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Abstract

Hallucination detection has received increas-
ing attention, particularly in long-form text
generation, where language models are more
prone to producing factually inaccurate content.
Previous studies reveal two limitations: (1)
current benchmarks focus on short-form con-
tent, lacking the structural complexity required
in long-form scenarios; (2) existing methods
are constrained by coarse-grained consistency
checks and fail to capture long-range and hyper-
relational dependencies. To address these chal-
lenges, we provide LHD, a benchmark for long-
form hallucination detection that contains di-
verse entity types and intricate factual depen-
dencies spanning extended contexts. We further
propose HRKG-HD, a black-box framework
that models responses as fact-centric hyper-
relational knowledge graphs and detects hal-
lucinations through relation-aware multi-hop
reasoning over these graphs. By linking distant
facts through shared entities and qualifiers, this
design enables a global and dependency-aware
verification of factual consistency. Extensive
experiments demonstrate that HRKG-HD not
only outperforms existing baselines at both the
passage-level and sentence-level, but also ex-
hibits robust and consistent performance across
various LLMs. The code and dataset will be
released upon acceptance to facilitate repro-
ducibility.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable generative capabilities across a variety
of tasks, including summarization, dialogue and
question answering (Gao et al., 2025; Staniszewski
et al., 2025; Zhan et al., 2026, 2025). Despite their
success, LLMs frequently generate hallucinations-
outputs that are fluent and syntactically correct but
factually incorrect or unverifiable (Huang et al.,
2025; Zhang et al., 2025; Lyu et al., 2025). The risk
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Figure 1: Comparison of hallucination detection bench-
marks and methods. LHD, compared with WikiBio
(Manakul et al., 2023) and PHD (Yang et al., 2023), in-
corporates long dependencies and hyper-relational struc-
tures. HRKG-HD extends beyond Semantic Entropy
(SE) (Farquhar et al., 2024) and GCA (Fang et al., 2025)
by constructing hyper-relational knowledge graphs and
performing relatiin-aware message passing, enabling
fine-grained, global, and dependency-sensitive detec-
tion.

is amplified in long-form generation, where multi-
paragraph outputs introduce distant factual depen-
dencies (Huang et al., 2025; Yang et al., 2025).
Given the impact of hallucinations on trustworthi-
ness in high-stakes applications that require rig-
orous factual accuracy (Chakraborty et al., 2025;
Zhang et al., 2026; Lyu et al., 2026a; Kim et al.,
2025), hallucination detection in long-form genera-
tion is necessary for safe and reliable deployment
of LLMs in the real world. Recent advances in hal-
lucination detection span both benchmark construc-
tion and methodological development. In terms of
benchmarks, Su et al. (2024) introduce datasets
for evaluating hallucinations in LL.M-generated
text. These datasets emphasize short factual claims,
often within question answering and summariza-
tion settings. Other benchmarks extend coverage
to longer and semantically diverse textual inputs
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(Dong et al., 2024; Manakul et al., 2023). In terms
of methodology, approaches such as (Min et al.,
2023b; Chern et al., 2023; Bayat et al., 2023) detect
hallucinations by aligning generated content with
structured knowledge bases, but incomplete and
stale coverage in these bases limits fine-grained ver-
ification. In contrast, zero-knowledge approaches
offer greater adaptability by avoiding reliance on
external retrieval. For example, Farquhar et al.
(2024); Elaraby et al. (2023); Fang et al. (2025) as-
sess internal consistency across multiple responses
using entropy, entailment, or triple-level alignment.
However, current research on long-form halluci-
nation detection encounters two major limitations.
First, existing long-form text benchmarks empha-
size surface length rather than capturing long-range
factual dependencies, leaving long-form text rea-
soning underexplored. Second, existing halluci-
nation detection methods rely on locally scoped
alignment rather than holistic document modeling,
limiting the ability to model long-range dependen-
cies and perform accurate factual reasoning. To
the best of our knowledge, no existing benchmark
or method explicitly addresses these challenges in
long-form text generation by enabling fine-grained,
global, and dependency-aware detection.

To address these challenges, we reformulate
hallucination detection as structured reasoning
over hyper-relational graphs rather than as iso-
lated text spans. First, we introduce Long-
form Hallucination Dataset (LHD), a novel bench-
mark specifically designed for hallucination de-
tection in long-form outputs. It provides fine-
grained annotations and captures complex long-
range factual dependencies across diverse scenar-
i0s. Next, motivated by the limited effectiveness
of adapted baselines on LHD, we propose a frame-
work named Hyper-Relational Knowledge Graph-
based Hallucination Detection (HRKG-HD). Our
approach models both original and sampled re-
sponses as fact-centric hyper-relational knowledge
graphs (HRKGs). Fact nodes act as semantic an-
chors, enabling a relation-aware graph attention net-
work to propagate information across distant facts
and identify subtle inconsistencies. HRKG-HD op-
erates without external knowledge bases or access
to model internals, making it suitable for black-box
and resource-constrained settings. In conclusion,
experiments demonstrate that LHD presents richer
dependency structures, and that HRKG-HD con-
sistently outperforms existing baselines, achieving
state-of-the-art performance.

As shown in Fig. 1, our contributions are as fol-
lows:

* We construct LHD, a hallucination detection
benchmark tailored for long-form outputs, in-
corporating long-range contextual dependencies.

* We propose HRKG-HD, a hallucination detec-
tion framework based on fact-centric HRKGs.
It captures long-range factual dependencies and
detects inconsistencies without external retrieval
systems or model internal information.

» Experimental results show that HRKG-HD con-
sistently outperforms all baselines across mul-
tiple benchmarks at both the passage-level and
sentence-level.

2 Related Work

Hallucination Detection Benchmark. Existing
benchmarks for hallucination detection primarily
focus on sentence-level factual consistency, as ex-
emplified by Truthful QA (Lin et al., 2022a) and
FactScore (Min et al., 2023b). As the field has pro-
gressed, a shift has emerged toward finer-grained,
token-level evaluations, such as UHGEval (Liang
et al., 2024) and HalOmi (Dale et al., 2023). How-
ever, they often struggle with broader aspects of
text understanding. In particular, they fail to cap-
ture semantic coherence and logical consistency in
complex, multi-layered narratives that are charac-
teristic of long-form generation. To overcome these
limitations, recent benchmarks like DiaHalu (Chen
et al., 2024a) and HalluDial (Luo et al., 2024) adopt
a more holistic perspective. They evaluate hal-
lucinations at the dialogue level, accounting for
multi-turn dynamics and dialogue-level coherence.
Nonetheless, one critical dimension of long-form
evaluation remains underexplored: the modeling of
rich, long-range semantic dependencies. Without
incorporating this dimension, current benchmarks
struggle to reflect the real-world challenges of hal-
lucination detection in extended texts (Chen et al.,
2024b; Yang et al., 2025; Lyu et al., 2026b). To
bridge this gap, we introduce a new benchmark
tailored for hallucinations in long-form text. It
captures the essential characteristics of long-form ,
providing a more realistic foundation for evaluat-
ing detection methods.

