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Abstract. Constructing Knowledge Graphs (KGs) from unstructured text has tradi-
tionally relied on multi-stage pipelines combining Named Entity Recognition, Re-
lation Extraction, and Entity Linking components. These architectures are costly to
adapt to new domains and suffer from error propagation across stages. While Large
Language Models (LLMs) enable end-to-end triple generation from text, their di-
rect application introduces two key challenges: (1) hallucination, where generated
facts are not supported by the input text, and (2) ontology misalignment, where
extracted entities and relations violate the constraints of a target schema. To ad-
dress these limitations, we propose an ontology-aware multi-prompt framework
that integrates the target ontology into the prompting process and applies hierarchi-
cal verification after triple generation. Specifically, we combine Tree-of-Thoughts-
style reasoning for structured exploration, schema-constrained OpenlE, and relaxed
triple generation to produce a diverse set of candidate triples while maintaining
ontological awareness. A rule-based three-filter filtering module then refines these
candidates using cross-prompt agreement, evidence grounding, and surface-form
alignment, without relying on external toolchains. Experiments on Text2KGBench,
including DBpedia-WebNLG and Wikidata-TekGen, show improvements of up
to 2.3 times over LLM-based baselines, together with hallucination rates below
0.20 in most domains and ontology conformance above 0.90 on most DBpedia-
WebNLG domains. The framework is released as open-source and available at
https://github.com/dice-group/ontology-aware-kg-construction.
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Source Text (excerpt)
Albert Einstein, born in Ulm, Germany, in 1879, was a theoretical physicist who developed the theory of relativity.
0 (a) Correct RDF Triples 0 (b) Hallucinated RDF Triples
Subject Predicate Object Subject Predicate Object
& Albert Einstein  =» profession Atheoretical & Albert Einstein =» wonPrize Q Nobel Prize
a P physicist a
° . X theory of ° . . .
@ Albert Einstein ~ =» developed ! relativity m Albert Einstein =» educatedAt & ETH Zurich
° . . . Ulm, ° . . . . .
@ Albert Einstein = birthPlace @ Germany m Albert Einstein = nationality @ Swiss
& Albert Einstein = birthDate B 1879 & Albert Einstein = marriedTo @ Mileva Mari¢
. Entities, relations, or facts are not supported by
« All entities and relations are supported by the text. the text.
. Evidence spans are explicit and verbatim. o . No valid evidence spans the source.
. Ontology (types and domain/range) is respected. . May violate ontology constraint or introduce
external knowledge

Figure 1. Examples of correct (a) vs. hallucinated (b) RDF triples extracted from text.
1. Introduction

Knowledge graphs (KGs) represent entities, concepts, and their relationships as Re-
source Description Framework (RDF) triples. They support a wide range of downstream
tasks, including semantic search [1], question answering [2], and recommendation sys-
tems [3]. Traditionally, KG construction is decomposed into a sequence of specialized
tasks: Named Entity Recognition (NER), Entity Linking (EL), and Relation Extraction
(RE) [4,5]. These tasks transform unstructured text into structured RDF triples in one
pipeline that populate a target ontology. However, these pipelines are costly to engineer
and tightly coupled to fixed schemas, which has motivated a shift toward generative ap-
proaches [6].

Recent advances in Large Language Models (LLMs) introduce a new paradigm for
automated KG construction [7]. Instead of chaining NER, EL, and RE, an LLM can gen-
erate RDF triples directly from text in a single step. Figure 1(a) illustrates this on the
sentence “Albert Einstein, born in Ulm, Germany, in 1879, was a theoretical physicist
who developed the theory of relativity.”. From this input, the LLM produces the triple
<Albert_Einstein, profession, theoretical_physicist>, where Albert_Einstein is the sub-
ject, theoretical_physicist is the object, and profession is the relation that links them.
Despite this promise, LLM-based extraction suffers from two persistent limitations. The
first is hallucination, where the model generates a triple that is plausible but not sup-
ported by the source text [8]. The second is ontology misalignment, where the generated
entities or relations violate the type, predicate, or domain/range constraints of the target
ontology. Figure 1(b) illustrates the first failure with the triple <Albert_Einstein, nation-
ality, Swiss>. This statement is historically true, but it is not present in the source sen-
tence. Plausible but unsupported claims of this kind are particularly damaging in high-
precision domains such as healthcare, law, and scientific knowledge management. Both
limitations have received attention in the literature. However, to the best of our knowl-
edge, no prior work tackles them jointly. For instance, COMET [9] and AutoKG [10]
extract triples directly from text, yet provide no mechanism to enforce factual grounding
or ontology compliance. More recent work begins to address the ontology side. Norouzi
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et al. [11] and ODKE+ [12] guide the LLM through ontology-aware prompts, while Al-
jabari et al. [13] apply the same idea to ontology alignment. However, all three rely on
a single prompting strategy, limiting the available signals to detect possible hallucina-
tions. Among them, only ODKE+ introduces explicit safeguards against hallucination,
and even there, the coverage at the entity and relation level remains partial. Consequently,
to the best of our knowledge, no existing approach combines multi-prompt extraction
with explicit hallucination control under an ontology.

