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Recap: Common Applications of RNNs (in NLP)
I Acceptors e.g. sentence-level sentiment classification (Obligatory 2):

P(c = k|w1:n) = ŷ [k]

ŷ = softmax(MLP([RNNf(x1:n); RNNb(xn:1)]))
x1:n = E[w1], . . . , E[wn]

I transducers e.g. part-of-speech tagging (group session next week):

P(ci = k|w1:n) = softmax(MLP([RNNf(x1:n)[i]; RNNb(xn:1)[i]]))[k]

xi = E[wi ]

I character-level RNNs robust to unknown words; may capture affixation
I encoder–decoder (sequence-to-sequence) models coming in a couple of weeks.
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Sequence Labeling in Natural Language Processing

I Token-level class assignments in sequential context, aka tagging
I e.g. phoneme sequences, parts of speech; chunks, named entities, etc.

I some structure transcending individual tokens can be approximated

Michelle Obama visits UiO today .

NNP NNP VBZ NNP RB .

PERS ORG

PERS PERS — ORG — —

BPERS IPERS O BORG O O

BPERS EPERS O SORG O O

I IOB (aka BIO) labeling scheme — and variants — encodes chunkings.
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Constituent Parsing as Sequence Labeling
Linearization of constituent trees:
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Constituent parsing as sequence labeling
[Gómez-Rodríguez and Vilares, 2018]

Proceedings of the 2018 Conference on Empirical Methods in Natural Language Processing, pages 1314–1324
Brussels, Belgium, October 31 - November 4, 2018. c©2018 Association for Computational Linguistics
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Abstract

We introduce a method to reduce constituent
parsing to sequence labeling. For each word
wt, it generates a label that encodes: (1) the
number of ancestors in the tree that the words
wt andwt+1 have in common, and (2) the non-
terminal symbol at the lowest common ances-
tor. We first prove that the proposed encoding
function is injective for any tree without unary
branches. In practice, the approach is made
extensible to all constituency trees by collaps-
ing unary branches. We then use the PTB and
CTB treebanks as testbeds and propose a set of
fast baselines. We achieve 90% F-score on the
PTB test set, outperforming the Vinyals et al.
(2015) sequence-to-sequence parser. In addi-
tion, sacrificing some accuracy, our approach
achieves the fastest constituent parsing speeds
reported to date on PTB by a wide margin.

1 Introduction

Constituent parsing is a core problem in NLP

where the goal is to obtain the syntactic structure
of sentences expressed as a phrase structure tree.

Traditionally, constituent-based parsers have
been built relying on chart-based, statistical mod-
els (Collins, 1997; Charniak, 2000; Petrov et al.,
2006), which are accurate but slow, with typical
speeds well below 10 sentences per second on
modern CPUs (Kummerfeld et al., 2012).

Several authors have proposed more efficient
approaches which are helpful to gain speed while
preserving (or even improving) accuracy. Sagae
and Lavie (2005) present a classifier for con-
stituency parsing that runs in linear time by re-
lying on a shift-reduce stack-based algorithm, in-
stead of a grammar. It is essentially an ex-
tension of transition-based dependency parsing
(Nivre, 2003). This line of research has been
polished through the years (Wang et al., 2006;
Zhu et al., 2013; Dyer et al., 2016; Liu and

Zhang, 2017; Fernández-González and Gómez-
Rodrı́guez, 2018).

With an aim more related to our work, other au-
thors have reduced constituency parsing to tasks
that can be solved faster or in a more generic
way. Fernández-González and Martins (2015) re-
duce phrase structure parsing to dependency pars-
ing. They propose an intermediate representation
where dependency labels from a head to its de-
pendents encode the nonterminal symbol and an
attachment order that is used to arrange nodes
into constituents. Their approach makes it pos-
sible to use off-the-shelf dependency parsers for
constituency parsing. In a different line, Vinyals
et al. (2015) address the problem by relying on a
sequence-to-sequence model where trees are lin-
earized in a depth-first traversal order. Their so-
lution can be seen as a machine translation model
that maps a sequence of words into a parenthesized
version of the tree. Choe and Charniak (2016) re-
cast parsing as language modeling. They train a
generative parser that obtains the phrasal structure
of sentences by relying on the Vinyals et al. (2015)
intuition and on the Zaremba et al. (2014) model
to build the basic language modeling architecture.

More recently, Shen et al. (2018) propose an
architecture to speed up the current state-of-the-
art chart parsers trained with deep neural net-
works (Stern et al., 2017; Kitaev and Klein, 2018).
They introduce the concept of syntactic distances,
which specify the order in which the splitting
points of a sentence will be selected. The model
learns to predict such distances, to then recursively
partition the input in a top-down fashion.

Contribution We propose a method to trans-
form constituent parsing into sequence labeling.
This reduces it to the complexity of tasks such as
part-of-speech (PoS) tagging, chunking or named-
entity recognition. The contribution is two-fold.
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Two Definitions of ‘Sequence Labeling’

I Hmm, actually, what exactly does one mean by sequence labeling?

I gentle definition: class predictions for all elements, in context;
I pointwise classification; each individual decision is independent;
I no (direct) model of wellformedness conditions on class sequence;

I strict definition: sequence labeling performs structured prediction;
I search for ‘globally’ optimal solution, e.g. most probable sequence;
I models (properties of) output sequence explicitly, e.g. class bi-grams;
I later time points impact earlier choices, i.e. revision of path prefix;
I search techniques: dynamic programming, conditional random fields (CRF), beam search,

re-ranking, etc

I Will do part of speech tagging (sequence labeling) with RNNs next week at the group
session.
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Sequence-Level Output Constraints

Question: What constraint is broken here?
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