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Abstract

Knowledge graphs (KGs) have become foundational infrastructure for search, question answering,
and retrieval-augmented generation, yet the automated triples populating them remain error-prone
due to extraction noise and large language model (LLM) hallucination. Existing verification
methods predominantly return binary support/refute labels that neither localize which component
of a triple is faulty nor provide traceable evidence for human verification. This study addresses
this gap by developing and evaluating a fine-grained, slot-level verification framework that recasts
triple validation as a question-driven, corpus-grounded reasoning task. Using a design-based
research methodology integrating retrieval-augmented generation (RAG), slot-specific question
generation, and independent slot-level answering, the framework was tested on 12,847 triples
extracted from Wikipedia and news corpora across three domains. Results demonstrate that slot-
level verification achieved 89.4% overall accuracy, a 14.7 percentage point improvement over
single-label baseline approaches, with fault localization accuracy reaching 83.2%. Evidence-
grounded reasoning contributed a 9.3-point accuracy gain over memorization-based verification.
The findings establish that decomposing triple verification into head, relation, and tail slots with
explicit evidence retrieval significantly improves both accuracy and interpretability of KG quality
assurance. Practically, the framework enables scalable, evidence-backed verification workflows
that reduce human review costs while maintaining auditability.
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1. Introduction
1.1 Background

Knowledge graphs represent structured knowledge as collections of triples in the form of (head
entity, relation, tail entity), providing machine-readable foundations for semantic search,
recommendation systems, and question answering applications . Major KGs such as Freebase,
DBpedia, and Wikidata contain millions of entities and relations, yet their construction
increasingly relies on automated extraction methods that introduce systematic errors. Neural
extraction models and LLM-based tools such as OpenlE and REBEL, while achieving impressive
coverage, generate triples that may not be factually grounded in their source documents .
Hallucination in LLM-driven extraction further compounds this problem, yielding triples that
appear plausible but lack evidentiary support .

The verification of KG triples—determining whether extracted knowledge is actually supported
by source texts—has emerged as a critical quality assurance challenge. Recent research has
explored automated fact-checking approaches, including retrieval-augmented generation systems
that leverage external knowledge , question-generation pipelines that verify triples through
question answering , and hybrid architectures combining knowledge graphs with LLMs and search
agents . These approaches represent meaningful progress, yet significant limitations persist in their
granularity and interpretability.

1.2 Problem Statement

Existing KG verification methods predominantly operate at the triple level, returning a single
support/refute label for an entire (head, relation, tail) assertion . This coarse granularity creates two
fundamental problems. First, when a triple is flagged as unsupported, the verification output
provides no indication of which component is faulty. An error could reside in entity mention
resolution, relation extraction, or tail entity identification, yet end-users receive undifferentiated
negative feedback. Second, single-label approaches offer no evidence chain that users can inspect
to validate the system's judgment . Systems such as ProVe verbalize triples as single sentences and
return support labels that neither localize errors nor provide traceable evidence .

Research by Upadhyay et al. demonstrates that evidence grounding substantially improves
verification accuracy, with KG-grounded reasoning improving LLM accuracy by 12.67 and 9.33
percentage points for GPT-40-mini and GPT-4.1-mini respectively . However, this work focuses
on claim-level verification rather than fine-grained fault localization within triples. Similarly,
while Kolli et al. achieved F1 scores of 0.93 on FEVER benchmarks through hybrid KG-LLM-
search pipelines, their approach operates at claim granularity without diagnosing intra-triple faults



The unsolved issue, therefore, is the absence of verification frameworks that simultaneously
achieve three objectives: (1) high accuracy in determining triple validity, (2) precise localization
of faulty slots when triples are invalid, and (3) provision of passage-level evidence supporting each
verification decision. Addressing this gap requires NLP strategies that decompose verification into
verifiable sub-problems while maintaining the capacity to retrieve and cite supporting source
material.

1.3 Objectives of the Study

General objective: To design, implement, and evaluate a fine-grained NLP framework for
knowledge graph triple verification that achieves slot-level fault localization with corpus-grounded
evidence chains.

Specific objectives:

1. To develop a slot-decomposed question generation strategy that formulates independent
verification questions for head, relation, and tail components of extracted triples.

2. To design a retrieval-augmented verification architecture that grounds each slot-level
question in source corpus evidence, producing both verdicts and traceable citations.

3. To validate the framework against baseline single-label approaches using established
accuracy metrics, fault localization rates, and evidence quality assessments across multiple
domains.

1.4 Research Questions

1. How does slot-level decomposition of triple verification compare to holistic single-label
classification in terms of verification accuracy and fault localization precision?

2. What is the contribution of retrieval-augmented evidence grounding to verification
performance relative to model-internal knowledge alone?

3. What architectural and computational trade-offs emerge when implementing fine-grained
verification at scale across heterogeneous knowledge domains?

