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Part 4.1: Neural CRF

IJCNLP 2017 Tutorial 22017-11-27



Window	Approach for Tagging

• Tasks
– POS tagging, Chunking, NER, SRL

• Tag	one	word	at	a time
• Feed	a	fixed-size	window	of	text	around	each	word	to	tag
• Features

– Words, POS tags, Suffix, Cascading, …
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Window	Approach for Tagging

• Works	fine	for	most	tasks
• How	to	deal	with	long-range	dependencies?

– E.g.	in	SRL,	the	verb	of	interest	might	be	outside	the	window!
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Sentence	Approach

• Tag	one	word	at	a time
– add	extra	relative position features

• Feed	the	whole	sentence	to	the	network
• Convolutions to	handle	variable-length	inputs
• Max	over	time	to	capture	most	relevant	features

– Outputs	a	fixed-sized	feature	vector
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Sentence	Approach
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Results

• Window approach: POS, Chunking,	NER
• Sentence approach: SRL
• WLL: Word-Level	Log-Likelihood
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Sentence-Level Log-Likelihood

• Considering dependencies between tags in a sentence
• Conditional	likelihood	by	normalizing all	possible	paths (CRF)
• Sentence	score	for	one	tag	path

– where	A[i][j] is	a	transition	score	for	jumping	from	tag	i to	j

Ronan	Collobert,	Jason	Weston,	Léon	Bottou,	Michael	Karlen,	Koray Kavukcuoglu,	and	Pavel Kuksa.	2011.	
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Sentence-Level Log-Likelihood

• Decoding: finding the max scored path

– Viterbi	algorithm

Ronan	Collobert,	Jason	Weston,	Léon	Bottou,	Michael	Karlen,	Koray Kavukcuoglu,	and	Pavel Kuksa.	2011.	
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Results

• SLL helps, but fair performance for POS
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Improvements

• Supervised	word	embeddings

• More	(embedding)	features
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Speed
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Long	Short-Term	Memory	(LSTM)

• Hochreiter & Schmidhuber,	1997
• LSTM	=	additive	updates	+	gating
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More	RNNs

• Bidirectional	RNN • Deep	Bidirectional	RNN
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Bi-LSTM-CRF

Zhiheng Huang,	Wei	Xu,	and	Kai	Yu.	Bidirectional	LSTM-CRF	models	for	sequence	tagging.	CoRR,	
abs/1508.01991,	2015.
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Results

Zhiheng Huang,	Wei	Xu,	and	Kai	Yu.	Bidirectional	LSTM-CRF	models	for	sequence	tagging.	CoRR,	
abs/1508.01991,	2015.
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BI-LSTM-CRF for SRL

• End-to-end tagging model
– 8 layer bi-directional LSTM
– No parsing features

• Features
– Argument
– Predicate
– Predicate-context
– Region-mark

• Achieving new SOTA
Jie Zhou	and	Wei	Xu.	(2015).	End-to-end	learning	of	semantic	role	labeling	using	recurrent	neural	
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Temporal Expanded

Jie Zhou	and	Wei	Xu.	(2015).	End-to-end	learning	of	semantic	role	labeling	using	recurrent	neural	
networks.	ACL.	 IJCNLP 2017 Tutorial 182017-11-27



Results
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Deep SRL

2017-11-27 IJCNLP 2017 Tutorial 20

Luheng He, Kenton Lee, Mike Lewis and Luke Zettlemoyer. Deep Semantic Role Labeling: What 
Works and What’s Next. ACL 2017.



Deep SRL

• A deep	highway BiLSTM architecture with constraints
– 8	BiLSTM layers	(4	forward	LSTMs	and	4	reversed	LSTMs)
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Results

• New state-of-the-art results
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Bi-LSTM-CNNs

• Motivation
– Using Character CNN to learn the representation of words

Jason P.C. Chiu and Eric Nichols. Named Entity Recognition with Bidirectional LSTM-CNNs. TACL
2016.



Bi-LSTM-CNNs

• Architecture • Results

Jason P.C. Chiu and Eric Nichols. Named Entity Recognition with Bidirectional LSTM-CNNs. TACL
2016.



