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Algorithm 1 Supervised Parsing with Hierarchical

Error Back Propagation

1: L < training data layer size

modell < whole model

model2 < training data layer size model
a < link probabilities

teach < training data a

target < masked word answer

« < hyper parameter
for[=0...L—-1do

9: model2.layers = modell.layers[:1+]]
10: _, a=model2.forward

11: loss_.a = LOG-MSE Loss(a, teach)
12: if =L — 1 then
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13: out, .—=model2.forward > MLM output
14: loss.m = CrossEntropy Loss(out, target)
15: loss = a X loss.m + (1-ar) x loss.a

16: loss.backward

17: else

18: loss_a.backward
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