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Abstract

As LLM-based agents operate over sequen-
tial multi-step reasoning, hallucinations aris-
ing at intermediate steps risk propagating along
the trajectory, thus degrading overall reliability.
Unlike hallucination detection in single-turn
responses, diagnosing hallucinations in multi-
step workflows requires identifying which step
causes the initial divergence. To fill this gap, we
propose a new research task, automated hal-
lucination attribution of LLM-based agents,
aiming to identify the step responsible for the
hallucination and explain why. To support this
task, we introduce AgentHallu, a comprehen-
sive benchmark with: (1) 693 high-quality tra-
jectories spanning 7 agent frameworks and 5 do-
mains, (2) a hallucination taxonomy organized
into 5 categories (Planning, Retrieval, Reason-
ing, Human-Interaction, and Tool-Use) and 14
sub-categories, and (3) multi-level annotations
curated by humans, covering binary labels,
hallucination-responsible steps, and causal ex-
planations. We evaluate 13 leading models,
and results show the task is challenging even
for top-tier models (like GPT-5, Gemini-2.5-
Pro). The best-performing model achieves only
41.1% step localization accuracy, where tool-
use hallucinations are the most challenging at
just 11.6%. We believe AgentHallu will cat-
alyze future research into developing robust,
transparent, and reliable agentic systems. Code
and dataset will be available.

1 Introduction

Large Language Models (LLMs) (OpenAl, 2025;
Comanici et al., 2025) have been increasingly de-
ployed into autonomous agents to tackle complex
tasks (Mialon et al., 2024; Yang et al., 2024; Zheng
et al., 2024). Such capability emerges from the
orchestration of long-horizon planning, multi-hop
retrieval, iterative tool use, dynamic reasoning and
human-in-the-loop interaction.

However, hallucination, the generation of plau-
sible yet non-factual content, remains a persistent
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Figure 1: Illustration of hallucination attribution in
LLM-based agents. Left: A misdefinition of regions
X, Y, Z in Step 1 propagates to the tool call and leads
to the incorrect final answer. Right: Beyond binary
judgment, hallucination attribution aims to identify a
hallucination-responsible step and a causal explanation.

issue in LLM-based systems. Unlike LLM halluci-
nations confined to single-turn responses (Huang
et al., 2025; Ji et al., 2023), agent-based hallu-
cinations are amplified by the sequential nature
of multi-step workflows, where intermediate er-
rors propagate and ultimately degrade the final
response (Zhou et al., 2025). As shown in Fig-
ure 1 Left, a planning hallucination misdefines “re-
gion X, Y, Z”, which propagates into downstream
Python tool parameters and leads to an incorrect
final answer. This underscores an urgent need for
granular analyses to pinpoint the origin of the hal-
lucination, especially in high-stakes agentic appli-
cations (Huang et al., 2025).

Current hallucination evaluations (Bang et al.,
2025; Niu et al., 2024; Li et al., 2023b) primarily
classify single-turn LLM responses as factual or
hallucinated. While valuable, this binary paradigm
fails to address concerns essential for building reli-
able agents: where and why hallucinations origi-
nate in agentic workflows. To fill this gap, we pro-
pose a novel research task of automated hallucina-
tion attribution for LLM-based agents. We define
two key objectives: (1) Hallucination-responsible
Step Localization (Where): identify the step re-



Table 1: Comparison of AgentHallu with existing hallucination detection datasets in terms of dataset statistics
(sample size (#Samp.) and trajectory steps (#Step)), hallucination categories (planning hallucination (Planning),
retrieval hallucination (Retrieval), reasoning hallucination (Reasoning), human-interaction hallucination (Human),
and tool-use hallucination (Tool)), and task type (Hallucination Judgment and Hallucination Attribution).

Hallucination Category Task Type

Planning Retrieval Reasoning Human Tool

Judgment Attribution

Dataset Dataset Statistic
#Samp. #Step

HaluEval (Li et al., 2023b) 35,000

FELM (Zhao et al., 2023) 847

SAC? (Zhang et al., 2023) 500

FAVABench (Mishra et al., 2024) 902
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sponsible for the hallucinated result, (2) Causal
Explanation (Why): provide an open-ended ex-
planation of the underlying cause. As shown in
Figure 1 Right, step attribution precisely identifies
“Step 17 as the hallucination origin, while causal
explanation provides a corresponding diagnostic
analysis of “Step 1 incorrectly matched X, Y, and
Z with their regions”.

To support this task, we present AgentHallu, the
first comprehensive benchmark tailored for auto-
mated hallucination attribution of multi-step agent
trajectories. As shown in Table 1, the key high-
lights of the AgentHallu dataset include: (1) Exten-
sive Diversity. We collect 693 trajectories from 7
popular agent frameworks with an average length
of 7.6 steps. The dataset encompasses five distinct
domains: world knowledge, science, math, gen-
eral assistant, and tool use. (2) High-quality Con-
trol. We implement a rigorous three-stage filtering
criterion to exclude non-deceive failures, overly
short sequences, and trivial cases lacking diagnos-
tic depth, thereby ensuring the benchmark’s diffi-
culty. (3) Comprehensive Taxonomy. We develop
a hierarchical taxonomy of agent hallucinations
via grounded theory (Glaser and Strauss, 2017),
resulting in 5 primary categories (Planning, Re-
trieval, Reasoning, Human-Interaction, and Tool-
Use) and 14 granular subcategories. (4) Multi-level
Annotation. AgentHallu includes binary labels for
judgment. For attribution, it specifies hallucination-
responsible steps and explains the underlying cause
in plain language. All annotations are manually cu-
rated through a labor-intensive process.

Using the AgentHallu, we develop an attribution
evaluation framework along two dimensions: step
localization accuracy as a measure of responsible-
step identification, and G-EVAL scores (Liu et al.,
2023) for assessing the quality of open-ended ex-
planations. Leveraging this framework, we evalu-

ate 13 leading LLMs, including 5 proprietary and
8 open-source models. Empirical results reveal
several critical findings: (1) The best-performing
model, Gemini-2.5-Pro, achieves only 41.1% accu-
racy in step localization, which drops to 11.6% ac-
curacy on tool-use hallucinations. (2) Step-by-Step
prompting improves attribution via incremental pro-
cessing, but at the cost of higher token usage. (3) In-
creasing trajectory steps Nyep poses a challenge to
attribution, with GPT-5’s accuracy dropping from
40.3% (Ngep < 5) 10 23.9% (Ngep > 11).
Overall, our contributions include: (i) A novel
task of automated hallucination attribution in LLM-
based agents to understand where and why halluci-
nations originate. (ii) A comprehensive benchmark
comprising 693 high-quality trajectories with broad
diversity, a systematic taxonomy and multi-level
annotations. (iii) Evaluation of 13 leading LLMs,
revealing their strengths and limitations under vary-
ing conditions, including hallucination categories,
prompting methods, and trajectory steps.

2 Related Work

2.1 Hallucination Detection Benchmarks

Hallucination detection aims to develop a frame-
work or a model to automatically distinguish be-
tween hallucinated and factual content (Li et al.,
2025; Ravichander et al., 2025; Qin et al., 2025;
Zhang et al., 2025c,a). As shown in Table 1, a line
of work assesses the model’s factuality reasoning
over diverse domains such as world knowledge (Li
et al., 2023b; Wei et al., 2024b; Bang et al., 2025),
science (Zhao et al., 2023), and math (Zhao et al.,
2023). Moreover, RAGTruth (Niu et al., 2024)
demonstrates that popular LLMs continue to hallu-
cinate across tasks even with retrieval-augmented
generation. To diagnose tool-use hallucinations,
ToolBH (Zhang et al., 2024) collects 700 tool-



call samples to perform solvability detection, solu-
tion planning, and missing-tool analysis. Different
from prior works confined to binary judgment in
single-turn responses, we introduce the first bench-
mark for automated hallucination attribution within
multi-step agent trajectories.

2.2 LLM-based Agents

LLM-based agents (Yao et al., 2023; Wang et al.,
2024) have showcased extraordinary capabilities in
automating tasks across various fields. This grow-
ing capability is largely driven by emergent behav-
iors that arise during chain-of-thought (Wei et al.,
2022), in-context learning (Brown et al., 2020),
and instruction following (Longpre et al., 2023).
To extend agents’ capabilities beyond their internal
knowledge, function calling (Schick et al., 2023;
Patil et al., 2024, 2025) has been proposed, en-
abling agents to interact with external tools and
APIs in multi-step workflows.

