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LSTMs can Learn Syntax-Sensitive Dependencies Well

» Agreement task IC &% LSTM DIEFFIBE DEHMEAY (—EF) B A

e Linzen et al. (2016), Enguehard et al., (2017), Gulordava et al. (2018), etc.
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RNNG in 1 minute

Recurrent neural network grammars
(Dyer et al., 2016; Kuncoro et al., 2017; Choe & Charniak, 2016; Stern et al., 2017)
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» ZRR)E: beam search + £ 2—'J X5« 7 X (Stern et al., 2017)
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Surprisal

Surprisal(w;) = — log|P(w;|context)
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» LSTM: SEZE 7 /L (256 units)
o #ET=: Surprisal D &
» RNNG: K RIBEARIEEERET /L (170 units)

e {#EtE=: Surprisal, Distance, Entropy (&)
» RNNG-comp: RNNG D %{bhR (Choe & Charniak 2016; Stern et al., 2017)
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N400 P600

ANT

300-500 ms 600-700 ms 200-400 ms

RNNG_comp > LSTM  RNNG > RNNG_comp

2

2

X dt p X df p

DISTANCE, “P600” region
200 13.409 1 | 0.00025 4198 1 0.04047
L’-_A'llfﬂ 400 15.842 1 | <0.0001 3853 1 0.04966
k=600 13.955 1 | 0.00019 3371 1 0.06635

SURPRISAL, “ANT” region
100 3.671 1 0.05537 13.167 1 | 0.00028
AV 200 3.993 1 004570 10.860 1 | 0.00098
k=400 3902 1 0.04824 10.189 1 | 0.00141
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LSTMs Can Learn Syntax-Sensitive Dependencies Well,
But Modeling Structure Makes Them Better
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