Ontology-Guided Synthetic Data Generation for Low-Resource
Information Extraction: A Case Study in IT Heritage Domain
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tl:dr

We generate schema-consistent NER/RE training data directly from an ontology — no pre-existing
knowledge base required — which we use to bootstrap cold-start IE in a niche domain (IT Heritage).

e Motivation - the cold-start problem Contribution - ontology as generative priors

- Ontology-first pipeline: no pre-existing knowledge base required,
only a formal schema

- Full control over data generation: steer the sampling toward any
underrepresented entity type or relation

- Expert annotation is costly in specialized domains (IT, Legal, Defense, etc.)

- 80 gold documents can't cover 18 entity types and 15 relations

- Distant supervision scales annotation but introduces significant label noise

- Reverse-IE* avoids the noise, but needs an existing knowledge base
- Applied to IT Heritage domain (18 entity types, 15 relations)

—+19NERF1, +15 RE F1 over gold-only

- In practice, specialized domains have neither annotations nor a knowledge
base — only an ontology

Verbalization fidelity:
94.63% entities - 93.45% triples

MEthOdOlOgy - the pipeline
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Step 2: Sample degree and schema valid relation
pool based on re-use prob a
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The Famicom (Family computer) console, a pioneering
videogame console, has an unusual custodial history.
Although it was produced by the Government Code and

resides in resides in

Museum 0O . Heinz Nixdorf

Country_0 United Kingdom

s s / MuseumsForum Ciphers School, an entity based in Bletchley Park, United
f N f N Kingdom, it is not currently in their custody. Instead, the
s /& s /& console is owned and held by the Heinz Nixdorf
Videogame produced by Maker 0 Famicom oroduced by GOVernment Code MuseumsForum, which is located in the United Kingdom.
Console 0 - (Family computer) and , : , : :
- console Ciphers School The console’s journey into the museum'’s collection began in
start date residesin ides i 2018, marking the start of its tenure under the museum’s
Date 0 City 0 e care. Despite its origins with the Government Code and
2018 Bletchley Park Ciphers School, the Famicom console’s story is now
intertwined with that of the Heinz Nixdorf MuseumsForum,
KG Motif Realized KG which preserves and showcases its historical significance.

TOpOlOgy Analysis - structure of the KGs Synthetic Data Analysis - linguistic realism
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