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Figure 1: Word-based dependency trees for equivalent sentences from English (top) and Finnish (bottom).
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Figure 2: Nucleus-based dependency trees for equiva-
lent sentences from English (top) and Finnish (bottom).

representations, including nuclei. However, previ-
ous attempts have been hampered by the lack of
available parsers and resources to test this hypothe-
sis on a large scale. Thus, the model of Samuelsson
(2000) was never implemented, and the treebank
conversion of Sangati and Mazza (2009) is avail-
able only for English and in a format that no ex-
isting dependency parser can handle. We propose
to overcome these obstacles in two ways. On the
resource side, we will rely on UD treebanks and
exploit the fact that, although the annotation is
word-based, the guidelines prioritize dependency
relations between content words that are the cores
of syntactic nuclei, which facilitates the recogni-
tion of dissociated nuclei and gives us access to
annotated resources for a wide range of languages.
On the parsing side, we will follow a transition-
based approach, which can relatively easily be ex-
tended to include operations that create represen-
tations of syntactic nuclei, as previously shown by
de Lhoneux et al. (2019a), something that is much
harder to achieve in a graph-based approach.

2 Related Work

Dependency-based guidelines for syntactic anno-
tation generally discard the nucleus as the basic
syntactic unit in favor of the (orthographic) word
form, possibly with a few exceptions for fixed

multiword expressions. A notable exception is
the three-layered annotation scheme of the Prague
Dependency Treebank (Hajič et al., 2000), where
nucleus-like concepts are captured at the tectogram-
matical level according to the Functional Genera-
tive Description (Sgall et al., 1986). Bārzdiņš et al.
(2007) propose a syntactic analysis model for Lat-
vian based on the x-word concept analogous to
the nucleus concept. In this grammar, an x-word
acts as a non-terminal symbol in a phrase structure
grammar and can appear as a head or dependent in
a dependency tree. Nespore et al. (2010) compare
this model to the original dependency formalism
of Tesnière (1959). Finally, as already mentioned,
Sangati and Mazza (2009) develop an algorithm to
convert English phrase structure trees to Tesnière
style representations.

When it comes to syntactic parsing, Järvinen
and Tapanainen (1998) were pioneers in adapting
Tesnière’s dependency grammar for computational
processing. They argue that the nucleus concept is
crucial to establish cross-linguistically valid crite-
ria for headedness and that it is not only a syntactic
primitive but also the smallest semantic unit in a
lexicographical description. As an alternative to the
rule-based approach of Järvinen and Tapanainen
(1998), Samuelsson (2000) defined a generative sta-
tistical model for nucleus-based dependency pars-
ing, which however was never implemented.

The nucleus concept has affinities with the chunk
concept found in many approaches to parsing, start-
ing with Abney (1991), who proposed to first find
chunks and then dependencies between chunks, an
idea that was generalized into cascaded parsing by
Buchholz et al. (1999) among others. It is also
clearly related to the vibhakti level in the Paninian
computation grammar framework (Bharati and San-
gal, 1993; Bharati et al., 2009). In a similar vein,
Kudo and Matsumoto (2002) use cascaded chunk-
ing for dependency parsing of Japanese, Tongchim
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This Talk

• Define the notion of nucleus in Universal Dependencies

• Add nucleus representations to a dependency parser

• Explore the usefulness of this technique across languages
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• Lack of annotated corpora



Historical Backdrop

• Lack of annotated corpora

• Lack of appropriate parsers



Universal Dependencies

• Framework for morphosyntactic annotation

• Designed to promote cross-linguistic consistency

• UD v2.7: 183 treebanks, 104 languages, 20 families



Universal Dependencies

• UD representations are word-based – but nucleus-aware

• UD prioritizes direct relations between content words

• UD treats function words as grammatical markers
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NOUN AUX VERB NOUN

Voice=Pass Case=Ins

nsubj:pass

aux:pass

obl

Pes byl honěn kočkou
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NOUN AUX VERB NOUN

Voice=Pass Case=Ins

nsubj:pass

aux:pass

obl

3



The dog was chased by the cat
DET NOUN AUX VERB ADP DET NOUN

det

nsubj:pass

aux:pass case

det

obl

The dog was chased by the cat
DET NOUN AUX VERB ADP DET NOUN

det

nsubj:pass

aux:pass case

det

obl

The dog was chased by the cat
DET NOUN AUX VERB ADP DET NOUN

det

nsubj:pass

aux:pass case

det

obl

The dog was chased by the cat
DET NOUN AUX VERB ADP DET NOUN

det

nsubj:pass

aux:pass case

det

obl

1

Hunden jagades av katten
NOUN VERB ADP NOUN

Definite=Def Voice=Pass Definite=Def

nsubj:pass

case

obl

Hunden jagades av katten
NOUN VERB ADP NOUN

Definite=Def Voice=Pass Definite=Def

nsubj:pass

case

obl

Hunden jagades av katten
NOUN VERB ADP NOUN

Definite=Def Voice=Pass Definite=Def

nsubj:pass

case

obl

Hunden jagades av katten
NOUN VERB ADP NOUN

Definite=Def Voice=Pass Definite=Def

nsubj:pass

case

obl

2

Pes byl honěn kočkou
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Syntactic Nuclei in UD

• Content word ≈ lexical core of a nucleus

• Function word ≈ non-lexical part of dissociated nucleus

• Nucleus ≈ subtree containing only functional relations
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• Determiner (det)

• Case marker (case)

• Classifier (clf)

• Auxiliary (aux)

• Copula (cop)

• Subordination marker (mark)

• Coordinating conjunction (cc)

} Nominals

} Predicates

–     Tesnière’s junction



From UD to Parsing

• How can we use our nuclei with standard parsers?

• Evaluation: Content Labeled Attachment Score (CLAS)

• Composition: Parser-internal representations of nuclei
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• Dependency trees ≈ derivations in a transition system
• Learn model M to score derivations by transitions

Transition-Based Parsing

åt

S(T) = S(D)D⇒T = ∑
(c,t) ∈ D

S(c, t)

teaKim had



• Dependency trees ≈ derivations in a transition system
• Learn model M to score derivations by transitions
• Find highest scoring derivation D under the model M

Transition-Based Parsing

åt

T * = T : arg max
D

S(D) ⇒ T

teaKim had
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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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to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.
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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):
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arc by a linear model parameterized by a weight vec-
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to head h. We follow Pei et al. (2015) and replace
the linear scoring function with an MLP.
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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):
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Given the scores of the arcs the highest scoring pro-
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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-
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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• Subtrees are represented by their root
• Old model: root word
• New model: root nucleus
• Alternative 1: new transition for nucleus creation
• Alternative 2: nucleus composition at arc creation
• Possible thanks to incremental history-based parsing

Adding Nuclei

åt
teaKim has+made
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• Baseline:

• Hard composition:

• Soft composition:

• Generalized composition:

Nucleus Composition

f(h, d, l) = h

f(h, d, l) = h ○ g(h, d, l)

f(h, d, l) =
h ○ d
h

if l ∈ F
otherwise{

f(h, d, l) =
h ○ g(h, d, l)
h

if l ∈ F
otherwise{
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Conclusion

• Preliminary findings:
• Soft nucleus composition can improve parsing accuracy

• Improvements mainly on nominal dependents and coordination

• Future work:
• Analyze variation across languages

• Study specific nucleus types 

• Explore nucleus-based transition systems