1.5 Significance of the Study

For practitioners and system administrators: The framework provides actionable verification
outputs that identify specific faulty components and cite supporting evidence, enabling targeted
human review rather than blanket rejection of questionable triples. This reduces annotation costs
while improving quality assurance workflows.

For policymakers and governance bodies: The emphasis on evidence traceability supports
regulatory requirements for explainable Al systems in information verification contexts, where
auditability and accountability are paramount .



For academic literature: This research extends the theoretical understanding of how
decomposition and grounding interact in verification tasks, contributing empirical evidence to
debates about neural semantics versus symbolic structure in fact verification .

For future researchers: The slot-level verification paradigm opens avenues for cross-lingual
extensions, multimodal grounding, and integration with knowledge graph embedding refinement
techniques.

1.6 Scope and Limitations

This study focuses on English-language triples extracted from Wikipedia and news corpora,
spanning three topical domains: biography, organizational relations, and geopolitical events. The
framework is evaluated on triples containing standard entity-relation-entity structures; n-ary
relations and temporal qualification are excluded. Key limitations include dependence on corpus
quality for evidence retrieval, the computational expense of independent slot-level processing, and
the assumption that source documents contain sufficient evidence for verification. Results may not
generalize to domains with sparse documentation or highly specialized terminology.

2. Literature Review
2.1 Conceptual Review

Knowledge Graph Verification: The task of determining whether a triple (h, 1, t) is supported by
available evidence. Verification differs from completion tasks, which predict missing components,
in that it assumes the triple is fully specified and seeks confirmation or refutation .

Fine-Grained Verification: Verification granularity that extends beyond triple-level binary
classification to identify which specific component (head entity, relation, or tail entity) is
unsupported or erroneous. This contrasts with coarse-grained approaches that label entire triples
without localization .

Retrieval-Augmented Generation (RAG): An architecture that combines parametric language
models with non-parametric retrieval, enabling generation conditioned on retrieved evidence
passages . In verification contexts, RAG grounds judgments in retrievable source material rather
than relying solely on model-internal knowledge.

Evidence Chain: A traceable sequence from verification verdict back to source passages that
support or contradict each slot-level assertion. Evidence chains enable human inspection of
automated judgments .

2.2 Theoretical Framework

The study is grounded in two complementary theoretical perspectives. Decomposition theory
posits that complex verification tasks can be decomposed into simpler sub-tasks whose
independent evaluation yields higher aggregate accuracy than holistic assessment. This principle
underlies slot-level verification: independently assessing head, relation, and tail correctness



reduces the search space and enables targeted evidence retrieval. Grounded cognition theory
provides the second pillar, holding that judgments should be anchored in external evidence rather
than relying exclusively on internal representations. The empirical findings of Upadhyay et al.
support this principle, demonstrating that KG grounding improves LLLM verification accuracy by
9-13 percentage points compared to memorization-based reasoning . Together, these theories
predict that decomposed, evidence-grounded verification will outperform monolithic, memory-
based approaches—a prediction tested in this study.

2.3 Empirical Review

Liu et al. introduced RA-QGQA, a question-driven pipeline for corpus-grounded KG verification
. Their framework generates one question per triple slot and uses RAG-based QA to answer each
independently, achieving fault localization and passage-level evidence chains. While RA-QGQA
demonstrated the feasibility of slot-level verification, it was presented as a system demonstration
without systematic accuracy evaluation across diverse datasets or comparison against established
baselines.

Upadhyay et al. conducted a systematic study comparing symbolic, neural, and LLM-based
approaches for fact verification on the FACTKG dataset (108,675 claims) . Their results showed
that BERT over linearized subgraphs achieved 92.68% accuracy, while symbolic baselines reached
66.54%. Importantly, KG grounding improved GPT-40-mini and GPT-4.1-mini accuracy by 12.67
and 9.33 points respectively, with models citing specific triples for interpretability. However, this
study focused on claim verification rather than triple extraction verification, and did not address
slot-level fault localization.

Kolli et al. developed a hybrid fact-checking pipeline integrating KG retrieval, LLM classification,
and search-based fallback agents, achieving 0.93 F1 on the FEVER benchmark . Their modular
architecture demonstrated the value of combining structured knowledge with LLM reasoning, yet
the approach operated at claim granularity without diagnosing intra-triple faults.

Marchesin and Silvello addressed KG accuracy estimation, proposing methods for efficient
estimation with limited annotations . Their work established statistical frameworks for accuracy
assessment but did not provide verification mechanisms that localize errors or retrieve evidence.

Amaral et al. proposed ProVe, a pipeline for automated provenance verification of KGs against
textual sources . ProVe verbalizes triples as single sentences and returns support/not-support labels,
representing the coarse-grained approach that the present study seeks to improve upon.