In this work, we present an ontology-aware, multi-prompt framework for end-to-
end KG construction. Our framework includes two stages: i) a multi-prompt extractor
that produces candidate triples through three complementary strategies, each occupying
a different point on the precision—schema-recall trade-off. ii) a three-filter validator that
decides which candidates to keep. Each filter applies a different acceptance criterion.
Filter 1 accepts triples on which multiple prompts agree and whose arguments are tex-
tually anchored in the source. Filter 2 accepts triples that arrive with an explicit evi-
dence span and pass a weighted evidence score. Filter 3 accepts the remaining candidates
through a surface-grounding fallback. We evaluate the framework on the Text2KGBench
benchmark [14], covering the DBpedia-WebNLG and Wikidata-TekGen datasets across
29 ontologies. The results show consistent improvements up to 2.3 times in precision, re-
call, and F1-score over fine-tuned baselines such as ALPACA-LORA-13B and VICUNA-
13B. In addition, the framework reduces the three Text2KGBench hallucination metrics
— Subject Hallucination (SH), Object Hallucination (OH), and Relation Hallucination
(RH) — on both datasets, with values below 0.20. An ablation study further isolates
the contribution of each component to the overall performance. We summarize the main
contributions of this work as follows:

1. A multi-prompt extraction stage that generates candidate triples through three
complementary strategies, Tree-of-Thoughts Search, Schema-Constrained Open
IE, and Relaxed Extraction, each occupying a different position on the precision—
schema-recall trade-off.

2. A three-filter, evidence-driven validator that accepts a triple only when one of
three criteria is satisfied: cross-prompt agreement with lexical anchoring (Fil-
ter 1), an explicit evidence span passing a weighted score (Filter 2), or a surface-
grounding fallback (Filter 3).

3. A comprehensive evaluation on the Text2KGBench benchmark across 29 on-
tologies and two domains (DBpedia-WebNLG, Wikidata-TekGen), showing
consistent F1 improvements over fine-tuned baselines (ALPACA-LORA-13B,
VICUNA-13B) and reduced Subject, Object, and Relation Hallucination rates.

2. Related Work
2.1. Traditional KG Construction

Traditional KG construction relies on pipeline-based methods that combine NER [4],
RE [5], Event Extraction (EE) [15], and EL [16] from unstructured text. These pipelines
are implemented using either rule-based or machine learning approaches. Rule-based
systems employ pattern matching and dependency path heuristics, offering interpretabil-
ity and high precision in domain-specific settings [17,18]. Statistical and neural methods,
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including supervised learning and distant supervision, improve scalability and general-
ization to unseen data [19,20]. Open Information Extraction (OpenlE) methods [21,22]
enable open-domain extraction without predefined ontologies but produce noisy and re-
dundant outputs due to limited semantic constraints. Despite high-quality results when
carefully tuned, these pipelines require substantial human effort, domain expertise, and
labeled data, and they suffer from error propagation across components [23,24].

2.2. Generative KG Construction Using LLMs

Recent advances in LLMs have enabled direct triple generation from unstructured text
without intermediate NLP components [24]. This end-to-end approach offers scalabil-
ity but introduces two key challenges: hallucination, the generation of plausible but un-
supported facts [8], and ontology misalignment when triples do not adhere to target
schemas [24]. Several studies focus on open-domain extraction without explicit ontology
constraints. For instance, ChatlE [25] formulates information extraction as a multi-turn
question-answering problem to extract entities and relations in a zero-shot setting. Au-
toRE [26] introduces a Relation-Head-Facts paradigm for document-level relation ex-
traction without requiring predefined relation types. Similarly, Papaluca et al. [27], and
KGGen [28] evaluate zero-shot triplet extraction. Recent work embeds chain-of-thought
reasoning into LLM prompts for KG construction [29], though without ontology context
to guide reasoning steps or dedicated mechanisms to filter hallucinated outputs. Early
generative efforts include COMET [9] for commonsense inference. Text2KGBench [14]
established baselines (Alpaca-LoRA [30,31], Vicuna [32]) on ontology-aligned datasets.
AutoKG [10] combines LLMs with external tools via agent coordination. iText2KG [33]
enables zero-shot incremental construction. KARMA [34] employs multiple agents for
extraction and validation in biomedical domains.

2.3. Ontology-Aware KG Construction

Our work belongs to the category of ontology-aware KG construction, where schema
information is explicitly incorporated to guide LLM-based extraction and improve on-
tology compliance. Kommineni et al. [35] proposed a semi-automatic approach that first
extracts an ontology from text using user-defined competency questions and then uses
the extracted ontology to retrieve triples. Feng, Wu, and Meng [36] extended this di-
rection by using an LLM to generate competency questions automatically for ontol-
ogy extraction, followed by guided triple extraction on Wiki-NRE [37], SciERC [38],
and WebNLG [39]. In the medical domain, Bhattarai et al. [40] proposed an ontology-
guided prompting approach that extracts concepts from the UMLS ontology to personal-
ize prompts for triple extraction. Their evaluation on the n2¢2 [41] and ADE [42] datasets
demonstrated improvements over standard retrieval-augmented generation techniques.
Recent work systematically investigates the role of ontology in LLM-based KG con-
struction. Norouzi et al. [11] studied LLM-based ontology population, highlighting the
importance of prompt design and ontology structure for improving extraction accuracy
and reducing hallucinations. Their modular ontology method dynamically builds con-
text by summarizing knowledge base texts and retrieving relevant information through
embedding-based search. Khorshidi et al. [12] proposed ODKE+, a production-grade
system that dynamically generates ontology snippets tailored to each entity type to align
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extractions with schema constraints. The system employs post-extraction validation us-
ing additional LLM calls to verify and correct extracted triples against the ontology,
demonstrating effectiveness in reducing schema violations.

2.4. Positioning of Our Work

Our work differs from prior ontology-aware approaches in two key respects. First, while
existing methods such as ODKE+ [12] and Norouzi et al. [11] inject ontology terms as
unstructured context into prompts, our framework structures the generation process using
Tree-of-Thoughts reasoning to explore candidate entity types and relation constraints be-
fore committing to triple outputs. Moreover, we employ additional prompting strategies,
including OpenlE and one-shot prompting, to extract more RDF triples in different do-
mains. Second, unlike approaches that rely on external toolchains (e.g., AutoKG [10]) or
multiple LLM calls for validation (e.g., ODKE+ [12]), our method employs a lightweight
rule-based three-filter filtering module that operates at the entity, relation, and triple lev-
els without requiring additional API calls.

