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Abstract

Knowledge Graphs (KGs) provide structured, verifiable rep-
resentations that ground facts and supply large language
models (LLMs) with reliable real-world information. Build-
ing high-quality KGs from open-domain text remains dif-
ficult due to redundancy, inconsistency, and lack of ontol-
ogy grounding. We present Wikontic, a pipeline that ex-
tracts triples from text with LLMs and refines them through
ontology-based typing, schema validation, and entity dedu-
plication, yielding compact and coherent graphs. Unlike prior
frameworks that lack ontology grounding or perform only
partial deduplication, Wikontic uniquely integrates entity
canonicalization, alias tracking, and automatic enforcement
of Wikidata’s ontology, enabling robust schema-aware con-
struction without manual schema design. Its web interface
lets users upload text, visualize graphs, and perform multi-
hop question answering. By combining LLM flexibility with
Wikidata’s ontological rigor, Wikontic transforms ambiguous
text into structured, interpretable, and actionable knowledge.

Video — https://youtu.be/Aw0F3TJyGfQ
Demo — https://wikontic.deeppavlov.ai/
Code — https://github.com/screemix/Wikontic

Introduction and Related Work
A large portion of the world’s knowledge is available only
in unstructured text, from news and scientific articles to
blogs and social media. Large language models (LLMs)
can extract insights from such data, but their internal rep-
resentations are latent and unverifiable, which makes them
prone to hallucinations (Ji et al. 2023; Huang et al. 2025).
Knowledge graphs (KGs) provide a structured alternative:
subject–relation–object triples enable transparent reasoning,
verifiable queries, and straightforward updates. As a re-
sult, KGs are reliable complements to LLMs and retrieval-
augmented generation (RAG) systems serving as long-term
reusable representations of textual knowledge.

The task of constructing KGs from text has long been
studied in information retrieval and information extraction.
Closed information extraction (cIE) methods enforce struc-
ture but are limited to predefined entity and relation sets
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from a static KG and domain-specific training data (Disti-
awan et al. 2019; Cabot and Navigli 2021; Josifoski et al.
2021, 2023; Chepurova et al. 2024; Guo et al. 2023). Re-
cently, LLMs have emerged as powerful alternatives for
open information extraction (oIE), where KGs are built
from scratch without predefined entities, relations, and con-
straints. This setting offers flexibility and has been explored
as an enhancement to RAG systems, where lightweight
graph structures improve retrieval efficiency and answer re-
liability (Jimenez Gutierrez et al. 2024; Guo et al. 2025; Li
et al. 2024; Han et al. 2024; Gutiérrez et al. 2025; Anokhin
et al. 2024). However, oIE pipelines face a fundamental lim-
itation: the lack of structure often results in noisy, redun-
dant, and ambiguous graphs. Surface form variation (e.g.,
“NYC” vs. “New York City”), synonymy, and overlapping
predicates fragment the graph, while the absence of schema
constraints allows contradictory or incoherent triples. This
undermines the very advantages of KGs: clarity, coherence,
and logical precision.

Wikontic: System Overview
We address this gap with Wikontic, a pipeline that con-
structs KGs directly from raw text by combining LLM-
based extraction, entity deduplication, and Wikidata’s on-
tology constraints. This approach retains the flexibility of
oIE while enforcing the structure, type hierarchies, and rela-
tional constraints of a large-scale curated ontology. Wiki-
data (Vrandečić 2012) is particularly suitable: it contains
over 100M entities across domains, with rich typing, rela-
tion schemas, and community-maintained quality control.
Its breadth allows coverage from common sense to special-
ized domains, while its formal constraints provide princi-
pled supervision for validating LLM outputs. Wikontic inte-
grates six components: (i) a curated Ontology database de-
rived from Wikidata, (ii) Candidate Triplet Extraction with
qualifiers, (iii) Ontology-aware Triplet Refinement enforc-
ing schema rules, (iv) Subject/Object Name Refinement for
deduplication and alias tracking, (v) KG Storage with user-
specific subgraphs, and (vi) Retrieval for multi-hop QA.