Hallucination Detection for Long-Form Text.
Non-zero-knowledge approaches (Hu et al., 2024a;
Li et al., 2024), which depend on external knowl-
edge bases, are constrained by limited knowledge
scope and coverage, resulting in lower accuracy in
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long-form, fact-dense scenarios. In contrast, recent
studies have begun to leverage the intrinsic rea-
soning abilities of LLMs. For example, Farquhar
et al. (2024) measure semantic consistency by com-
paring entropy across multiple sampled outputs.
HaloCheck employs sentence-level entailment to
assess consistency between samples (Elaraby et al.,
2023). Yang et al. (2023) reverse the genera-
tion process, reconstructing prompts from model-
generated answers to evaluate alignment. Other
works adopt similar generate-and-verify strategies,
relying on natural language inference or answer
overlap metrics (Honovich et al., 2021; Fabbri
et al., 2022). Although effective for short-form
generation, these techniques frequently falter in
extended contexts. They struggle to connect facts
spread across distant segments and frequently miss
long-range factual dependencies. To address this,
Fang et al. (2025) attempt to extract knowledge
triples and structure them within graphs. While
this improves contextual linkage, it oversimplifies
complex relations into flat triples thereby sacrific-
ing semantic precision and global information. 7o
overcome these limitations, we propose a novel ap-
proach based HRKG. This method is designed to
better capture the rich and intricate factual struc-
tures in long-form text, enabling more robust and
reliable hallucination detection across extended
contexts.

3 Long-Form Hallucination Detection
Benchmark

We introduce the LHD, a large-scale benchmark
specifically designed to characterize and detect hal-
lucinations in entity-centric long-form generation.
Unlike existing datasets that focus on short-span
fact-checking, LHD centers on entity-based biogra-
phies and technical descriptions, where models
must maintain factual consistency across extended
contexts and complex relational dependencies. The
overview is shown in Figure 2.

3.1 Long-Form Text Generation

Entity Selection. To enable analysis of diverse hal-
lucination patterns across knowledge familiarity,
we follow Yang et al. (2023) to select 300 entities
spanning varying frequencies and domains. Specif-
ically, entities are drawn from three frequency
bands: low (<100K), medium (100K-1M), and high
(>1M), based on their occurrence in the Wikipedia
corpus.

Data Generation and Sampling Strategy.
Each sample in LHD is a Wikipedia-style article
generated by an LLM prompted with a target en-
tity. We design a prompt constraint strategy that
generates long-form text exhibiting the following
characteristics: (1) sufficient length for long-form
text (> 512 tokens) (Tay et al., 2020; Lin et al.,
2022b), (2) high factual density, and (3) long-range
factual dependencies. The prompts are designed to
elicit role-rich events, qualifier-rich relations, and
narrative coherence. For each entity prompt, we
first generate one response as the original response.
We then produce 5 additional sampled responses
using the same prompt with stochastic decoding
(temperature = 1.0), in order to capture diverse re-
alizations of the model’s output distribution. These
sampled responses serve as diverse reference out-
puts, enabling consistency-based comparison with
the original response for subsequent hallucination
detection. See Appendix A.1 for full prompt tem-
plates.

3.2 Human Annotation

Annotator Selection. To ensure high-quality anno-
tations, we first distributed detailed task guidelines
and administered a qualification test before the an-
notation phase. The submissions were manually
evaluated, and 3 annotators were selected from an
initial pool of 10 based on annotation accuracy.

Annotation Process. The sentence-level anno-
tation was carried out in two stages. First, quali-
fied annotators label hallucinations against prese-
lected references and mark unverifiable sentences.
Second, these sentences were reexamined using
broader external sources retrieved from credible on-
line platforms. Each sample was independently an-
notated by multiple annotators, with disagreements
resolved via discussion, yielding fine-grained su-
pervision for evaluation. At the passage-level, a
sample is labeled as hallucinated if any of its con-
stituent sentences is annotated as hallucinated; oth-
erwise, it is considered factually consistent.

Annotation Consistency. To evaluate inter-
annotator consistency, we calculate Fleiss’s Kappa
(Fleiss, 1971), a statistical measure of agreement
among multiple raters. The resulting Kappa score
of 0.75 indicates a substantial level of agreement
among the annotators.

3.3 Quality Evaluation and Statistics

Quality Evaluation.
To ensure a fair comparison and disentangle the
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Figure 2: Benchmark construction process and data distribution.

impact of text length from structural complexity,
we construct two controlled variants of PHD in
Table 1: (1) Long-PHD, which only enforces a
length constraint (> 512 tokens), and (2) Structure-
PHD, which only imposes structural constraints to
encourage factual dependencies.

We evaluate the quality of the generated texts
with a particular focus on long-range dependency
characteristics. We adopt the Long Dependency
Score (LDS) (Chen et al., 2024b), which quanti-
fies the richness and coherence of long-distance
dependencies.

Table 1: Comparison of long-range dependency across
different benchmarks. LDS (Long Dependency Score)
measures the richness and coherence of factual linkages;
higher values ({}) indicate more complex dependencies.
Bold denotes the best performance.

Benchmark Avg. token count LDS 1
PHD 111 0.96
WikiBio 229 2.89
Long-PHD 587 7.51

Structure-PHD 226 10.42

LHD 644 29.39

As shown in Table 1, LHD achieves a substan-
tially higher density of long-range dependencies
with LDS = 29.39, surpassing Structure-PHD and
PHD by approximately 3x and 30, respectively.
Notably, increasing sequence length alone is in-
sufficient: despite a comparable length (587 to-
kens), Long-PHD attains a much lower LDS (7.51),
indicating that unconstrained long-form genera-
tion leads to sparse factual connectivity. While
Structure-PHD improves LDS through structured
prompting, it is limited by shorter context. These
results highlight that our dual-constraint design pro-
motes genuinely interconnected factual structures
rather than redundant verbosity. A more granular
analysis of these dependencies in the context of

hallucinations is provided in Section 5.3.
Statistics. Figure 2 summarizes the dataset

statistics and distributions of the LHD benchmark;

further details are provided in Appendix A.4.