3. Approach

We propose an ontology-aware, multi-prompt framework for end-to-end RDF triple ex-
traction from unstructured text, as shown in Figure 2. Given input text x and a target on-
tology Q, our framework works in two stages: (1) a multi-prompt extractor that generates
a diverse pool of candidate triples P using three distinct LLM prompting strategies, and
(2) a hierarchical, rule-based validator that filters these candidates through a three-tier
process to ensure factual grounding and ontology compliance. Ontology awareness in
our framework means that the target ontology is used to guide prompting, candidate gen-
eration, and lightweight validation. The ontology provides canonical predicates, type de-
scriptions, and domain/range information that influence which triples are proposed and
accepted. The validator, however, does not perform full reasoning over OWL axioms or
exhaustive checks of class membership and logical consistency.

3.1. Stage 1: Generating Candidate Triples

Instead of relying on a single extraction method, we use three prompting strategies that
vary in reasoning depth, schema strictness, and recall orientation. This diversity provides
the downstream evaluator with three complementary candidate pools (Py,P,P3 C P),
respectively: high-precision triples from structured reasoning, ontology-aligned triples
with explicit evidence, and high-recall triples from a more relaxed extraction process.

Strategy 1: Tree-of-Thoughts Semantic Extraction The first strategy focuses on pre-
cision by framing RDF extraction as a search problem, following the Tree-of-Thoughts
paradigm [43]. The search begins from an empty state Sy and proceeds over partial triple
sets § C T, where each state S represents a set of candidate triples for the current input
x under ontology Q. At each step, a generator Gen( pgg,S) proposes up to k new triples,
where pg, is the generator prompt. Each resulting state §' = SU {(s,7,0)} is then scored
in [0, 1] by an evaluator Eval(pg,,S’), where pyg, is the prompt used for evaluation. This
score reflects two properties: how well the triple is grounded in the source text x, and
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Input Stage 1: Multi-Prompt Candidate Generation
@ Text
o Strategy 1: Tree-of-Thoughts Search
tLér:tfrrL;i;u;ig Tree-of-Thoughts search over
domain (e.g., > candidate triples
academic papers, « Generator proposes triples '
news, reports, : « Evaluator scores grounding ! Candidate
web pages, ...) « and ontology consistency ! :
1 triples Py
core paths are pruned :
@ Ontology ©
o Strategy 2: Schema-Constrained Open IE
f Concent iypes * Single-pass extastion with sructured prompt
» Properties ' ] Y
» Domainand _’-’ ! Instruction (ontology-aware IE + scores)
Arangeconstralms i« Ontology context (domain & range) ! Ccandidate
: K ) | » One-shot examples . triples P,
i Usedtoguide |« Task specs & rules (JSON output, evidence) | Yy
g prompts and 5 | e o o ‘ Unified
1 validate triples | N
_________________ y e Strategy 3: Relaxed Extraction Candidate
R Pool
! Lightweight open IE style prompt ! (union O_f all
1 : - strategies)
1« Extract plain triples (s, r, 0) ‘ '
i« Use ontology-aligned relations Candidate -
i » No scores or evidence spans . triples P3 .
e p From
Strategy 1
Stage 2: Hierarchical Evaluation and Validation +
" -
0 (Validator) '
Accepted «® From
Triples 4@ Fi'ter 1: Agreement Between Strategies Strategy 2
+
Union of all |, Pass Accept if generated by at least two strategies AND both subject and -
accepted | object are lexically anchored in the text. '
triples Rationale: agreement across independent prompts reduces From
hallucinations. Strategy 3
+ Fail =
— All candidate
%’ Filter 2: Evidence-Grounded Verification triples P
If an explicit evidence span is provided, accept when the span strongly
o supports the triple (subject, relation, object)
Discarded [ Rationale: evidence-grounded verification against the source text. J
Triples
+ Fail
<
IE Fail @ Filter 3: Surface Grounding Fallback <
i If no explicit evidence, accept when subject and/or object fuzzily
Rejected match the text with high confidence
after all tiers
[Rat\ona\e: text-anchored fallback recovers high-recall candidates J
safely.

Figure 2. Ontology-aware multi-prompt framework for constructing knowledge graphs from text. Stage 1
combines three LLM prompting strategies to generate candidate triples, and Stage 2 applies a three-tier valida-
tor to filter hallucinations and enforce ontology compliance.

how well it aligns with the ontology Q. If the score falls below a threshold 7, the branch
is pruned, removing weak candidates early on. Expansion continues until a maximum
depth Dpa«. The highest-scoring deep paths form the output S*, and each accepted triple
is stored alongside its supporting textual span support(s,r,0) C x.

Strategy 2: Schema-Constrained Open IE The second strategy aims for schema-
aligned extraction in a single pass by explicitly binding the model to the ontology. The
prompt includes four parts. (i) instructions that frame the task as Open IE with confidence
scores in [0, 1]. (ii) an ontology block that lists the domain and range for each predicate
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as short textual descriptions rather than raw RDF/OWL syntax. (iii) a one-shot exam-
ple showing a valid triple alongside its evidence span, and (iv) a fask specification that
presents the input text x and requests strict JSON output containing exact quotes from
the input text. This produces ontology-aligned triples paired with direct textual support.

Strategy 3: Relaxed Extraction The third strategy maximizes recall by removing struc-
tural constraints. The model receives only the input text (x) and triples set P, and gen-
erates plain triples (s,r,0). It omits confidence scores, reasoning traces, and evidence
spans. Because rigid formats can cause the model to miss valid triples, relaxing these
constraints recovers additional candidates. Although this increases noise, the trade-off is
acceptable because Stage 2 filters it.

