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Parsing

 Goal: identifying the linguistic (syntactic or semantic) 

structure of a sentence

 Syntactic structure: form of a sentence

 A key component in the traditional NLU pipeline

 In the era of neural NLP, still useful in many NLP 

applications



Dependency parsing

 A (syntactic) dependency parse is a tree where 

 the nodes are the words in a sentence

 the links between words represent their dependency 

relations



Learning a parser

 Supervised Methods

 Rely on a training corpus of sentences annotated with 

parses (treebank)

 Unsupervised Methods

 Utilize unannotated data

A square is above the 

triangle.

A triangle rolls.

The square rolls.

A triangle is above the 

square.

A circle touches a square.

……

S  → NP VP

NP → Det N

VP → Vt NP (0.3)

| Vi PP (0.2)

| rolls (0.2)

| bounces(0.1)

……

Training Corpus Parser
Induction



Why unsupervised

 Unsupervised learning can make use of almost unlimited 
text data

 Treebank may not be available for a new language or a 
new domain.  

 Manual annotation is labor intensive and requires linguistic 
knowledge and detailed guidelines.

 Unsupervised techniques can be useful in semi-
supervised learning.

 Unsupervised parsing inspires/verifies cognitive research 
of human language acquisition.

 Grammars and parsing can be applied to other types of 
data.  For some types of data, it is impossible to 
construct a treebank.
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Generative method

 Try to learn a generative grammar

 A generative grammar models P(sentence, parse)

 Objective: 𝐽 𝜃 = σ𝑦𝑃𝜃 𝑥, 𝑦

 Expectation-maximization

 Given grammar rules, initialize their probabilities

 E-step

 Parse the training sentences using the current grammar

 M-step

 Update the grammar rule probabilities to maximize expected log 

likelihood of the parses and sentences

 Repeat until convergence



The (Un)Ambiguity of Natural Language

 Ambiguities are ubiquitous in natural languages

 A natural language sentence may have many possible 

parses

 But the probability mass is concentrated on a very small 

number of parses



Incorporate Unambiguity Bias into Learning

 How to measure the ambiguity

 Entropy of the parse given the sentence and the grammar

 How to add it into the objective function

 Use posterior regularization [Ganchev et al. (2010)]

Log posterior of 

the grammar
Entropy of a proxy 

distribution q of the 

parses given the 

sentences & grammar

σ controls 

regularization 

strength

[Kewei Tu & Vasant Honavar, EMNLP 2012]



Optimization

 Coordinate Ascent

 Algorithm behavior depends on regularization strength σ

 σ = 0: equivalent to standard EM

 σ ≥ 1: equivalent to hard EM (Viterbi EM)

 0 < σ < 1: softmax-EM (E-step produces softmax of parse 

distribution)

softmax

Very easy to implement: 

Just exponentiate all the 

rule probabilities before the 

E-step

[Kewei Tu & Vasant Honavar, EMNLP 2012]
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Neural Grammars

 Different terminal/nonterminal symbols in a grammar are 

regarded as being distinct

 But correlations exist between many of them

 Example: verb base form, past tense, 3rd person singular

 A neural solution

 Learn to embed terminal/nonterminal symbols into a 

continuous vector space

 Similar symbols are close to each other in the embedding 

space

 Predict grammar rule weights or parsing actions from the 

vector representations of the grammar symbols



Neural DMV

𝑃 𝑐ℎ𝑖𝑙𝑑 ℎ𝑒𝑎𝑑, 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛, 𝑣𝑎𝑙𝑒𝑛𝑐𝑦)

[Yong Jiang, Wenjuan Han & Kewei Tu, EMNLP 2016]



Learning Neural DMV

 Expectation-Maximization

[Yong Jiang, Wenjuan Han & Kewei Tu, EMNLP 2016]
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Discriminative method

 A discriminative parser models P(parse | sentence)

 Can utilize rich features of the whole sentence in predicting 

the parse tree

 (In contrast: generative models often utilize only local 

features of grammar rules)

 Discriminative parsers are very successful in supervised 

parsing

 Can we use them in unsupervised parsing?



CRF-Autoencoder

A discriminative parser 

(MSTParser)

Generating a child word 

from its head word

Based on the CRF-autoencoder framework [Ammar, Dyer & Smith, 2014]

[Jiong Cai, Yong Jiang & Kewei Tu, EMNLP 2017]

Tree constraint

Dependency scores
𝑃(ො𝑥𝑖|𝑥𝑦𝑖)



Learning

 Objective

 Optimization algorithm

 Coordinate descent: alternately optimize the encoder and 

the decoder

Decomposable by 

edges, easy to optimize 

by MSTParser

(Viterbi) 

reconstruction 

probability Soft constraint 

adding universal 

linguistic knowledge

Parameter 

regularization

[Jiong Cai, Yong Jiang & Kewei Tu, EMNLP 2017]
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CRF-Autoencoder for SDP

 In SDP, a word may have no head or multiple heads

[Zixia Jia, Youmi Ma, Jiong Cai & Kewei Tu, under review]

Encoder

A discriminative SDP parser
[Dozat & Manning, 2018]

Multiple generators, each 

conditioned on a different 

head word

Decoder



CRF-Autoencoder for SDP

[Zixia Jia, Youmi Ma, Jiong Cai & Kewei Tu, under review]



CRF-Autoencoder for SDP

 Semi-supervised experiments

 10% labeled data, 0~40% unlabeled data

[Zixia Jia, Youmi Ma, Jiong Cai & Kewei Tu, under review]
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Generative + Discriminative?

 Generative methods

 Suitable for unsupervised learning

 Easy to incorporate inductive bias

 Discriminative methods

 Utilize rich features from the input sentence

 Can we combine the two?

 Method 1: jointly train two models with a combined objective 
[Yong Jiang, Wenjuan Han & Kewei Tu, EMNLP 2017]

 Method 2: a simple modification to neural DMV [Wenjuan Han, 

Yong Jiang & Kewei Tu, ACL 2019]



Combining Generative and Discriminative Methods

 Generative methods

 Suitable for unsupervised learning

 Easy to incorporate inductive bias

 Discriminative methods

 Utilize rich features from the input sentence

 Jointly train two models with a combined objective

Objective of a 

generative model 

(e.g., LC-DMV)

Objective of a 

discriminative model 

(e.g., Convex-MST)



Combining Generative and Discriminative Methods

 Learning by hard-EM

 M-step: given parses, do supervised learning

 E-step: given the two models, find the parses that optimizes 

the combine objective function

 Solved by dual 

decomposition 
[Dantzig and Wolfe, 

1960]



Neural DMV

N-DMV objective: 𝐽 𝜃 = σ𝑦𝑃𝜃 𝑥, 𝑦



Discriminative Neural DMV

[Wenjuan Han, Yong Jiang & Kewei Tu, ACL 2019]

D-N-DMV objective: 𝐽 𝜃 = σ𝑦 𝑃𝜃 𝑥, 𝑦|𝑣𝑤

N-DMV objective: 𝐽 𝜃 = σ𝑦𝑃𝜃 𝑥, 𝑦
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Summary

 Unsupervised and semi-supervised parsing

 Can utilize unannotated training sentences

 Generative methods

 Unambiguity regularization

 Neural DMV

 Discriminative method

 CRF-autoencoder

 Hybrid method

 Discriminative Neural DMV



Thank you!

Q&A