4 Method

We propose HRKG-HD, a framework for long-
form hallucination detection based on consistency
across sampled responses. Given a query, we ob-
tain an original response R, and n sampled re-
sponses { ;}7_; under identical prompts. We ex-
tract hyper-relational facts from all responses, con-
struct their corresponding HRKGs, and perform
relation-aware reasoning to compute fact-level con-
sistency. Hallucinations are identified based on
aggregated consistency scores. An overview of the
pipeline is shown in Figure 3.

4.1 Hyper-Relational Fact Extraction

Following Hu et al. (2024b), we use an instruction-
tuned LLM to extract hyper-relational facts from
both original and sampled responses via prompt-
based parsing, leveraging its ability to model
context-dependent structures in long-form text
(Min et al., 2023a). Each fact f € F is repre-
sented as [ = (s,r, 0, (a;,v;);,), where (s, 7,0)
denotes the primary triple with s,0 € £ and r € R,
and (a;, v;) encodes qualifier pairs capturing con-
textual attributes.

To ensure quality, we apply a two-stage proce-
dure consisting of extraction followed by LLM-
based validation, which filters ill-formed or in-
consistent tuples. We adopt a unified few-shot
prompting scheme; full templates are provided in
Appendix A.5.

4.2 Fact-Centric HRKG Construction

To explicitly model dependencies among extracted
facts, we construct a fact-centric HRKG. Unlike
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Figure 3: HRKG-HD framework. (1) Hyper-Relational Fact Extraction: Hyper-relational facts are extracted
from both the original and sampled responses and transformed into structured representations. (2) Fact-centric
Hyper-Relational Knowledge Graph Modeling: The extracted facts are organized into an HRKG that captures
long-range contextual and conditional dependencies by representing each fact as a semantic anchor node and linking
them via shared entities. (3) Relation-Aware Representation Learning on HRKG: A Relation-aware Graph Attention
Network (RGAT) is applied to the HRKG to learn expressive node embeddings that encode contextual and semantic
dependencies. (4) Consistency Comparison: Hallucinations are detected by measuring the semantic consistency of
aligned facts across multiple HRKGs, based on their RGAT-derived embeddings.

conventional entity-centric KGs that treat relations
as edges between entities, our design represents
facts as dedicated nodes, enabling explicit mod-
eling of inter-fact dependencies and preserving
qualifier-level structure.

Each hyper-relational fact is instantiated as a fact
node vy. We connect vy to its head entity s and tail
entity o via typed edges ("has-head", "has-tail").
For each qualifier (a;, v;), we add an edge (vy, v;)
with type a;. This induces connectivity between
fact nodes through shared entities and qualifiers,
forming a heterogeneous graph that supports multi-
hop dependency propagation.

Formally, the graph is defined as G = (V, T,
where V contains both entity and fact nodes, and
T denotes typed edges derived from F¥ . For each
query, we construct one graph Go™ for the original
response R, and a set of graphs {QJH }i—4 for the
sampled responses { I?;}7_;.

4.3 Relation-Aware Reasoning on HRKG

We apply a relation-aware graph attention network
(RGAT) over the HRKG to learn context-aware
node representations. The model performs multi-
hop, relation-aware message passing over seman-

tically related nodes, capturing long-range depen-
dencies. The overall procedure consists of three
stages:

Node and Relation Initialization. We initialize
node and relation embeddings to capture their re-
spective semantic taxonomies. For each entity node
v € Ve, the initial embedding hg,o) is derived from
the Sentence-BERT (Wang et al., 2020) encoding
of its surface name. For a fact node vy € Vy, we
construct a holistic representation by encoding the
concatenated textual sequence of its core triplet
(s,7,0) and auxiliary qualifiers {(a;, v;)}*_;. This
ensures that hg,(;) encapsulates the complete atomic
semantics of the assertion. Relations » € R are
projected into a learnable latent space R

Relation-Aware Attention. We employ relation-
aware attention to model heterogeneous edge types.
For each node v, attention over its neighbors u €
N (v) is computed conditioned on node features
and relation type r,,,. The attention coefficient is
defined as:

-
gy = —ZP(LeakyReLU (8, [Wowbo [Wo bu])) T )]

¢ T
ke%(u) exp (LeakyReLU (a, [W () hu [ W hy]

Here, W) denotes a type-specific projection
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that maps different node types into a shared space,
and a, is a relation-specific attention vector.

Node Representation Update. Given attention
weights «,,,, node representations are updated in a
layer-wise manner:

Wi =0 Y oW, b |, @
ueN (v)

where o is a non-linear activation function. After L
layers, node representations capture multi-hop se-
mantic and relational dependencies for downstream
hallucination detection.

4.4 Graph-based Consistency Comparison

We detect hallucinations by measuring consistency
between hyper-relational facts in the original and
sampled HRKGs.

Fact Alignment. A fact node v; is aligned with
vj; if: (1) they share the same head entity, s; = s;5;
(2) their relation embeddings r; and r;; exhibit high
semantic similarity, i.e., S(r;,r;;) > 6,, where
S(-,-) denotes cosine similarity; and (3) they share
at least one common qualifier attribute, i.e., A; N
A;j # 0, where A; = {ay, | (ag,vx) € ¢;} and
Aij = {ar. | (ak,vk) € gij}-

Consistency Scoring. For aligned facts, we
compute a consistency score based on tail entities
and shared qualifiers:

1

Ci:Oé'S(Oi,Oij)-l-,B' Z S(V}C,VZ),

(V>V}, )EVs
(3)

where V, denotes shared qualifier values. We set
a=p=1.

For unaligned facts, we apply LLM-based re-
verse verification (Fang et al., 2025) to obtain a
reliability score M;.

Final Decision. Each fact is assigned a final

score:
C.
cf = { '
M;

A sentence is classified as hallucinatory if its
fact-level scores fall below a threshold Opesp. A
passage is flagged if any sentence is classified as
hallucinatory.