Moreover, individual agents, each serving a spe-
cialized role, can be composed into multi-agent
systems to solve complex tasks (Hong et al., 2024;
Wang et al., 2025). Early multi-agents elicit step-
wise reasoning through structured debate (Liang
et al., 2024) or role-play dialogue (Li et al., 2023a).
Recent works (Fourney et al., 2024; Hu et al., 2025)
introduce central orchestrators that assign tasks to
specialized agents. Beyond inter-agent interaction,
agents are motivated to proactively seek human
feedback to improve their decision-making (Feng
et al., 2024). Despite this progress, hallucinations
persist across operational stages in agent work-
flows (Lin et al., 2025), including planning, re-
trieval, reasoning, tool use, and human interaction,
underscoring the need for reliability assessment.

3 Task Formulation

In this section, we formulate the task of automated
hallucination judgment and attribution.

Background. LILM-based agents perform com-
plex tasks with structured reasoning, where each
interaction unit u; interleaves a thought step c;, an
action step a;, and an observation step o;. The
trajectory 7 can be written as:

T:(Ul,UQ,...,Ut), (1)

Ut = (ct7at70t)7 (2)

where ¢; denotes the internal reasoning state, a;
specifies the invoked tool action, and o; captures

feedback from the tool responses. Distinct from
prior analyses of non-hallucination failures (Zhang
et al., 2025b; Cemri et al., 2025; Rahardja et al.,
2025), we restrict our study to trajectories that yield
coherent and seemingly plausible answers.

Hallucination Judgment Objective. We classify
a trajectory as hallucinated by determining whether
its produced answer diverges from the ground-truth
solution corresponding to the task:

is_hallucination(7) = Ly (7)£ysty, 3)

where y(7) denotes the result of a trajectory 7, y&¢
denotes the task-specific ground-truth answer, and
1y, is the indicator function.

Hallucination Attribution Objective. Moti-
vated by (Zhang et al., 2025b), we identify a hal-
lucinated step u; as the step whose correction is
causally sufficient to transform an incorrect result
into a correct one. Specifically, we replace u; with
its correct counterpart and roll out the subsequent
steps to obtain the counterfactual trajectory 7(*).
The set of hallucinated steps H(7) of a trajectory
T is then defined as:

H(r)={t|y(r) #y* ny(r) =9}, @

where y(7(!)) denotes the result produced by the
counterfactual trajectory ®). To address scenar-
ios with multiple hallucinated steps, we follow a
causality-aligned principle and treat the initial er-
ror as the primary source of hallucination. We thus
define an objective to determine:
* .

t* = arg tgig’) t. %)
In this study, we address the problem of automati-
cally identifying the step ¢* and providing an asso-
ciated open-ended explanation.

4 AgentHallu Dataset

In this section, we first present an overview of our
AgentHallu dataset in Sec. 4.1. Then, we detail the
dataset development involving query collection in
Sec. 4.2, trajectory construction in Sec. 4.3, and
hallucination annotation in Sec. 4.4.

4.1 Overview

As shown in Table 1 and Figure 2, AgentHallu
comprises 693 annotated agent trajectories, in-
cluding 443 hallucinated instances and 250 non-
hallucinated instances. Each instance in Agen-
tHallu includes the following entries: (1) Query:
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Figure 2: Overview of hallucination taxonomy in AgentHallu. The dataset includes 5 hallucination categories and
14 subcategories, where each trajectory step interleaves a thought step, an action step, and an observation step.

A real-world question from 8 datasets, covering
domains spanning world knowledge, science, math,
general assistant, and tool use. (2) Trajectory: A
trajectory generated to address the query, with each
step standardized into a triplet of thought, action,
and observation. These trajectories are collected
from 7 mainstream LLM-based agents. (3) Anno-
tation: Multi-level annotations curated by human
labelers, comprising a binary label, a hallucination-
responsible step, and a causal explanation. Detailed
dataset statistics are provided in Appendix A.2.

4.2 Query Collection

To ensure comprehensive coverage of factuality,
we curate a diverse set of queries spanning five
realistic domains, as detailed below.

» World Knowledge: We incorporate queries from
the SimpleQA dataset (Wei et al., 2024a), span-
ning ten topics such as politics, art, and sports to
represent general world knowledge.

» Science: We include graduate-level scientific
queries from the GPQA dataset (Rein et al.,
2024), involving the disciplines of physics,
chemistry, and biology.

* Math: We filter out difficulty Level 1 and Level
2 questions from MATH-500 (Hendrycks et al.,
2021), retaining the harder subset. To integrate
frontier-level challenges, we also include ques-
tions from the American Invitational Mathemat-
ics Examination (AIME) 2024 and AIME 2025.

* General Assistant: We include queries from the

GAIA validation set (Mialon et al., 2024), which
provides diverse and realistic instructions reflect-
ing general assistant use.

* Tool Use: To mimic complex tool-use sequences
in agentic workflows, we incorporate multi-turn
and multi-step function-calling queries from
BFCL V3 (Patil et al., 2025).

To extend coverage toward cutting-edge human

knowledge, we also include a small subset of ques-

tions from HLE (Phan et al., 2025), spanning math-
ematics, humanities, and the natural sciences.

4.3 Trajectory Construction

Given the collected queries, we generate diverse
and realistic trajectories by executing 7 widely
used LLM-based agents (SmolAgents (Roucher
et al., 2025), OpenDeepSearch (Alzubi et al., 2025),
OpenManus (Liang et al., 2025), OctoTools (Lu
et al., 2025), Magentic-One (Fourney et al., 2024),
OWL (Hu et al., 2025), and Function-calling
Agents (Patil et al., 2025)). Specifically, we par-
tition queries from the four knowledge-intensive
domains into six subsets and instantiate trajecto-
ries using the first six agents. In parallel, we utilize
BFCL V3 to construct function-calling agent trajec-
tories. These agents are primarily built on the GPT
series (GPT-40 and GPT-4.1). Details on agent
configuration are provided in Appendix A.3.1.

To enhance the robustness and quality of our
benchmark, we apply a three-stage filtering crite-
rion to the collected trajectories:



Table 2: Taxonomy of agent hallucinations.

Category Sub-category ‘ Description

Planning Fact Derive Introduce nonexistent or misleading facts.

Hallucination Task Decompose Produce task-misaligned subgoals.

Query Misalign
Context Misalign

. Formulate inaccurate retrieval queries.
Retrieval N .
L. Retrieve factually incorrect context.
Hallucination . e . A L

Summarize Misalign | Misrepresent context via summarization.

Factual Reasoning | Incorrect factual inference over context.

Reasoning Math Reasoning Incorrect math inference or computation.

Hallucination Science Reasoning | Incorrect science inference or computation.

General Reasoning | Incorrect reasoning over general tasks.

Human-Interaction Hallucination | Incorrect messages propagated by the user.

Missing Tool Miss required tool invocation.
Tool-Use

Hallucination Parallel Conflict

Incorrect Argument | Mis-specify arguments of invoked tools.

Trigger execution conflicts via parallel tools.

Unnecessary Tool Invoke irrelevant or incorrect tools.

* (1) Exclude Failure Trajectories: Since non-
deceptive failures are easy to identify, we manu-
ally exclude trajectories that terminate without
a task-completing response (e.g., early termi-
nation due to turn limits, token overflows, or
tool-permission restrictions).

* (2) Exclude Short Trajectories: Excessively short
agent trajectories degrade into native LLM re-
sponses, lacking sufficient reasoning depth for
step localization. Therefore, we exclude trajec-
tories with only one or two valid steps.

* (3) Exclude Trivial Trajectories: To se-
lect plausible and difficult samples, we re-
tain trajectories with disagreement among
LLM judges. Specifically, we use four in-
dependent LLMs (GPT-5, Gemini-2.5-Pro,
DeepSeek-V3.1, and Qwen3-32B) to assign a bi-
nary label and a hallucination-responsible step
for each trajectory. Then we exclude trajectories
with full agreement across all four judges.

4.4 Hallucination Annotation

Through the multi-step filtering described above,
we retain 693 agent trajectories. To ensure con-
sistent and reproducible annotations across hetero-
geneous agent systems, we establish both an em-
pirically grounded hallucination taxonomy and a
standardized annotation protocol.

Empirically Grounded Taxonomy. To allow hal-
lucination modes to emerge from empirical data,
we apply grounded theory (Glaser and Strauss,
2017) to analyze a pilot set of 140 trajectories sam-
pled from seven agent frameworks. Specifically,
we first perform open coding (Khandkar, 2009) on
the trajectory data to label observed hallucinated
behaviors. Then we apply constant comparative
analysis to refine the boundaries between different
hallucination types. By merging and linking rel-
evant behaviors, we organize the open codes into

Table 3: Initial inter-annotator agreement on binary
judgment (Judgment), categorization (Category), and
hallucination-responsible step (Step). The results high-
light the difficulty of manual hallucination attribution.

