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Abstract. Large language models can draft ontologies, but unverified extraction yields
hallucinated triples—producing plausible yet incorrect facts. EchoLLM is a text-only,
evidence-grounded pipeline for ontology construction. Candidate triples are first
extracted with an instruction-following LLM. A hybrid retriever (BM25 + dense) gathers
sentence-level evidence for each triple. Natural language inference then tests whether
the evidence entalils the triple; only entailed, lexically consistent hypotheses are accepted,
and all decisions are logged. Accepted entities are embedded and clustered to induce
classes and a lightweight hierarchy; rdfs:comment is generated from supporting text.
The result is a validated triple set and an initial ontology suitable for bootstrapping
domain knowledge graphs. The construction design favors high precision which requires
no domain-specific rules, and surfaces failure modes (extraction, retrieval, verification).
This enables authors and subject-matter experts to build trustworthy knowledge graphs
quickly while keeping model and cost choices flexible.
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1. Introduction and Related Work

Large language models (LLMs) have transformed knowledge graph (KG) construction by
automating the extraction of structured triples from text [1], [2], [3], [4], [5], [6], [7]- Yet their
propensity for factual hallucination [8]—producing fluent but false assertions—renders
them unreliable for scientific and enterprise applications [9]. Addressing hallucination
requires explicit validation beyond linguistic coherence.

Retrieval-Augmented Generation (RAG) mitigates hallucination by grounding
generation in evidence corpora [10]. Yet, even with relevant documents, RAG can
misinterpret or overlook context [11]. Sparse retrievers such as BM25 [12], [13] excel
at lexical precision but falter on semantic variation, while dense retrievers based on
Sentence Transformers [14] capture meaning but often miss domain-specific terms.
Combining both improves recall and precision [15], [16]. Reciprocal Rank Fusion (RRF)
[17] merges ranked lists without supervision, outperforming complex learning-to-rank
methods in low-data scenarios [18].
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While hybrid retrieval strengthens grounding, verification remains incomplete.
Logical validation via Natural Language Inference (NLI) provides a principled mechanism
to test whether evidence entails a candidate triple [19]. In this formulation, retrieved
sentences act as premises, and triples verbalized as hypotheses are accepted only if
entailed. NLI-based verification has proven effective in fact-checking [20], though domain
shift [21], [22] can degrade accuracy in specialized contexts. Despite progress, prior
frameworks [23], [24], [25] treat retrieval and verification as isolated modules.

EchoLLM integrates these components into a unified pipeline for ontology generation.
It extracts triples via an LLM, retrieves hybrid evidence, and applies NLI-based validation
before embedding and clustering entities into a hierarchical ontology. This coupling
of retrieval, inference, and clustering creates a transparent and auditable system
emphasizing factual precision and structural consistency.

2. Methodology
2.1 Model Selection and Evaluation

Four candidate LLMs—DeepSeek-7B, Mistral-7B, Llama3-8B, and ChatGPT-40-mini—
were evaluated under identical hyperparameters (temperature 0.5, max tokens 500) and
a fixed prompt. Each was tasked with converting 35 expert-annotated research abstracts
(~65-70 words each) from the domains spanning diverse disciplines including emerging
technologies , sustainability (Renewable Energy, Climate Change), and socio-cultural
studies and tech into subject—predicate—object triples. Relaxed matching rules allowed
minor predicate or object variations to count as correct.Temperature was set to 0.5
to balance structural adherence with extraction variety. Llama3-8B was selected as it
achieved the highest Precision (0.47) and Recall (0.44) compared to Mistral-7B and
ChatGPT-40-mini, whereas DeepSeek-7B yielded incomplete triples. This balance of
instruction following and extraction accuracy justified its selection for the pipeline.

Llama3-8B achieved the best balance of precision, structure, and interpretability,
and was selected for all subsequent stages.

2.2 Preprocessing

Input text undergoes normalization (removal of boilerplate and whitespace standard-
ization via regular expressions) followed by segmentation using the spaCy dependency
parser (en_core_web_sm). This parser-based segmentation automates boundary detec-
tion, splitting abstracts into atomic sentences to isolate local context. The resulting set of
sentences is then passed to Llama3-8B, which is prompted to extract triples from each
sentence independently, thereby reducing cross-sentence hallucination and ensuring
tighter contextual grounding.

2.3 Triple Extraction

Processed text is fed to Llama3-8B with the instruction. The model’s structured output
(e.g., [Urban agriculture, benefits, biodiversity |) functions as an implicit entity—boundary
detector, treating multi-word expressions as atomic units. This generative formulation
removes the need for separate BIO-tagging or span-prediction modules and enables the
extraction of complex, discontinuous, or nested entities that conventional NER pipelines
frequently fail to capture.



Dalal and McGinty | Open Conf Proc 8 (2025) "The Second Bridge on Artificial Intelligence for Scholarly Communication (AAAI-26)”

Convert each numbered sentence into [Subject, Predicate, Object]
triples. Return only triples under a header ’Triples:’

Example output for the sample above:

Triples:
[Urban agriculture, provides, food]
[Urban agriculture, benefits, biodiversity]

2.4 Hybrid Retrieval and Verification

Each triple is verified against its source text using a two-stage hybrid search and logical
validation.

