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Abstract Probabilistic Logic

-Probabilistic Logic combines Formal Semantics and Distributional Semantics

-Probabilistic Logic offers a deep and robust semantic representation

-Using probabilistic logic for semantic representation, combining Formal Semantics and Distributional Probabilistic Soft Logic (PSL)
Semantics -PSL is the probabilistic logic framework we use
-PSL is the probabilistic logic framework we use -Atoms have continuous truth values in interval [0,1] (in contrast with boolean atoms in MLNSs)
-Evaluate on the STS task: judge sentence similarity -Efficient inference (100 times faster than MLN in our experiments)
-Logical operators are replaced with Lukasiewicz logic: ~€1)=1-1¢{1)

(1 A £2) = max {0, I(21) + 1(£2) — 1}
(1 v £2) = min {1, 1(£1) + (£2) }

-Implication via distance to satisfaction d : d(1 — £2) = max {0, 1({1) - |({2) }
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