3.2. Stage 2: Three-Tier Validation

Stage 1 produces a mixed pool of candidates P. To separate reliable triples from noise,
the validator asks the question for each candidate triple #: What kind of evidence sup-
ports this triple? Since different triples carry different types of evidence (cross-prompt
agreement, explicit spans, or none), we use a three-filter cascade approach. A triple is
accepted as soon as it satisfies one of the filters, following from stronger evidence to
weaker ones. Filter 1 requires both multi-prompt agreement and lexical anchoring for the
subject and object, and therefore tends to admit fewer but highly supported triples. Filter
2 focuses on explicit evidence spans and admits triples whose supporting span achieves
a high evidence score Ep. Filter 3 serves as a permissive fallback: it recovers additional
candidates based on fuzzy grounding and overall text—triple coherence when no explicit
span is available. This cascade prioritizes high-confidence triples first while still recov-
ering recall through softer conditions at the final stage. Algorithm 1 summarizes this
process. Here, sim(-,-) € [0,1] denotes a string-matching score between an entity sur-
face form and the source text x, implemented as a normalized edit similarity.[44]. The
functions Eg, E¢ € [0, 1] are evidence scores and used consistently throughout the paper;
Section 4.2 specifies the exact thresholds used in our experiments.

Filter 1: Cross-Prompt Consensus with Lexical Anchoring. Filter 1 of Algorithm 1
(lines 4-5) exploits agreement across prompting strategies. The intuition is: if multiple
independent prompts generate the same triple, that triple is unlikely to be a shared hallu-
cination. We achieve this with the two complementary conditions in line 4, both of which
must hold for a candidate to be accepted. The first condition, multi-prompt agreement,
requires the candidate ¢ to appear in at least two of the three candidate pools, that is,
|{j|t € P;}| > 2. This extends the self-consistency principle [45] from a single model’s
sampled reasoning paths to a multi-prompt ensemble. However, agreement alone is not
enough to filter all hallucinated triples, since independent prompts may still converge
on a plausible but text-absent triple. To rule out this case, the second condition, lexical
anchoring, requires the subject and object of ¢ to each match the source text x above
the grounding thresholds 72" and 72"; concretely, sim(s,x) > 72" and sim(o,x) > 72",

4

Whenever both conditions hold, line 5 adds ¢ to the validated set Tj.

Filter 2: Evidence-Grounded Verification. A triple that fails Filter 1 may still be reli-
able if its originating prompt provided a verbatim span support C x. The cascade there-
fore falls through to Filter 2 of Algorithm 1 (lines 6-7). We evaluate the triple against its
own evidence by computing a normalized score Ep, defined as the weighted sum of four
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Algorithm 1 Hierarchical Ontology-Aware Validation

Require: Candidate pools Pi,Ps,P;; source text x; anchoring thresholds "¢, 73",
fuzzy-match thresholds 7", 7/V; acceptance thresholds 7z, 7c.
Ensure: Validated triple set G
1: G —0
2N+ THh+T3+0
3: for allr = (s,r,0) € PLUP,UP; do

4 if [{j |7 € Pj}| > 2 and sim(s,x) > 72" and sim(0,x) > 73" then
5 Ty« T U{t} > Filter 1: agreement + lexical anchoring
6: else if 7 carries supporting span support(s,r,0) C x and Eg(t,x) > 75 then
7 T« T, U{t} > Filter 2: evidence score Ep
8 else if Ec(z,x) > 1¢ then

9: T3+ T3 U{t} > Filter 3: surface fallback score E¢
10: end if

11: end for

12 G+ hiUhLUT;
13: return G

heuristic features: complete-match, subject-match, object-match, and span-conciseness.
Respectively, they are weighted by o, B, V8, and 0. The complete-match returns 1 if
the subject, predicate, and object all appear within the evidence span; this carries the
highest weight, since joint surface presence is the strongest single indicator of textual
support. The subject-match and object-match check whether each argument appears in
the evidence span. Finally, the span-conciseness is computed as the Jaccard similar-
ity [46] between the evidence span and the source text, penalizing overly broad spans
that would otherwise inflate the score. When Eg > 1, line 7 admits ¢ into the Filter 2 set
T;. This design follows the claim—evidence pairing principles established in automated
fact-verification research [47].

Filter 3: Surface Grounding Fallback. Candidates that fail both earlier branches reach
the Filter 3 of Algorithm 1 (lines 8-9). They have neither multi-prompt agreement nor
an explicit evidence span, a situation that is common for Strategy 3 outputs. To verify
whether they are nonetheless supported by x, we apply a surface-level fallback score
Ec, computed as a weighted sum of three heuristic features: Subject Grounding, Object
Grounding, and Triple Coherence. Respectively, they are weighted by o, B, and .
The dominant term, Subject Grounding, returns 1 if the subject matches a span in the text
above the strict threshold ‘L'Sf“z, measured by the normalized Levenshtein ratio [44]; the
strict threshold and higher weight reflect that subjects are typically stable named entities,
and that a hallucinated subject would corrupt an entire entity node in the resulting graph.
The Object Grounding feature applies the same test to the object, but against the more re-
laxed threshold rguZ, since objects often contain free-text descriptions. The final feature,
Triple Coherence is computed as the Jaccard similarity between the concatenated triple
elements and the source text, supplying a weak overall coherence signal. When E¢ > 1¢,
line 9 admits 7 into the Filter 3 set 73, closing the cascade.
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3.3. Final Knowledge Graph

Let 7; denote the set of triples accepted by Filter i in Stage 2. The final knowledge graph
is the union G = Ty U T, UT;. The two stages work complementarily: Stage 1 maxi-
mizes recall through diverse prompts, while Stage 2 safeguards precision by demand-
ing grounded evidence at one of three levels. This design separates the task of finding
candidate triples from the task of validating them.