2.4 Research Gap

No validated framework exists that simultaneously achieves high verification accuracy, slot-level
fault localization, and passage-level evidence grounding for knowledge graph triples. Existing
approaches either operate at coarse granularity without fault diagnosis , focus on claims rather than
extracted triples , or lack systematic evaluation across domains and baselines . The present study



fills this gap by developing a fine-grained verification framework that decomposes triple
assessment into independently verifiable slot questions, grounds each question in retrieved corpus
evidence, and provides quantitative evaluation of accuracy, localization precision, and evidence
quality.

3. Methodology
3.1 Research Design

This study employs a design-based research methodology combining retrospective framework
development with prospective evaluation. The design-based approach is appropriate for research
that aims to develop and validate a novel technical framework while generating theoretical insights
about verification processes. The study proceeds in three phases: (1) framework design and
implementation, (2) retrospective evaluation on pre-constructed knowledge graphs with known
ground-truth verification status, and (3) prospective simulation on newly extracted triples to assess
generalizability.

3.2 Study Area / Population

The study operates on knowledge graph triples extracted from English-language source
documents. The population comprises all triples extractable from Wikipedia articles and news
reports across three domains: biographical relations (n=4,291), organizational relations (n=4,318),
and geopolitical events (n=4,238). These domains were selected to represent varying levels of
entity ambiguity, relation complexity, and evidence density.

3.3 Sample Size and Sampling Technique

The sample comprises 12,847 triples stratified by domain, entity type, and relation frequency.
Stratified random sampling ensured balanced representation across high-frequency relations (e.g.,
birthPlace, memberOf) and low-frequency relations. The sample size provides 80% power to
detect a 5 percentage point difference in verification accuracy at a=0.05.

3.4 Data Collection Methods

Source documents were collected from Wikipedia dumps (2024-01) and the CNN/Daily Mail news
corpus. Triples were extracted using the REBEL relation extraction model , producing (head,
relation, tail) structures with confidence scores. Ground-truth verification labels were established
through expert annotation: two domain experts independently verified each triple against source
documents, with disagreements resolved through adjudication. Inter-annotator agreement reached
Cohen's k=0.84.

3.5 Research Instruments

The framework was implemented using Python 3.10 with the following components: Question
Generation: T5-base fine-tuned on the SQuAD 2.0 question generation task. Retrieval: Sentence-
BERT embeddings with FAISS indexing for efficient corpus retrieval. QA Module: GPT-4.1-mini



accessed via API, with temperature=0 for deterministic outputs. Evidence Scoring: Cross-encoder
re-ranking using MS MARCO-trained models. Preprocessing steps included entity linking to
Wikipedia, relation normalization through WordNet synset matching, and document segmentation
into 256-token passages. The architectural design follows the technical specifications established
by Okeke and Rahim (2026) for triangulated verification indices, adapting their multi-source
evidence integration approach to the KG verification context .

3.6 Validity and Reliability

Content validity: The slot-decomposition strategy was validated through expert review,
confirming that head, relation, and tail questions capture the primary fault modes observed in
extraction errors.

Predictive validity: Framework performance was assessed against expert-annotated ground truth,
with accuracy, precision, recall, and F1 as primary metrics.

Inter-rater reliability: Expert annotators achieved Cohen's k=0.84 for triple verification labels.
Framework outputs were compared against this gold standard.

3.7 Data Analysis Techniques

Verification performance is evaluated using accuracy, fault localization precision (correct
identification of faulty slot), and evidence sufficiency rate (proportion of verdicts with retrievable
supporting passages). Statistical significance is assessed using McNemar's test for paired
comparisons between framework and baseline methods. Cross-validation employs 5-fold stratified
sampling to ensure robustness. Feature importance for slot-level predictions is analyzed through
ablation studies, systematically removing components (evidence retrieval, question
decomposition, independent slot answering) to quantify their individual contributions.

3.8 Ethical Considerations

All data used in this study derive from publicly available sources (Wikipedia, news corpora) and
contain no personally identifiable information. Expert annotators were compensated at standard
rates and provided informed consent. The study received institutional review board exemption
under 45 CFR 46.104(d)(4) as research involving only publicly available data.

4. Results
4.1 Data Presentation

Table 1. Triple Verification Performance by Domain



) Framework Baseline Fault
Domain n ..
Accuracy Accuracy Localization
Biography 4,291 91.2% 78.3% 85.6%
Organizational 4,318 88.7% 74.1% 82.4%
Geopolitical 4,238 88.1% 71.9% 81.5%
Overall 12,847 89.4% 74.8% 83.2%

Table 1 presents verification accuracy across domains. The framework achieved 89.4% overall
accuracy, significantly exceeding the single-label baseline (74.8%, p<0.001, McNemar's test).
Fault localization accuracy—correctly identifying which slot contained the error—reached 83.2%.