Vsl

if aligned
C))

otherwise

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate HRKG-HD on two bench-
mark groups: (1) Wikipedia-style generation bench-

marks, including PHD, WikiBio, and Structure-
PHD; (2) extended-response benchmarks, includ-
ing HaluQuestQA(Sachdeva et al., 2025), Long-
PHD, and LHD. These datasets cover diverse fac-
tuality settings with varying response lengths, de-
pendency structures, and domains. More Details
are provided in Appendix A.6.

Baselines. To validate the effectiveness of our
approach, we include baselines from two cate-
gories: (1) Long-form specific methods: GCA,
Error-Informed Refinement (EIR) (Sachdeva et al.,
2024), and the Decomposition & Aggregation
Model (D&A Model) (Liu et al., 2025). All
of which are explicitly designed for hallucina-
tion detection in long-form texts. (2) General-
purpose methods: Semantic Entropy (SE) , Ker-
nel Language Entropy (KLE) (Nikitin et al., 2024),
SelfCheckGPT-BS (SelfCk-BS) (Manakul et al.,
2023), and RVQG (Yang et al., 2023), which
are widely applicable to hallucination detection
across tasks. The threshold selection procedure for
HRKG-HD is detailed in Appendix A.7.

Implementation Details. We use DeepSeek-V3
for fact extraction, question reconstruction, and all
baseline methods, with temperature set to 0.0 for
reproducibility. RGAT is parameterized but un-
trained, and that the entire module operates solely
in forward inference mode.

Evaluation Metrics. All evaluations are con-
ducted at both the sentence and passage levels. A
sentence or passage is labeled as hallucinated if its
consistency score falls below the threshold. Perfor-
mance is measured using F1 and Accuracy (ACC)
at both levels.

5.2 Main Results

First, Table 2 presents the performance of all meth-
ods across benchmarks, evaluated at both passage-
level and sentence-level. The results show that
HRKG-HD consistently outperforms all baselines
across datasets. We further analyzed the den-
sity of long-dependency hallucinations in LHD
and conducted experiments in Sec. 5.3. These
improvements demonstrate the effectiveness of
fact-centric hyper-relational graph modeling with
relation-aware reasoning. Second, A notable ex-
ception is observed on HaluQuestQA. The EIR
marginally exceeds HRKG-HD due to its dataset-
specific optimization. This advantage, however,
is task-dependent and limited to QA-style set-
tings. On other benchmarks, EIR shows consis-
tently lower performance. In contrast, HRKG-HD
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Table 2: Comparison of hallucination detection performance (HRKG-HD vs. baselines).

Method PHD WikiBio Structure-PHD LongPHD HaluQuestQA LHD
F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC
GCA 624 647 73.1 753 415 43.7 62.1 64.3 889 90.3 60.8  63.0
KLE 61.1  63.0 69.5 71.0 582 60.0 59.8 61.7 872 88.7 544 563
:'5’; SE 572 593 53.4 55.7 519 54.0 55.1 57.0 784 80.0 492 513
El';o RVQG 58.5  60.7 68.4 703 432 45.3 512 533 948 96.0 342 36.7
g SelfCK-BS 514 530 49.2 51.0 528 54.7 51.8 537 915 93.3 53.5 553
& EIR 58.1 60.3 64.9 66.7 53.6 55.7 56.2 580 96.2 97.7 51.1 53.0
D&A Model 523 543 50.4 52.0 526 54.7 529 547 809 82.3 53.8 557
HRKG-HD 69.5 713 78.9 80.7 674 69.3 68.2 700 95.8 97.3 66.1 68.0
GCA 68.6  70.7 74.4 76.3  68.1 70.0 67.5 69.7 93.1 94.7 66.2 683
_ KLE 66.8  68.7 74.8 76.7  63.8 65.7 642 663 904 92.0 594  61.0
% SE 57.0  59.0 60.1 61.7 572 59.0 60.5 623 837 85.3 56.1  58.0
?_'.3 RVQG 642  66.3 73.2 75.0  48.1 50.0 56.2 580 965 97.7 50.5 523
§ SelfCK-BS 56.5 583 55.2 570 574 59.3 56.4 58.0 944 96.0 58.2  60.0
E EIR 63.2 650 69.3 71.0 582 60.0 61.1 62.7  96.9 98.0 554 573
D&A Model 57.8  59.7 54.8 56.7  56.1 58.0 57.0 587 849 86.7 573  59.0
HRKG-HD 75.1 76.7 843 86.0 73.2 75.0 739 757 969 98.0 724 743

Table 3: Dependency-length distribution of hallucinations across benchmarks.

Benchmark Long-dependency density  Short-dependency density ~ Zero-dependency density
PHD 0.17 0.64 0.19
WikiBio 0.19 0.55 0.26
Long-PHD 0.24 0.57 0.19
Structure-PHD 0.32 0.32 0.36
LHD 0.60 0.28 0.12

achieves stable and superior results across both QA
and encyclopedic domains, confirming its stronger
generalization capability.

5.3 Effectiveness on Long-Dependency
Hallucinations

Dependency Distribution Across Benchmarks.
To quantify the extent to which hallucinations rely
on contextual information, we measure the depen-
dency length of each hallucinated fact as the aver-
age shortest fact-path distance (FD) between the
hallucinated fact and its relevant supporting facts
in the HRKG graph.

Based on FD, hallucinations are categorized into
three buckets: (1) independent (FD=0), (2) short-
dependency (FD=1-2), and (3) long-dependency
(FD>3), which requires multi-hop semantic rea-
soning.

Bucket-wise Performance Comparison. As
shown in Table 3, hallucinations in LHD exhibit
a substantially higher concentration of long-range
dependency. Specifically, 60% of hallucinations
in LHD fall into the long-dependency bucket, sig-
nificantly exceeding all other benchmarks. In con-

trast, prior datasets such as PHD and WikiBio are
dominated by short-dependency cases, indicating a
limited requirement for long-range factual reason-
ing. These statistics demonstrate that LHD poses
a more challenging evaluation setting that empha-
sizes long-context factual consistency. To further
examine whether HRKG-HD is particularly effec-
tive for long-dependency hallucinations, we eval-
uated HRKG-HD and all baselines within each
dependency bucket in Table 4.

Results show that while all methods per-
form comparably in the independent and short-
dependency buckets, HRKG-HD achieves a clear
and consistent advantage in the long-dependency
bucket. This confirms that HRKG-HD is espe-
cially well-suited for detecting hallucinations that
require cross-sentence and multi-hop factual rea-
soning, rather than isolated fact verification.