AnnotationHWorld. Science Math General Tool ‘ Overall
Judgment 98.4 98.0 100.0 100.0 98.8| 98.9

Category 83.2 743 812 744 922 819
Step 804 725 765 692 854| 779

a structured taxonomy of hallucination categories.
The taxonomy is finally refined through discussion
and review until consensus is reached. The result-
ing taxonomy is presented in Table 2.
Standardized Annotation Protocol. We intro-
duce a hallucination annotation protocol, which
progresses from binary judgment to fine-grained
attribution and taxonomy classification. To ensure
annotation rigor, we employ ten graduate-level an-
notators with specialized expertise in Al to perform
iterative labeling and refinement.

* (1) Construction of Oracle-guided Reasoning
Paths. Considering that hallucination attribu-
tion often requires domain-specific expertise, we
leverage LLLMs to construct detailed reasoning
paths for question solving. Specifically, we con-
dition the LLM on the question, the ground-truth
answer, and, when available, dataset-provided
solution annotations. Compared with question-
only prompting, providing this additional infor-
mation yields more faithful reasoning paths. To
mitigate model-specific bias, each path is inde-
pendently drafted by two different LLMs, GPT-
5-Thinking and Gemini-2.5-Pro.

* (2) Human Annotation. Annotators first make a
binary judgment of whether the agent trajectory
is hallucinated by comparing it with the ground
truth. For hallucinated cases, they further anno-
tate the category, hallucination-responsible step,
and causal explanation. To facilitate this process,
LLMs are prompted with the reasoning path to
generate attribution references, which are subse-
quently verified by annotators. Validation relies
on two criteria: whether the candidate step intro-
duces a factual error that directly distorts the out-
come, or whether it propagates an error seeded
in an earlier step. Upon detecting such propaga-
tion, annotators trace the error chain backward
and reassign attribution to the root cause.

* (3) Consensus Resolution. Inter-annotator agree-
ment statistics are reported in Table 3. For dis-
agreements, annotations are resolved through
collaborative discussion, requiring all annotators



Table 4: Performance (%) of LLMs on AgentHallu under standard prompting, reporting hallucination judgment

(F1/Recall/Acc) and hallucination attribution measured by step localization accuracy (Acc) and G-EVAL (GE).

Judgment Attribution

Model Name Overall Planning  Retrieval Reasoning  Human Tool-Use Overall

F1T Recallf Acct | Acc GE Acc GE Acc GE Acc GE Acc GE | Acet GE?T

Random | 485 496 495 |96 - 88 - 103 - 74 - 72 - | 87 -

Proprietary Large Language Models
GPT-5 70.2 732 706 | 31.3 23 268 1.7 576 3.0 397 26 49 06| 327 20
GPT-5-mini 65.0 673 655 1299 21 281 15 534 28 61.6 33 39 06| 350 20
Gemini-2.5-Pro 64.6 642 688 | 254 22 451 23 644 32 507 28 146 13| 411 24
Gemini-2.5-Flash | 653 654 67.7 | 209 2.1 427 21 542 27 438 26 155 13| 363 21
Claude-4.5-Sonnet | 63.6  63.7 66.1 | 269 23 305 1.7 449 23 438 24 194 14| 334 20
Average 657  66.8 67.7 1269 22 346 19 549 28 479 27 116 10| 357 2.1
Open-source Large Language Models
DeepSeek-V3.1 521  52.1 554 | 149 18 220 16 271 18 219 19 7.8 07| 190 15
Qwen3-32B 51.8  53.0 527 |75 15 195 1.1 288 1.7 411 21 87 05| 212 13
Qwen3-8B 495 542 495 | 45 12 281 13 170 09 233 12 39 02| 151 09
Qwen2.5-72B 443 552 460 | 45 08 37 03 93 06 137 07 68 05| 7.7 0.6
Qwen2.5-32B 493 563 496 | 45 1.1 12 05 153 09 123 08 68 06| 86 038
Qwen2.5-7B 439 511 442 1 00 06 61 05 59 04 137 08 68 05| 66 05
Llama3.3-70B 404 542 436 | 105 09 49 04 68 03 55 03 87 05| 72 04
Llama3.1-8B 35.1 52.1 403 | 00 03 24 03 09 02 41 02 10 01| 16 02
Average 458 535 47.7 ‘ 58 10 11.0 08 139 08 170 10 63 04 ‘ 109 0.8

to be convinced by the final rationale. For agreed
cases, we employ a cross-validation protocol in
which each annotator reviews peer annotations
to ensure adherence to shared standards. Any
detected inconsistency triggers discussion and
re-annotation until consensus is achieved.

5 Experiments

5.1 Experimental Setup

Evaluated Models. We evaluate 13 frontier pro-
prietary and open-source LLMs. The proprietary
models include OpenAI’s GPT-5 and GPT-5-mini;
Google’s Gemini-2.5-Pro and Gemini-2.5-Flash;
and Anthropic’s Claude-4.5-Sonnet. The open-
source models include DeepSeek’s DeepSeek-
V3.1; Alibaba’s Qwen3 (8B/32B) and Qwen-2.5
(7B/32B/72B); and Meta’s Llama-3.3-70B and
Llama-3.1-8B.

Prompting Methods. We evaluate two baseline
prompting methods: Standard Prompting and Step-
by-Step Prompting. In Standard Prompting, the
model receives the query and the full trajectory
and is asked to perform hallucination judgment and
attribution. In Step-by-Step Prompting, the model
receives the query and the trajectory incrementally
and determines at each step whether a hallucination
occurs, terminating immediately upon detection.
More details can be found in Appendix B.2.

Evaluated Metrics. For hallucination judgment,
we evaluate binary classification performance us-
ing standard metrics, including macro-F1, macro-
recall, and accuracy. For hallucination attribution,
we report step localization accuracy, defined as the
proportion of hallucinated instances for which the
model correctly identifies the responsible step. In
addition, we use G-EVAL (Liu et al., 2023) with
GPT-5 as the evaluator to score explanation quality.
More details can be found in Appendix B.3.

5.2 Main Results

Comparison of Different LLMs. Table 4 reports
the main results of different LLMs on AgentHallu.
Our key findings are summarized as follows:

(1) Challenges of Attribution: A substantial per-
formance gap remains between hallucination judg-
ment and attribution tasks. While advances in
proprietary models have boosted judgment perfor-
mance to a peak F1 of 70.2% for GPT-5, the more
demanding attribution task reaches only 41.1% lo-
calization accuracy and a 2.4 G-EVAL score for
Gemini-2.5-Pro. These results indicate consider-
able room for attribution improvement and high-
light the rigorous standards of this benchmark.

(2) Disparity between Proprietary and Open-
source Models: Open-source models achieve an
average localization accuracy of 10.9%, a level
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Figure 3: Comparison of hallucination judgment and attribution performance across LLMs under varying trajectory
steps Nyep. Level 1 spans trajectories with Ny, < 5, Level 2 spans 6 < Ny, < 10, and Level 3 spans Ny, > 11.

comparable to a random baseline and substantially
below 35.9% of proprietary models. Even the
strongest open-source model, DeepSeek-V3.1, at-
tains only 19.2% localization accuracy. This per-
formance gap may be attributed to the limited rea-
soning capabilities of open-source models.

(3) Category-level Analysis: Attribution accu-
racy varies substantially across hallucination cate-
gories. Reasoning hallucinations are comparatively
easier to localize, with Gemini-2.5-Pro reaching
64.4% accuracy, whereas tool-induced hallucina-
tions remain consistently the most difficult across
all model families. This may be attributed to the
challenge of verifying environmental state within
action—observation loops, rather than purely lin-
guistic factual errors. Further analysis on subcate-
gories is provided in Appendix C.2.

Table 5: Comparison of prompting methods in terms
of hallucination judgment (Judg.) F1, attribution (Attr.)
step localization accuracy, and inference token cost.

