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Left-to-right: regular LSTM
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Flat: bag-of-words-like



85%

84 %

83%

82%

81%

80%

LTR

T
Flat

T
CoreNLP

SN A

* The bears eat the pretty ones

CoreNLP: off-line parser
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Sentence pair classification (P, H)

p(y[P.H)= > > pg(y|hp, h) prlhe | P) pr(hi | H)
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Reverse dictionary lookup
given word description, predict word embedding (Hill et al, 17)

instead of p(y | x), we model E,,g(x) = Z g(x;h) pre(h | x)
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