is com-
plemented by execution-based validation.

We additionally utilize Static w/o metadata,
Static w/o input, and Static w/o metadata&input
to further evaluate the necessity of different types
of information for failure attribution.

A.6.3 Failure Attribution Techniques.

For above mentioned static configuration, we eval-
uate three commonly-used LLM-based failure at-
tribution techniques (Zhang et al., 2025c,b; Ge
et al., 2025) and two popular agent-based tech-
niques (Yang et al., 2024). The first three tech-
niques present the failure trace to the LLM, and
let the LLM identify the responsible agent and de-
cisive step. They differ in how the trace is pro-
vided. All-at-once provides the full trace in a sin-
gle context window and asks the LLM to output
the failure-responsible agent and decisive failure
step. Step-by-step reveals the trace incrementally
and asks the LLM to decide at each step whether
it contains the failure origin, terminating when a
step is selected. Binary search repeatedly asks
the LLM to localize the failure to a sub-range of
steps, halving the search space until a single step is
identified.

For the first agent-based technique (short for
Static Agentic), we adopt mini-SWE-agent, which
can navigate the trace information, retrieve related
fields as needed, and make a conclusion gradually.
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Specifically, we modify the codebase of mini-SWE-
agent by adding three tools: (1) inspecting the out-
puts of all executed steps; (2) inspecting the input
and output of a specific step; and (3) submitting
the final answer. These extensions enable the LLM
agent to flexibly and dynamically switch between
global information and fine-grained local details
during reasoning.

For Dynamic Agentic, the method first pro-
poses candidate failure attributions derived from
the Static Agentic technique, including candidate
steps and agents, and then re-runs the system from
the corresponding execution point to issue counter-
factual checks. Specifically, we first leverage the
Static Agentic method to infer up to n (n ≤ 3) can-
didate mistake agent/step/reason triples, together
with their corresponding expected oracle. The ex-
pected oracle represents the anticipated output of
the identified step if the specified mistake reason
had not occurred. It is inferred by the Static Agen-
tic model as part of the candidate attribution hy-
pothesis, rather than provided by human annota-
tors or derived from the ground-truth labels. We
then replay the task trajectory, and when execution
reaches the identified mistake step, we intervene
by modifying the input request of that step through
an LLM API middleware. This intervention guides
the agent to avoid the error induced by the mistake
reason. We subsequently observe whether the next
k = 3 steps satisfy the expected oracle and whether
the previously observed failure modes reoccur or
the agent deviates from the task objective.

We do not execute the entire task to comple-
tion; instead, we restrict our observation to k = 3
steps. This design choice is motivated by our em-
pirical finding that many task failures stem from
systemic design issues, where even corrective in-
terventions may not guarantee success over long
horizons. By focusing on a limited window of
k = 3 steps, we assess local behavioral improve-
ments within a bounded range, which provides a
more reliable basis for diagnosis and judgment.
Thus, Dynamic Agentic validates local responsi-
bility for a candidate step, rather than attempting
to repair the entire system or prove global causal
sufficiency. We choose k = 3 because shorter win-
dows often fail to expose meaningful behavioral
changes, while longer windows introduce increas-
ing variance from downstream stochasticity, tool
noise, and unrelated planning effects. The decod-
ing temperature is fixed at 0.3 to preserve local

trajectory stability while still allowing limited be-
havioral adaptation after the intervention.

Note that there are other techniques for failure
attribution in MASs (i.e., ECHO (Banerjee et al.,
2025), AgenTracer (Zhang et al., 2025a), Graph-
Tracer (Zhang et al., 2025b), and FAMAS (Ge et al.,
2025)). However, they don’t release runnable im-
plementations or source code. We attempt to repro-
duce them, but couldn’t obtain performance consis-
tent with the numbers reported in original works.
Therefore, we don’t include them in evaluation.

A.6.4 Application Scenarios.

We evaluate attribution under two settings that sim-
ulate realistic debugging demands. In the With
ground truth scenario, attribution methods are pro-
vided with task-level reference information, which
is commonly available in development or diagnos-
tic scenarios. Specifically, for GAIA and Assis-
tantBench, we use the official task ground-truth
answers as references. For SWE-Bench-Verified,
where explicit reference answers are not available,
we instead treat the observed test outcomes of the
evaluation instances (i.e., pass/fail signals from
the test suite) as ground-truth supervision. In con-
trast, in the Without ground truth scenario, the
attribution method relies solely on the execution
trace (and optional replay information), reflecting
practical debugging scenarios where no definitive
reference outcome is accessible.

A.6.5 LLMs Under Evaluation.

We evaluate failure attribution performance across
a set of representative LLMs, covering both closed-
source and open-source models. We use GPT-
4o (Hurst et al., 2024) as the default LLM in
the main experiments. We additionally compare
against GPT-4o-mini (OpenAI, 2024), Claude-
4.5-Sonnet (Anthropic, 2025) (closed-source) and
Qwen3 (Yang et al., 2025), GPT-OSS-20B (Agar-
wal et al., 2025), DeepSeek-R1 (Guo et al., 2025)
(open-source), to assess whether the findings are
consistent across model families and capability lev-
els.