Ontology Database. To enable ontology-guided re-
finement, we curated an Ontology database from Wiki-
data containing 2,414 unique types of relations (exclud-
ing multimedia/external-link properties), their correspond-
ing subject–object constraints and entity types. For each re-
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Figure 1: Overview of Wikontic’s pipeline (left): (1) candidate triplet extraction, (2) ontology-aware refinement, (3) entity
name refinement; and overview of the user interface (right).

lation and entity type we gathered labels and aliases, then re-
cursively expanded entity type hierarchies using instance of
(P31) and subclass of (P279). Two dense retrieval indices,
one for relation names and the other for entity-type names,
map the surface forms produced by the LLM to the closest
ontology entries, enabling schema-compliant refinement.

Candidate Triplet Extraction. We use LLMs to extract
subject–relation–object triples enriched with subject/object
types and contextual qualifiers (e.g., time, location, condi-
tion). Such output preserves factual content while capturing
nuances that cannot be represented as standalone triples.

Ontology-aware Triplet Backbone Refinement. To en-
sure that each triplet extracted by the LLM represents a se-
mantically meaningful and structurally valid fact, Wikon-
tic performs an ontology-based refinement using the schema
and constraints defined in Wikidata. Extracted subject/object
entity types from each triplet produced in the first step are
mapped to candidate types retrieved via vector search over
Wikidata’s labels and aliases, and expanded with their su-
pertypes. Legal relations between candidate types are drawn
from Wikidata’s schema and ranked by embedding similar-
ity to the original relation. The LLM then rewrites the triple
with ontology-compliant type-relation pair, producing facts
that are both semantically aligned and structurally valid.

Subject and Object Name Refinement. To avoid dupli-
cation and ensure consistency within the constructed KG,
each entity mention is linked to existing same-type nodes.
Candidates are retrieved by embedding similarity and then
verified by the LLM. Approved matches adopt the canoni-
cal label from KG while the original mention is stored as an
alias. Unmatched mentions become new nodes. This keeps
the KG compact yet evolving, enabling both entity reuse and
new concept discovery.

KG storage and Retrieval. The KG database stores ex-
tracted triples, entity names, and aliases. Dense retrieval in-
dex over entity aliases supports efficient deduplication and
entity linking. For multi-hop QA, relevant entities are first
extracted from the question using an LLM, linked to KG en-
tries, and expanded into their 5-hop neighborhoods. These
triples and their qualifiers provide a structured, grounded

Method Deduplication Ontology
LlamaIndex (LlamaIndex 2023) No No
LangChain (LangChain 2022) No Partial
Neo4j (Neo4j Labs 2024) Partial Partial
KGGen (Mo et al. 2025) Yes No
GraphRAG (Edge et al. 2024) Partial No
HippoRAG (Jimenez Gutierrez et al. 2024) Partial No
AriGraph (Anokhin et al. 2024) No No
Wikontic (Ours) Yes Wikidata

Table 1: Wikontic uniquely combines entity canonicaliza-
tion and alias tracking with automatic Wikidata ontology en-
forcement, enabling robust, schema-aware KG construction.

context that the LLM can use to generate accurate answers.
User interface. A Streamlit web application allows users

to upload text, select an LLM, visualize KGs, and ask ques-
tions grounded in the constructed KG. Each session main-
tains a user-specific subgraph, which can be cleared or ex-
tended on demand.

Conclusion and Future Work
Prior text-to-KG frameworks supporting retrieval for down-
stream tasks like QA either lack ontology grounding or of-
fer only partial deduplication (Table 1), yielding incoherent
or redundant graphs. Wikontic uniquely combines explicit
entity canonicalization and alias tracking with automatic
Wikidata’s ontology enforcement, enabling robust, schema-
aware KG construction without manual schema design.

By uniting expressive LLM extraction with Wikidata’s
ontological rigor, Wikontic produces compact, verifiable
KGs suited for reasoning, retrieval, and LLM grounding.
Unlike prior frameworks Wikontic uniquely integrates en-
tity canonicalization, alias tracking, and automatic ontology
enforcement for schema-aware construction without man-
ual design. Our demonstration shows how LLM-driven ex-
traction can be transparent, verifiable, and reusable, bridg-
ing unstructured language and structured reasoning. Future
work will extend these capabilities to additional ontologies
and domains, broadening the scope of transparent, verifiable
knowledge integration.
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