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●	State-of-the-art	model	for	shi+-reduce	parsing

●	but	all	previous	parsers	rely	on	beam-search
[Zhu	et	al.,	2013;	Wang	&	Xue,	2014;	Mi	et	al.,	2015]
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●	Ini#al	work	[Sagae	&	Lavie,	2006]

●	Improving	search	with	dynamic	programming	[Zhao	et	al.,	2013]
Graph	size	is	polynomial	by	state	merging	[Huang	&	Sagae,	2010]

Search	on	exponen#ally	large	graph

●	Dynamic	programming	has	only	been	applied	to	dependency

●	because	the	model	is	MaxEnt
●	Accuracy	is	not	state-of-the-art

●	MaxEnt	does	not	judge	the	quality	of	overall	ac#on	path

Limita4on	of	previous	works:

We	explore	DP	best-first	shi+-reduce	parsing	for	cons4tuency	
with	structured	perceptron

Challenge:	Search	gets	much	harder	with	structured	perceptron
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Basic	algorithm:	Zhao	et	al	(2013)’s	DP	best-first	search
How	to	apply	for	cons#tuent	parsing?
●	The	main	difficulty	with	cons#tuent	parsing	is	unary	rule
●	We	develop	a	transi#on	system	without	unary	rules
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What	is	edge	cost	in	structured	perceptron?
Constraint	for	op#mality:	Every	cost	must	be	posi#ve

Our	edge	cost:	
could	be	nega#ve Constant	offset	to	prevent	nega#ve

Score	to	a	deriva#on:
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DP	best-first	shi+-reduce	parsing		
		●	for	cons4tuency	
		●	with	structured	perceptron

Final	experiment

MaxEnt	vs.	Structured	perceptron
●	Structured	perceptron	is	strong	
●	but	its	search	is	much	harder

Improving	search	efficiency	of	structured	perceptron
●	New	feature	templates	
●	A*	search
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Feature	design	determines	the	worst	#me	complexity	of	DP
⇒	Two	states	are	merged	if	their	features	look	the	same

●	Chance	of	merging	decreases	by	adding	more	features
●	Time	complexity:	
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●	at	least	
How	to	solve	this?
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●	Remembering	head	is	expensive
●	Deeper	stack	element	is	expensive

⇒	Inspired	by	the	recent	CRF	parser	with	span	features
[Hall	et	al.,	2014]

●	Worst	#me	complexity:	

●	The	span	around	a	subtree	is	cheap

⇒	Improved	but	is	s#ll	expensive...
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Recipe	2:	A*	search

14

●	Modify	the	state	cost:
●					:	approxima#on	of	the	cost	outside	the	current	parse
⇒	If	approxima#on	is	good,	search	is	accelerated

:	edge	cost

						must	be	a	lower	bound	of	actual	outside	cost
Constraint	for	op#mality:



Idea:	Parsing	with	simpler	features

15

He

PRP

NP VP

sushi
NN

NP
eats

VBZ with

IN
chops-cks

NN



Idea:	Parsing	with	simpler	features

15

He

PRP

NP VP

sushi
NN

NP
eats

VBZ with

IN
chops-cks

NN

He

PRP

NP VP

sushi
NN

NP
eats

VBZ with

IN
chops-cks

NN



Idea:	Parsing	with	simpler	features

15

He

PRP

NP VP

sushi
NN

NP
eats

VBZ with

IN
chops-cks

NN

●	Time	complexity	to	calculate	heuris#c	cost:	

He

PRP

NP VP

sushi
NN

NP
eats

VBZ with

IN
chops-cks

NN



Idea:	Parsing	with	simpler	features

15

He

PRP

NP VP

sushi
NN

NP
eats

VBZ with

IN
chops-cks

NN

●	Time	complexity	to	calculate	heuris#c	cost:	
●	We	can	calculate																to	always	underes#mate	the	true	cost

He

PRP

NP VP

sushi
NN

NP
eats

VBZ with

IN
chops-cks

NN



Applying	hierarchical	A*

16

Simplify	features

He

PRP
NP VP

sushi
NN
NP

eats
VBZ

chops-cks
NNwith

IN NP
PP

and	...

CC

He

PRP
NP VP

sushi
NN
NP

eats
VBZ

chops-cks
NNwith

IN NP
PP

and	...

CC

[Pauls	&	Klein,	2009]

s#ll	a	bit	expensive



Applying	hierarchical	A*

16

Simplify	features

He

PRP
NP VP

sushi
NN
NP

eats
VBZ

chops-cks
NNwith

IN NP
PP

and	...

CC

He

PRP
NP VP

sushi
NN
NP

eats
VBZ

chops-cks
NNwith

IN NP
PP

and	...

CC

Simplify	grammar	[Klein	&	Manning,	2003]

He

PRP
NP VP

sushi
NN
NP

eats
VBZ

chops-cks
NNwith

IN NP
X

and	...

CC
[Pauls	&	Klein,	2009]

s#ll	a	bit	expensive



Outline

17

DP	best-first	shi+-reduce	parsing		
		●	for	cons4tuency	
		●	with	structured	perceptron

Final	experiment

MaxEnt	vs.	Structured	perceptron
●	Structured	perceptron	is	strong	
●	but	its	search	is	much	harder

Improving	search	efficiency	of	structured	perceptron
●	New	feature	templates	
●	A*	search
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Sent./s.:	31.9																											17.0																													9.1																																		

●	Span	feature	is	compe##ve	to	the	current	state-of-the-art
●	A*	search	gives	the	best	score	(faster	than	beam	=	64)
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What’s	the	difference	with	CRF	parsing?
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Our	parser	looks	similar	to	the	discrimina#ve	CKY	(CRF):
●	Features	come	from	the	top	two	subtrees
●	but	our	parser	outperforms	the	CRF	parser	(91.1	vs.	89.3)

●	Or	just	because	our	parser	u#lizes	more	features?
●	Scoring	for	shi+	ac#ons?
What’s	the	source	of	this	difference?

[Hall	et	al.,	2014]



Conclusion
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Ques#on:	
Are	beam-search	&	complex	features	the	best	strategy	
for	shi+-reduce	parsing?

Our	findings:
●	It	is	not	always	the	best	in	cons#tuent	parsing

Our	system	is	available	at:
hrps://github.com/mynlp/optsr

The	trained	model	is	s#ll	unavailable	(coming	soon)

●	Prac#cal	shi+-reduce	parsing	with	exact	search	is	possible

https://github.com/mynlp/optsr