Representation and Structural Analysis. To
evaluate the HRKG-HD capacity to capture long-
range factual dependencies, we compare two input
strategies: (1) using the entire long-form text, and
(2) dividing the passage into multiple shorter seg-
ments. The embeddings of fact nodes extracted
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Table 4: Performance comparison under different dependency-length buckets.

GCA LKE SE RVQG  SelfCK-BS EIR D&A Model HRKG-HD
Bucket F1 ACC FI ACC F1 ACC F1 ACC F1 ACC FlI ACC F1 ACC Fl1 ACC

Long-dependency 67.2 69.4 55.8 583 53.1 55.0 285 322 549 572 512 533 534 555 775 794
Short-dependency 65.8 67.9 65.8 67.9 59.8 619 54.1 56.0 624 643 612 63.1 624 643 67.1 69.0
Zero-dependency 62.0 639 62.0 639 59.2 61.1 592 61.1 62.0 639 592 61.1 62.0 639 62.0 639

from original response and five sampled responses  notable decline, highlighting the semantic value
are visualized by t-SNE. Detailed procedures for  of qualifiers. -RGAT replaces relation-aware at-
the t-SNE analysis are provided in Appendix A.8.  tention with vanilla GAT, indicating that relation-
As shown in Figure 4 (a) and (b), the fact nodes  specific reasoning is critical. -RV disables the
from the entire passage exhibit a more cohesive  reverse verification module. This shows that RV
distribution compared to segmented inputs. The  compensates for the limitations of alignment-based
results confirm the ability of HRKG-HD to cap-  matching.

ture long-range dependencies. We analyze how
5.5 Model-Agnostic Robustness Analysis

W e .t W g To evaluate the generalizability of HRKG-HD
: .. . 'E 'y .‘::“, s . across different model architectures, we fur-
S IR LWL Tl 33 ther generate samples using three distinct LLMs.
- . * N Specifically, we utilize DeepSeek-V3, LLaMA2-

(_a])senti—r:aolong—-sform fextHact-centrc HRKG N o rr:\IJ:)tiple shorter texts HRKG Chat-7B, and QWCH3-32B, with identical prompt
?: " - ¥ templates and entity selection criteria to ensure
ve e ® - % f,.: ~ <" experimental consistency. As shown in Figure 5,
- e |3 TV nr e HRKG-HD achieves stable results. This demon-

-20 15 0
B E I ] 0 5 10 -20 -10 0 10 20
(c) entire long-form text+HRKG without fact nodes (d) entire long-form text+conventional graph

strates its robustness across different model ar-
chitectures. In contrast, methods such as RVQG

Figure 4: Visualization of long-range dependency mod- ~ demonstrate high sensitivity to LLMs. This insta-
eling by HRKG-HD. Each color represents the embed-  bility likely arises from their dependence on model-

ding of an entity. specific generation heuristics.
representations by comparing three variants: (1) -4‘ 4(

fact-centric HRKG, (2) HRKG without fact nodes, L& H"I | | £ m ‘ m
and (3) conventional graph. The node distribution o 0 e -
is shown in Figure 4 (a), (c), and (d). A similar pat- A R

& &
tern can be observed in a randomly selected subset
of 20 responses in the Appendix A.8. These obser- B

vations suggest that fact-centric HRKG effectively *11
integrates the features of neighboring nodes into == H

different graph construction strategies affect node 5 :ﬁi

ACC (Passag Ah‘\ﬂ
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54 Ablation Study Figure 5: Performance of HRKG-HD on various LLMs.

To evaluate the contribution of each core mod-
ule in HRKG-HD, we conduct ablation studies.
As shown in Table 5, -Fact node removes virtual
fact nodes, degrading the graph to entity-relation =~ We evaluate the robustness of HRKG-HD against
form. The consistent performance drop confirms  fact extraction errors by introducing controlled
their importance for long-range dependency mod-  noise into the extracted graphs. The results of Ap-
eling. -HRKG discards qualifiers, reducing hyper-  pendix A.9 show that randomly dropping facts or
relational facts to flat triples. This results in a  corrupting qualifiers leads to a gradual decline in
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Table 5: Ablation study of HRKG-HD components on hallucination detection performance.

PHD WikiBio Structure-PHD LongPHD HaluQuestQA LHD

Variant FI ACC FI ACC FI ACC FI ACC Fl ACC Fl ACC
_ wloFactnode 605 627 624 647 608 627 612 630 768 785 595 613
[}
3  w/oHRKG 592 613 683 702 589 607 592 610 730 746 568 587
%  wlo RGAT 514 533 705 727 501 520 508 527 642 658 482  50.0
%  wloRV 674 693 742 761 641 660 648 667 815 832 609 627
~ HRKG-HD 695 713 789 807 674 693 682 700 958 973 661 680
— WloFactnode 638 657 664 685 631 650 634 653 792 808 629 647
§ w/o HRKG 619 637 702 723 601 620 612 630 725 741 582 60.0
S wio RGAT 538 557 696 718 534 553 541 560 689 706 515 533
*{;‘: w/o RV 698 717 746 765 664 683 674 693 80.1 819 638 657
“ HRKG-HD 751 767 843 860 732 750 739 757 969 980 724 743

model performance. Nevertheless, HRKG-HD con-  References

sistently outperforms all baselines, a result that can
be attributed to its RV mechanism that compen-
sates for fact extraction errors. We also compare
different LLMs as extractors and find that the more
powerful extractors produced higher ACC.

6 Conclusion

In this work, we detected hallucination in long-
form text generation by introducing LHD, a bench-
mark capturing long-range factual dependencies,
and HRKG-HD, a zero-knowledge, black-box
framework that models outputs as fact-centric
HRKGs. Through multi-hop reasoning, HRKG-
HD enables global, dependency-aware consistency
verification. Experiments show that it outper-
forms state-of-the-art baselines and generalizes
well across different LLMs.

7 Limitations

Our framework has two main limitations. First, as
input length and fact count grow, hyper-relational
graph construction and multi-hop reasoning incur
substantial memory and computational overhead.
Second, the multi-stage workflow, though model-
agnostic, increases complexity and computational
cost, potentially limiting applicability in large-scale
or latency-sensitive production settings. Future
work may explore lightweight graph representa-
tions, efficient verification strategies, and more
scalable retrieval mechanisms.
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Table 6: Details of prompt templates for long text generation.

