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Dependency Structure

» Syntactic structure consists of:
— Lexical items |
— Binary asymmetric relations ->dependencies

submi t ted (T

nSUbJpaSS Arrow from head to
modifier (but can
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" Modifier (dependent,
B 1 l l S inferior, subordinate)
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Abstract

The strongly typed syntax of grammar for-
malisms such as CCG, TAG, LFG and HPSG
offers a synchronous framework for deriving
syntactic structures and semantic logical forms,
In contrast—partly due to the lack of a strong
type system—dependency structures are casy
to annotate and have become a widely used
form of syntactic analysis for many languages,
However, the lack of a type system makes a
formal mechanism for deriving logical forms
from dependency structures challenging. We
address this by introducing a robust system
based on the lambda calculus for deriving neo-
Davidsonian logical forms from dependency
trees. These logical forms are then used for
semantic parsing of natural language to Free-
base. Experiments on the Free917 and Web-
Questions datasets show that our representation
is superior to the original dependency trees and
that it outperforms a CCG-based representa-
tion on this task. Compared to prior work, we
obtain the strongest result to date on Free917
and competitive results on WebQuestions.

1 Introduction

Semantic parsers map sentences onto logical forms
that can be used to query databases (Zettlemoyer and
Collins, 2005; Wong and Mooney, 2006), instruct
robots (Chen and Mooney, 201 1), extract information
(Krishnamurthy and Mitchell, 2012), or describe vi-
sual scenes (Matuszek et al., 2012). Current systems
accomplish this by learning task-specific grammars
(Berant et al., 2013), by using strongly-typed CCG
grammars (Reddy et al., 2014), or by eschewing the
use of a grammar entirely (Yih et al., 2015).

“Work carried out during an internship at Google.
®On leave from Columbia University,
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Disney  acquired  Pixar
NNP Vi NNP

(a) The dependency tree for Disney acquired Pixar,

‘ (nsubj (dobj nequired Pixar) Disney)

(b) The s-expression for the dependency tree.

Az 'JMZ.'il(‘(;lii!'l.‘(.l(;rr)V\ l)lmn_u_-y_@ A &m@)} Z"

A nﬂ!ﬂ'}r, lfa) A\ nrgy (}l‘v Za)
(¢c) The ;.-mnmscd lambda-calculus expression,

Figure 1: The dependency tree is binarized into its
g-expression, which is then composed into the lambda
expression representing the sentence logical form,

In recent years, there have been significant ad-
vances in developing fast and accurate dependency
parsers for many languages (McDonald et al., 2005;
Nivre et al., 2007; Martins et al,, 2013, inter alia).
Motivated by the desire to carry these advances over
to semantic parsing tasks, we present a robust method
for mapping dependency trees to logical forms that
represent underlying predicate-argument structures.'
We empirically validate the utility of these logical
forms for question answering from databases, Since
our approach uses dependency trees as input, we hy-
pothesize that it will generalize better to domains that
are well covered by dependency parsers than methods
that induce semantic grammars from scratch,

The system that maps a dependency tree to its log-
ical form (henceforth DEPLAMBDA) is illustrated
in Figure 1. First, the dependency tree is binarized
via an obliqueness hierarchy to give an s-expression
that describes the application of functions to pairs

"By “robust”, we refer to the ability to gracefully handle
parse errors as well as the untyped nature of dependency syntax,
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Fig. 1: Our end-to-end relation extraction

lations between entities on top of these RNNs. Fig. 1
illustrates the overview of the model. The model
mainly consists of three representation layers: a
word embeddings layer, a word sequence based
LSTM-RNN layer, and finally a dependency subtree
based LSTM-RNN layer.

3.1 Embedding Layer

The embedding layer handles word embedding rep-
resentations. n,,, np, ng and n.-dimensional vectors
v(®) 2P) 4(9) and v(¢) are embedded to words, part-
of-speech (POS) tags, dependency types, and entity
labels, respectively.

3.2 Sequence Layer

The sequence layer represents words in a linear se-
quence using the representations from the embed-
ding layer. This layer represents sentential con-
text information and maintains entities, as shown in
bottom-left part of Fig. 1.

We employ bidirectional LSTM-RNNs (Zaremba
and Sutskever, 2014) to represent the word sequence
in a sentence. The LSTM unit at ¢-th word consists
of a collection of d-dimensional vectors : an input
gate i, a forget gate f;, an output gate o;, 2 memory
cell ¢;, and a hidden state h;. The unit receives an
n-dimensional input vector z;, the previous hidden
state h¢—_1, and the memory cell ¢;_;, and calculates
the new vectors using the following equations:

i = o (W2 + Uy +60), ()
h =0 (W(f)a:t +UDp,_, + b(f)) ,

o (WOze + UOhy_y +59),

Ot —
u = tanh(W®z, + U™k, +5™),
¢ = WOu+ fiOe1,

hy = o®tanh(c),

where o denotes the logistic function, © denotes
element-wise multiplication, W and U are weight
matrices, and b are bias vectors. The LSTM unit at £-
th word receives the concatenation of word and POS
embeddings as its input vector: ; = [vt('"):v,(p )].
We also concatenate the hidden state vectors of the
two directions’ LSI)M units corresponding to each
word (denoted as h; and E) as its output vector,
St = [71_:, EJ, and pass it to the subsequent layers.

