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Making computers perform useful and intelligent tasks 
involving natural language

End-to-end applications:
• Machine translation

• Virtual assistants

Component technologies:
• Word sense disambiguation

• Co-reference resolution

bank?

“Carter told Mubarak he shouldn’t run again.”
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DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

una dies omnis potuit praecurrere amantis
NUM NOUN ADJ AUX VERB NOUN

Case=Nom Case=Nom Case=? Case=Acc
Gender=Fem Gender=Fem Gender=? Gender=Masc
Number=Sing Number=Sing Number=? Number=Sing

nummod

nsubj

?

?

aux obj

1



Syntactic Parsing

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

Figure 1: Simplified UD annotation for equivalent sentences from English (top) and Finnish (bottom).

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

una dies omnis potuit praecurrere amantis
NUM NOUN ADJ AUX VERB NOUN

Case=Nom Case=Nom Case=? Case=Acc
Gender=Fem Gender=Fem Gender=? Gender=Masc
Number=Sing Number=Sing Number=? Number=Sing

nummod

nsubj

?

?

aux obj

1

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

Figure 1: Simplified UD annotation for equivalent sentences from English (top) and Finnish (bottom).

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

una dies omnis potuit praecurrere amantis
NUM NOUN ADJ AUX VERB NOUN

Case=Nom Case=Nom Case=? Case=Acc
Gender=Fem Gender=Fem Gender=? Gender=Masc
Number=Sing Number=Sing Number=? Number=Sing

nummod

nsubj

?

?

aux obj

1



Syntactic Parsing

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

Figure 1: Simplified UD annotation for equivalent sentences from English (top) and Finnish (bottom).

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

una dies omnis potuit praecurrere amantis
NUM NOUN ADJ AUX VERB NOUN

Case=Nom Case=Nom Case=? Case=Acc
Gender=Fem Gender=Fem Gender=? Gender=Masc
Number=Sing Number=Sing Number=? Number=Sing

nummod

nsubj

?

?

aux obj

1

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

Figure 1: Simplified UD annotation for equivalent sentences from English (top) and Finnish (bottom).

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

DET NOUN VERB DET NOUN ADP DET NOUN
the dog chased the cat from the room

Case=Nom Case=Acc Case=Ela
NOUN VERB NOUN NOUN
koira jahtasi kissan huoneesta

det nsubj

nsubj

det

obj

obj

det

case

obl

obl

una dies omnis potuit praecurrere amantis
NUM NOUN ADJ AUX VERB NOUN

Case=Nom Case=Nom Case=? Case=Acc
Gender=Fem Gender=Fem Gender=? Gender=Masc
Number=Sing Number=Sing Number=? Number=Sing

nummod

nsubj

?

?

aux obj

1

• Component technology – not end-to-end application

• Structured prediction task – exponential output space
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Languages described by formal systems
• Inventory of elementary units (lexicon)

• Rules for combining units (grammar)

Created by linguists in a theoretical framework
• Linguistic levels: morphology, syntax, semantics

• Generate all and only well-formed expressions

Combined with algorithms for analysis/synthesis

NLP in the 1980s
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Coverage
• Hard to build a complete description of a language

• Languages are constantly changing

Robustness
• Language use is not always well-formed

• Made worse by lack of coverage

Ambiguity
• Natural language grammars inherently ambiguous

• Combinatorial explosion from interacting rules and levels

• Practical applications require disambiguation

Issues
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Probabilistic models of language
• Generative models of P(X, Y)

Parameters estimated from (annotated) data
• Maximum-likelihood estimation

• Smoothing to cope with sparse data

Inference algorithms for analysis:
• Exact argmax search using dynamic programming

NLP in the 1990s
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Ambiguity
• Disambiguation through probability ranking

• Learning from data more effective than heuristics

Robustness
• Probability ranking allows constraint relaxation

• No sharp line between well-formed and deviant

How does this help?
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Emphasis on robust large-scale processing

Quantitative evaluation
• Naturally occurring test data

• Exact numerical metrics

Data-driven development
• Naturally occurring training data

• Models induced using statistical inference

A New Paradigm
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Statistical models of the (early) 1990s:
• Generative models of P(X, Y)

• Maximum likelihood estimation (with smoothing)

• No advanced learning algorithms – just counting

Main problem:
• Rigid independence assumptions (local context)

• Required for effective learning and efficient inference

Limitations
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Conditional or discriminative models
• Conditional models of P(Y|X)

• Linear models for prediction X → Y

Parameters estimated from (annotated) data
• Learning as numerical optimization

• Regularisation to prevent overfitting

Inference algorithms for analysis:
• Exact argmax search not always possible

• Heuristic methods like beam search and reranking

NLP in the 2000s
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Sparse discrete features
• Most features are binarized symbolic features (1-hot)