Model Prompting | Judg. | Attr. | Efficiency

Name Method F11 | Acc? | Token Cost
Standard 70.2 | 32.7 7,426
GPT-5 Step-by-Step | 68.5 | 42.7 25,454
DeepSeek Standard 52.1 19.0 6,494
-V3.1 Step-by-Step | 51.1 | 35.9 11,457
Qwen3 Standard 51.8 | 21.2 5,017
-32B Step-by-Step | 52.2 | 31.2 15,630

Comparison of Different Prompting Methods.
We compare two prompting methods for hallucina-
tion judgment and attribution in Table 5. For hal-
lucination judgment, the standard prompt remains
consistently competitive and slightly outperforms
the step-by-step variant, suggesting that binary de-
cisions benefit from aggregating evidence over the
full trajectory. In contrast, the step-by-step method
substantially improves attribution, raising accuracy
from 24.3% to 36.6% on average by incrementally

processing context to enable more focused step lo-
calization. However, this method comes at a clear
efficiency trade-off, increasing the average input to-
ken cost from 6,312 to 17,514 due to the additional
decisions with multi-turn prompting.

Performance across Varying Trajectory Steps.
To further examine the effect of trajectory steps on
hallucination diagnosis, we partition the trajectory
logs from AgentHallu into three levels based on the
number of steps Ngep. Level 1 includes trajectories
with Ngep < 5, Level 2 covers 6 < Ngep < 10,
and Level 3 contains Ny, > 11, resulting in 278,
274, and 141 samples, respectively. Both judgment
and attribution performances for three LLMs across
these levels are presented in Figure 3. The results
show a consistent degradation in both tasks as tra-
jectory length increases. Notably, attribution accu-
racy drops significantly on average, from 29.9% at
Level 1 to 11.4% at Level 3, suggesting that the
accumulation of distracting context can effectively
obscure the hallucination-responsible step.

Table 6: Spearman and Kendall-Tau correlations be-
tween different metrics and human annotations.

Evaluation Metric || Spearman Kendall-Tau

Rouge-L 0.44 0.34
BERTScore 0.32 0.24
G-EVAL-Qwen3-32B 0.78 0.62
G-EVAL-GPT5 0.86 0.76
Human Evaluation on Explanations. To exam-

ine alignment between causal explanation eval-
uvation and human preference, we conduct a
user study on 100 curated trajectory—explanation
pairs from AgentHallu. The pairs are uniformly
sampled across five hallucination categories and
span outputs from five models, including GPT-5,
Gemini-2.5-Pro, DeepSeek-V3.1, Qwen3-32B, and
Llama3.3-70B. Three annotators with Al expertise
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Figure 4: Comparison of hallucination judgment F1 (%) on AgentHallu against existing hallucination detection

datasets across multiple LLMs.

independently rate each pair on a five-point scale.
In Table 6, LLM-based evaluator, G-EVAL, align
more closely with human judgments than Rouge-
L (Lin, 2004) and BERTScore (Zhang et al., 2020).
In particular, GPT-5-based G-EVAL achieves 0.86
Spearman and 0.76 Kendall-Tau, indicating reliable
assessment of hallucination explanations.

5.3 Experimental Analysis

Comparison against Hallucination Detection
Datasets. To underscore the challenge of Agen-
tHallu, we compare it against three existing
hallucination detection datasets, HaluEval (Li
et al., 2023b), FELM (Zhao et al., 2023), and
RAGTruth (Niu et al., 2024), using three advanced
LLMs. As shown in Figure 4, all models con-
sistently yield substantially lower performance on
AgentHallu than on prior datasets, with an average
degradation of about 18.2% binary F1. This consis-
tent difficulty stems from the long-horizon nature
of multi-step trajectories and the broader coverage
of hallucination categories in AgentHallu.

Qwen3-32B Qwen3-8B
60 58.6 60
1 = ] 53.1
o 95 0
40 40
20 A 20 A
w/o Thinking  w/ Thinking w/o Thinking  w/ Thinking

== F1 (Judgment) Acc (Attribution)

Figure 5: The performance of judgment and attribution
with and without thinking mode on Qwen3.

Effect of Thinking Mode. We further study the
effect of enabling thinking mode on automated
hallucination judgment and attribution. Figure 5
shows consistent gains for both Qwen3 variants
when thinking is enabled. For Qwen3-32B, judg-
ment F1 improves from 51.8 to 58.6, while attribu-

tion accuracy increases from 21.2 to 23.5. The im-
provements are primarily attributable to enhanced
self-verification under thinking mode, which better
distinguishes plausible yet incorrect claims.

World Knowledge

Gemini-2.5-pro
—=— GPT5

Claude-4.5-Sonnet
—— DeepSeek-V3.1

Qwen3-32B

—*— Llama3.3-70B
Assistant

Figure 6: Step localization accuracy of six evaluated
LLMs across five domains.

Performance across Domains. We finally report
step localization accuracy across five domains in
Figure 6. The results show that attribution remains
challenging across all models and varies substan-
tially by domain. For knowledge-intensive queries,
performance peaks on Math at 56% accuracy but
drops notably on Science to 41% accuracy. Tool
Use is consistently the hardest, suggesting current
LLMs are challenging to precisely track environ-
ment states under sequential tool interactions.

6 Conclusion

In this paper, we propose a novel task of automated
hallucination attribution of LLM-based agents, aim-
ing to identify the step where the initial halluci-
nation originates and explain why it occurs. To
advance this task, we present AgentHallu, a com-
prehensive benchmark comprising 693 high-quality
trajectories featuring: (1) extensive diversity span-
ning 7 agent frameworks and 5 domains, (2) sys-
tematic coverage of 5 hallucination categories and
14 subcategories, and (3) multi-level human anno-
tations of binary labels, hallucination-responsible
steps and causal explanations. Evaluations on
13 leading LL.Ms highlight significant challenges,
with performance varying across hallucination cat-
egories, prompting methods and trajectory lengths.



Limitations

While our AgentHallu marks a critical advance-
ment in automated hallucination attribution for
LLM-based agents, it is important to recognize sev-
eral limitations. First, although AgentHallu spans
5 primary categories and 14 subcategories, it re-
mains challenging to fully anticipate and represent
emerging hallucination patterns as agent frame-
works, tool ecosystems, and interaction protocols
rapidly evolve. Therefore, the dataset should be
continuously expanded to keep pace with new agent
capabilities. Second, AgentHallu primarily targets
text-based trajectories and does not consider mul-
timodal agent settings grounded in images, audio,
or other modalities. Given the growing adoption
of multimodal agents, future work should explore
extending the attribution framework to encompass
these broader multimodal interactions.

Ethical Considerations

AgentHallu is strictly free of personally identifi-
able information and offensive content. The bench-
mark is exclusively sourced from publicly accessi-
ble datasets and repositories, as well agent trajecto-
ries generated under controlled settings, explicitly
avoiding sensitive or restricted data sources. De-
signed for academic research, AgentHallu focuses
on enhancing the reliability of autonomous agents.
Through adherence to strict data integrity protocols
and ethical standards, AgentHallu establishes a re-
sponsible foundation for the automated attribution
of agent hallucinations.
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A More Details on AgentHallu
A.1 Dataset and Code Release

The dataset and code are distributed under the
Creative Commons Attribution-NonCommercial-
ShareAlike 4.0 International License (CC BY-
NC-SA 4.0). This license permits sharing and
adaptation with appropriate attribution for non-
commercial use, provided that derivative works
are distributed under the same terms.

A.2 Dataset Statistics
A.2.1 Category Statistics

AgentHallu includes 693 trajectories across one
non-hallucination category and five hallucination
categories and fourteen subcategories, with distri-
bution statistics presented in Table 7. As shown in
Table 7, the category distribution is intentionally
balanced to ensure comprehensive and equitable
coverage of diverse hallucination types.

Table 7: The statistics of AgentHallu over one non-
hallucination category and five hallucination categories
and fourteen sub categories.

Category Samples Ratio(%)
Non-Hallucination 250 36.1
Planning Hallucination 67 9.7

e Fact Derive 37 53
o Task Decompose 30 43
Retrieval Hallucination 82 11.8
o Query Misalign 18 2.6
o Context Misalign 18 2.6
e Summarize Misalign 46 4.6
Reasoning Hallucination 118 17.0
e Factual Reasoning 18 2.6
e Science Reasoning 37 53
e Math Reasoning 45 6.5
o General Reasoning 18 2.6
Human-Interaction Hallucination 73 10.5
Tool-Use Hallucination 103 14.9
o Missing Required Call 32 4.6
e Incorrect Tool Arguments 36 53
o Unnecessary Tool Call 23 33
o Parallel Call Conflict 12 1.6

A.2.2 Word Cloud

The query distribution in AgentHallu is visual-
ized as a word cloud in Figure 7. Prevalent high-
frequency terms highlight recurring linguistic pat-
terns in agent queries, including tool invocations
and information-seeking requests. The breadth of
salient keywords indicates substantial topical diver-
sity, suggesting that the benchmark covers a wide
range of realistic user intents rather than a narrow
set of prompt templates.
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A.2.3 Trajectory Distribution

We present the trajectory length distribution of
AgentHallu, measured by the number of steps per
trajectory in Figure 8. As shown in Figure 8, Agen-
tHallu excludes overly short trajectories with one
or two steps. The longest trajectory contains 43
steps, and lengths are broadly distributed across
step counts, indicating substantial diversity in inter-
action depth and long-horizon reasoning.

