UnRavL: complex query answering via approximations

We propose a neuro-symbolic framework that includes an approximation scheme for complex queries
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Limitations of (most) existing models

Most existing models can only deal with tree-like queries
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(c) Cyclic CQs The unravelings approximations are:

e Safe: no false negatives

e Conservative: if the query is tree-like, its unraveling is
equivalent

e Optimal: the best tree-like over approximation
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(@) Anchored tree-like CQs (b) Tree-like CQs

While expressive, tree-like queries cannot capture
information such as triangles, or cycles.
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