• Feature vectors get extremely high-dimensional but sparse

Feature engineering
• Linear models require complex hand-crafted features

• Features have to be selected in trial-and-error experiments

Rigid locality 
• Features are mostly local and restricted to fixed windows

Limitations
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Figure 2: Illustration of the neural model scheme of the graph-based parser when calculating the score of a given parse
tree. The parse tree is depicted below the sentence. Each dependency arc in the sentence is scored using an MLP that
is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)

= argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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Abstract

We present a simple and effective scheme
for dependency parsing which is based on
bidirectional-LSTMs (BiLSTMs). Each sen-
tence token is associated with a BiLSTM vec-
tor representing the token in its sentential con-
text, and feature vectors are constructed by
concatenating a few BiLSTM vectors. The
BiLSTM is trained jointly with the parser ob-
jective, resulting in very effective feature ex-
tractors for parsing. We demonstrate the ef-
fectiveness of the approach by applying it to
a greedy transition-based parser as well as to
a globally optimized graph-based parser. The
resulting parsers have very simple architec-
tures, and match or surpass the state-of-the-art
accuracies on English and Chinese.

1 Introduction
The focus of this paper is on feature represen-
tation for dependency parsing, using recent tech-
niques from the neural-networks (“deep learning”)
literature. Modern approaches to dependency pars-
ing can be broadly categorized into graph-based
and transition-based parsers (Kübler et al., 2009).
Graph-based parsers (McDonald, 2006) treat pars-
ing as a search-based structured prediction prob-
lem in which the goal is learning a scoring func-
tion over dependency trees such that the correct tree
is scored above all other trees. Transition-based
parsers (Nivre, 2004; Nivre, 2008) treat parsing as
a sequence of actions that produce a parse tree, and
a classifier is trained to score the possible actions at
each stage of the process and guide the parsing pro-
cess. Perhaps the simplest graph-based parsers are

arc-factored (first order) models (McDonald, 2006),
in which the scoring function for a tree decomposes
over the individual arcs of the tree. More elaborate
models look at larger (overlapping) parts, requiring
more sophisticated inference and training algorithms
(Martins et al., 2009; Koo and Collins, 2010). The
basic transition-based parsers work in a greedy man-
ner, performing a series of locally-optimal decisions,
and boast very fast parsing speeds. More advanced
transition-based parsers introduce some search into
the process using a beam (Zhang and Clark, 2008)
or dynamic programming (Huang and Sagae, 2010).

Regardless of the details of the parsing frame-
work being used, a crucial step in parser design is
choosing the right feature function for the underly-
ing statistical model. Recent work (see Section 2.2
for an overview) attempt to alleviate parts of the fea-
ture function design problem by moving from lin-
ear to non-linear models, enabling the modeler to
focus on a small set of “core” features and leav-
ing it up to the machine-learning machinery to come
up with good feature combinations (Chen and Man-
ning, 2014; Pei et al., 2015; Lei et al., 2014; Taub-
Tabib et al., 2015). However, the need to carefully
define a set of core features remains. For exam-
ple, the work of Chen and Manning (2014) uses 18
different elements in its feature function, while the
work of Pei et al. (2015) uses 21 different elements.
Other works, notably Dyer et al. (2015) and Le and
Zuidema (2014), propose more sophisticated feature
representations, in which the feature engineering is
replaced with architecture engineering.

In this work, we suggest an approach which is
much simpler in terms of both feature engineering
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Figure 2: Illustration of the neural model scheme of the graph-based parser when calculating the score of a given parse
tree. The parse tree is depicted below the sentence. Each dependency arc in the sentence is scored using an MLP that
is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)

= argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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tree. The parse tree is depicted below the sentence. Each dependency arc in the sentence is scored using an MLP that
is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)
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score
�
�(s, h,m)
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= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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pendency trees over s. In order to make the search
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sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
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decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)
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Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
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pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
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Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:
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Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):
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Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:
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The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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Figure 2: Illustration of the neural model scheme of the graph-based parser when calculating the score of a given parse
tree. The parse tree is depicted below the sentence. Each dependency arc in the sentence is scored using an MLP that
is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)

= argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
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scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)
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(h,m)2y
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Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:
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The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W
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, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)

= argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)

= argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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Figure 2: Illustration of the neural model scheme of the graph-based parser when calculating the score of a given parse
tree. The parse tree is depicted below the sentence. Each dependency arc in the sentence is scored using an MLP that
is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)

= argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)

= argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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Figure 2: Illustration of the neural model scheme of the graph-based parser when calculating the score of a given parse
tree. The parse tree is depicted below the sentence. Each dependency arc in the sentence is scored using an MLP that
is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)

= argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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Figure 2: Illustration of the neural model scheme of the graph-based parser when calculating the score of a given parse
tree. The parse tree is depicted below the sentence. Each dependency arc in the sentence is scored using an MLP that
is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)
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(h,m)2y
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Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
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The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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Embeddings

BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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Embeddings

BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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Embeddings

BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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Embeddings

BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W
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2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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Embeddings

BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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• Embeddings inherently more expressive

• Can capture similarities between items (sparsity)

• Can be pre-trained on large unlabeled corpora (OOV)

• Can be learned/tuned specifically for the task at hand
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POS Embeddings

Motivation | Model | Experiments | Analysis (van der Maaten and Hinton 2008)

BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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POS Embeddings

Motivation | Model | Experiments | Analysis (van der Maaten and Hinton 2008)

Verbs

BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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POS Embeddings

Motivation | Model | Experiments | Analysis (van der Maaten and Hinton 2008)

Verbs

Nouns

BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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POS Embeddings

Motivation | Model | Experiments | Analysis (van der Maaten and Hinton 2008)

Verbs

Nouns

Punctuation

BiRNNs in this way has been empirically shown to
be effective (Irsoy and Cardie, 2014). In this work,
we use BiRNNs and deep-BiRNNs interchangeably,
specifying the number of layers when needed.

Historical Notes RNNs were introduced by El-
man (1990), and extended to BiRNNs by Schus-
ter and Paliwal (1997). The LSTM variant of
RNNs is due to Hochreiter and Schmidhuber (1997).
BiLSTMs were recently popularized by Graves
(2008), and deep BiRNNs were introduced to NLP
by Irsoy and Cardie (2014), who used them for se-
quence tagging. In the context of parsing, Lewis et
al. (2016) and Vaswani et al. (2016) use a BiLSTM
sequence tagging model to assign a CCG supertag
for each token in the sentence. Lewis et al. (2016)
feeds the resulting supertags sequence into an A*
CCG parser. Vaswani et al. (2016) adds an addi-
tional layer of LSTM which receives the BiLSTM
representation together with the k-best supertags
for each word and outputs the most likely supertag
given previous tags, and then feeds the predicted su-
pertags to a discriminitively trained parser. In both
works, the BiLSTM is trained to produce accurate
CCG supertags, and is not aware of the global pars-
ing objective.

3 Our Approach

We propose to replace the hand-crafted feature func-
tions in favor of minimally-defined feature functions
which make use of automatically learned Bidirec-
tional LSTM representations.

Given n-words input sentence s with words
w1, . . . , wn together with the corresponding POS
tags t1, . . . , tn,4 we associate each word wi and POS
ti with embedding vectors e(wi) and e(ti), and cre-
ate a sequence of input vectors x1:n in which each
xi is a concatenation of the corresponding word and
POS vectors:

xi = e(wi) � e(pi)

The embeddings are trained together with the model.
This encodes each word in isolation, disregarding its
context. We introduce context by representing each

4 In this work the tag sequence is assumed to be given, and
in practice is predicted by an external model. Future work will
address relaxing this assumption.

input element as its (deep) BiLSTM vector, vi:

vi = BILSTM(x1:n, i)

Our feature function � is then a concatenation of a
small number of BiLSTM vectors. The exact fea-
ture function is parser dependent and will be dis-
cussed when discussing the corresponding parsers.
The resulting feature vectors are then scored using a
non-linear function, namely a multi-layer perceptron
with one hidden layer (MLP):

MLP✓(x) = W
2 · tanh(W 1 · x+ b

1) + b
2

where ✓ = {W 1
,W

2
, b

1
, b

2} are the model parame-
ters.

Beside using the BiLSTM-based feature func-
tions, we make use of standard parsing techniques.
Crucially, the BiLSTM is trained jointly with the rest
of the parsing objective. This allows it to learn rep-
resentations which are suitable for the parsing task.

Consider a concatenation of two BiLSTM vectors
(vi � vj) scored using an MLP. The scoring function
has access to the words and POS-tags of vi and vj , as
well as the words and POS-tags of the words in an
infinite window surrounding them. As LSTMs are
known to capture length and sequence position in-
formation, it is very plausible that the scoring func-
tion can be sensitive also to the distance between i

and j, their ordering, and the sequential material be-
tween them.

Parsing-time Complexity Once the BiLSTM is
trained, parsing is performed by first computing the
BiLSTM encoding vi for each word in the sentence
(a linear time operation).5 Then, parsing proceeds as
usual, where the feature extraction involves a con-
catenation of a small number of the pre-computed vi

vectors.

