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ACL 2017 6.0% 26.9% > 23.3%
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ACL 2019 99 3.7% 27.3% > 22.7%
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Gomez-Rodriguez & Vilares, Constituent parsing as sequence labeling (EMNLP 2018)
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Vilares, et al., Better, Faster, Stronger Sequence Tagging Constituent Parsers (NAACL 2019)
Strzyz, et al., Viable Dependency Parsing as Sequence Labeling (NAACL 2019)
Strzyz, et al., Sequence Labeling Parsing by Learning across Representations (ACL 2019)
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Ji, et al., Graph-based Dependency Parsing with Graph Neural Networks (ACL 2019)



“IMMRTEDHT O inEBliniRE MK
{£ Fmean-fieldz{LBP

AEE —MA =R ORI PR HETR; HETE
== LEHIFT 5 S FE AT B HRNN

—\_>4r \/‘\
]

h( dge—h/d)
Edge
Prediction
(51, 89, p(eop)
v [s61; slap); © o] i QD
h(l bel—h/d) L _r .
—
py(edge—h/d) stedge) /7Y [
i -l p a
h]_(Sib); hi(gp); hi(mp ljlu
S 0000
p0abel=h/d) g (label) Label
! . Prediction
_ Biaffine or MF/LBP
Embedding BiLSTM  FNN Trilinear Function Recurrent Layers

Wang, et al., Second-Order Semantic Dependency Parsing with End-To-End Neural Networks (ACL
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» Dependency Model with Valence (DMV)

% Bfr: P(sentence)

WZREF % : Expectation-maximization



Bl R A

» Neural DMV EMEIM-stepth
P(child | head, direction, valency) I ZRIZ AR M 45

Output values

- COOTEIIID

Softmax (W h)

N = tann Wdir[vhavval])

Inputs: Head POS Tag Valency



Bl R A

» Discriminative Neural DMV

Output values

sotmas Lo QU

p = Softmaz(W_h)

Hidden Layer:
h == tanh(Wdzfr [‘Uhy ’U'Uﬂ.l])

Continous Representation: — LSTM | LSTM [ LSTM Vw

['Uh: Uval] I T T
Inputs: Head POS Tag Valency @ @ @
word 1 word 2 word 3
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Han, et al., Enhancing Unsupervised Generative Dependency Parser with Contextual Information
(ACL 2019)
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Cai, et al., CRF Autoencoder for Unsupervised Dependency Parsing (EMNLP 2017)
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Li, et al., Dependency Grammar Induction with a Neural Variational Transition-based Parser (AAAI
2019)
Kim, et al., Unsupervised Recurrent Neural Network Grammars (NAACL 2019)
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Corro & Titov, Differentiable Perturb-and-Parse: Semi-Supervised Parsing with a Structured Variational
Autoencoder (ICLR 2019)



1 2 fith s 1 Y

» DIORA
» B/E—MBVIMEMNLE, Bid KT inside-outsideryid iz,
THEF/MAE T Hembedding, Bz FUN&E M
» G BIR: s ARUWFUNERRR

ak) (a) Inside Pass (b) Outside Pass

The ©cat drank The cat drank The ~cat drank The cat drank

Drozdoy, et al., Unsupervised Latent Tree Induction with Deep Inside-Outside Recursive Auto-
Encoders (NAACL 2019)
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