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Abstract

Large language models can assign fact-verification labels from parametric knowledge even when no admissible
evidence is available. We study an evidence-constrained pipeline that routes claims to heterogeneous structured
sources, verbalises retrieved graph relations, ranks candidate premises, and asks an LLM to predict Entailment,
Contradiction, or Neutral using only those premises. Encyclopedic, lexical, and event knowledge graphs are
separated from indexed professional fact checks because they cover different claim regimes. On a 30-claim
FEVER subset, the best observed retrieval configuration raises macro-F1 over an LLM-only baseline for LLaMA-
4-Scout (+12.2%), Command-R (+9.2%), and LLaMA-70B (+5.1%), but degrades LLaMA-8B (—24.3%). On a
separate 195-claim multilingual news stress test without gold labels, retrieval lowers the Entailment rate and
increases Neutral predictions for all evaluated models. This distributional shift indicates stronger conditioning
on explicit evidence, but cannot by itself establish improved factual accuracy or reduced hallucination. Error
analysis identifies entity-linking noise and weak rejection of irrelevant premises as central failure modes. The
results support routed structured retrieval as a promising control mechanism while delimiting the evaluation and
provenance requirements needed for reliable automated fact checking.
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1. Introduction

Automated fact checking is not merely a binary classification problem: a defensible verdict must
be conditioned on relevant evidence and should remain undecided when the available evidence is
insufficient [1]. This requirement is especially important for large language models (LLMs), whose
fluent outputs may conceal whether a decision follows from supplied evidence or from untraceable
parametric associations. Retrieval-augmented generation (RAG) addresses part of this problem by
coupling a language model to external memory [2]; nevertheless, retrieval can introduce irrelevant or
incomplete context, and the model may still override it.

This paper studies a structured, evidence-constrained NLI-based verifier. Given a claim, the system
retrieves facts from routed knowledge sources, turns graph relations into textual premises, selects
premises by semantic similarity or lexical overlap, and instructs an LLM to return one of three natural-
language-inference (NLI) labels. The contribution is empirical: (i) a modular pipeline combining
source routing, graph construction, premise ranking, and evidence-only inference; (ii) a controlled
comparison of LLM-only and retrieval-conditioned decisions on small French and FEVER samples; and
(iii) a stress-test analysis that distinguishes desirable abstention from unverified claims of accuracy
improvement.

We use GraphRAG in the broad sense of retrieval over graph-structured evidence. This differs from
the system of Edge et al. [3], which constructs hierarchical entity graphs and community summaries
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over a text corpus for global question answering. The present method is more precisely a knowledge-
graph-backed, routed RAG architecture for claim verification.

2. Related Work

FEVER established large-scale three-way verification against Wikipedia, with labels Supported, Refuted,
and NotEnoughlnfo [4]. AVeriTeC subsequently shifted attention toward real-world claims and web
evidence, where evidence availability, temporal validity, and provenance are harder to control [5]. These
benchmarks expose a key distinction: the verifier must assess whether a claim follows from admissible
evidence, not whether it appears plausible in isolation.

Graph-based fact verification has primarily represented relations among retrieved evidence sentences
or semantic units. Semantic-level evidence graphs improve multi-evidence reasoning [6], whereas
FactKG directly evaluates linguistic claims against knowledge-graph reasoning patterns [7]. Pratapa
et al. [8] explicitly impose closed-world reliance on extracted FEVER evidence, closely matching our
evidence-relative label semantics, although their constraints target text retrieval rather than hetero-
geneous knowledge sources. The present system is complementary: it does not train a graph neural
verifier, but exposes verbalised graph facts to general-purpose LLMs under an evidence-only decision
rule.

The retrieval layer combines sources with different semantics. Wikidata provides collaboratively
maintained entity facts [9]; YAGO 4 aligns a knowledge base with ontological constraints [10]; Ba-
belNet supplies multilingual lexical and encyclopedic relations [11]; and EventKG represents events
and temporal relations [12]. The Google Fact Check Tools API indexes published fact-checks rather
than general world knowledge [13]. Their coverage is therefore non-substitutable, motivating source
routing. Sentence-level semantic ranking follows the dense similarity paradigm exemplified by Sentence-
BERT [14].

3. Routed Evidence-Constrained Verification

Let ¢ be a claim and ) = {E, C, N} the labels Entailment, Contradiction, and Neutral. The intended
semantics are evidence-relative:

E:PkEec, C:P [ —c, N:Pllc N P —c,

where P is the retrieved premise set. Thus, Neutral denotes insufficient retrieved support, not proof
that the claim is unknowable or false. This distinction is necessary under the open-world assumption
of public knowledge graphs: absence of a triple is not a negative fact.