Hybrid retrieval:

BM25 (lexical) and all-MiniLM-L6-v2 (semantic) results are fused by Reciprocal Rank
Fusion (k = 60). For example, the query “Urban agriculture benefits biodiversity” retrieves
top 3 sentences combining both keyword and semantic matches.

Entailment Verification:

To minimize hallucinations, candidates undergo a two-step validation. First, lexical
verification enforces strict grounding: subjects must appear as substrings, while object
lemmas must form a subset of the sentence lemmas (e.g., matching ’'leaves’ to ’leaf’).
Matches are assigned a high confidence (> 0.95). Second, NLI verification (BART-Large-
MNLI) validates the logical relationship; the entailment threshold (> 0.7) was empirically
tuned on a held-out set to maximize F1. Context expansion resolves coreference by
prepending the preceding sentence when the subject is absent.

Thresholds were tuned on a held-out development set (10%): a lexical confidence
of > 0.95 enforces strict entity grounding, while an NLI threshold of > 0.7 maximizes F;
by filtering neutral or weakly supported inferences. For example, the sentence “Urban
farming increases diversity” entails the triple “Urban agriculture benefits biodiversity”
with an NLI score of 0.82, satisfying the threshold and validating the relation.

2.5 Entity Clustering and Ontology Construction

Validated subjects and objects are embedded using bert-base-uncased and /(-
normalized. Spectral Clustering (SC) was selected over Affinity Propagation because it
yielded tighter, semantically coherent groupings (Silhouette 0.56 vs. 0.41). To induce the
ontology structure, cluster centroids are formalized as superclasses (owl:Class), while
the constituent subjects and objects are assigned as subclasses (rdfs:subClass0f).
This constructs a subsumption hierarchy (e.g., anti-inflammatory T Bioactive Properties),
treating extracted terms as atomic domain concepts rather than flat instances.

SC produced tighter, more interpretable clusters. Cluster centroids become
owl:Class; members become subclasses. Example:

Class: AntioxidantProperties
SubclassO0f: [anti-carcinogenic properties, anti-inflammatory properties]
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Each entity receives an rdfs: comment generated from source sentences, reviewed
interactively by the user, and optional phonetic labels for accessibility.

2.6 Runtime and Reproducibility

Processing 35 abstracts (~2,500 words) required ~11 minutes on a MacBook M3 Pro
using CPU for NLI. Retrieval and verification consumed 80% of runtime. The pipeline
logs every step with timestamps and confidence scores for full auditability.

3. Results and Conclusion

Comprehensive evaluation of EchoLLM on the CaRB (Comprehensive Assessment of
Relation Extraction Benchmark) [26], [27], [28] dataset demonstrates its effectiveness
in reducing hallucinations while maintaining semantic integrity in ontology generation.
EchoLLM'’s integration of retrieval-based verification and Natural Language Inference
(NLI) filtering leads to statistically validated precision improvements and substantial error
reduction compared with a direct LLM-only baseline.

Quantitatively, The pipeline achieved a 55% reduction in False Positives (dropping
from 1,229 to 558). This drastic cut in noise drove the Precision score up from 0.64 to
0.76 (rejection breakdown: 65% lexical, 30% NLI, 5% retrieval). Although recall dropped
from 0.74 to 0.57, this represents a controlled tradeoff favoring correctness. The F1-score
showed less volatility (0.69 — 0.65), showing balance between precision gains and
recall reduction. The induced taxonomy achieved a Silhouette score of 0.56 (compared
to 0.41 for Affinity Propagation), reflecting distinct and well-separated concept clusters.
Importantly, a McNemar’s test validated the significance of this precision improvement
(x%(1) = 319.07, p < 0.001), confirming that EchoLLM’s advantage is not due to random
variance but reflects a genuine methodological benefit.

Qualitatively, EchoLLM-generated ontologies exhibited tighter class hierarchies,
coherent relationships, and accurate contextual annotations. Most of auto-generated
rdfs:comment and rdfs:label entries were accepted by domain experts, verifying
their contextual correctness. These structural and semantic gains, combined with
empirically validated precision improvements, demonstrate EchoLLM’s capability to
produce verifiable, low-hallucination knowledge graphs at scale. EchoLLM achieves
a statistically validated reduction in hallucinated triples, producing more factually
reliable and semantically coherent ontologies. Its retrieval-NLI verification pipeline
prioritizes correctness over completeness, ensuring that only well-supported relations
are retained—an essential property in domains where incorrect assertions can distort
downstream insights. A paired ¢-test on per-document precision scores (t = 14.82, p <
0.001) confirms that these improvements are significant across the corpus, establishing
EchoLLM as a robust framework for verifiable, automated ontology construction.

Additional documentation, and detailed results can be found at our GitHub.
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