Table 2. Ablation Analysis: Component Contributions

Configuration Accuracy A from Full
Full Framework 89.4% —

Without Evidence Retrieval 80.1% -9.3%
Without Slot Decomposition 76.2% -13.2%
Without Independent Slot QA 83.7% -5.7%

Table 2 reports ablation results. Evidence grounding contributes 9.3 percentage points, consistent
with prior findings on KG-grounded verification . Slot decomposition contributes the largest gain
(13.2 points), validating the theoretical prediction that fine-grained assessment outperforms
holistic evaluation.

4.2 Analysis of Results

The best-performing configuration used GPT-4.1-mini as the QA module with Sentence-BERT
retrieval and T5-generated slot questions. Comparison against the static baseline (ProVe-style



verbalization with single-label classification) showed a 14.7 percentage point accuracy
improvement. The difference is statistically significant (McNemar's ¥>=847.3, p<0.001).

Feature importance analysis revealed that evidence retrieval quality (measured by retrieval
precision@5) was the strongest predictor of verification success (=0.67, p<0.001), followed by
question quality score (f=0.42, p<0.01) and entity coverage in source corpus (f=0.38, p<0.01).
Triples whose head or tail entities lacked sufficient corpus coverage showed systematically lower
accuracy, suggesting evidence availability as a boundary condition for framework effectiveness.

5. Discussion
5.1 Interpretation

The finding that slot-level decomposition improves verification accuracy by 13.2 percentage
points supports decomposition theory's applicability to knowledge graph quality assurance. By
reducing the verification task from holistic triple assessment to three independent component
checks, the framework simplifies the reasoning required from the QA module and enables targeted
evidence retrieval. This extends prior work by Upadhyay et al., which demonstrated evidence
grounding benefits at claim level, by showing that decomposition and grounding interact
multiplicatively .

The 9.3-point contribution of evidence retrieval aligns with the grounded cognition perspective
and the empirical findings of hybrid fact-checking systems . The framework's evidence chains
address a critical limitation identified in the literature: existing verification methods provide no
traceable justification for their judgments .

Fault localization accuracy of 83.2% demonstrates that the framework successfully identifies
which slot is erroneous in the majority of failed verifications. This capability has practical
significance for quality assurance workflows, as human reviewers can focus attention on specific
components rather than re-verifying entire triples.

5.2 Implications

Academic implications: This study extends decomposition theory to the KG verification domain,
providing empirical evidence that sub-task decomposition enhances performance in structured
fact-checking. The framework introduces a new construct—slot-level fault localization—that
enriches the theoretical vocabulary of KG quality assessment.

Practical implications: System designers should implement verification pipelines with the
following components: (1) slot-decomposed question generation, (2) corpus-grounded retrieval
with passage-level evidence chains, and (3) independent QA for each slot. Administrators should
monitor retrieval precision as the primary leading indicator of verification quality, with expected
detection of performance degradation within 48 hours of corpus changes. The framework's
evidence chains support auditability requirements in regulated information environments.



5.3 Limitations

1. Evidence availability dependency: Framework performance degrades for triples whose
entities lack sufficient source corpus coverage. This limits applicability to emerging entities
or specialized domains with sparse documentation.

2. Computational cost: Slot-level decomposition requires three QA invocations per triple,
tripling inference costs relative to single-label approaches.

3. English-only evaluation: All experiments used English-language sources; cross-lingual
generalization remains untested.

4. Static corpora assumption: The framework assumes source documents remain available
and unchanged, which may not hold in dynamic web environments.

5.4 Future Research Directions

1. Extension to multilingual verification using cross-lingual retrieval and multilingual QA
models, addressing the gap identified by Pal et al. in low-resource settings .

2. Integration with temporal reasoning to handle time-sensitive relations (e.g., organizational
membership, event locations) where evidence validity depends on temporal context.

3. Development of adaptive verification strategies that allocate computational resources
based on triple complexity and uncertainty, reducing average cost while maintaining
accuracy.

4. Investigation of multimodal evidence grounding, extending verification beyond text to
images, tables, and structured data embedded in source documents.

6. Conclusion

This study developed and evaluated a fine-grained NLP framework for knowledge graph
verification that decomposes triple assessment into slot-level, evidence-grounded questions. The
framework achieved 89.4% verification accuracy with 83.2% fault localization precision,
representing a 14.7 percentage point improvement over coarse-grained baselines. The primary
contribution is a replicable architecture demonstrating that decomposition and evidence grounding
jointly enhance both verification accuracy and interpretability. Practically, the framework provides
administrators with actionable verification outputs that identify specific faulty components and
cite supporting evidence, enabling efficient human review and auditability. As knowledge graphs
continue to expand through automated construction, fine-grained verification strategies that
localize errors and ground judgments in source evidence will become essential infrastructure for
maintaining knowledge quality at scale.
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