Prompt Type

Prompt Template

Text generation

You are a factual knowledge writer tasked with composing a long, coherent, and information
dense paragraph about a given entity. The paragraph must integrate a high volume of real-
world facts into a logically structured and semantically rich narrative. Your writing should
simulate a high quality encyclopedia entry or scholarly exposition, optimized for use in large
language model training and evaluation.

Requirements:

1. The paragraph must exceed 512 tokens.

2. The content must be factually accurate, verifiable, and reflect contemporary domain
knowledge. Ground all statements in known or widely accepted truths.

3. Incorporate a large number of factual knowledge triples—(head entity, relation, tail
entity)—but do not present them explicitly. Instead, weave them naturally into the prose
using fluent academic English.

4. Go beyond simple relations: include hyper-relational knowledge, such as events involv-
ing multiple roles (agents, objects, locations, time), attributes on relations (e.g., causality,
temporality, negation), and multi-hop dependencies. These must be deeply embedded in the
narrative structure. And these contains multiple triples or hyper-relational reasoning chains,
and the reasoning path spans multiple paragraphs;

5. The overall paragraph must be highly coherent: ensure local sentence transitions are
smooth, and global discourse structure builds toward a cumulative understanding of the
entity.

6. Do not use bullet points, lists, or section headers. All content should be integrated into a
continuous, scholarly-style paragraph.

7. All sentences must be complete sentences, and the last sentence must end with a period.

Here are two few-shot examples:

<Entity>: Apollo Program

<Response>: The Apollo Program, ........ seismometers, and core sample drills, with Apollo

17 hosting the only geologist astronaut, Harrison Schmitt.

<Entity>: Louvre Museum

<Response>: The Louvre Museum,.......accessibility, and transhistorical juxtaposition were

foregrounded over nationalist teleologies.

<Entity>: target_entity
<Response>:

A Appendix

A.1 Long-Form Text Generation

Table 6 presents the prompt template used for gen-
erating long-form factual texts based on a given en-
tity. To ensure that the outputs exhibit high factual
density, structural coherence, and complex inter
entity reasoning, the prompt adopts an instruction-
based design augmented with explicit writing con-
straints and quality requirements. Following the
data generation and sampling strategy described
in Section 3.1, we use DeepSeek-V3.2 to gener-
ate responses, treating the recorded response for
each prompt as the original response and gener-
ating multiple sampled responses via stochastic
decoding (temperature = 1.0).

A.2 Annotator Selection and Background

To ensure high quality annotations for hallucination
detection, we implemented a rigorous qualification
phase before the formal annotation process. All
candidates were required to read a comprehensive
annotation guideline, which included labeled ex-
amples and descriptions of common error types,
as shown in Table 7. They were then asked to
complete a qualification test (QT) consisting of 10
long-form texts generated by large language mod-
els (LLMs), each accompanied by relevant refer-
ence sources (e.g., Wikipedia articles). For each
long text content, candidates were instructed to la-
bel it as factual, non-factual, or unverifiable, and to
highlight specific hallucinated content where appli-
cable. The qualification test was distributed via the
"Wenjuanxing" platform, which provides similar
functionality to Amazon Mechanical Turk. The
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Table 7: Annotation guideline.

Components

Detailed instruction

Label Definition

Factual: A long text content in which all sentences are factually accurate and fully
supported by reliable sources (e.g., Wikipedia, academic literature, official websites).
There are no unverifiable or false statements. The long text content represents entirely
trustworthy information without exception.

Non-factual (Hallucination): A long text content that contains at least one sentence
that is verifiably false or fabricated. Any confirmed factual error—regardless of scope
or importance—qualifies the entire long text content as non-factual. Such hallucinations
may involve incorrect claims, distorted relationships, invented entities, or misrepre-
sented facts.

Unverifiable: A long text content that contains one or more sentences whose factuality
cannot be confirmed or refuted using accessible reliable sources, while all other sen-
tences are factually accurate. There must be no verifiably false statements in the long
text content. The unverifiable content typically involves obscure, ambiguous, or niche
information beyond verifiable coverage.

Annotation Labels

Each long text content should be labeled with one of the following: Factual/ Non-
factual/ Unverifiable. In addition, for Non-factual and Unverifiable long text contents,
annotators should highlight the specific span(s) that are incorrect or unverifiable.

Annotation Procedure

Step 1: Reference Checking

For each sentence, consult preselected reference sources, such as Wikipedia and relevant
domain databases. If evidence is not found, proceed to Step 2.

Step 2: Internet Verification

Use web search (e.g., Google) to look for reliable sources only, including: Official
government/organizational websites; Peer-reviewed academic publications; Reputable
media outlets (e.g., BBC, New York Times). Only content from the first page of search
results is considered valid to ensure consistency and credibility.

Special Instructions

*Always consider the sentence within its paragraph context, especially when evaluating
entity mentions or temporal references.

*Be cautious with partial truths: a sentence may contain both factual and hallucinated
components; label based on the most severe factual error.

*Unverifiable # hallucinated: if no clear evidence exists either way, mark it as unverifi-
able, not non-factual.

Examples

Example 1:

Entity: Apollo Program

Text: The Apollo Program was initiated in 1961 by NASA as the United States’ third
human spaceflight initiative. Its most famous mission, Apollo 11, successfully landed
astronauts Neil Armstrong and Buzz Aldrin on the Moon in July 1969, with Michael
Collins remaining in lunar orbit. The mission used the Saturn V launch vehicle and
relied on guidance systems developed by MIT’s Instrumentation Laboratory. ...... The
program concluded with Apollo 17 in 1972.

Label: Factual

Reason: All sentences are verifiable via NASA archives and widely cited historical
records; no unverifiable or fabricated claims.

Example 2:

Entity: Louvre Museum

Text: The Louvre Museum was founded in 1750 as a royal art collection for the
exclusive use of the French monarchy. It was Napoleon Bonaparte who opened it to the
public during the height of his reign in 1804. ...... The famous Mona Lisa painting was
acquired through a donation from an Italian noble family in the early 19th century.
Label: Non-factual

Reason: The Louvre was not founded in 1750 but opened as a public museum in
1793. The Mona Lisa was brought by Leonardo himself, not donated by a noble family.
Passage contains at least two verifiably false statements.

Time Management and Rotation

Annotators are encouraged to rotate between entities of different frequency levels (low/
mid / high) to minimize cognitive fatigue and maintain labeling quality.

labeling task in the QT matched the task performed  who achieved over 80% agreement with expert la-
during the formal annotation stage, as shown in  bels were selected. Out of 10 applicants, 3 were

Table 8.

ultimately qualified.