Extraction and routing. A spaCy-based front end extracts salient entities and nominal concepts and
attempts to link them to Wikidata identifiers. A semantic router then selects one of two source families.
KG1 comprises Wikidata, YAGO, BabelNet, and EventKG and targets stable encyclopedic, lexical, and
event-centred claims. KG2 queries indexed professional fact checks (PolitiFact, Snopes, FactCheck.org)
through the Google API and targets rumours or previously investigated claims. The router is intended
to avoid querying every source indiscriminately.

To visualise the decision process, a complete execution flow example is provided in Figure 1. For the
input claim stating that Emmanuel Macron is the president of France, the system extracts the entities
Macron and France. It then queries Wikidata to construct a graph connecting these two nodes by edges
such as presidential function or nationality. These edges are translated into textual premises, which are
finally submitted to the generative model to obtain the final verdict validating Entailment.

Graph construction and premise selection. Retrieved entities and relations are assembled into
a local NetworkX graph. Each selected relation is verbalised as a short premise. Candidate premises
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Figure 1: An example of knowledge graph visualisations for Emmanuel Macron.

are ranked either by keyword intersection with the claim or by cosine similarity between sentence
embeddings. The top-ranked premises form P. Semantic ranking is expected to improve recall beyond
exact lexical overlap, but similarity alone does not guarantee logical relevance.

Evidence-only inference. The claim and P are supplied to an open LLM with an instruction to
use no external or parametric knowledge and to output one label. The implementation evaluated
Command-R, LLaMA variants, and Qwen through hosted inference. This prompt is a behavioural
constraint rather than a formal guarantee: a model can still import memorised facts, overfit lexical
cues, or rationalise irrelevant context; LLM distractibility under irrelevant input is independently
documented [15]. Consequently, retrieval quality and the verifier’s context-rejection ability must be
evaluated separately.

4. Experimental Design

Three evaluations were conducted. First, a 25-claim French pilot compared Wikidata and BabelNet, key-
word and semantic selection, and several LLMs. Second, 30 English FEVER claims enabled comparison
with LLM-only baselines. Macro-F1 is emphasised because label imbalance and model-specific collapse
toward Neutral can make accuracy misleading.

Third, more than 260 recent articles from English (FoxNews, DailyMail, The Sun, The Mirror) and
French (CNews) news sources, a French parody outlet (Le Gorafi), and recent AVeriTeC material were
processed. LLaMA-3.3-70B was used to extract three to seven short claims per article; deduplication
yielded 195 claims. No human gold labels were reported for this set. It is therefore treated as a stress
test of prediction behaviour, not as an accuracy benchmark.

5. Results and Analysis

5.1. Controlled samples

Before confronting real-time news data, the system was calibrated on French and English samples from
reference corpora. A first series of tests on 25 French claims allowed us to isolate the most effective
premise selection method between semantic similarity and simple keyword intersection. The use of
semantic similarity on the Wikidata base proved superior. The evaluation was then extended to the
standard FEVER corpus through 30 English claims, offering a direct comparison between isolated models
and the GraphRAG solution. Table 1 shows the results for two LLMs (Command-R and three different



French English

Base Method  LLM Accuracy F1  Accuracy F1

wikidata similarity command-r 64% 0.47 56.7% 0.578
wikidata similarity Ilama-70b 60% 0.61 50.0% 0.471
wikidata similarity llama-8b 56% 0.38 53.3% 0.422
wikidata keyword = command-r 52% 0.39 60.0% 0.614
wikidata keyword  Ilama-70b 48% 0.51 56.7% 0.566
wikidata keyword  Ilama-8b 52% 0.42 53.3% 0.424
wikidata similarity llama4-scout 36% 0.40 63.3% 0.579
wikidata keyword  llama4-scout 40% 0.44 63.3% 0.576
babelnet similarity Ilama-70b 40% 0.44 53.3% 0.455
babelnet keyword  Illama-70b 44% 0.47 50.0% 0.434

Table 1
Performance on the French (25 claims) and English (30 claims) datasets, per candidate premise ranking method.

Model Base Accuracy Base F1 RAG F1 AF1
LLaMA-4-Scout 46.7% 0.457 0.579 +0.122
Command-R 53.3% 0.522 0.614 +0.092
LLaMA-70B 56.7% 0.515 0.566 +0.051
LLaMA-8B 66.7% 0.667 0.424 —0.243

Table 2
FEVER subset: LLM-only baseline versus best observed retrieval configuration. Scores are reproduced unchanged.

