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Part 4: Dynamic Programming Decoding
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Part 4.1: Dynamic Programming
Decoding for Tagging
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Word-Level Log-Likelihood

• WLL: Word-Level	Log-Likelihood
– Each word in a sentence is considered independently

Ronan	Collobert,	Jason	Weston,	Léon	Bottou,	Michael	Karlen,	Koray Kavukcuoglu,	and	Pavel Kuksa.	2011.	
Natural	Language	Processing	(Almost)	from	Scratch.	J.	Mach.	Learn.	Res.	12	(November	2011),	2493-2537.CCL 2016 Tutorial 42016-10-14



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.	
Natural	Language	Processing	(Almost)	from	Scratch.	J.	Mach.	Learn.	Res.	12	(November	2011),	2493-2537.CCL 2016 Tutorial 52016-10-14



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.	
Natural	Language	Processing	(Almost)	from	Scratch.	J.	Mach.	Learn.	Res.	12	(November	2011),	2493-2537.CCL 2016 Tutorial 62016-10-14



Results

• SLL helps, but fair performance for POS

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

• Supervised	word	embeddings

• More	(embedding)	features

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

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

• LSTM • Bi-LSTM

Zhiheng Huang,	Wei	Xu,	and	Kai	Yu.	Bidirectional	LSTM-CRF	models	for	sequence	tagging.	CoRR,	
abs/1508.01991,	2015. CCL 2016 Tutorial 102016-10-14



Bi-LSTM-CRF

Zhiheng Huang,	Wei	Xu,	and	Kai	Yu.	Bidirectional	LSTM-CRF	models	for	sequence	tagging.	CoRR,	
abs/1508.01991,	2015. CCL 2016 Tutorial 112016-10-14



Results

Zhiheng Huang,	Wei	Xu,	and	Kai	Yu.	Bidirectional	LSTM-CRF	models	for	sequence	tagging.	CoRR,	
abs/1508.01991,	2015. CCL 2016 Tutorial 122016-10-14



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	
networks.	ACL.	 CCL 2016 Tutorial 132016-10-14



Temporal Expanded

Jie Zhou	and	Wei	Xu.	(2015).	End-to-end	learning	of	semantic	role	labeling	using	recurrent	neural	
networks.	ACL.	 CCL 2016 Tutorial 142016-10-14



Results
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Segmentation	Models

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

• Some	tagging	problems	can	be	naturally modeled	into	segmentation	task
– E.g.	word	segmentation,	named	entity	recognition	
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Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
for	Neural	Segmentation	Models.	IJCAI. CCL 2016 Tutorial 162016-10-14



Semi-CRF

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

– p 𝐬 𝐱 = %
&(𝐱)

exp{W - G(𝐱, 𝐬)}

Feature extraction G(x,s)

Can we represent segments with vectors? 
Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
for	Neural	Segmentation	Models.	IJCAI. CCL 2016 Tutorial 172016-10-14



Compositional	Segment	Representation

Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
for	Neural	Segmentation	Models.	IJCAI. CCL 2016 Tutorial 182016-10-14



Decoding	Algorithm
Input:	a	sequence	𝑋 = (𝑥3, … , 𝑥56%) of	n	units,	the	maximum	length	of	the	segment	𝐿
Output:	the	highest	scored	segmentation	𝑆 = 𝑠3, … , 𝑠:6% ,	where	𝑠 = (𝑢, 𝑣, 𝑦) is	a	segment	and	𝑢 represents	
the	starting	position,	𝑣 represents	the	ending	position,	and	an	optional	tag	𝑦 associate	with	the	segment.
Defining	𝑉 𝑖, 𝑦 which	represents	the	best	sub-segmentation	that	ends	with	𝑥@ (not	included)	and	𝑉 𝑖, 𝑦 can	
be	calculated	as:

𝑉 𝑖, 𝑦 =
max

CD,EF%…G
𝑉 𝑖 − 𝑑, 𝑦J + 𝑠𝑐𝑜𝑟𝑒 𝑖 − 𝑑, 𝑖, 𝑦 , 𝑖𝑓	𝑖 > 0

0, 𝑖𝑓	𝑖 = 0
−∞, 𝑖𝑓	𝑖 < 0

for 𝑖 ← 1…𝑛
for 𝑦 ∈ 𝒴:

for	𝑑 ← 1…𝐿
if	𝑖 − 𝑑 = 0:

𝑉 𝑖, 𝑦 ← 𝑠𝑐𝑜𝑟𝑒(𝑖 − 𝑑, 𝑖, 𝑦)
else:

𝑏𝑒𝑠𝑡@6E ← max
CJ

𝑉(𝑖 − 𝑑, 𝑦J)

𝑉 𝑖, 𝑦 ← max 𝑉 𝑖, 𝑦 , 𝑏𝑒𝑠𝑡@6E + 𝑠𝑐𝑜𝑟𝑒 𝑖 − 𝑑, 𝑖, 𝑦

Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
for	Neural	Segmentation	Models.	IJCAI. CCL 2016 Tutorial 192016-10-14



Results

Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
for	Neural	Segmentation	Models.	IJCAI. CCL 2016 Tutorial 202016-10-14



Segment-level	Representation

Yijia Liu,	Wanxiang	Che,	Jiang	Guo,	Bing	Qin,	Ting	Liu.	(2016).	Exploring	Segment	Representations	
for	Neural	Segmentation	Models.	IJCAI. CCL 2016 Tutorial 212016-10-14



Part 4.2: Dynamic Programming
Decoding for 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

*

( )
argmax ( , )
Y X

Y score X Y
ÎF

=
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How to Score	an Arc?
score(6,1) = w·f(6,1)

CCL 2016 Tutorial 242016-10-14



NN for Graph-based Parsing

Pei,	W.,	Ge,	T.,	&	Chang,	B.	(2015).	An	Effective	Neural	Network	Model	for	Graph-based	
Dependency	Parsing.	ACL. CCL 2016 Tutorial 252016-10-14



Results

Pei,	W.,	Ge,	T.,	&	Chang,	B.	(2015).	An	Effective	Neural	Network	Model	for	Graph-based	
Dependency	Parsing.	ACL. CCL 2016 Tutorial 262016-10-14



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.	CCL 2016 Tutorial 272016-10-14



Results

Kiperwasser,	E.,	&	Goldberg,	Y.	(2016).	Simple	and	Accurate	Dependency	Parsing	Using	
Bidirectional	LSTM	Feature	Representations.	TACL.	CCL 2016 Tutorial 282016-10-14



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.CCL 2016 Tutorial 292016-10-14



Learning Segment Embeddings

Wang,	W.,	&	Chang,	B.	(2016).	Graph-based	Dependency	Parsing	with	Bidirectional	LSTM.	ACL.CCL 2016 Tutorial 302016-10-14



Results

Wang,	W.,	&	Chang,	B.	(2016).	Graph-based	Dependency	Parsing	with	Bidirectional	LSTM.	ACL.CCL 2016 Tutorial 312016-10-14



Neural CRF for Constituency	Parsing

• CRF Parsing with CKY decoding

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.CCL 2016 Tutorial 322016-10-14



Neural CRF for Constituency	Parsing

• Neural CRF Parsing

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.CCL 2016 Tutorial 332016-10-14



Results

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.CCL 2016 Tutorial 342016-10-14



Neural CRF for Constituency	Parsing

• More neural networks

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.CCL 2016 Tutorial 352016-10-14



Neural CRF for Constituency	Parsing

• More neural networks

Durrett,	G.,	&	Klein,	D.	(2015).	Neural	CRF	Parsing.	ACL.CCL 2016 Tutorial 362016-10-14



Conclusion

• Neural	nets	can	provide	continuous	features	in	discrete	
structured	models

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

CCL 2016 Tutorial 372016-10-14


