&R LLyfr cyntat Molfes yr

hwnaelwir GEnES15S.

PENNOD L nth eurhpwogaeth : a Dutw a toelodd mai va
Creadwriacth y ncf, v ddaiar, 2 Y goleuni a'r ty- gepy,

lwch, 8 Yth ff 6 d - s
Foinid, 36 Adya. > DU et o0 siful gis Selonpuman, s ikta S

(7o R poecheuavy *ere: 14 Duly hefpd a ddpwevodd , * hpdded prlizés.

A s .6.

m,j;, o atwdd Dut p nefoedd goleuadau pn furfafen p nefoedd [ Wwabanu Deucgr9.
Feclea$. 1. 2~ a't dbuafar, thungpoydd &' nog ¢ abppvant pnarybd-

eg 1415 : 2 1D bafat oedd afs 10, aC P DYMIN02al , 4C prdOYODIAU 5 a blys

Natural Language Processing

Info 159/259
Lecture 17: Dependency parsing (March 19, 2020)

David Bamman, UC Berkeley



Announcements

Project midterm reports due

Spring break next week — no office hours; expect
reduced Plazza response times

Quiz 8 out today, due spring break (3/31)

Homework 5 out today, due (2.5
weeks from today)



Dependency syntax

e Syntactic structure = , relations
between words.



lrees

* A dependency structure is a directed graph G =
(V,A) consisting of a set of vertices Vand arcs A
between them. Typically constrained to form a

* Single root vertex with no incoming arcs

* Every vertex has exactly one incoming arc
except root ( )

* [here is a unigue path from the root to each
vertex in V ( )



Universal Dependencies

English

Bulgarian

Czech

Swedish

punct»
obl»
nsubj pass case
@-Met aux p%/ <det
1| The dog chased by the
punct
nsubj:pass obl
L
NOUN" | (PRON [ " '\ VERB" case NOUN'] PUNCT]
2 queTo npecne,qaame ot KoTKaTa
nsubJ Pass punct
[NOUN™ | [AUX"]***P*** \VERE™Y *" "[NOUN" ] PUNCT]
3 Pes byl honén koCkou
punct
obl> ._\wﬁ
bj
—anu j:pass VER_B r[HDP case NQEN PUtICT
4| Hunden Jagades av katten

p——

http://universaldependencies.org




Dependency parsing

* [ransition-based parsing

* O(n)
* Only projective structures (pseudo-projective

)

* Graph-based parsing

° O(nZ)
* Projective and non-projective trees



Projectivity

acl:relcl

nmod

~

o —
@ [ @ \ [ e

0
I saw a man today who 1S

)
tall

* An arc between a head and dependent is projective it
there is a path from the head to every word between
the head and dependent. Every word between head

and dependent is a descendent of the head.



Transition-based parsing

* Basic idea: parse a sentence into a dependency
tree by training a local classifier to predict a
parser's next from Its current



Configuration

Stack
Input buffer of words
Arcs In a parsed dependency tree

Parsing = sequences of transitions through space
of possible configurations



Book

iobj

-

me

obj

det

—

|

the

\

/

nmod

—

morning

8!

flight



@ book me the morning flight

stack action arc




stack

@ book me the morning flight

action

LeftArc(label): assert relation
between head at stacks and
dependent at stacks: remove
stacko

RightArc(label): assert
relation between head at
stackz and dependent at
stackq; remove stackq

Shift: Remove word from
front of input buffer () and

push it onto stack

arc




stack

book me the morning ftlight

action

LeftArc(label): assert relation
between head at stacks ()

and dependent at stacke.
remove stacko

RightArc(label): assert
relation between head at
stacks and dependent at
stacki (@); remove stack (@)

Shift: Remove word from
front of input buffer ( )
and push it onto stack

arc




If we remove an
element from the

stack, it can't have any me the morning ftlight
further dependents

stack action arc

LeftArc(label): assert relation
between head at stackj
(book) and dependent at
stackz (@). remove stacks (@)

RightArc(label): assert
relation between head at
stacks (@) and dependent at

book stacky (book); remove stacks
(book)

= Shift: Remove word from
front of input buffer (me) and
push it onto stack



stack

me

book

the morning ftlight

action

LeftArc(label): assert relation
between head at stacks (me)
and dependent at stacks