Configuration (Wikidata) Entailment Contradiction Neutral Comment

command-r keyword 8 14 8 most balanced

command-r similarity 7 14 9 balanced

Ilama-70b keyword 10 8 12 well distributed

llama-70b similarity 10 5 15 correct

llama4-scout keyword 7 3 20 too much Neutral

llama4-scout similarity 7 2 21 too much Neutral

llama-8b keyword 10 0 20 never predicts Contradiction

Ilama-8b similarity 13 0 17 never predicts Contradiction
Table 3

Performance per label on the English claim sample.

versions of LLaMA) on these samples of French and English claims, per candidate premise ranking
method as mentioned in Section 3.

In the French pilot, the highest accuracy was 64% for Wikidata similarity with Command-R, whereas
the highest macro-F1 was 0.61 for Wikidata similarity with LLaMA-70B. The mismatch between the
two metrics already cautions against identifying a single universally best configuration.

Table 2 compares each model’s LLM-only baseline with its best observed GraphRAG macro-F1 on
the 30 FEVER claims. Retrieval improves three models, most strongly LLaMA-4-Scout, but substantially
harms LLaMA-8B. The latter never predicts Contradiction in the reported Wikidata configurations and
shifts heavily toward Neutral (see Table 3, indicating label collapse rather than calibrated abstention.
The result supports a conditional conclusion: structured evidence can improve verification when the
underlying model can discriminate relevant from irrelevant premises; retrieval is not a substitute for
that capability.

Wikidata generally outperforms BabelNet in these tests, plausibly because the evaluated claims
require entity-level factual relations rather than lexical senses. This interpretation remains tentative:
retrieval recall and premise precision were not measured, so the downstream difference cannot be
uniquely attributed to source quality.



Model Mode Entailment Neutral Contradiction

LLaMA-4-Scout LLM only 77% 19% 4%
+ retrieval 61% 26% 13%
Qwen-32B LLM only 67% 15% 17%
+ retrieval 57% 28% 15%
LLaMA-8B LLM only 93% 5% 1%
+ retrieval 90% 9% 0%

Table 4
Verdict distributions on the 195-claim stress test. The set has no reported gold labels.

5.2. Unlabelled news stress test

For the evaluation on the 195 extracted claims, Table 4 reports verdict distributions before and after
retrieval. Entailment falls for all models, while Neutral rises by 7, 13, and 4 percentage points for
LLaMA-4-Scout, Qwen-32B, and LLaMA-8B, respectively. This is consistent with the evidence-only
instruction: when a routed source returns no probative premise, a compliant model should select
Neutral rather than validate the claim from memory. Yet the distribution alone cannot distinguish
correct abstention from excessive abstention. Likewise, LLaMA-4-Scout’s increase in Contradiction may
reflect useful counter-evidence, retrieval noise, or a changed decision prior. Gold labels and evidence
annotations are required to decide among these explanations.

5.3. Failure mechanism: entity-linking noise

The clearest observed failure originates before reasoning. For the AVeriTeC claim “In a letter to Steve
Jobs, Sean Connery refused to appear in an apple commercial”, the extractor selected the token “In”
and linked it to indium. Wikidata then returned chemically valid but claim-irrelevant properties. A
smaller model generated an Entailment judgement from this noise, whereas larger models returned
Neutral. The example shows that graph provenance does not imply relevance: every premise may
be factually correct while the premise set is logically useless. Robust verification therefore requires
entity-link confidence, type constraints, relation-level relevance tests, and an explicit no usable evidence
path before LLM inference.

6. Conclusion, Limitations and Future Work

The study establishes feasibility, not a definitive accuracy gain. The labelled evaluations contain only
25 and 30 claims; configuration selection is not separated from evaluation; model versions, decoding
settings, prompts, retrieval depth, and similarity thresholds are incompletely documented; and FEVER
claims may occur in model pretraining data. Public SPARQL and inference APIs introduced timeouts,
rate limits, and changing availability, weakening reproducibility. The 195-claim set mixes sources
and automatically extracted claims without human labels, and its verdict shift cannot be equated
with hallucination reduction. Finally, the system does not report retrieval recall, evidence precision,
calibration, or provenance completeness.

Within these limits, the central result is informative: routed structured retrieval changes LLM
decision policies, often replacing unsupported Entailment with Neutral, but its benefit is strongly
model-dependent and can reverse under noisy context. A rigorous next evaluation should freeze source
snapshots, publish prompts and routing rules, annotate evidence and verdicts, separate development
from testing, and report both retrieval and classification metrics. A locally hosted graph would remove
APl instability; a larger French NLI resource such as DACCORD [16, 17] could support larger evaluation.
The appropriate claim is therefore not that the system is a “cognitive firewall”, but that evidence-
constrained, routed retrieval is a testable mechanism for making unsupported decisions more observable
and, under suitable retrieval and reasoning conditions, less frequent.
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