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Context & Motivations - A Comprehensive View of KG-based Applications
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Could there be a standard way to express transformations made to
the data at the knowledge graph level (a.k.a. patching queries) and define how
these relate to the upstream data mapping rules (e.g., RML-based)?
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How to maintain semantic continuity from how data is structured (schemas) to
its actual meaning in context (semantics)?

Could there be a standard way to express transformations made to
the data at the knowledge graph level (a.k.a. patching queries) and define how
these relate to the upstream data mapping rules (e.g., RML-based)?

KGs could be viewed as Data Products
i.e., a craftsmanship combination of data assets for a specific purpose.

KGC processes and tools embody an (implicit) logic that we can rely on.
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LOT4KG (Pernisch’25) Typical steps for knowledge engineering and KG lifecycle management.
FAIR principles (Serra’25) Metadata infrastructure for traceability artifacts.
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Knowledge Graph Ecosystems (KGE) (Geisler'25) KGs as a state machine.
KGEt+1 = o(lcs, KGEt), with Ics a lifecycle step definition.

Mapping Operators (0o0'25) Optimizing the execution plan of a KGC engine.
Aoutput = Target(Serialize(Join(Extend(Project(Source)))))

Provenance Semirings (Green’07) Generalization of the positive relational algebra to
tagged-tuples relations.

t: U — D,R: U-Tup — K, K-relation : supp(R) = {t|R(t) # 0} is finite.

Data Integration as Queries (Lenzerini’02) Source compatibility w.r.t. target data model.
g® D #S(sound source) : VX, ¢s(X) — g(X)

X Lack of concrete and actionable tools (in some cases).
X Lack of a cohesive combination of these frameworks (each have different generalization levels).
— We need a (flexible) framework for understanding ...



Vision — End-to-end Traceability as a Building Block

End-to-end traceability should be a fundamental

requirement for designing a KGC pipeline, if not
considering a KG-based application.
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Vision — End-to-end Traceability as a Building Block

End-to-end traceability should be a fundamental
requirement for designing a KGC pipeline, if not
considering a KG-based application.

End-to-end traceability should encompass a
semantically analyzable description of source
data and a formal description of how end users
leverage the KG data, including application
domain description and implicit/explicit
requirements

The same concepts and properties of an ontology i
are involved in an orthogonal yet complementary R B
manner during the KGC process, depending on

whether it involves data transformation or

semantic integration.
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Mathematical framework

Algebraic analysis of data models (Green’07).

Chaining or parallelization of data integration
traces —

Formal proof of systems

Seek a proof (Sergey’14) of the Hyp. 1 -3
properties for concrete KGC pipeline /
KG-based app instances —

Faithful translation of the RML rules and
SPARQL queries into the proof system.

Relationships with non-KG or legacy technologies

Connecting datacontract-cli (Bitol’25) with
the DPROD (Gioia’25) and LinkML-SSSOM
(Matentzoglu’22) ecosystems.

What do you think?
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then there is a trace in the provenance graph.



Facilitating the design and management of
multi-domain KGC pipelines.

Addressing the semantic gap issue by
viewing KGs as data products and
leveraging the implicit logic in KGC
processes and tools.

Missing KGC-related vocabulary definitions,
standard ways to describe data insertion
and patching, and tooling/combination of
existing abstract frameworks.

Framework for understanding/analysis
based on End-to-End Traceability,
End-to-End Semantic, and Two Axes
Mapping hypotheses.

Discussions and experiments on three
complementary approaches —
connecting/deepening mathematical
frameworks, formal proofs of multi-domain
KG-based systems, and integrating non-KG
or legacy technologies.
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