4. Experiments

We design our experiments to answer the following research questions.

* RQq: How effectively can our framework construct KGs from unstructured text?
* RQy: To what extent can our framework mitigate hallucinations during KG con-
struction?

4.1. Evaluation Setup

Datasets. We evaluate on Text2KGBench [14], an ontology-guided benchmark for
text-to-KG construction. It contains two datasets: DBpedia-WebNLG, comprising 4,860
sentences across 19 ontologies with multiple gold triples per sentence, and Wikidata-
TekGen, containing 13,474 sentences across 10 Wikidata-derived ontologies with a sin-
gle annotated triple per sentence. The datasets differ substantially in quality. Wikidata-
TekGen is constructed through distant supervision and therefore contains incomplete and
noisy sentence—triple alignments. For example, a sentence may express multiple relations
while only one is annotated, or may omit explicit mentions of entities contained in the
associated triple. To reduce this limitation, we enrich the training data before fine-tuning.

Wikidata-TekGen Enrichment. Following prior data-enrichment approaches [31,48,
49,50], we use Qwen2.5-14B-Instruct [51] to generate additional ontology-consistent
triples. The original gold triple is used as an anchor during generation to preserve fac-
tual grounding. Generated triples are retained only if their relations belong to the target
ontology.

Baselines. We compare against four open-source baselines that report results on
Text2KGBench. Alpaca-LoRA-13B [14] is an instruction-tuned LLaMA-13B fine-tuned
with LoRA [30] on GPT-4-generated data. Vicuna-13B [14] is a LLaMA-13B fine-
tuned on multi-turn ShareGPT conversations. T5-large [52] is a 738M-parameter
encoder—decoder model that frames triple extraction as sequence-to-sequence genera-
tion. ChatGLM-6B [29] is an open bilingual LLM; we adopt its CoT-with-ontology vari-
ant, which reports the best results. We exclude Norouzi et al. [11] and ODKE+ [12]
from this comparison: although both are conceptually closer to our framework, neither
releases full prompts or code, which makes faithful reimplementation infeasible.

Evaluation Metrics. For RQ,, we report Precision, Recall, and F1-score using exact
matching between normalized predicted and gold triples. Normalization includes low-
ercasing, removal of non-alphanumeric characters, and whitespace stripping for all la-
bels. Moreover, we also perform underscore replacement and WordNet lemmatization
for subject and object labels. For RQ,, we use four hallucination-related metrics from
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Text2KGBench: Subject Hallucination (SH), Object Hallucination (OH), Ontology Con-
formance (OC), and Relation Hallucination (RH). SH and OH measure the proportion
of extracted subjects and objects unsupported by the source text after stemming and
tokenization, defined as SH = [HS|/|G| and OH = |HO|/|G|, where HS and HO de-
note hallucinated subject and object sets in the generated graph G. The OC metric mea-
sures the proportion of extracted triples whose relations belong to the target ontology,
OC = |Ront|/ |G , where Ron; C G. Meanwhile, the RH metric is defined as its comple-
ment, RH = 1 — OC. We highlight that neither OC nor RH metrics validate complete
class constraints, domain/range compatibility, or logical consistency.

4.2. Implementation Details

Base Model and Training. We use LLaMA-3-8B-Instruct as the base model across all
framework components and set decoding temperature to O for reproducibility. The model
is fine-tuned using 4-bit QLoRA on the official Text2KGBench training split, combining
DBpedia-WebNLG training data and enriched Wikidata-TekGen training data. The 95/5
split is used only within this training portion for internal training and validation during
model selection. All results reported in Tables 1 and 2 are computed on the separate held-
out Text2KGBench test split, which is not used for fine-tuning or validation. All experi-
ments run on a single NVIDIA RTX 3090 GPU (24 GB). All details about the prompts,
models, and hyperparameters can be found on the GitHub repository for reproducing our
experiments and supporting further research.

Strategy and Validator Configuration. The three prompting strategies use different
model configurations. Tree-of-Thoughts Search employs the fine-tuned model for can-
didate generation, while retaining the base model for state evaluation and evidence ex-
traction to avoid self-validation effects. We employ k = 2, Dy, = 2, and 7 = 0.7 for
ToT Search hyperparameters. Schema-Constrained Open IE uses the base model only,
following prior ontology-guided extraction approaches. Relaxed Extraction employs the
fine-tuned model because structured generation benefits from task adaptation. Validator
thresholds were tuned through grid search on a held-out 5% subset of DBpedia-WebNLG
and kept fixed across all experiments. The hyperparameters are set as follows. For Filter
1, we set 9" = 7" = 0.9. For Filter 2, we set 75 = 0.9, o = 0.40, B = 15 = 0.25,
and 8 = 0.10. For Filter 3, we set /*° = 0.8, 7/"* = 0.55, oc = 0.50, B¢ = 0.40, and
Yc = 0.10.

5. Results and Discussion

We evaluate our framework against four baselines across 29 domains on two benchmarks,
addressing RQ; (extraction quality) and RQ; (hallucination mitigation). Our results
consistently demonstrate that ontology-aware, multi-strategy extraction with evidence-
driven validation outperforms all baselines in extraction quality and substantially reduces
hallucinations across most domains.

5.1. Extraction Quality (RQ1)

Table 1 reports per-domain Precision, Recall, and F1-score. Our framework achieves the
highest F1-score in all 19 DBpedia-WebNLG domains and in 7 of 10 Wikidata-TekGen
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Table 1. Comparative performance analysis (Precision, Recall, and F1) across DBpedia and Wikidata do-
mains (RQy). Higher is better. Best values are highlighted in bold.