( ). remove stacko ( )

RightArc(label): assert
relation between head at
stacko ( ) and
dependent at stacks (me);
remove stacks (me)

Shift: Remove word from
front of input buffer (the) and
push it onto stack

arc

jobj(book, me)



stack

book

the morning ftlight

action

LeftArc(label): assert relation
between head at stackj

( ) and dependent at
stacke (@). remove stacks (@)

RightArc(label): assert
relation between head at
stacks () and dependent at

stackj ( ); remove stack

(book)

Shift: Remove word from
front of input buffer (the) and
push it onto stack

arc

jobj(book, me)



stack

the
book

morning flight

action

LeftArc(label): assert relation
between head at stack+ (the)
and dependent at stacke

( ) remove stacko ( )

RightArc(label): assert
relation between head at
stacko ( ) and
dependent at stack+ (the);
remove stacks (the)

Shift: Remove word from
front of input buffer

( ) and push it onto
stack

arc

jobj(book, me)



stack

morning
the
book

%)

action

LeftArc(label): assert relation
between head at stackj

( ) and dependent at
stackz (the). remove stacke

(the)

RightArc(label): assert
relation between head at
stackz (the) and dependent
at stackq ( ); remove
stack ( )

Shift: Remove word from
front of input buffer ( )
and push it onto stack

flight

arc

jobj(book, me)



stack

flight
morning
the

book
%

action

LeftArc(label): assert relation
between head at stackj

( ) and dependent at
stacks ( ) remove
stacke ( )

RightArc(label): assert
relation between head at
stacko ( ) and
dependent at stack; ( );
remove stacki ( )

trontotHrputbutterand
pushHt-ontostack

arc

jobj(book, me)

nmod(flight, morning)



stack

flight

the
book

action

LeftArc(label): assert relation
between head at stackj

( ) and dependent at
stackz (the). remove stacke

(the)

RightArc(label): assert
relation between head at
stackz (the) and dependent
at stackj ( ); remove
stack ( )

trontotHrputbutterand
pushHt-ontostack

arc

jobj(book, me)

nmod(flight, morning)

det(flight, the)



stack

flight

book

action

LeftArc(label): assert relation
between head at stackj

( ) and dependent at
stacks ( ). remove stacko

(book)

RightArc(label): assert
relation between head at
stacko ( ) and
dependent at stack; ( );
remove stacki ( )

trontotHrputbutterand
pushHt-ontostack

arc

jobj(book, me)
nmod(flight, morning)
det(flight, the)

obj(book, flight)



This is our parse

stack action arc

LeftArc(label); assert relation iobj(book, me)

between head at stackj nmod(flight, morning)
(book) and dependent at

stackz (@). remove stacks (@) |
det(flight, the)

= RightArc(label): assert
relation between head at obj(book, flight)
stacks (@) and dependent at
book stacky (book); remove stacks root(a, book)
(book)

Z ShiftRemeoeve-wordHrom
trontotHrputbutterand
pushtente-stack



This is our parse

arc

jobj(book, me)

obj)
( \ nmod(flight, morning)
det
iobj) [ nmod% det(flight, the)
[ [ ¢
Book me the morning flight obj(book, flight)

root(@, book)



Let’s go back to this earlier

the morning ftlight

configuration

stack action arc

LeftArc(label): assert relation
between head at stacks (me)
and dependent at stacko

(book). remove stacky (hook)

me RightArc(label): assert
relation between head at
stacks (book) and

book dependent at stacks (me);
remove stacki (me)

Shift: Remove word from
front of input buffer (the) and
push it onto stack



-
C
9

Output space Y =

NIS 1S a multl class
assification problem:
iven the current

configuration — i.e., the
elements In the stack,
the words Iin the bufter,
and the arcs created so

far, what'’s the best
transition?”