Distribution of Trajectory Steps

Number of Samples

"1 3 5 7 9 11131517 19 21 23 25 27 29 31 33 35 37 39 41 43
Trajectory Steps

Figure 8: Distribution of trajectory lengths measured by
the number of steps per trajectory.

A.3 Agent Configuration
A.3.1 Agent Description

We instantiate agent trajectories using seven rep-
resentative LLM-based agents that span diverse
reasoning paradigms and interaction patterns. We
briefly summarize each framework below.

» SmolAgents (Roucher et al., 2025): SmolAgents
is a lightweight agent framework that supports
both CodeAct-style (Wang et al., 2024) and
ReAct-style (Yao et al., 2023) agents, and we
configure both agent types within our method.
OpenDeepSearch (Alzubi et al., 2025): Built
on SmolAgents as the reasoning agent, Open-
DeepSearch integrates an advanced search tool
that leverages an embedded LLM to refine re-
trieved context. We also configure both CodeAct-
style and ReAct-style agent variants.

* OpenManus (Liang et al., 2025): OpenManus



Table 8: Distribution of query sources across agent frameworks in AgentHallu.

Agent Framework

|| SimpleQA GPQA MATH-500 AIME2024 AIME2025 GAIA HLE BFCL V3 | Total

SmolAgents 27 20 21 1 2 14 6 - 91
OpenDeepSearch 55 9 13 3 3 10 6 - 100
OpenManus 42 36 8 7 7 4 0 - 104
Octotools 14 11 13 0 0 5 4 - 47
Magentic-One 28 25 8 3 5 20 5 - 94
OWL 17 36 13 2 7 15 3 - 93
Function-Calling Agent - - - - - - - 164 164
Total I 183 137 76 16 24 68 25 - | 693

extends the planner—toolcaller architecture by
incorporating explicit human-in-the-loop inter-
actions, enabling the agent to solicit user input
and integrate feedback during task execution.

* OctoTools (Lu et al., 2025): OctoTools provides
over ten standardized tool cards that encapsulate
diverse functionalities, enabling efficient multi-
tool workflows for complex computational tasks.

* Magentic-One (Fourney et al., 2024): Magnetic-
One employs a coordinator agent that collabo-
rates with four specialized agents: a WebSurfer
agent to browse the web, a FileSurfer agent to
handle files, a Coder agent to write code, and a
Computer Terminal agent to execute code.

e OWL (Hu et al.,, 2025): OWL includes a
workforce-oriented framework with a Planner
for task decomposition, a Coordinator for sub-
task management, and specialized Workers ca-
pable of domain-specific tool invocation.

» Function-calling Agent (Patil et al., 2025): A
function-calling agent conditions an LLM on a
set of tool or API specifications. The agent then
emits a structured function call that selects the
appropriate function and fills in its arguments.
The tool output is fed back to the agent, enabling
multi-turn execution and iterative reasoning.

A.3.2 Agent Distribution across Datasets

We present the distribution of query dataset sources
across agent frameworks in AgentHallu, as shown
in Table 8. The six general agent frameworks
contribute trajectories across all seven knowledge-
intensive datasets, yielding broad and relatively bal-
anced coverage. In contrast, the function-calling
agent is used exclusively for BFCL V3 queries to
assess tool selection and argument filling behav-
ior. Overall, we obtain 693 trajectories spanning
heterogeneous agent designs and data sources, sug-
gesting that AgentHallu captures diverse execution
patterns and task contexts rather than artifacts of a
specific agent implementation.
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Table 9: Distribution of LLM backbones across agent
frameworks in AgentHallu.

Model Backbone Samples Ratio(%)
SmolAgents 91 13.1
e GPT-4.1 45 6.5

e GPT-40 30 32

e Claude-3.7-Sonnet 5 0.7

e Qwen2.5-Coder-32B 19 2.7
OpenDeepSearch 100 14.4
e GPT-4.1 36 5.2

e GPT-40 9 1.3

e Claude-3.7-Sonnet 19 2.7

e Qwen2.5-Coder-32B 36 5.2
OpenManus 104 15.0
e GPT-4.1 40 5.8

e GPT-40 40 5.8

e GPT-5 17 2.5

e Claude-3.7-Sonnet 7 1.0
Octotools 47 6.8
o GPT-4.1 13 1.9

e GPT-40 34 4.9
Magentic-One 94 13.6
e GPT-4.1 50 7.2

e GPT-40 15 2.2

o GPT-5 21 3.0

e Claude-3.7-Sonnet 8 1.2
OWL 93 134
e GPT-4.1 72 104

e GPT-40 4 0.6

e GPT-5 17 2.5
Function-calling Agent 164 23.7
e GPT-4.1 60 8.7

e Qwen3-32B 60 8.7

e Llama3.3-70B 44 6.3

A.3.3 Agent Distribution across Models

To enrich behavioral diversity and mitigate
backbone-specific bias, we instantiate the six gen-
eral agent frameworks with five LLM backbones
(GPT-5, GPT-4.1, GPT-40, Claude-3.7-Sonnet,
and Qwen2.5-Coder-32B). For BFCL V3 queries,
we incorporate trajectories generated by function-
calling agents based on GPT-4.1, Qwen3-32B,
and Llama-3.3-70B. We summarize the backbone
composition per framework in Table 9. The re-
sults reflect that this heterogeneous backbone mix-



Table 10: Configuration details of LLMs used for trajectory generation and hallucination evaluation in AgentHallu.

Organization Model Release Version Inference Pipeline
Proprietary LLMs
Google Gemini 2.5 Pro 2025-6 gemini-2.5-pro-06-17 API
& Gemini 2.5 Flash 2025-6 gemini-2.5-flash-06-17 API
GPT-5 2025-8 gpt-5-2025-08-07 API
OpenAl GPT-5-mini 2025-8 gpt-5-mini-2025-08-07 API
p GPT-4.1 2025-4 gpt-4.1-2025-04-14 API
GPT-40 2024-12 gpt-40-2024-11-20 API
Anthropic Claude-4.5-Sonnet 2025-09 claude-4-5-sonnet-20250929 API
p Claude-3.7-Sonnet 2025-02 claude-3-7-sonnet-20250219 API
Open-source LLMs
DeepSeek DeepSeek-V3.1 2025-8 deepseek-v3.1-250821 API
Qwen3-32B 2025-4 Qwen3-32B Transformers
Qwen3-8B 2025-4 Qwen3-8B Transformers
Alibaba Qwen2.5-72B 2024-9 Qwen2.5-72B-Instruct Transformers
Qwen2.5-32B 2024-9 Qwen2.5-32B-Instruct Transformers
Qwen2.5-7B 2024-9 Qwen2.5-7B-Instruct Transformers
Qwen2.5-Coder-32B  2024-11 Qwen2.5-Coder-32B-Instruct Transformers
Meta LLama3.3-70B 2024-9 Llama-3.3-70B-Instruct Transformers
LLama3.1-8B 2024-7 Llama-3.1-8B-Instruct Transformers

ture broadens AgentHallu’s behavioral diversity
across frameworks and reduces reliance on any
single model family, making the benchmark more
representative for attribution evaluation.

A.4 Source Dataset Licenses

The licenses for the source query datasets used in

this paper summarized are as follows:

* SimpleQA (Wei et al., 2024a): MIT License.

* GPQA (Rein et al., 2024): MIT License.

* MATH-500 (Hendrycks et al., 2021): MIT Li-
cense.

* AIME 2024 and AIME 2025: MIT License.

e GAIA (Mialon et al., 2024): The dataset does not
specify an explicit license.

* BFCL V3 (Patil et al., 2025): Apache-2.0 Li-
cense.

e HLE (Phan et al., 2025): MIT License.

B More Details on Evaluation

B.1 Model Configurations

Table 10 summarizes the configurations of the LLM
backbones used to generate agent trajectories and
hallucination evaluation. For trajectory generation,
we adopt the default LLM settings provided by
each agent framework. For hallucination evalua-
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tion, to ensure fair comparisons, we fix the sam-
pling hyperparameters by setting “do_sample =
False” or “Temperature = 0” to guarantee determin-
istic outputs, with the maximum output length set
to 1024 tokens. All experiments are performed on
eight NVIDIA GeForce A100 GPUs with PyTorch
and are fully reproducible.