3.3 Entity Detection

We treat entity detection as a sequence labeling task.
We assign an entity tag to each word using a com-
monly used encoding scheme BILOU (Begin, In-
side, Last, Outside, Unit) (Ratinov and Roth, 2009),
where each entity tag represents the entity type and
the position of a word in the entity. For example,
in Fig. 1, we assign B-PER and L-PER (which de-
note the beginning and last words of a person entity
type, respectively) to each word in Sidney Yates to
represent this phrase as a PER (person) entity type.
We realize entity detection on the top of the se-
quence layer. We employ a two-layered NN with
an h.-dimensional hidden layer h'¢) and a softmax







Methods for Dependency Parsing

Dynamic programming CKY-
— Similar to lexicalized PCFG:
— Eisner (1996): O(n3)

Graph algonthms

— McDonald et al. (2005): score edges independently using classifier
and use maximum spanningtree

Constraint satisfaction
— Start with all edges, eliminate based on hard constraints

“Deterministic parsing”
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Making Decisions

What are the sources of information for dependency parsing?
1. Bilexical affinities

— [issues 2 the]is plausible
2. Dependency distance

— mostly with nearby words
3. Intervening material

— Dependencies rarely span intervening verbs or punctuation
4. Valency of heads

— How many dependents on which side are usual for a head?

ROOT Discussion of the outstanding issues was completed



MaltParse (Nivre et al. 2008)

Greedy transition-based parser

Each decision: how to attach each word as we
encounter it

— If you are familiar: like shift-reduce parser 2.
. . e .o-rki-———\g lf7L7
Select each action with a classifier ﬂp% @mﬂ
P

The parser has: f
— a stack o, written with the top to the right — |
» which starts with the ROOT symbol i )

— a buffer B, written with the top to the left -
« which starts with the input sentence ﬂ“’)

— a set of dependency arcs A

« whic empty A = 352
- setof actons |
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Arc- standard Dependency Parsing

«{fe

3(0\) / \er yfcaq €J

Start: G = [ROOT], B =ws, ..., ws, A= o
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Arc-standard Dependency Parsing

Start: 0 =[ROOT],B=wy, ..., W, ,A=02

e Shift o, wilB, A -2 olw;, B, A

« Left-Arc, olw;, wilB, A = o, wi|B, AU {r(w;,w;)} ¥ "\
- Right-Arc,  o|w;, wi|B, A >0, wj|B, AU {r(w;,wj)} /

Finish: B =
st B =2 e\ Y2

ROOT Joe likes Marry

[ROOT] [Joe, likes, marry] 2
Shift [ROOT, Joe] [likes, marry] @
Left-Arc [ROOT] [likes, marry] {(likes,Joe)} = A,
Shift [ROQT, likes] [marry] A,
Right-Arc [ROQOT] [likes] A; U {(likes,Marry)} = A,
Right-Arc ] [ROOT] A, U {(ROOT, likes)} = A
Shift [ROOT] (] As




Arc-standard Dependency Parsing

Start: o =[ROOT],B=wyq, ..., W, ,A=2

« Shift o, wilB, A - olw;, B, A

o Left-Arc, olw;, wi|B, A >0, wj|B, AU {r(w;w)} ¥ X\
. Right-Arc,  ojw;, w|B, A > g, w|B, AU{r(w;,w))} /
Finish: B =2

//\\mm

ROOT Happy children like to play with their friends .




Arc-standard Dependency Parsing

Start: 0 =[ROOT],B=wy, ..., W, ,A=02

o Shift o, wilB3, A -2 olw;, B, A

« Left-Arc, olw;, wilB, A > 0, wj|B, AU {r(w;,w))} ¥ ™\
» Right-Arc,  ow;, w|B, A > o, w|B, AU{r(w,w)} /
Finish: B =9

ROQOT Happy children like [to play with their friends .
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Arc-eager Dependency Parsing

Start: o =[ROOT],B=wy, ..., W, , A=02

o Left-Arc, olw;, wi|B, A = o, wj|B, AU{r(w,w)} ¥
— Precondition: r’(wy, w;) € A, w; # ROOT

 Right-Arc,  olw;, wi|B, A = alwi|lw;, B, AU{r(w;,w))}/

 Reduce ow,B,A =208 A
— Precondition: r'(wy, w;,) € A

« Shift o, wWi|B,A >aw,B A

Finish: B=2

This is the common “arc-eager” variant: a head can
immediately take a right dependent, before its
dependents are found



1. Left-Arc, o|w, wjB, A= o, w|B, AU{n(w,w)}
Precondition: r{w,, w) & A, w; = ROOT

A rc-eaqer . Right-Arc, ofwi, wjB, A > olwjw; B, AU{r(w,w)}
g 3. Reduce o|w,B A=2>0,B A
Precondition: r{w,, w) € A
4.  Shift o, wiB, A= olw, B, A

S~

[N
ROGT Hapoy ohildren ke 1o pity with théir fisnds.