Shift

LeftArc(

RightArc(

LeftArc(

RightArc(

LeftArc(

RightArc(

)

)

)

)

)

)




Features are scoped over the stack,

buffer, and arcs created so far

stack

me
book

buffer

the morning ftlight

arc

feature

example

stacki = me

1

stacks = book

stacks POS = PRP

buffers = the

buffer> = morning

buffer; = today

buffers POS = RB

stacks = me AND
stackos = book

stackys = PRP AND
stacks = VB

lobj(book,*) in arcs




Use any multiclass classification
model

Logistic regression
SVM

« NB

Neural network

feature example B
stacks = me 1 0.7
stacks =
1 1.3
book
stacks POS =
1 4
PRP 8
buffers = the 1 -1.3
bUﬁerZ — 1 _O 07
morning |
today
buffers POS =
0 2.1
RB
stackis = me ] 0
AND stacko =
stacks = PRP : 01
AND stacks = |
iobj(book, ™) 0 3.0

iNn arcs




Training

We're training to predict the parser action

given the featurized configuration

Configuration features Label

<stack1 = me, 1>, <stack?2 = book, 1>, <stack1 POS = PRP,

1>, <buffer1 = the, 1>, Shift
<stackl = me, 0>, <stack2 = book, 0>, <stack1 POS = PRP, .

0>, <buffer1 = the, 0>, RightArc(det)
RSy s e ety [en e e RS e RightArc(nsubj)

0>, <buffer1 = the, 0>,




Neural Shift-Reduce Parsing

* We can train a neural shift-reduce parser by just
changing how we:

* represent the configuration

* predict the label from that representation

* Otherwise training and prediction remains the
same.



Neural Shift-Reduce Parsing

Softmax layer:
p = softmax(Wsh) [. @ . @ .]

Hidden layer: [ _ J
h= WPz + Wizt + Wiz + by)3 ; s A

————————————————————————————

--------------------------------

wofds POS. tags arc labels
Stack Buffer
Configuration ROOT has_VBZ good_JJ control NN ...
- nsubj
He PRP

Chen and Manning (2014), “A Fast and Accurate Dependency Parser using Neural Networks”



Neural Shift-Reduce Parsing

Representation for

configuration:

0000
Embeddings for words/POS :
tags on top of stack [ (=S ]
Embeddings for words/POS I e . . Bl SN
tags at front of buffer [ ______ Sy ' //////// //////// \\\\\\\J

Embeddings for existing arc

labels at specific positions words POS’tags are labels
P P Stack Buffer
Classifier: ROOT has_VBZ good_JJ control NN ...
nsubj
e Feed-forward neural network He PRP

(input representation has a
fixed dimensionality)

Chen and Manning (2014), “A Fast and Accurate Dependency Parser using Neural Networks”



Training data

. d "
(root} = ‘\]
s dObj \\ e nmod \\\ - @ \\
{ 4@\ / ~det}~, \ Acase / Aady |~ \
/ \\v w/ \l/ J( \L \Z \l/ / \

JetBlue canceled our flight this moming which was already late

Our training data comes from treebanks
(native dependency syntax or converted to
dependency trees).



Oracle

* An algorithm for converting a gold-standard
a transition-
based parser should follow to yield the tree.

dependency tree into

(o) \ Configuration Label
(oot — \
) o o . <stack1 = me, 1>, Shift
| i \ case \ [ ¥ .
rEm | @y @y @y e <stack1 = me, 0>, RightArc(det)
JetBlue canceled our flight this morning which was already late .
<stack1 =me, 0>, RightArc(nsu




This is our parse

arc

jobj(book, me)

obj)
( \ nmod(flight, morning)
det
iobj) [ nmod% det(flight, the)
[ [ ¢
Book me the morning flight obj(book, flight)

root(@, book)



stack

@ book me the morning flight

action

gold tree

jobj(book, me)

nmod(flight, morning)
det(flight, the)
obj(book, flight)

root(@, book)



stack

@ book me the morning flight

action

Choose LeftArc(label) if
exists in
gold tree. Remove stacko.

Else choose RightArc(label)

if exists
In gold tree and all arcs
have been

generated. Remove stackj

Else shift: Remove word
from front of input buffer and
push it onto stack

gold tree

jobj(book, me)

nmod(flight, morning)
det(flight, the)
obj(book, flight)

root(@, book)



root(@, book) exists but book

has dependents in gold tree!

stack

action

Choose LeftArc(label) if
label(stacks stacks) exists in
gold tree. Remove stacko.

Else choose RightArc(label)
If label(stacks stacky) exists
In gold tree and all arcs
label(stacky, *). have been
generated. Remove stackj

Else shift: Remove word
from front of input buffer and
push it onto stack

me the morning flight

gold tree

jobj(book, me)

nmod(flight, morning)
det(flight, the)
obj(book, flight)

root(@, book)



lobj(book, me) exists and me

has no dependents in gold tree

stack

book

action

Choose LeftArc(label) if
label(stacks stacks) exists in
gold tree. Remove stacko.