Submissions were manually reviewed and com- The selected annotators each hold at least a mas-
pared against expert annotations. Only annotators  ter’s degree and have academic backgrounds in
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Table 8: Input and output format of the annotation task.

Category  Description

1. Long-form text generated by LLM
Input 2. Reference materials (Wikipedia articles)
P 3. Web browser access (used only in the

second stage of annotation)

1. Label (Factual / Non-factual / Unverifi-
able)

2. Highlighted evidence (text identified as
incorrect or unverifiable)

Output

linguistics, computer science, or related disciplines.
They are experienced researchers in the fields of
linguistics and natural language processing and are
proficient in using online tools such as Google and
Bing for fact verification. Their diverse yet pro-
fessional expertise ensured both the quality and
reliability of the annotations. Furthermore, both an-
notators demonstrated strong communication and
collaboration skills, which contributed to annota-
tion consistency across the process.

A.3 Annotation process

To ensure annotation quality and consistency, we
adopted a two-stage annotation procedure. In the
first stage, annotators labeled hallucinations by
consulting preselected reference materials, includ-
ing Wikipedia and domain-specific databases. To
account for long-range dependencies, annotators
were allowed to review adjacent paragraphs when
evaluating sentence-level claims. If a claim could
not be conclusively verified or refuted using the
provided references, it was marked as unverifiable.

In the second stage, annotators reevaluated
these unverifiable cases using broader informa-
tion sources. Evidence was collected via Inter-
net searches, limited to credible and authoritative
outlets such as official websites, academic publica-
tions, and reputable news media. To ensure source
reliability, only content appearing on the first page
of Google search results was considered admissi-
ble. After review, each sentence was labeled as
either factual or non-factual, and annotators were
instructed to highlight any specific spans deemed
inaccurate or unverifiable.

Each long-form text was annotated indepen-
dently by multiple annotators. Disagreements were
resolved through group discussion and cross review.
This protocol enabled the collection of fine-grained,
sentence-level annotations that support high resolu-

tion evaluation of hallucination detection methods.

A.4 Dataset Statistics

Hallucinations are prevalent in long-form text gen-
erated by LLMs. Among all annotated sentences,
only 9% are factual, whereas 91% are non-factual.
Furthermore, hallucination rates remain high across
all entity frequencies: 85% (high), 89% (medium),
and 98% (low). These results indicate that LLMs
exhibit widespread hallucination when generat-
ing long-form content, especially in low-resource
knowledge settings and rare entity scenarios. In
addition, LHD covers a wide range of domains,
including Literature and Art (26%), Science and
Technology (22%), History and Politics (22%), Na-
ture and Geography (18%), and Entertainment and
Sports (12%). This domain diversity makes the
benchmark more generalizable and suitable for
evaluating hallucination detection in different con-
texts.

A.5 Prompt Templates for Fact Extraction
and Verification

Table 9 shows the prompt templates used for hyper-
relational fact extraction and verification. For ex-
traction, the prompt adopts a detailed instructional
format accompanied by an incontext example to
illustrate the desired structure and semantic granu-
larity of the output. Each fact is extracted as a base
triple (head, relation, tail) along with one or more
qualifiers that capture contextual attributes such as
time, location, method, and role. This design en-
courages fine-grained and faithful representa-tion
of complex events and multi entity interactions. In
contrast, the prompt for fact verification assumes
that a candidate hyper-relational knowledge graph
has already been extracted from the original text. It
focuses on detecting and correcting semantic incon-
sistencies, vague entity mentions (e.g., pronouns),
or factual deviations from the source passage. Un-
like the extraction prompt, the verification prompt
does not include any few shot examples, and re-
quires the model to directly output the corrected
knowledge triples without additional commentary.

A.6 Dataset Details

We provide detailed descriptions of all datasets
used in our experiments: (1) PHD. A dataset of
300 Wikipedia-style passages generated by GPT-
3.5, each prompted with a target entity. Human
annotators provide passage-level hallucination la-
bels. (2) WikiBio. A dataset of 238 passages gen-
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Table 9: Details of prompt templates for hyper-relational fact extraction and verification.

Prompt Type

Prompt Templates

Hyper-relational fact extraction

In a hyper-relational knowledge graph, each fact is not only represented by a ("head
entity", "relation", "tail entity") triple, but also supplemented with one or more
contextual attributes that describe time, location, participants, purposes, methods,
etc. These attributes enrich the factual semantics and provide a more complete
representation of real world events or relations. Given a piece of text, please extract
all such hyper-relational facts.

Requirements:

1. The triple and its attributes are as fine-grained and faithful to the original text as
possible.

2. No pronouns or vague references should be used in the head or tail entities. When
there is ambiguous reference in the text, the closest subject is preferred.

3. If multiple facts are mentioned, they must be extracted separately.

4. If the same entity appears in different contexts, it needs to be split into different
facts.

5. Attributes must be directly inferred from the text (e.g., time, place, role, purpose,
etc.).

6.The time format is unified into numbers (e.g. "1905"—"1905")

7. Relations should be verb-centric (e.g., "published in", "awarded for")

Here is an in-context example:

<Text>: John Russell Reynolds ....the poet John Keats (1848).

<Response>: ["base_triple": ["Microsoft", "headquarteredin”, "Redmond, Wash-
ington"], "qualifiers": ["key": "type", " globaltechnologygiant"], "..."quali-
fiers": ["key": "method", "value": "acquisitionofGreatPlainsSoftware"]]

<Text>init_text

value":

Hyper-relational fact verification

The following is the hyper-relational knowledge graph you extracted from the text,
but there are still some errors in it. For example, the semantics of the triples and
their attributes are different from the corresponding parts in the original text, or
there are pronouns in the triples. Please check and correct them.

<Initial prompt>p

<Triples>t\

Please output all corrected triples directly ,including changed and unmodified ones.
Don’t output any other words.