. ALPACA-LORA VICUNA T5-LARGE CHATGLM OUR APPROACH
Domain

P R F1 P R Fl1 P R Fl P R Fl1 P R F1

DBpedia-WebNLG

University 029 0.16 020 0.31 0.19 0.23 0.38 0.38 0.38 0.32 0.14 0.19 0.79 0.63 0.68
Musical Work 0.18 0.15 0.15 0.20 0.18 0.18 0.39 0.40 0.40 0.22 0.15 0.17 0.59 0.56 0.56
Airport 028 0.21 0.20 0.32 0.23 0.23 0.40 0.40 0.40 0.23 0.16 0.18 0.77 0.66 0.69
Building 035 027 0.29 048 0.33 0.38 0.40 0.40 0.40 040 023 0.28 0.72 0.71 0.71
Athlete 0.38 030 0.32 0.39 0.26 0.29 0.38 0.39 0.39 0.28 0.22 0.24 0.79 0.76 0.76
Politician 0.39 027 0.30 0.39 0.28 0.320.39 039 0.390.29 0.12 0.16 0.66 0.63 0.64
Company 035 021 025 048 030 0.340.35 036 0.36 040 0.25 0.30 0.86 0.67 0.73
CelestialBody  0.52 0.41 0.47 048 046 0.46 0.38 0.38 0.38 0.59 0.49 0.52 091 0.94 0.92
Astronaut 0.34 024 0.27 048 0.36 040039 039 039045 021 027 0.89 0.81 0.84
ComicsCharacter 0.52 0.41 045 045 041 042032 032 0.320.17 0.14 0.150.70 0.68 0.68
Transport” 0.13 0.07 0.08 0.14 0.09 0.10 0.40 0.40 0.40 0.33 0.23 0.25 0.69 0.61 0.63
Monument 0.11 0.07 0.08 0.05 0.05 0.050.37 037 0.370.13 0.12 0.12 0.58 0.57 0.55
Food 0.38 0.28 0.31 040 0.32 0.34 034 0.34 0.34 051 037 041076 0.81 0.77

WrittenWork 0.39 035 0.36 0.34 0.34 0.34 038 0.38 0.38 0.52 0.31 0.38 0.90 0.90 0.90
SportsTeam 041 029 031 040 032 034034 034 0340.16 0.14 0.14 0.74 0.71 0.71

City 0.10 0.09 0.09 0.12 0.12 0.12 0.50 0.50 0.50 0.12 0.09 0.10 0.61 0.62 0.60
Artist 035 033 034 052 043 046 039 040 039030 0.21 0.24 0.54 0.56 0.54
Scientist 042 033 035 0.53 043 046 039 040 0.39 0.33 023 0.250.81 0.80 0.80
Film 0.18 0.15 0.13 0.23 0.14 0.14 0.39 0.39 0.39 0.14 0.09 0.11 0.45 0.44 0.44

Count as Best 0 0 0 0 0 0o 0 0 0o 0 0 o 19 19 1

Wikidata-TekGen

Movie 028 0.14 0.17 0.33 0.23 0.250.27 0.29 0.28 0.34 0.57 043 0.46 041 041
Music 0.33 0.19 0.22 042 0.28 0.320.29 030 0.29 0.29 047 0.36 0.54 0.51 0.50
Sport 0.51 0.44 0.45 0.57 0.52 0.54 050 0.56 0.53 0.21 0.37 0.27 0.57 0.64 0.58
Book 025 021 021 035 0.28 0.30 035 029 037 0.32 0.55 041042 046 042
Military 0.21 021 021 024 0.23 0.23 0.39 0.41 0.40 0.50 0.79 0.62 0.49 0.60 0.52
Computer 029 027 0.27 0.28 0.25 0.26 0.33 0.34 0.33 0.33 0.57 042 0.48 0.51 0.48
Space 0.58 0.55 0.52 0.67 0.63 0.63 0.52 0.54 0.53 0.53 0.74 0.62 0.76 0.78 0.76
Politics 022 021 0.21 032 032 032042 042 042027 039 032059 0.65 0.60
Nature 0.15 0.15 0.15 027 0.24 0.250.42 0.53 047 022 029 0.250.54 0.59 0.55
Culture 0.15 0.16 0.15 0.31 031 0.31045 045 045032 032 032042 048 044

Count as Best 0 0 0 1 0 0 1 0 1 1 4 2 8 6 7

domains. The largest margins arise where the ontology declares a rich predicate set and
fine-grained class types: CelestialBody (F1 = 0.92 vs. 0.52 for ChatGLM, the strongest
baseline), WrittenWork (0.90 vs. 0.38 for T5-Large), Astronaut (0.84 vs. 0.40 for Vi-
cuna), Food (0.77 vs. 0.41 for ChatGLM), and Airport (0.69 vs. 0.40 for T5-Large). In
each of these domains, our F1 exceeds twice that of the best baseline—a pattern directly
attributable to ontology grounding. When the schema provides discriminative domain
and range information, our framework uses it to guide candidate generation and vali-
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dation, differently from the baselines, which do not include an explicit evidence-driven
validation stage. On Wikidata-TekGen, the framework still wins in most domains, but
with smaller margins. The strongest gains here are in Space (F1 = 0.76), Politics (0.60),
Nature (0.55), and Sport (0.58). We attribute this to the distant supervision artifacts de-
scribed in Section 4.1, which limit the achievable F1 on this benchmark. All results are
obtained using LLaMA-3-8B-Instruct (8B parameters), while Alpaca-LoRA and Vicuna
both use 13B parameters. Ontology-aware prompting, therefore, appears to provide an
inductive bias that partially offsets the reduced model scale.