Algorithm 1 Standard Prompting

Require: Query @, trajectory 7 = (uq,...,Up),
1Im evaluator My
Ensure: Hallucination label 4 € {0, 1}, responsi-
ble step s*, causal explanation e*
I: h< 0,8« T;e*+ o
2: (hys*,e*) < Mp(Q,T)
3: return h, s*, e*
non-hallucination

> h = 0 indicates

B.2 Prompting Method

We provide more details on two baseline prompting

methods, described as follows:

 Standard Prompting Method: Standard prompt-
ing feeds the query and the complete trajectory
to an evaluator model in a single pass. The model
is instructed to determine whether the trajectory
contains a hallucination and, if hallucinated, to



identify the earliest responsible step and provide
a causal explanation linking that step. The algo-
rithm of the standard prompting is summarized
in Algorithm 1.

Step-by-Step Prompting Method: Step-by-Step
prompting evaluates the trajectory in an incre-
mental manner. It presents the query and trajec-
tory prefixes step by step, and at each step de-
termines whether the current prefix already con-
tains a hallucination. The procedure terminates
upon the first hallucination identification, assign-
ing that step as the responsible step, along with
the causal explanation provided by the evaluator.
The algorithm of the Step-by-Step prompting is
summarized in Algorithm 2.

Algorithm 2 Step-by-Step Prompting

Require: Query Q, trajectory 7 = (uq,...,uy),
1Im evaluator My
Ensure: Hallucination label 4 € {0, 1}, responsi-

ble step s*, causal explanation e*

I: h< 0,8« T, e*+
2: fori e {1,2,...,n}do
3 TSZ'(—(ul,...,’LLi)
4: (hi,ei) — MQ(Q,TSZ')
5: if h; =1 then

6 h+1

7 s* 1

8 e* +—¢;

9: return h, s*, e*
10: end if

11: end for

12: return h, s*, e* > h = 0 indicates

non-hallucination

B.3 Evaluated Metric

Hallucination Judgment. For hallucination
judgment, we adopt the widely used macro-F1 met-
ric, which balances precision and recall through a
harmonic mean. The macro-F1 score is computed
as follows:

2 x Precision x Recally

1 K
macro-F1 = I Z

P Precision;. + Recally,

(6)
In this context, K denotes the number of classes,
and we set K 2 for binary classification.
Precisiony, denotes the class-k precision, defined
as the proportion of samples predicted as class &
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that truly belong to class k:

TP,

—_— 7
TP, + FPy 7

Precision; =
Recally, is the recall for class k, defined as the pro-
portion of samples from class k that are correctly
identified:

TP,

My = ——F
Recally = 75—,

(®)

Beyond the F1 score, we also include macro-recall
and accuracy. Macro-recall is defined as follows:

K
1
macro-Recall = e ; Recally. 9)

The accuracy score is defined as follows:

Ncorrect
Accuray = ,

total

(10)

where Neorrect 1S the number of correctly classified
samples, and NVt 1s the total number of evaluated
samples.

Hallucination Attribution. Since a decisive hal-
lucination step is well-defined only for hallucinated
outputs, we compute attribution metrics on the sub-
set of hallucinated samples. This restriction pre-
vents non-hallucinated cases from dominating the
score and keeps the metric aligned with responsible-
step localization. For step localization, We report
localization accuracy, defined as the proportion of
samples for which the predicted step matches the
ground-truth hallucination annotation. The local-
ization accuracy is computed as follows:

> tfi=r)

1€Hat

1

_ 11
| Hhai (

Accgep =

where H,; denotes the subset of hallucinated sam-
ples, t; denotes the ground-truth hallucination-
responsible step for sample 4, ; denotes the step
predicted by the model, and 1{-} is the indicator
function.

To further assess the quality of the causal ex-
planations produced by each model, we adopt G-
EVAL (Liu et al., 2023) and use GPT-5 as the evalu-
ator. For each instance 7, GPT-5 assigns an ordinal
score s; € 1,2,3,4,5. The score is determined by
a fixed rubric that measures the explanation accu-
racy, guided by the human-annotated explanation
and the trajectory. The full prompt template and
scoring rubric are provided in Appendix D.4.



C Additional Experiments

C.1 Model Bias Analysis in Explanation

Evaluation.

To probe potential hidden evaluator bias, we ex-
amine whether a GPT-5-based judge favors expla-
nations generated by GPT-5 itself. As shown in
Figure 9, we report the average scores of causal
explanations assigned by human annotators and
by G-EVAL based on GPT-5. These explanations
are generated by five representative models. The
results show that G-EVAL scores are consistently
close to human ratings across all evaluated models.
Notably, GPT-5 explanations are not favored by the
GPT-5 judge, with only a 0.15-point difference be-
tween human annotations and G-EVAL, compara-
ble to the discrepancies observed for other models.
In contrast, Gemini-2.5-Pro receives higher human
scores than G-EVAL, suggesting that the GPT-5
judge is more conservative when assigning high
scores to explanations with complex writing styles.

[T Human Annotation
[ G-EVAL (GPT-5)

GPT5 DeepSeekV3.l  Qwen3-32B  Llama3.3-70B Gemini-2.5-Pro

Figure 9: Comparison of average scores of causal expla-
nation assigned by human annotators and the G-EVAL
(GPT-5) judge across five models.

Query Misalign

Gemini-2.5-pro
—+— GPT-5

Claude-4.5-Sonnet
—— DeepSeek-V3.1

Contex Qwen3-32B

P B)/Summarize
Misalign

Misalign —+— Llama3.3-70B

Figure 10: Step localization accuracy of six LLM judges
across three retrieval hallucination subcategories.

C.2 More Analysis on Subcategories

We provide subcategory-level analysis for retrieval,

reasoning, and tool-use hallucinations, described

as follows:

* Analysis on Retrieval Hallucination. We report
step localization accuracy for each retrieval hal-
lucination subcategory in Figure 10. The results
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Factual Reasoning
7

Science Reasoning

Gemini-2.5-pro
—s— GPT-5

Claude-4.5-Sonnet

General (&3

N Math
Reasoning| R

Am [Reasoning DeepSeek-V3.1
Qwen3-32B
—+— Llama3.3-70B

Figure 11: Step localization accuracy of six LLM judges
across four reasoning hallucination subcategories.

Incorrect Argument

Gemini-2.5-pro

—— GPT-5

Parallel Claude-4.5-Sonnet

Conflict —+— DeepSeek-V3.1

Missing
Tool

-4

Qwen3-32B
—+— Llama3.3-70B

Unnecessary Tool

Figure 12: Step localization accuracy of six LLM judges
across four tool-use hallucination subcategories.

show that Gemini-2.5-Pro achieves the strongest
attribution performance across the three retrieval-
hallucination subcategories. Notably, Gemini-
2.5-Pro shows a clear advantage in summarize
misalign subcategory, indicating a superior abil-
ity to localize errors introduced during evidence
aggregation and compression. In contrast, the
query misalign subcategory remains the most
challenging for all models, suggesting that hallu-
cinations seeded by an incorrect retrieval intent
are harder to diagnose and more likely to be con-
founded with later steps.

* Analysis on Reasoning Hallucination. We report
step localization accuracy for each reasoning
hallucination subcategory in Figure 11. Gemini-
2.5-Pro consistently attains the highest accuracy
across multiple hallucination reasoning subcat-
egories. In contrast, open-source models per-
form substantially worse across all subcategories,
indicating limited sensitivity to logical devia-
tions. Overall, the results suggest that accurate
reasoning-hallucination attribution requires fine-
grained verification of intermediate claims and
their dependencies, which remains a key bottle-
neck for current open-source models.

* Analysis on Tool-Use Hallucination. We report
step localization accuracy for each tool-use hal-
lucination subcategory in Figure 12. The re-
sults indicate that all models perform poorly
on most subcategories, including incorrect ar-



gument, missing tool, and unnecessary tool. In
contrast, Claude-4.5-Sonnet identifies parallel
conflict hallucinations with notably higher accu-
racy, suggesting that inconsistencies from con-
current tool executions yield more explicit and
verifiable contradictions.

D More Details on Prompt Templates

D.1 Templates for Question-solving Paths

Figure 13 illustrates the prompt template used to in-
struct LLMs to construct detailed question-solving
paths based on the question, the ground-truth an-
swer, and, when available, dataset-provided solu-
tion annotations.

