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Enter Deep Learning

• Dense continuous representations – embeddings
• Unbounded contextual information – encoders
• All features 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:

321

Eliyahu Kiperwasser and Yoav Goldberg. 2016. Simple and Accurate Dependency 
Parsing Using Bidirectional LSTM Feature Representation Networks. TACL 4: 313–327.
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Xingxing Zhang and Mirella Lapata 2017. Dependency Parsing as Head Selection.  
In Proceedings of EACL, pages 665–676.

as the task of finding for each word in a sentence
its most probable head. Both head selection and
the features it is based on are learned using neu-
ral networks. The idea of modeling child-parent
relations independently dates back to Hall (2007)
who use an edge-factored model to generate k-best
parse trees which are subsequently reranked us-
ing a model based on rich global features. Later
Smith (2010) show that a head selection variant
of their loopy belief propagation parser performs
worse than a model which incorporates tree struc-
ture constraints. Our parser is conceptually sim-
pler: we rely on head selection to do most of
the work and decode the best tree directly with-
out using a reranker. In common with recent neu-
ral network-based dependency parsers, we aim to
alleviate the need for hand-crafting feature com-
binations. Beyond feature learning, we further
show that it is possible to simplify the training of
a graph-based dependency parser in the context of
bidirectional recurrent neural networks.

3 Dependency Parsing as Head Selection

In this section we present our parsing model,
DENSE, which tries to predict the head of each
word in a sentence. Specifically, the model takes
as input a sentence of length N and outputs N

hhead, dependenti arcs. We describe the model
focusing on unlabeled dependencies and then dis-
cuss how it can be straightforwardly extended to
the labeled setting. We begin by explaining how
words are represented in our model and then give
details on how DENSE makes predictions based
on these learned representations. Since there is
no guarantee that the outputs of DENSE are trees
(although they mostly are), we also discuss how
to extend DENSE in order to enforce projective
and non-projective tree outputs. Throughout this
paper, lowercase boldface letters denote vectors
(e.g., v or vi), uppercase boldface letters denote
matrices (e.g., M or Mb), and lowercase letters
denote scalars (e.g., w or wi).

3.1 Word Representation

Let S = (w0, w1, . . . , wN ) denote a sentence of
length N ; following common practice in the de-
pendency parsing literature (Kübler et al., 2009),
we add an artificial ROOT token represented by w0.
Analogously, let A = (a0,a1, . . . ,aN ) denote the
representation of sentence S, with ai representing
word wi (0  i  N). Besides encoding infor-

ROOT kids love candy

Phead(ROOT|love, S)

Phead(kids|love, S)
Phead(candy|love, S)

Figure 1: DENSE estimates the probability a word
being the head of another word based on bidirec-
tional LSTM representations for the two words.
Phead(ROOT|love, S) is the probability of ROOT
being the head of love (dotted arcs denote candi-
date heads; the solid arc is the goldstandard).

mation about each wi in isolation (e.g., its lexical
meaning or POS tag), ai must also encode wi’s
positional information within the sentence. Such
information has been shown to be important in de-
pendency parsing (McDonald et al., 2005a). For
example, in the following sentence:

ROOT a dog is chasing a cat

the head of the first a is dog, whereas the head of
the second a is cat. Without considering positional
information, a model cannot easily decide which a
(nearer or farther) to assign to dog.

Long short-term memory networks (Hochreiter
and Schmidhuber, 1997; LSTMs), a type of re-
current neural network with a more complex com-
putational unit, have proven effective at capturing
long-term dependencies. In our case LSTMs al-
low to represent each word on its own and within
a sequence leveraging long-range contextual infor-
mation. As shown in Figure 1, we first use a for-
ward LSTM (LSTMF ) to read the sentence from
left to right and then a backward LSTM (LSTMB)
to read the sentence from right to left, so that the
entire sentence serves as context for each word:2

hF
i , cF

i = LSTMF (xi,hF
i�1, c

F
i�1) (1)

hB
i , cB

i = LSTMB(xi,hB
i+1, c

B
i+1) (2)

where xi is the feature vector of word wi, hF
i 2

Rd and cF
i 2 Rd are the hidden states and mem-

ory cells for the ith word wi in LSTMF and d is
2For more detail on LSTM networks, see e.g., Graves

(2012) or Goldberg (2016).
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Figure 2: Minimum spanning trees resultant from predicted squared distances on BERTLARGE16 and ELMO1 compared
to the best baseline, PROJ0. Black edges are the gold parse, above each sentence; blue are BERTLARGE16, red are ELMO1,
and purple are PROJ0.

attachment score (UUAS)—the percent of undi-
rected edges placed correctly—against the gold
tree. For distance correlation, we compute the
Spearman correlation between true and predicted
distances for each word in each sentence. We
average these correlations between all sentences of
a fixed length, and report the macro average across
sentence lengths 5–50 as the “distance Spearman
(DSpr.)” metric.5

3.2 Tree depth evaluation metrics
We evaluate models on their ability to recreate the
order of words specified by their depth in the parse
tree. We report the Spearman correlation betwen
the true depth ordering and the predicted ordering,
averaging first between sentences of the same
length, and then across sentence lengths 5–50, as
the “norm Spearman (NSpr.)”. We also evaluate
models’ ability to identify the root of the sentence
as the least deep, as the “root%”.6

4 Results

We report the results of parse distance probes and
parse depth probes in Table 1. We first confirm
that our probe can’t simply “learn to parse” on top
of any informative representation, unlike parser-
based probes (Peters et al., 2018b). In particular,
ELMO0 and DECAY0 fail to substantially outper-
form a right-branching-tree oracle that encodes the
linear sequence of words. PROJ0, which has all of
the representational capacity of ELMO1 but none
of the training, performs the best among the base-
lines. Upon inspection, we found that our probe
on PROJ0 improves over the linear hypothesis with

5The 5–50 range is chosen to avoid simple short sentences
as well as sentences so long as to be rare in the test data.

6In UUAS and “root%” evaluations, we ignore all punctu-
ation tokens, as is standard.

Figure 3: Parse tree depth according to the gold tree (black,
circle) and the norm probes (squared) on ELMO1 (red, trian-
gle) and BERTLARGE16 (blue, square).

mostly simple deviations from linearity, as visual-
ized in Figure 2.

We find surprisingly robust syntax embedded
in each of ELMo and BERT according to our
probes. Figure 2 shows the surprising extent to
which a minimum spanning tree on predicted
distances recovers the dependency parse structure
in both ELMo and BERT. As we note however, the
distance metric itself is a global notion; all pairs of
words are trained to know their distance – not just
which word is their head; Figure 4 demonstrates
the rich structure of the true parse distance metric
recovered by the predicted distances. Figure 3
demonstrates the surprising extent to which the
depth in the tree is encoded by vector norm after
the probe transformation. Between models, we
find consistently that BERTLARGE performs
better than BERTBASE, which performs better
than ELMO.7 We also find, as in Peters et al.
(2018b), a clear difference in syntactic information
between layers; Figure 1 reports the performance

7It is worthwhile to note that our hypotheses were
developed while analyzing LSTM models like ELMo, and
applied without modification on the self-attention based
BERT models.
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• Parsing is no longer structured prediction?

• Parsing no longer requires explicit supervision? 

• Higher accuracy with simpler and more general models!

Everything should be 
made as simple as possible, 

but not any simpler.
But is it really so simple?


