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A dataset to evaluate property knowledge and its robust property
Inheritance for novel concepts

A robin can fly. >? A penguin can fly.
o

A wug Is a robin. A wug Is a robin.

A is a penguin. >? A is a penguin.
Therefore, a wug can fly. °

Therefore, a can fly.
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A wug is a robin.
A IS a penguin.
Therefore, a wug can fly.
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Premise: LMs perform below chance
when tasked to perform property
Inheritance for novel concepts in a
zero-shot setting.

But what happens when they are
guided to an appropriate
experimental context (In-context
learning/instructions)?

e Disjointness between IC-examples and
test stimuli in terms of:

* Novel words used (wug, dax, etc.)

e Concepts and Properties

e Multiple sets of IC examples (10) to
measure variability.

« Novel words are counterbalanced (bias
towards one — chance performance).

e Two types of heuristics tested:
e First correct vs.
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