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Objective

Find embeddings for predicates and constants such that true (factual or first-order)
formulae evaluate to [true] in the vector space.

Gradients:

Learning:

E: Set of entity (or entity-pair) vectors
R:
R: Set of logical formulae Q with training signal -y € {[true], [false]}

Set of relation matrices

m In previous work this only contained factual statements
m In addition our objective includes first-order logic formulae!

Loss function, e.g., = v|l2

g, 2 L@k
(Qy)eR

Backpropagation through expression tree of F
Stochastic Gradient Descent
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Conclusion and Open Questions

«\

Inject first-order logic into vector spaces

v Objective that encourages distributed representations to simulate first-order
logical reasoning

? What are the theoretical limits of embedding logical formulae in vector spaces?

? What are efficient ways of injecting quantified formulae without iterating over
all elements of a domain?

? Can we provide provenance of proofs of answers?

Rocktdschel et al Low-dimensional Embeddings of Logic /7



Thank you!
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