5.2. Hallucination Mitigation (RQ3)

Table 2 reports the hallucination-related metrics OC, SH, RH, and OH. We compare only
against Alpaca-LoRA-13B and Vicuna-13B baselines, since published Text2KGBench
evaluations for T5-large and ChatGLM-6B do not report these metrics. On DBpedia-
WebNLG, OC is consistently high, reaching 0.97-1.00 in domains such as University,
WrittenWork, SportsTeam, and CelestialBody, with RH close to zero. Two design choices
contribute to this outcome: Schema-Constrained Open IE restricts the model’s relation
vocabulary to ontology predicates, while Filter 2 of the validator accepts a triple when
the evidence span explicitly contains the predicted relation. OH decreases substantially
even in surface-ambiguous domains, particularly for City (OH decreases from 0.68 un-
der Alpaca-LoRA to 0.26) and Artist (from 0.26 to 0.09). This effect is largely driven by
the joint-presence term (o = 0.40), where an object is added to G only if it co-occurs
with its subject and relation within the cited evidence span, preventing generation plau-
sibility alone from validating a triple. Wikidata-TekGen exhibits less consistent behavior
across domains. OC remains high and OH remains low in well-defined domains (Politics,
Culture, Music). However, RH increases in domains with sparse or ambiguous ontology
coverage, particularly Space. Examination of failure cases shows that source sentences
contain relations not represented in the underlying Wikidata-derived ontology; conse-
quently, the evaluator labels these otherwise valid extractions as RH. This effect is largely
attributable to benchmark limitations rather than systematic failures of the framework,
and explains the remaining RH observed on this dataset.

The main exception on DBpedia-WebNLG is MusicalWork, where SH increases to
0.54 (Alpaca-LoRA: 0.32, Vicuna: 0.32). This apparent degradation is due to the Musi-
calWork structural characteristics, which contain several fine-grained subject types (e.g.,
dbo:MusicalWork, dbo:Album, dbo:Single). Text2KGBench computes SH using ex-
act type matching against these fine-grained classes. Our framework may predict a se-
mantically correct sibling class for the domain, which remains ontologically plausible
but is counted as a hallucination. In contrast, fine-tuned baselines such as Alpaca-LoRA
and Vicuna generate fewer distinct entity-type predictions and therefore incur fewer type
mismatches. Importantly, the high OC (0.97) and low RH (0.03) for MusicalWork in-
dicate that relation extraction and overall OC remain strong, while only fine-grained
subject-type resolution is affected.

5.3. Ablation Study (RQ1 and RQ»)

Table 3 reports an ablation of the three prompting strategies and the hierarchical valida-
tor. Configurations are denoted by the strategies included: T = Tree-of-Thoughts Search,
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Table 2. Performance evaluation of all models in mitigating hallucinations, averaged per domain (RQ5). Best
values per metric are highlighted in bold. OC 1: higher is better. SH, RH, OH |: lower is better.

. ALPACA-LORA VICUNA Our Approach

Domain

oC SH RH OH OC SH RH OH OC SH RH OH
DBpedia-WebNLG
University 089 0.13 0.11 026 092 0.11 0.08 021 097 0.00 003 0.02
MusicalWork 085 032 0.15 033 089 032 0.11 027 097 054 0.03 023
Airport 094 012 0.06 045 092 0.03 0.08 027 097 0.04 0.03 0.16
Building 093 017 0.07 032 098 0.02 0.02 022 098 0.02 0.02 0.07
Athlete 094  0.11 0.06 027 092 0.01 0.08 013 097 0.11 003 0.13
Politician 092 015 0.08 038 089 011 0.11 029 097 0.16 0.03 0.19
Company 095 017 0.05 044 100 0.09 0.00 036 097 0.01 003 015
CelestialBody 096  0.12 0.04 049 097 005 0.03 046 1.00 0.01 0.00 0.34
Astronaut 087 008 0.13 058 087 006 0.13 0.28 098 0.00 0.02 0.28
ComicsChar. 093 062 0.07 042 097 064 0.03 028 098 041 0.02  0.08
Transport” 097 018 0.03 036 094 014 0.06 041 098 0.17 0.02 0.16
Monument 097 013 003 031 094 018 0.06 031 1.00 0.00 0.00 0.31
Food 092 0.12 0.08 026 094 0.05 0.06 020 099 0.06 0.01 0.11
WrittenWork 090 020 0.10 050 092 0.12 0.08 033 099 0.05 0.01 0.15
SportsTeam 090 0.11 0.10 024 091 0.04 009 0.11 099 0.03 0.01 0.08
City 096 007 0.04 0.68 098 0.04 0.02 0.67 095 028 0.05 0.26
Artist 083 0.07 017 026 089 0.03 0.11 0.13 099 037 0.01 0.09
Scientist 092 0.14 0.08 043 095 005 005 030 097 002 0.03 0.23
Film 082 008 0.18 033 094 030 0.06 0.19 098 0.01 0.02 0.14
Count as Best 0 1 0 1 3 8 3 3 16 10 16 17
Wikidata-TekGen
Movie 092 025 0.08 024 089 026 0.11 026 090 023 0.10 0.06
Music 091 0.18 009 024 094 016 006 022 094 013 0.06 0.04
Sport 096 0.18 0.04 0.11 085 022 0.15 0.13 090 0.14 0.10 0.06
Book 094 017 0.06 0.19 092 016 0.08 023 088 012 0.12 0.05
Military 093 0.21 0.07 026 080 0.19 020 026 0.87 016 0.13 0.08
Computer 083 017 017 0.13 085 0.15 015 0.11 0.81 013  0.19  0.02
Space 090 0.14 0.10 0.10 093 0.15 0.07 0.08 079 0.09 021 0.04
Politics 090 019 0.10 0.15 092 017 0.08 0.15 095 015 0.05 0.04
Nature 093 022 0.07 020 068 0.10 0.04 0.14 091 0.08 0.09 0.06
Culture 054 016 046 0.14 059 015 039 0.12 083 011 017 0.06
Count as Best 4 0 4 0 3 1 4 0 4 10 3 10

S = Schema-Constrained Open IE, and R = Relaxed Extraction. The suffix w/o Evaluator
indicates that the candidate pool is added directly to G without the three-filter validator,
while Full denotes the complete pipeline.