A.7 Analysis on Who&When Benchmark

We report the distribution of failure agent and fail-
ure step in Who&When Benchmark in Figure 8 and
9. These trends align closely with those observed
in TraceElephant (see Figure 4 and 6).
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Figure 8: Distribution of failure agent in Who&When.

Figure 9: Distribution of failure step in Who&When.

The slight difference lies in the average num-
ber of LLM invocations: in Who&When, Captain-
Agent and Magentic-One respectively have an av-
erage of 9.6 and 28.8 calls, while these figures for
TraceElephant are 20.5 and 29.3.

It is also worth noting that the step count for
Magentic-One appears significantly higher (almost
80 steps) in Who&When as shown in Figure 9;
this discrepancy stems from differences in step-
counting strategies between the two benchmarks.
For example, CaptainAgent omits the scheduling
process among speaking agents, and ComputerTer-
minal executes code from the previous step directly
via the command line without invoking an LLM. In
Magentic-One, the process of reasoning about and
selecting the next speaking agent is decomposed
into multiple steps. We reconstructed the actual
number of LLM invocations in the Who&When
dataset: Algorithm-Generated (Captain-Agent) av-
erages 9.6 invocations, Hand-Crafted (Magentic-
One) averages 28.8, and the overall average is 15.7.

A.8 Privacy Considerations

TraceElephant is constructed using execution traces
that include step-level inputs and outputs of agents.
While such information is essential for fine-grained
failure attribution, it may contain sensitive content,
depending on the task domain and system configu-
ration. For example, execution traces may include

user-provided instructions, intermediate reasoning
artifacts, or tool invocation details that could ex-
pose proprietary logic or private information.

To reduce potential privacy risks, we adopt sev-
eral conservative design choices during benchmark
construction. First, all traces are collected from
controlled task executions over public benchmark
sources, rather than from real user interactions.
Tasks are predefined and do not involve personal
user data. Second, for web-based executions, we
use an isolated Playwright-controlled Chromium
instance without personal browsing profiles, cook-
ies, or user-specific history. Third, we apply auto-
matic filtering to remove local file paths and po-
tential personal identifiers from collected traces,
followed by manual inspection of each released
trace. Fourth, when releasing the benchmark, sen-
sitive fields can be selectively anonymized or trans-
formed, for example by replacing raw inputs or
outputs with hashed or redacted variants when ap-
propriate.

A.9 Human Annotation Protocol and Ethics
Statement

We employed three expert annotators with prior ex-
perience in developing and debugging LLM-based
multi-agent systems to provide failure attribution
labels for the benchmark. Each annotator was in-
structed to identify (i) the failure-responsible agent
and (ii) the earliest execution step at which task
failure becomes inevitable, based on the complete
execution trace, including agent inputs, outputs,
and tool interactions.

The annotation guidelines emphasized consis-
tency, trace-based reasoning, and adherence to the
formal definition of step-level and agent-level fail-
ure attribution described in Appendix 2. Anno-
tators conducted their analysis independently in
the first round, followed by joint discussion and
reconciliation for cases marked as uncertain, until
consensus was reached.

All annotators participated voluntarily and were
fully informed of the purpose of the study and the
intended use of the annotated data for research
and benchmarking purposes. The annotation task
involved only synthetic tasks or publicly available
benchmark data (GAIA, AssistantBench, and SWE-
Bench) and did not include any personal, sensitive,
or user-generated data.

No external recruitment or crowdsourcing plat-
forms were used, and no demographic data were
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collected. As the study involved only technical an-
notation of non-sensitive data by informed research
participants, it did not require approval from an
institutional ethics review board.

A.10 Artifact License and Usage Terms
TraceElephant including execution traces, anno-
tations, and associated metadata, is released for
research purposes only. All benchmark artifacts
will be made publicly available upon publication
through an open-access repository.

The execution traces and annotations are dis-
tributed under the Creative Commons Attribution
4.0 International (CC BY 4.0) license, which per-
mits use, distribution, and adaptation for research
purposes with appropriate attribution. Before re-
lease, the artifacts are filtered and manually re-
viewed to avoid including personal, sensitive, or
proprietary information.

For third-party components referenced in the
benchmark, including task sources such as GAIA,
AssistantBench, and SWE-Bench, we follow their
original licenses and terms of use. Users of
TraceElephant are responsible for complying with
the licenses of these upstream resources when us-
ing or redistributing the benchmark.

The benchmark code, including trace collection
scripts and evaluation utilities, will be released un-
der a permissive open-source license, and detailed
licensing information will be provided in the ac-
companying repository.

A.11 Use of AI Assistants
We used AI assistants to support limited aspects of
this research, primarily for language polishing and
code-related debugging during the development
process. Specifically, AI tools were occasionally
used to improve clarity and grammar in early drafts
and to assist with debugging auxiliary scripts that
do not affect the core experimental logic or results.
All scientific contributions of this work, including
the benchmark design, data collection, annotation
protocol, experimental setup, analysis, and conclu-
sions, were conceived, implemented, and verified
by the authors. AI assistants were not used to gen-
erate experimental results, annotations, evaluation
metrics, or substantive scientific claims. The au-
thors reviewed, verified, and take full responsibility
for all content in the final manuscript.
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