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1,2,3,4,5,6,7,8, and 9. A
score close to 9 indicates
very similar, while a score
closes to 1 suggests two
questions are not very
similar. A score around 5
implies two questions are
neither similar nor opposite
If the similar You must not

answer anything else neither

add an explanation.
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G E You are an expert of natural
language. You will get two
questions. You should answer
the similarity score of two
questions between -1 and 1 as
a real number. A score close
to 1 indicates high
similarity, while a score
closes to —1 suggests two
questions have opposite
meanings. A score around 0
implies two questions are
neither similar nor opposite
If the similar You must not
answer anything else neither

add an explanation.
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