Else choose RightArc(label)
If label(stacks stacky) exists
In gold tree and all arcs
label(stacky, *). have been
generated. Remove stackj

Else shift: Remove word
from front of input buffer and
push it onto stack

me the morning flight

gold tree

jobj(book, me)

nmod(flight, morning)
det(flight, the)
obj(book, flight)

root(@, book)



stack

me

book

the morning ftlight

action

Choose LeftArc(label) if
exists in
gold tree. Remove stacko.

Else choose RightArc(label)

if exists
In gold tree and all arcs
have been

generated. Remove stackj

Else shift: Remove word
from front of input buffer and
push it onto stack

gold tree

jobj(book, me)

nmod(flight, morning)
det(flight, the)
obj(book, flight)

root(@, book)



morning flight

stack action gold tree

Choose LeftArc(label) if i0bj(book, me)

exists in

d(flight '
gold tree. Remove stacko. nmod(flight, morning)

Else choose RightArc(label) det(flight, the)
the if exists
In gold tree and all arcs obj(book, flight)
have been
Dook generated. Remove stacks

root(a, book)

Else shift: Remove word
% from front of input buffer and
push it onto stack



stack

morning
the
book

%)

action

Choose LeftArc(label) if
exists in
gold tree. Remove stacko.

Else choose RightArc(label)

if exists
In gold tree and all arcs
have been

generated. Remove stackj

Else shift: Remove word
from front of input buffer and
push it onto stack

flight

gold tree

jobj(book, me)

nmod(flight, morning)
det(flight, the)
obj(book, flight)

root(@, book)



nmod(flight,morning)

stack

flight
morning
the
book

%)

action

Choose LeftArc(label) if
label(stacks stacks) exists in
gold tree. Remove stacko.

Else choose RightArc(label)
If label(stacks stacky) exists
In gold tree and all arcs
label(stacky, *). have been
generated. Remove stackj

Else shift: Remove word
from front of input buffer and
push it onto stack

gold tree

jobj(book, me)

nmod(flight, morning)

det(flight, the)
obj(book, flight)

root(@, book)



det(flight,the)

stack

flight

the
book

action

Choose LeftArc(label) if
label(stacks stacks) exists in
gold tree. Remove stacko.

Else choose RightArc(label)
If label(stacks stacky) exists
In gold tree and all arcs
label(stacky, *). have been
generated. Remove stackj

Else shift: Remove word
from front of input buffer and
push it onto stack

gold tree

jobj(book, me)

nmod(flight, morning)

det(flight, the)
obj(book, flight)

root(@, book)



obj(book,flight)

stack

flight

book

action

Choose LeftArc(label) if
label(stacks stacks) exists in
gold tree. Remove stacko.

Else choose RightArc(label)
If label(stacks stacky) exists
In gold tree and all arcs
label(stacky, *). have been
generated. Remove stackj

Else shift: Remove word
from front of input buffer and
push it onto stack

gold tree

jobj(book, me)

nmod(flight, morning)

det(flight, the)
obj(book, flight)

root(@, book)



root(@, book) and book has no

more dependents we haven't
seen

stack action gold tree

Choose LeftArc(label) if iobj(book, me)

label(stacks stacks) exists in

v d(flight, n
gold tree. Remove stacko. nmod(flight, morning)

Else choose RightArc(label) det(flight, the)
If label(stacks, stackq) exists

in gold tree and all arcs obj(book, flight)
label(stacky, *). have been

book generated. Remove stackj root(@, book)

Else shift: Remove word
% from front of input buffer and
push it onto stack



With only @ left on the stack and nothing

in the buffer, we’re done

stack action gold tree

Choose LeftArc(label) if iobj(book, me)

label(stacks stacks) exists in

v d(flight, n
gold tree. Remove stacko. nmod(flight, morning)

Else choose RightArc(label) det(flight, the)
If label(stacks stacky) exists

in gold tree and all arcs obj(book, flight)
label(stacky, *). have been

generated. Remove stackj root(®, book)