D.2 Templates for Standard Prompting

Figure 14 shows the prompt template for standard
prompting, where the LLLM is provided with the
query and the full trajectory and instructed to per-
form hallucination judgment and attribution.

D.3 Templates for Step-by-Step Prompting

Figure 15 illustrates the prompt template for step-
by-step prompting, where the model processes
the query and trajectory incrementally, determines
whether a hallucination occurs at each step, and
stops once a hallucination is detected.

D.4 Templates for G-EVAL Evaluation

Figure 16 illustrates the prompt template for G-
EVAL evaluation. We evaluate each model’s causal
explanation, with reference to the trajectory and the
human-annotated explanation. For each instance,
G-EVAL assigns a five-point ordinal score under a
fixed rubric that prioritizes explanation accuracy.

E Case Study

In this section, we provide qualitative case anal-
ysis of agent hallucination attribution in Fig-
ures 17, 18, 19, 20, 21. This analysis is essential
for assessing both hallucination identification and
the ability to explain where and why hallucinations
arise in agentic workflows. To this end, we examine
representative hallucination cases from five models,
each illustrating a dominant hallucination pattern
from one category: planning, retrieval, reasoning,
human interaction, or tool use. For each case, we
contrast the each model’s predicted hallucination
judgment, responsible step, and causal explanation
with human annotations, and analyze where causal
tracing breaks down.
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F Broader Impact

AgentHallu aims to advance the reliability and
transparency of LLM-based agents by enabling sys-
tematic hallucination diagnosis in multi-step work-
flows. By introducing a new task of automated
hallucination attribution and providing a compre-
hensive benchmark with fine-grained annotations,
AgentHallu enables researchers to better under-
stand where and why hallucinations arise during
agent execution. This capability is critical as LLM-
based agents are increasingly deployed in high-
stakes applications such as healthcare, finance, and
decision support, where undetected error propaga-
tion can lead to severe downstream consequences.

We acknowledge the broader societal implica-
tions of releasing benchmarks for autonomous
agents. AgentHallu is constructed exclusively from
publicly available data and controlled agent exe-
cutions, with all annotations carefully curated to
avoid sensitive or harmful content. By emphasiz-
ing transparency, reproducibility, and ethical data
practices, AgentHallu fosters responsible research
and deployment of LLM-based agents, contribut-
ing to the long-term realization of reliable agentic
systems.



Question-solving Path Prompting Template

You are an expert reasoning assistant. Based on the provided question, ground-
truth answer, and solution guidance, your task is to produce a detailed, step-by-
step solution that leads to the ground-truth answer. Restate the full question
exactly as stated. Provide a clear, step-by-step reasoning process that shows how
the correct answer is obtained, using the explanation as supporting evidence.
Keep the logic explicit and the steps well organized.

<Question>{question}</Question>

<True Answer>{true_answer}</True Answer>

K<So|ution Guidance>{solution_guidance}</Solution Guidance> )

ELINNT3

Figure 13: Prompt template for constructing question-solving paths. The “question”, “true_answer”, and “solu-
tion_guidance” placeholders are replaced with the corresponding query, the ground-truth answer and the dataset-
provided solution annotations.

Standard Prompting Template

Given a question and an agent trajectory that contains all reasoning and action
steps taken by the agent to answer the question. Your task is to determine whether
the agent's final answer contains hallucinated content that contradicts the real-
world facts or the question's ground truth. If hallucinated, you need to further
identify the first step that introduced the hallucination, and explain the cause.

<Question>{question}</Question>
<Agent Trajectory>{trajectory}</Agent Trajectory>

Based on the question and agent trajectory, please predict the following:

1. Examine the agent's answer in the given <Agent Trajectory> for the provided
<Question>. If the answer contains hallucinated content, please set
<is_hallucinated> to True, otherwise set <is_hallucinated> to False.

2. If <is_hallucinated> is True, identify the first step in the <Agent Trajectory> that
introduces this hallucination and explain the cause. If <is_hallucinated> is False,
set both hallucination_step and hallucination_reason to null.

ABSOLUTELY do not return your reasoning process. Return ONLY one JSON
object that matches the format below and nothing else (in particular, never start
your response with "JSON" or "Result"):

"is_hallucination": True/False: { "type": "boolean" },
"hallucination_step": Step Number { "type": ["integer", "null"], "minimum": 1},

"hallucination_reason": Reason for Hallucination { "type": ["string", "null"],
"maxLength": 1000},

v -
Figure 14: Prompt template for automated hallucination judgment and attribution using standard prompting method.

The “question” and “trajectory” placeholders are replaced with the corresponding query and agent trajectory to be
evaluated.




Step-by-Step Prompting Template

Given a question and an agent trajectory up to the current reasoning and action
steps taken by the agent to answer the question. Your task is to determine whether
this most recent agent's step contains hallucinated content that could induce the
question-solving process to produce an incorrect answer, and if so, explain the
cause.

<Question>{question}</Question>
<Agent Trajectory>{trajectory}</Agent Trajectory>

Based on the question and agent trajectory, please predict the following:

1. Examine the agent's answer in the given <Agent Trajectory> for the provided
<Question>. If the answer contains hallucinated content, please set
<is_hallucinated> to True, otherwise set <is_hallucinated> to False.

2. If <is_hallucinated> is True, explain the reason that introduces or causes this
hallucination. If <is_hallucinated> is False, set hallucination_reason to null.

ABSOLUTELY do not return your reasoning process. Return ONLY one JSON
object that matches the format below and nothing else (in particular, never start
your response with "JSON" or "Result"):
{

"is_hallucination": True/False: { "type": "boolean" },

"hallucination_reason": Reason for Hallucination { "type": ["string", "null"],
“maxLength": 1000},

N W
Figure 15: Prompt template for automated hallucination judgment and attribution using step-by-step prompting

method. The “question” and “trajectory” placeholders are replaced with the corresponding query and agent trajectory
to be evaluated.
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G-EVAL Template

You will be given one evaluation instance consisting of a question, an hallucinated agent
trajectory, an expected hallucination explanation, and a generated hallucination explanation.
The agent trajectory is a hallucinated attempt to answer the question, where the expected
explanation is a human-annotated description of the earliest decisive cause underlying the
hallucination, and the generated explanation is the evaluator model's predicted attribution.

<Question>{question}</Question>

<Agent Trajectory>{trajectory}</Agent Trajectory>

<Expected Explanation>{expected_explanation}</Expected Explanation>
<Generated Explanation>{generated_explanation}</Generated Explanation>

Your task is to evaluate the accuracy of generated explanation using the expected explanation
as the gold reference.

Please make sure you read and understand following instructions carefully.

Evaluation Criteria:

Explanation Accuracy (1-5): the alignment between the generated explanation and the
expected explanation in terms of error relevance, localization accuracy and causal correctness
1. Score 1 (Fabricated): The explanation is distracted by irrelevant trajectory details and thus
fails to attribute the error to the true hallucination cause, while also introducing fabricated
evidence.

2. Score 2 (Mislocalized): The explanation references a genuine error in the trajectory but
mislocalizes the hallucination by attributing it to a later step instead of the earliest decisive
cause.

3. Score 3 (Wrong Cause at Correct Step): The explanation is grounded on the correct
decisive step from the expected explanation, yet it misattributes the underlying cause of the
hallucination.

4. Score 4 (Mostly Correct but Incomplete): The explanation matches the expected main cause
with trajectory support, but is slightly incomplete or imprecise.

5. Score 5 (Exact Grounded): The explanation exactly matches the expected cause, is
explicitly grounded in the trajectory, and adds no unsupported or contradictory content.

Evaluation Steps:

1. Read the question, agent trajectory, and expected explanation to establish the task intent
and the trajectory segment where the hallucination becomes outcome-determining.

2. Indentify the key attribution claims in the generated explanation including the claimed error
source, the described error mechanism, and the specific trajectory step it relies on.

3. Compare the generated explanation to the expected explanation for the specified evaluation
criterion in terms of error relevance, localization accuracy and causal correctness.