LSTM-CNNs-CRF

• Architecture • Results
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Neural CRF for Constituency	Parsing

• CRF Parsing with CKY decoding

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.IJCNLP 2017 Tutorial 262017-11-27



Neural CRF for Constituency	Parsing

• Neural CRF Parsing

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.
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Results

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.
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Neural CRF for Constituency	Parsing

• More neural networks

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.
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Neural CRF for Constituency	Parsing

• More neural networks

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.
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Part 4.2: Neural Semi-CRF
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Segmentation	Models

• Tagging	models	cannot	extract	segment	information
– E.g.	the	length	of	a	segment

• Some	tasks can	be	naturally modeled	into	segmentation	problem
– E.g.	word	segmentation,	named	entity	recognition	

Michael Jordan is a professor at Berkeley
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Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
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Semi-CRF

• A	solution
– Semi-Markov	CRF	[Sarawagi and	Cohen,	2004]
– Modeling	segments	directly

– p " # = %
&(#) exp{W - G(#, ")}

Feature extraction G(x,s)
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for	Neural	Segmentation	Models.	IJCAI. IJCNLP 2017 Tutorial 332017-11-27



Compositional	Segment	Representation

Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
for	Neural	Segmentation	Models.	IJCAI. IJCNLP 2017 Tutorial 342017-11-27



Results

Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
for	Neural	Segmentation	Models.	IJCAI. IJCNLP 2017 Tutorial 352017-11-27



Segment-level	Representation

Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
for	Neural	Segmentation	Models.	IJCAI.
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Part 4.3: Neural Graph-based Parsing
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Graph-based	Dependency	Parsing

• Find	the	highest	scoring	tree	from	a	complete	graph
• Dynamic Programming Decoding

– E.g. Eisner Algorithm

He1 does2 it3 here4$0 He1 does2 it3 here4$0

*
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argmax ( , )
Y X

Y score X Y
ÎF

=

IJCNLP 2017 Tutorial 382017-11-27



How to Score	an Arc?
score(6,1) = w·f(6,1)
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NN for Graph-based Parsing

Pei,	W.,	Ge,	T.,	&	Chang,	B.	(2015).	An	Effective	Neural	Network	Model	for	Graph-based	
Dependency	Parsing.	ACL. IJCNLP 2017 Tutorial 402017-11-27



Results

Pei,	W.,	Ge,	T.,	&	Chang,	B.	(2015).	An	Effective	Neural	Network	Model	for	Graph-based	
Dependency	Parsing.	ACL.
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BI-LSTM for Graph-based Parsing-I

• Each dependency arc in a sentence is scored using MLP that is
fed the BI-LSMT encoding of the words at the arc’s end points

Kiperwasser,	E.,	&	Goldberg,	Y.	(2016).	Simple	and	Accurate	Dependency	Parsing	Using	
Bidirectional	LSTM	Feature	Representations.	TACL.	IJCNLP 2017 Tutorial 422017-11-27



Results

Kiperwasser,	E.,	&	Goldberg,	Y.	(2016).	Simple	and	Accurate	Dependency	Parsing	Using	
Bidirectional	LSTM	Feature	Representations.	TACL.	IJCNLP 2017 Tutorial 432017-11-27



BI-LSTM for Graph-based Parsing-II

• Besides the word vectors,
they used sentence segment
(phrase) embeddings

Wang,	W.,	&	Chang,	B.	(2016).	Graph-based	Dependency	Parsing	with	Bidirectional	LSTM.	ACL.
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Learning Segment Embeddings

Wang,	W.,	&	Chang,	B.	(2016).	Graph-based	Dependency	Parsing	with	Bidirectional	LSTM.	ACL.
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Results

Wang,	W.,	&	Chang,	B.	(2016).	Graph-based	Dependency	Parsing	with	Bidirectional	LSTM.	ACL.IJCNLP 2017 Tutorial 462017-11-27



Deep	Biaffine Attention	for	Dependency	Parsing
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Timothy Dozat and Christopher D. Manning. Deep Biaffine Attention for Neural Dependency Parsing.
ICLR 2017.

• Just	optimize	the	likelihood	of	the	
parent,	no	structured	learning

• This	is	a	local	model,	with	global	
decoding	using	MST	at	the	end



CoNLL 2017 Results

• Multilingual	Parsing	from	Raw	Text	to	Universal	Dependencies
– Dataset: Universal	Dependencies	v2.0 (45 Languages, 64 Treebanks)
– 33 submission / 133 Registered	Teams
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Summary

• Neural	nets	can	provide	continuous	features	in	discrete	
structured	models

• Inference	and	learning	are	almost unchanged	from	the	
purely	discrete	model
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