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Knowledge  Graphs (KGs) often  contain
contradictions that are not necessarily errors —
they can represent polyvocal truths or nuanced
realities that, if properly modeled, can enhance the
completeness and expressiveness of KG-based
machine learning.
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In biomedical KGs this may be due to the .

® RQ1l: How do contradictions in a KG, implicit and
explicit, impact the SOTA KGRL performance for PPIs?

® RQ2: Does modelling contrad
representations improve ML?
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universe of experimental conditions in which O] _ —
biological entities perform specific roles, M eadherin @ St (@ ® RQ3: Can external sources of knowledge such as LLMs

functions and interactions. be explored to detect implicit contradictions?

In the case of protein interactions with other
molecules, we cannot assume that an
interaction is always held true
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Current KG Representation Learning is not well-
equipped to handle contradictory facts within KGs,
especially those that are implicit and context-
dependent. There is a lack of mechanisms to explicitly
model or leverage contradictions during learning.
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Taxonomy of Contradictions
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Preliminary discussion
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