N



%"‘1 Left-Arc,

Reduce

Arc-eager

k'#

Shift

//\\m‘/r\\

olw, wiB, A o, wjB, AU{r(w;w)}
Precondition: r{w,, w) ¢ A, w; # ROOT

Right-Arc, o|wi, wjB, A =& o|w]w; B, AU{(w,w)}

olw,B,A=>0,B A
Precondition: r{iw,, w) € A
o, wiB, A= olw, B, A

ROOT Happy children like to play with their friends .

[ROOT] [Happy, children, ...

Shift [ROQOT, Happy] [children, like, ...]
LA, o [ROOT] [children, like, ...]
Shift [ROQOT, children] [like, to, ...]

LA suny  [ROOT] [like, to, ...]

RA,..; [ROOT, like] [to, play, ...]

Shift [ROOT, like, to]  [play, with, ...]
LA, [ROOT, like] [play, with, ...]
RA,comp [ROOT, like, play] [with their, ...]

] @

%]

{amod(children, happy)} = A,
A,

A, U {nsubj(like, children)} = A,
Ao U{root(ROOT, like) = A,

Ag

Az U{aux(play, to) = A,
A,U{xcomp(like, play) = Ag



Arg-eager i

S

Left-Arc,  o|w;, wiB, A= o, wiB, AU{r(w,w)}
Precondition: r{w,, w) ¢ A, w; = ROOT
Right-Arc, o|wi, wB, A 2 o|wjw, B, AU {r(w;w)}
Reduce o|w,B, A=0,B A
Precondition: r{w,, w) € A
Shift o, wiB, A = o|w; B, A

N
ROQOT Happy children like to p/aﬁith thél(r}ends .

I:q'o‘xcomp
RA ep
Shift
I—-Aposs
RApobj
Reduce
Reduce
Reduce
RApunc

[ROQT, like, play]

[ROQT, like, play, with]
[ROOT, like, play, with, their]
[ROQT, like, play, with]
[ROQOT, like, play, with, friends]
[ROOT, like, play, with]
[ROQOT, like, play]

[ROOT, like]

[ROQOT, like, .]

[with their, ...] A, U {xcomp(like, play) = As
[their, friends, ...] As U{prep(play, with) = A4
[friends, .] Ag

[friends, .] Ag U {poss(friends, their) = A,
[] A; U {pobj(with, friends) = Ag
[] Ag

[] Ag

[] Ag

] Ag U {punc(like, .) = Aq

You terminate as soon as the buffer is empty. Dependencies = Ag



MaltParser (Nivre et al. 2008)

Selecting the next action:

— Discriminative classifier (SVM, MaxEnt, etc.)
— Untyped choices: 4

— Typed choices: |R|* 2 + 2

Features: POS tags, word in stack, word in
buffer, etc.

Greedy = no search
— But can easily do beam search

Close to state of the art
Linear time parser - very fast!



Evaluation

Acc = # correct deps

# of deps
//\///x UAS= 4/5 = 80%

ROOT She saw the video lecture | LAS = 2/5 = 40%

0 1 2 3 4 5 o
Gold Parsed
1 2 She NSubj 1 2 She nsSubj
2 0 saw root 2 0 saw root
3 5 the det 3 4 the det
4 5 video nn 4 5 video  nsubj
5 2 lecture dobj 5 2 lecture ccomp




Projectivity

« Dependencies from CFG trees with head rules must
be projective
— Crossing arcs are not allowed

« But: theory allows to account for displaced
constituents = non-projective structures

N\ A~
Who did/Bl'I/\l\ouy thé/caffee from yesterday ?




Projectivity

* Dependencies from CFG trees with head rules must
be projective
— Crossing arcs are not allowed

* But: theory allows to account for displaced
constituents = non-projective structures

ZPNN
Who did Bl'm)uy the/c}fee from yesterday ?



Projectivity

* Arc-eager transition system:
— Can’t handle non-projectivity

« Possible directions:
— Give up!
— Post-processing
— Add new transition types

— Switch to a different algorithm
» Graph-based parsers (e.g., MSTParser)