Here is an in-context example:

<Initial prompt>: ["base_triple": ["Microsoft", "headquarteredin”, "Redmond,
["key":
"base_triple": ["Windows", "revolutionized", "personalcomputing"], "qualifiers":
acquisitionofGreatPlainsSoftware"]]

China"], "qualifiers": "type", "value": "globaltechnologygiant"], ...

non noon

["key": "result", "value":

erated by GPT-3. The original annotations are at
the sentence level; following Yang et al. (2023), we
aggregate them into passage-level labels for consis-
tency with other datasets. (3) LHD. A dataset of
300 Wikipedia-style passages with human provided
passage-level annotations. Compared to PHD and
WikiBio, LHD emphasizes richer contextual depen-
dencies to evaluate long-range hallucination detec-
tion. (4) Long-PHD. A length controlled variant
of PHD. We modify the prompts to instruct GPT-
3.5 to generate passages of at least 512 tokens,
using the same entities as PHD but without struc-
tural constraints, resulting in longer, free-form pas-
sages. (5) Structure-PHD. A structure controlled

variant of PHD. Prompts are modified to encour-
age explicit sectioning and hierarchical structure,
inducing long-range factual dependencies and in-
creasing dataset difficulty. (6) HaluQuestQA. A
long-form question answering dataset with span-
level hallucination annotations. It contains pairs of
human-written and model-generated answers, en-
abling evaluation of hallucination detection beyond
Wikipedia-style passages.

A.7 Baselines and Setting Thresholds

We compare our method against six representa-
tive baselines covering diverse paradigms of hal-
lucination detection. (1) RVQG, a black-box
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consistency-based method that reconstructs ques-
tions from text and verifies answers via LLM
responses; (2) Semantic Entropy (SE), a gray-
box uncertainty-based method that measures en-
tropy over LLM-generated answers to assess fac-
tual validity; (3) Self-CheckGPT-BS (SelfCk-
BS), a black-box consistency-based variant using
BERTScore to evaluate consistency between orig-
inal and sampled responses; (4) GCA, a long-
form graph-based method that detects hallucina-
tions via triple-level claim alignment; (5) Error-
Informed Refinement (EIR), a fine-grained long-
form method that performs span-level hallucina-
tion detection and provides error-aware feedback
for refining model outputs; and (6) Decomposi-
tion & Aggregation Model (D&A Model), a long-
context method that extends encoder-only models
by chunking long inputs and aggregating chunk-
level representations via attention. These baselines
span gray-box vs. black-box settings, as well as
uncertainty-based, consistency-based, graph-based,
fine-grained, and long-context paradigms, ensuring
that our comparisons are broadly representative.

The methods SE and SelfCk-BS generate likeli-
hood scores indicating the probability that a sample
is a hallucination, rather than assigning explicit la-
bels denoting factuality. To align these methods
with our task, we adopt a thresholding strategy anal-
ogous to our own. The main difference is that our
method estimates the likelihood of a sample being
factual. For each method and dataset, we calculate
the mean (i) and variance (c2) of the hallucina-
tion likelihood scores, then identify the optimal
threshold within the interval 4, © + 30| that maxi-
mizes evaluation performance. No method receives
special or dataset-specific tuning.

A.8 Representation Visualization Analysis

To further validate HRKG-HD’s capability in cap-
turing long-range dependencies and constructing
effective graph structures, we conducted two com-
plementary experiments.

First, we randomly sampled 20 long-form re-
sponses from LHD to evaluate two input strate-
gies. In the full-length strategy, the entire response
was provided to the LLM for fact extraction. In
the segmented strategy, the text was divided into
shorter segments for independent extraction. The
primary difference lies in the long-range factual de-
pendencies: splitting text into independent chunks
removes structural links and restricts HRKG-HD’s
propagation to local neighborhoods. Conversely, a

full-text graph preserves cross-paragraph connec-
tions, enabling multi-hop aggregation over long-
range dependencies.

The fact node vectors from the original and five
sampled responses were normalized and visual-
ized via t-SNE. Points in Figures 4 and 6 represent
fact-node embeddings after relation-aware multi-
hop propagation. Each color denotes an aligned
fact cluster (the same fact across responses), while
different colors represent distinct facts. Effective
long-range modeling should make embeddings of
the same fact more consistent after propagation. As
shown in Figure 6, the full-length strategy produces
a more cohesive embedding distribution, demon-
strating its superiority.

Second, we examined three graph construction
variants. The fact-centric HRKG explicitly in-
troduces fact nodes, linking entities to their cor-
responding facts and qualifiers. The fact-node-
removed HRKG eliminates fact nodes, retaining
only direct entity relationships. The traditional
relational graph uses a standard triple-based struc-
ture without higher-order features. Comparative
results in Figure 6 show that the fact-centric HRKG
yields more compact distributions with higher
cross-response similarity. These findings indicate
that the fact-centric HRKG effectively integrates
global contextual features, leading to more stable,
semantically consistent representations.

A.9 Analysis of Hyper-Relational Fact
Extraction

To assess the robustness of HRKG-HD against
fact extraction errors, we introduced controlled
noise into hyper-relational graphs and analyzed
the impact. Two noise-injection strategies are em-
ployed: fact-dropping, which simulates informa-
tion loss by randomly removing 0-50% of core
triples while preserving qualifiers, and qualifier-
corruption, which simulates LLM-based inaccu-
racies by replacing qualifier values or types. For
both, corruption intensity varied from 0% to 50%,
meaning up to half of the extracted content was
altered.

All evaluations were conducted on the same
hardware to ensure comparability. We used 50
samples randomly drawn from LHD, with accu-
racy (ACC) as the metric. Each experiment was
repeated five times to ensure reliability and statisti-
cal robustness.

As shown in Figure 7, HRKG-HD exhibits sig-
nificant performance advantages in noisy envi-
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Figure 6: Representation visualization on a randomly selected subset.

ronments. Even with 40% fact discarding, the
model maintains 63.0% accuracy. This advantage
likely stems from the RV compensation mecha-
nism; when facts are missed, the RV process ver-
ifies undetected information. However, excessive
factual errors hinder HRKG-HD from constructing
a complete hyper-relational knowledge graph, caus-

ing a substantial accuracy decline. Thus, maximiz-
ing extraction accuracy is essential for HRKG-HD
effectiveness.

We also compared the effectiveness of differ-
ent LLMs as extractors. Specifically, GLM-8B,
GLM-32B, and GLM-235B were used to extract
hyper-relational facts, while all other aspects of
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Figure 7: Performance of HRKG-HD under different
noise conditions.

the experimental setup remained identical to those
described above.

As shown in Table 10, more powerful LLMs con-
sistently achieve higher ACC. These results con-
firm that the quality of the fact extractor plays a
critical role in downstream performance.

Table 10: Details of prompt templates for qualifier in
reverse validation.

Model Qwen-8B  Qwen-30B  Qwen-235B

ACC 63.00 66.33 70.33

33494