4. Assign a single explanation accuracy score in <1,2,3,4,5> according to the criteria.

5. Ignore formatting mismatches and evaluate based on content-level correspondence only.

Answer the score from <1, 2, 3, 4, 5> and nothing else (in particular, never start your response

LRI

Figure 16: Prompt template for explanation evaluation using G-EVAL method. The “question”, “trajectory”,
“expected_explanation” and “generated_explanation” placeholders are replaced with the corresponding query, agent
trajectory to be evaluated, the human-annotated expected explanation, and the explanation produced by the LLMs.
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Planning Hallucination AttributionW
. O 9 ) )

[:} Query: Which academic publisher published the paper "On Two Mathematical Representations
for Semantic Maps"?
Answer: De Gruyter

/ Agent Trajectory \
Step 1 Step 2 Step 4
Here are the facts: ... Web Search Tool he academic publishe
Plan: /'On Two Mathematical\ of the paper "On Two
1. Search for the paper... Representations for Mathematical
prioritizing sources Elsevier... Semantic Maps Representations for
5. select Elsevier as the Elsevier Semantic Maps" is
kcademic publisher Elsevier.

Parameters /

)

©® (Qwen3-32B) Answer:

Hallucination Judgment: YES

Responsible Step: 4

Causual Explanation: The agent concluded that Elsevier is the academic publisher of the paper
without sufficient evidence. The web search results did not confirm Elsevier as the publisher,
and the search for the 'Journal of Mathematical Semantics' failed to provide any publisher
information. The final answer was based on assumptions rather than verified data.

- Ground Truth:

Hallucination Judgment: YES

Responsible Step: 1

Causual Explanation: Step 1 Correctly understood the question, but guessed 'Elsevier' in
advance in the task planning and wrote it into the plan, resulting in biased retrieval in the future,
which belongs to Task Decomposition error and ultimately leads to incorrect answers.

A\ Analysis:

The model correctly identifies the hallucination but misattributes its cause, blaming the final
answer step rather than the earlier planning step where the error is introduced. The hallucination
originates in Step 1, where the agent prematurely posits “Elsevier” as the publisher and

encodes this unverified assumption into the task plan, inducing a confirmation bias that shapes
downstream retrieval and interpretation. In contrast, the model focuses on Step 4, where the
incorrect conclusion is stated, without tracing the causal chain back to the initial planning
\commitment that preconditions the trajectory. /

Figure 17: Attribution example of planning hallucination category, with Qwen3-32B’s answers.
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Q—[ Retrieval Hallucination Attribution] ~

[£} Query: How many bronze medals did Sweden win at the 1956 Summer Olympics?
Answer: 6

/ Step 1

Here are
the facts:

-

Agent Trajectory \
Step 3 Step 4
Web Search Tool Q Sweden did not win

‘Sweden \( ...Sweden did not any bronze medals at
oo bronze medals || win any bronze

the 1956 Summer
1956 Summer || medals at the 1956

_ Olympics held in
' Olympics.... || Summer Olympics.. | Melbourne, Australia.
\__Parameters’ \_ Responses /

Plan:

@ (Claude-4.5-Sonnet) Answer:

Hallucination Judgment: YES

Responsible Step: 4
Causual Explanation: The agent concluded that Sweden did not win any bronze medals at the

1956 Summer Olympics based on a search result snippet. However, this conclusion is incorrect.
According to historical Olympic records, Sweden won 6 bronze medals at the 1956 Summer
Olympics. The search result snippet appears to have been misinterpreted or was inaccurate.

- Ground Truth:

Hallucination Judgment: YES

Responsible Step: 3

Causual Explanation: The hallucination occurred in Step 3 because the agent relied on a
misleading search engine snippet claiming Sweden won no bronze medals, instead of verifying

the official medal table, leading to an incorrect conclusion.

A\ Analysis:

The model correctly identifies the hallucination but misattributes its cause, assigning

responsibility to the final response step rather than the earlier retrieval step. This failure arises

from conflating error manifestation with error origin. The model focuses on the step that

verbalizes the incorrect conclusion, without tracing the causal chain back to the retrieval
Kdecision that injected unverified evidence into the agent state. )

Figure 18: Attribution example of retrieval hallucination category, with Claude-4.5-Sonnet’s answers.
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J—[ Reasoning Hallucination Attribution J ~

D‘ Query: Consider the geometric sequence $\\frac{125}{9}, \\frac{25}{3}, 5, 3, \\ldots$. What is
the eighth term of the sequence? Express your answer as a common fraction.
Answer: Consider the geometric sequence $\\frac{125}{9}, \\frac{25}{3}, 5, 3, \\ldots$. What

is the eighth term of the sequent Agent Trajectory wer as a common fraction.
Step 5

/

Step 1 Step 4

Here are , Python Tool A i The eighth term of the geometric
the facts: (a=125 /9, h ‘/Output: ) sequence is 19424/49905
oo r=0.6, n=8  0.3887999 (simplified form). Calculation
Plan: ag = axr™ 1 99999999 confirms its accuracy given the

\__Parameters/\Responses) sequence properties.

® (GPT-5) Answer:

Hallucination Judgment: YES

Responsible Step: 5

Causual Explanation: Although the agent correctly computed r=3/5 and a8~0.3888 in steps 2-4
(which equals 243/625), it reported the final answer as 19424/49905, a different value. The
hallucination arises at step 5 when converting/expressing the result as a fraction, contradicting
the computed value and the true eighth term (243/625).

= Ground Truth:

Hallucination Judgment: YES

Responsible Step: 5
Causual Explanation: When the correct decimal result was obtained, the agent made an error

in converting the decimal to a fraction in step 5.

Figure 19: Attribution example of reasoning hallucination category, with GPT-5’s answers.
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Ve 0—{ Human-Interaction Hallucination Attribution ]—\

:} Query: On the BBC Earth YouTube video of the Top 5 Silliest Animal Moments, what species
of bird is featured?
Answer: Rockhopper penguin

/ Agent Trajectory \
Step 1 Step 8 Step 10
ask human via console Tool &3 The species of bird

Here are
the facts:

featured in the BBC

/Can you confirm if |( ...The featured
Earth YouTube video

the video specifically | bird in the video

i:;]an: names a type of is described as ‘Top 5 Silli_est Animal
penguin? a King Penguin... Moments' is the King
\ \ Parameters / \ esponses’/ Penguin /

® (DeepSeek-V3.1) Answer:
Hallucination Judgment: YES

Responsible Step: 10
Causual Explanation: Step 10 introduces hallucinated content by accepting the human-provided

'King Penguin' claim without independent verification. The agent's actual research (Steps 3-7)
only found generic 'penguin’ references, and the human response contains unverified specific
species information that contradicts the verified sources available to the agent.

- Ground Truth:
Hallucination Judgment: YES

Responsible Step: 8
Causual Explanation: The agent accepted the user's incorrect claim that the bird was a King

Penguin instead of verifying the actual species (Rockhopper penguin) through video
observation or reliable sources, leading to a confidently stated wrong answer.

A\ Analysis:
The model correctly identifies the hallucination but misattributes its origin to the final response

step rather than the earlier human-interaction step where the incorrect information is
introduced. The model blames Step 10, which verbalizes the incorrect conclusion, while
overlooking Step 8, where where the human injects an unverified claim into the agent state.

Figure 20: Attribution example of human-interaction hallucination category, with DeepSeek-V3.1’s answers.
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Tool-Use Hallucination Attribution|
e 0’[ ' )

[\j Query: |I've completed the maintenance on my car and ensured the doors are unlocked.
Everything, especially the tires, seems in good condition. Would you kindly assist in
securing the remaining doors and initiate the engine in START mode?

Answer: ["lockDoors(unlock=False, door=['driver', '‘passenger’, 'rear_left', 'rear_right'])",
"pressBrakePedal(pedalPosition=1.0)", "startEngine(ignitionMode='START")"]

Agent Trajectory
Step 3

Step 5
The doors are
now locked, the
engine is started,
and the brake
pedal is released.

Step 4
release
BrakePedal
Tool

Step 2

press
BrakePedal
Tool

Step 1

lockdoors
Tool

startEngine
Tool

4

4

4

® (Gemini-2.5-Pro) Answer:
Hallucination Judgment: NO

Responsible Step: NULL
Causual Explanation: NULI

- Ground Truth:

Hallucination Judgment: YES

Responsible Step: 4

Causual Explanation: The hallucination occurred at step 4, where the agent issued an
unnecessary releaseBrakePedal action not in the correct plan, adding an extraneous state

change and deviating from the expected sequence.

A\ Analysis:

The model classifies the trajectory as non-hallucinatory, despite an unjustified tool invocation.
This error stems from not recognizing that the Step-4 releaseBrakePedal call is unnecessary
and absent from the original plan. As a result, attribution collapses, since the model does not
trace the causal chain to the extraneous tool call that introduces an invalid state transition,
indicating limited sensitivity to redundant tool use in multi-step trajectories. /

Figure 21: Attribution example of tool-use hallucination category, with Gemini-2.5-Pro’s answers.
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