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hP∈H (P)
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pφ(y | hP,hH) pπ(hP | P) pπ(hH | H)given word descripঞon, predict word embedding (Hill et al, 17)

instead of p(y | x), we model Epπg(x) =
∑
h∈H

g(x;h) pπ(h | x)
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Conclusions
Latent structured variables for
uncertainty & composiঞonality

Tractable marginalizaঞon via
SparseMAP inference

Flexible model: arbitrary funcঞon
of discrete latent structures
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SNLI

LTR Flat CoreNLP Latent

80.6%

80.8%

81%

81.2%

81.4%

81.6%

81.8%

82%
accuracy
(3-class)

p = 22.6%

⋆ lovely and poignant .

p = 21.4%

⋆ lovely and poignant .

· · ·
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