4 Transition-based Parser

We begin by integrating the feature extractor in a
transition-based parser (Nivre, 2008). We follow
the notation in Goldberg and Nivre (2013). The

5 While the BiLSTM computation is quite efficient as it is,
as demonstrated by Lewis et al. (2016), if using a GPU imple-
mentation the BiLSTM encoding can be efficiently performed
over many of sentences in parallel, making its computation cost
almost negligible.
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• All features are learned together – end-to-end training
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Figure 2: Illustration of the neural model scheme of the graph-based parser when calculating the score of a given parse
tree. The parse tree is depicted below the sentence. Each dependency arc in the sentence is scored using an MLP that
is fed the BiLSTM encoding of the words at the arc’s end points (the colors of the arcs correspond to colors of the
MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
we compute scores for all possible n

2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)

= argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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Illustration from Kiperwasser and Goldberg, Simple and Accurate Dependency 
Parsing Using Bidirectional LSTM Feature Representations Networks, TACL 2016.
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scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y
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Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:
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The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):

parse(s) = argmax
y2Y(s)

X

(h,m)2y

score
�
�(s, h,m)

�

Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-

ifier word:

�(s, h,m) = BIRNN(x1:n, h) � BIRNN(x1:n,m)

The final model is:

parse(s) = argmax
y2Y(s)

scoreglobal(s, y)
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y2Y(s)
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(h,m)2y

score
�
�(s, h,m)

�

= argmax
y2Y(s)

X

(h,m)2y

MLP (vh � vm)

vi = BIRNN(x1:n, i)

The architecture is illustrated in Figure 2.

Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
Donald et al., 2005; LeCun et al., 2006), aiming to
maximize the margin between the score of the gold
tree y and the highest scoring incorrect tree y

0. We
define a hinge loss with respect to a gold tree y as:
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MLP inputs above), and the individual arc scores are summed to produce the final score. All the MLPs share the same
parameters. The figure depicts a single-layer BiLSTM, while in practice we use two layers. When parsing a sentence,
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2 arcs, and find the best scoring tree using a dynamic-programming algorithm.

scoring parse tree y in the space Y(s) of valid de-
pendency trees over s. In order to make the search
tractable, the scoring function is decomposed to the
sum of local scores for each part independently.

In this work, we focus on arc-factored graph
based approach presented in McDonald et al. (2005).
Arc-factored parsing decomposes the score of a tree
to the sum of the score of its head-modifier arcs
(h,m):
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Given the scores of the arcs the highest scoring pro-
jective tree can be efficiently found using Eisner’s
decoding algorithm (1996). McDonald et al. and
most subsequent work estimate the local score of an
arc by a linear model parameterized by a weight vec-
tor w, and a feature function �(s, h,m) assigning a
sparse feature vector for an arc linking modifier m
to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.

The feature extractor �(s, h,m) is usually com-
plex, involving many elements (see Section 2.1).
In contrast, our feature extractor uses merely the
BiLSTM encoding of the head word and the mod-
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Training The training objective is to set the score
function such that correct tree y is scored above in-
correct ones. We use a margin-based objective (Mc-
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0. We
define a hinge loss with respect to a gold tree y as:
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A New Paradigm?

Empirical results have improved a lot in five years
• But tasks and evaluation criteria remain very similar

Deep learning gives more effective features
• Features are continuous and dense (not discrete and sparse)

• Features are learned (not hand-crafted)

• Features can be to tuned to (multiple) specific tasks

• Features can capture unbounded dependencies

Structured prediction models has not changed as much
• But better features allow us to simplify models



Deep learning in NLP is not a 
revolution – it is an evolution! 



An Afterthought



An Afterthought
Is this a limited rabbit’s perspective?

• Is linguistic structure prediction a thing of the past?

• Is the future in end-to-end training of end-to-end applications?

• Is this the real deep learning revolution?



An Afterthought
Is this a limited rabbit’s perspective?

• Is linguistic structure prediction a thing of the past?

• Is the future in end-to-end training of end-to-end applications?

• Is this the real deep learning revolution?

Will linguistic structure be relevant in the future?
• Do end-to-end models learn linguistic structure implicitly?

• If so, do they learn the structure predicted by linguistic theory?

• Do they benefit from incorporating linguistic structure prediction?

• Do they benefit from an inductive bias towards linguistic structure?



An Afterthought
Is this a limited rabbit’s perspective?

• Is linguistic structure prediction a thing of the past?

• Is the future in end-to-end training of end-to-end applications?

• Is this the real deep learning revolution?

Will linguistic structure be relevant in the future?
• Do end-to-end models learn linguistic structure implicitly?

• If so, do they learn the structure predicted by linguistic theory?

• Do they benefit from incorporating linguistic structure prediction?
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Will rabbits go extinct?


