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Some Geometry…

Shareholders theirtook money
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�rẑL = [�0.3, 0.5, 0.4, . . . , 0.2]



Some Geometry…

Shareholders theirtook money

ẑ = [1, 0, 1, · · · , 0]>

Shareholders theirtook money

Az  b

SPIGOT

q

p = ẑ�rẑL
q = proj(p)

rsL , ẑ� q
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Loss L Backprop

rẑL
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Loss L Backprop

Project onto

rẑL

rsL
p = ẑ�rẑL
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ẑ



SemEval ’15. Micro-averaged labeled F1

F1

80

82

84

86

88
in-domain out-of-domain

Neurbo: Peng et al., 2017

Neurbo Pipeline STE Structured Att. SPIGOT

Syntax

Backprop N/A

Hard decision N/A

Projection N/A
ẑ
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