Else shift: Remove word
% from front of input buffer and
push it onto stack



Book

iobj

me

obj

det

the

nmod

morning

H

flight

Shift
Shift
Shift
RightArc(iobj)
Shift
Shift
Shift
LeftArc(nmod)
LeftArc(det)
RightArc(obj)

RightArc(root)




Projectivity

acl:relcl \

- =

| saw a man today who 1S tall

* What happens it you run an oracle on a sentence
with a non-projective parse tree”



Graph-based parsing

* For a given sentence S, we want to find the
highest-scoring tree among all possible trees for
that sentence Gs

A

1 = t
(S) = arg:?élgicscore( S)

 Edge-factored scoring: the total score of a tree is
the sum of the scores for all of its edges (arcs):

Score t S E Score

ect



acl:relcl \

nmod
obj nsubj
ﬁ nsubj \ [—{ det }—\ f [—4 cop
v

| saw a man today who 1S tall

Edge-factored features head: = man ’

 Word form of head/dependent headpos = NN 1
e POS tag of head/dependent

* Distributed representation of h/d distance 4
* Distance between h/d e

« POS tags between h/d Chle;g:os - Nal\r; 1
* Head to left of dependent?

childpos = NN and
headpos — JJ




r A

nmod
F_ A ——
nsubj det cop

\ ﬁ F\ v ﬁ '

saw a man today who 1S tall
F

score(e) = Z x; i

1=1

Feature value | earned coefficient for that

feature




ﬁ nsubj

( obj

ﬁ J

V[
Saw a
F

nmod \

det

acl:relcl \

nsubj
'f [—{ cop
v

A ,L
man today who 1S tall
X B
head: = 1 3.7
man
head: = 1 13
man
distance 4 0.7
Childpos =
JJ and 1 0.3
Childpos =
NN and L 2ol




nsubj

acl:relcl

nmod
(ﬁ obj
[N
Saw a man

\

-

today who

_—

nsubj

~

r

1S

cop

‘
tall



MST Parsing

 \We start out 0' a
with a fully

connected ‘ .

graph with a

score for each

edge @ \ // tall
* N2 edges total ‘“ 3

IS

(Assume one edge connects each node as dependent and node as head, N2 total)



MST Parsing

* From this graph G, we want to
find a (tree that

spans G [includes all the
vertices in GJ)

e |f the edges have weights, the

best parse is the

(the spanning
tree with the highest total
weight).




MST Parsing

* o find the MST of any graph,
we can use the Chu-Liu-
Edmonds algorithm in O(n3)
time.

e More efficient Gabow et al.
find the MST in O(n2+n log n)



_earning

A

T(S) = arg max score(t, S)

tegs
& is our feature both are vectors
vector scoped
over the source

dependent, target T(S) — arg max Z P(e, x)—rﬁ

head and entire teGs

sentence x ec
i 2T
T(S) = a
)=t [ ot




_earning

A

T(S) = t,S
(S) arggrelgicscore(, )

e (Given this formulation, we want to learn weights for 3 that
make the score for the gold tree higher than tor all other

possible trees.

e That's expensive, so let’s just try to make the score for the
gold tree higher than we predict (if it's
wrong)



_earning

LT

Z §b €, ZE 6 — (I)gold(EazE)Tﬁ

score for gold tree in treebank

T

Z ¢(€7 Cl?) 5 — (i)gold(Ea I)Tﬁ

_eEE’

score for argmax tree in our model



_earning

* We can optimize this using SGD by taking the
derivative with respect to the difference in scores.

e\ A

(I)gald(Ev x)—rﬁ T (I)pred(Ea m)Tﬁ

= {(I)gold(Ea T) — (i)pred(Ea x)} : 5

0 . 5 ; :
% [(I)gold(E7 Q’J) o (I)p’red(Ev aj)} 5 — (IDQOZd(E7 QIL') o (I)Pred(E’ 'CE)



Structured Perceptron

Algorithm 1 Structured perceptron Create feature vector from
true tree

1: function PERCEPTRONUPDATE(z, &, 3)
2 gotd(E ) < createFeatures(x, E) Use CLU to find best tree
3 <I>p,.ed(E ) + createFeatures(x, E) given scores from current B
4: E « CLU(x, 8)
)
6

B B+ Qyo(B,x) — ci)pred(E',x) Update B with the difference

between the feature vectors

. end function