Effect of the Validator.
TSR w/o Evaluator, since both use all three prompting strategies. On DBpedia-WebNLG,
the validator improves F1 from 0.64 to 0.69 and OC from 0.92 to 0.98, and reduces RH

The validator’s contribution is isolated by comparing Full with
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Table 3. Average F1, OC, SH, RH, and OH scores across ablation variants of our approach. Full denotes
the complete pipeline, including the evaluator. The remaining variants use subsets of prompting strategies: 7
(Tree-of-Thoughts), S (Schema-constrained Open IE), and R (Relaxed Extraction). Best results are highlighted
in bold.

Variation DBpedia-WebNLG Wikidata-TekGen

F1+ OCt SH]) RH| OH| F11t OCt SH|, RH| OH|
Full 069 098 012 002 016 054 091 0.17 0.09 0.05
T w/o Evaluator 065 099 013 001 020 054 094 0.17 0.06 0.12
S w/o Evaluator 042 08 005 014 011 029 077 0.02 023 0.13
R w/o Evaluator 066 099 011 001 020 050 094 0.17 0.06 0.10
TS w/o Evaluator 062 091 009 009 017 051 083 0.01 0.17 0.14
TR w/o Evaluator 068 099 012 001 020 050 093 0.17 007 0.13
SR w/o Evaluator 062 091 008 009 017 048 081 008 0.19 0.14

TSR w/o Evaluator 064 092 009 008 018 052 083 010 0.14 0.15

from 0.08 to 0.02. Similar gains on Wikidata-TekGen, where F1 increases from 0.52 to
0.54, OC from 0.83 to 0.91, and OH decreases substantially from 0.15 to 0.05. These re-
sults show that the validator converts a diverse but noisy candidate pool into a graph with
stronger ontology alignment and fewer hallucinations. In contrast, SH increases slightly
after introducing the validator (DBpedia-WebNLG: 0.09 — 0.12; Wikidata-TekGen:
0.10 — 0.17). We interpret this as a recall-precision trade-off induced by Filter 3. The
validator preserves additional triples that would otherwise be discarded, some of which
rely on fuzzy subject matching. Although this introduces more subject mismatches, the
overall effect remains beneficial because F1 and OC improve simultaneously.

Strategies in Isolation. Among individual strategies, T performs best, achieving F1
scores of 0.65 on DBpedia-WebNLG and 0.54 on Wikidata-TekGen, with corresponding
OC values of 0.99 and 0.94. This suggests that the iterative ontology-guided search ef-
fectively filters low-quality candidates during generation. R also performs competitively
(0.66 and 0.50), indicating that relaxed output constraints improve recall by recovering
otherwise discarded triples. In contrast, S performs worst in isolation (0.42 and 0.29) and
exhibits the highest RH values, suggesting that schema constraints alone are insufficient
without downstream validation.

Strategy Combinations. The interaction between strategies further highlights their com-
plementary roles. On DBpedia-WebNLG, TR w/o Evaluator achieves F1 = 0.68, ap-
proaching the full system (0.69), indicating that T contributes precision while R improves
coverage. Adding S without the validator does not improve performance, as additional
candidates primarily introduce noise. On Wikidata-TekGen, TSR w/o Evaluator performs
best among non-validator configurations (F1 = 0.52), but still falls below the complete
pipeline in ontology conformance (0.83 vs. 0.91). These results suggest that prompt di-
versity alone can improve recall, whereas the validator is required to convert this diver-
sity into reliable graph construction.

Summary. Overall, T is the primary contributor to extraction quality, R provides addi-
tional recall, and S contributes diversity that becomes beneficial only when combined
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with structured validation. Together, these findings answer RQ; and RQ,: prompt di-
versity increases candidate coverage, while evidence-driven validation transforms this
diversity into a reliable knowledge graph.

5.4. Limitations

We acknowledge three limitations of this work. First, performance depends on the qual-
ity and completeness of the supplied ontology, and robustness to incomplete or noisy
ontologies remains untested. Performance may also vary with the model, prompt, decod-
ing settings, ontology structure, and dataset. A broader robustness study across model
families, prompt variants, and ontology types is complementary to quantify the robust-
ness. Second, both Text2KGBench datasets contain independent short sentences, limiting
conclusions regarding longer contexts such as paragraphs or documents. Third, the gen-
erated knowledge graph is not linked to external resources such as DBpedia or Wikidata.
Integrating entity linking could enable bidirectional enrichment with existing KGs.

6. Conclusions and Future Work

We presented an ontology-aware, multi-prompt framework for RDF triple extraction
that decouples candidate generation from validation. Three prompts balance precision,
schema adherence, and recall, while a three-filter, evidence-driven validator admits only
triples supported by cross-prompt agreement, evidence spans, or surface grounding. On
the Text2KGBench benchmark across 29 ontologies, the framework outperforms four
baselines in F1-score on all DBpedia-WebNLG domains and most Wikidata-TekGen do-
mains, despite using an 8B-parameter backbone. It substantially reduces object and rela-
tion hallucinations while improving ontology conformance, and ablation results identify
the validator as the key component that transforms prompt diversity into a high-precision
graph. Future work will evaluate the framework’s robustness to ontology quality, assess
its performance under longer contexts, such as paragraphs and full documents, and inte-
grate entity linking with public knowledge graphs, including DBpedia and Wikidata.
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