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Abstract
In this dissertation we explore ways of adapting dependency parsing for languages
with rich morphological features using neural networks. Our work leverages recently proposed neural network subword representations (Kim et al., 2015; Ling
et al., 2015) that theoretically have the potential of capturing morphological patterns. Conceptually, we follow the work of Vania and Lopez (2017) who compare
such representations on a variety of languages for the task of language modelling.
We port some of the encoders which they report work well to dependency parsing
and obtain competitive results for 3 languages on the CONLL 2006 (Buchholz and
Marsi, 2006) dataset and for 7 languages on the Universal Dependencies (Nivre
et al., 2016) v1.3 dataset. Our results highlight that the subword representations
of Ling et al. and Kim et al. provide substantial improvements when used for parsing most morphologically-rich languages compared to word level models. They
suggest that the improvements come due to their capability of mitigating the out of
vocabulary issues word models have. While we found evidence that our subword
model might be capturing case inﬂection in a number of examples we demonstrate,
it is still not clear whether in general these subword models capture salient morphological information useful for discerning the syntactic structure of the sentence.
Given that we observe a sharp drop in performance when part of speech tags are not
used as input to our models, we conclude that guiding the subword representations
with additional information about the input is still a vital resource for dependency
parsing datasets of this size.
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A centipede was happy quite!
Until a toad in fun
Said, “Pray, which leg moves after which?”
This raised her doubts to such a pitch,
She fell exhausted in the ditch
Not knowing how to run.
Katherine Craster
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Introduction
In this dissertation we explore ways of adapting dependency parsing models for
languages which tend to express syntactic and semantic information through
modiﬁcations of their word forms. Such dependency parsing models are used to
obtain the syntactic relationships between words in a sentence, providing insight
about its meaning. An example of what such an analysis for an English sentence
would look like is illustrated 1 in Figure 1.1.

Figure 1.1: Dependency parse for a sentence in English; a morphologicallypoor language. From this parse we can determine that “you” is the nominal
subject (nsubj) of the verb “want”, while “chihuahua” is its direct object (dobj).
The green labels below the words denote the part of speech tags. We shall delve
into the speciﬁcs of dependency parses in Section 2.2.
1

Credits for dependency graph visualisations go to https://demos.explosion.ai/displacy/.
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Our objective is to create models that generate such output, but do so effectively
for morphologically-rich languages. Such languages which include Finnish, Czech
and Ancient Greek to name but a few, have a high type to token ratio; the
number of distinct word forms in a text is inﬂated due to the increased number
of morphological markers that can augment the base form of each word.
Switching from chihuahuas to foxes and from morphologically-poor to
morphologically-rich, here is an example in Ancient Greek from Aesop’s fables.
(1.1) Τοῦτο
ἀλώπηξ
κατιδοῦσα
ἐβόα
.
acc neut sing nom fem sing nom fem sing past act 3rd sing past act .
This
fox
saw
cried aloud
.
“When the fox saw this it cried aloud .”

Figure 1.2: Dependency parse for an Ancient Greek sentence from Aesop’s fables.
The fox (“ἀλώπηξ”) is the subject of cried aloud (“ἐβόα”), while this (“Τοῦτο”) is
the object of saw (“κατιδοῦσα”).
In Ancient Greek the word forms of verbs and nouns are modiﬁed to express
morphological information such as tense and case respectively. More interestingly,
“κατιδοῦσα”—a participle by the books—is a hybrid of a verb and a noun; a form
of gerundy participle. For the purposes of our current discussion, suffice it to say
that such forms in Ancient Greek express characteristics of both nouns and verbs.
Given the distinct number of choices for case, gender, number, tense and voice,
such participles can have up to 5 × 3 × 2 × 4 × 2 = 240 distinct 2 word forms, some
examples of which are tabulated in Table 1.1. To contrast this to morphologicallypoor English, -ing participle forms, such as “crying”, do not change when we
want to express a different tense. Instead, we express the tense by inﬂecting the
accompanying auxiliary verb, as exempliﬁed in the following examples.
2

We ignore the effects of case syncretism.
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Modiﬁcation

word form

—

ἡ κατιδοῦσα

voice=passive

ἡ κατιδομένη

tense=future

ἡ κατοψομένη

case=dative

τῇ κατιδούσῃ

case=accusative, gender=male

τόν κατιδόντα

tense=present, gender=neuter

τό καθορῶν

tense=present, gender=neuter, number=plural

τά καθορῶντα

Table 1.1:

Example of how the word form for Ancient Greek participle

“κατιδοῦσα” changes depending on expressed case, gender, number, tense and
voice. We express all modiﬁcations based on “κατιδοῦσα” which is nominative,
female, singular, past and passive respectively. Its determiner which also expresses
the same case, gender and number is also prepended.

(1.2) The fox is crying (present)
The fox was crying (past)
The fox has been crying (past perfect)
Similar vocabulary inﬂating effects to those demonstrated for Ancient Greek are
also present in other morphologically-rich languages. Czech, for example, has
7 cases for nouns which is more than the 5 which Ancient Greek possesses.
The overwhelming number of possible word forms in these languages alone
make them much more challenging to parse. This is so since a large number of
possible inﬂected word forms—especially those of rare words—will not be present
in our dataset regardless of its size. Moreover, even if the word forms were
present, they would quickly saturate any ﬁnite sized vocabulary, rendering this
approach infeasible without resorting to the highly adopted but inelegant solution
of modelling some words as “unknown”. As should be clear, employing word
models to parse morphologically-rich languages in such a setting, suffers from
a high out of vocabulary rate (many unknown words) when processing novel
texts not in our dataset. On a ﬁnal note, even if all the rare words could be
represented in the vocabulary, machine learning methods underperform when
generating representations given scarce examples.
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Unsurprisingly, the reported performance of dependency parsers that operate
with a word vocabulary on morphologically-rich languages is much worse than for
English (Buchholz and Marsi, 2006; Nilsson et al., 2007; Tsarfaty et al., 2010). To
justify why this is so, we urge the reader to consider the comparison of inﬂected
participles with respect to tense we went through previously. For Ancient Greek,
each form of the participle will result in a new word form the dependency parsing
model will have to learn a representation for. On the other hand, for English
it need only learn representations for the base form and the inﬂections of the
accompanying verbs. Crucially, English verbs have very few inﬂections and the
accompanying auxiliary verbs are extremely common. To highlight the differences
in morphological complexity between English and other morphologically-rich
languages even further, Cotterell and Schütze (2015) report that for their dataset
Czech had 970 possible morphological tags while English had 137.
The aforementioned disparity in performance makes dependency parsing for
morphologically-rich languages an exciting problem to work on, since there
are non-trivial potential gains to be obtained if existing methods are improved.
Moreover, the potential gains are multiplicative; there is a vast number of
morphologically-rich languages, and for each language, models that can access
morphological information have the potential to outperform morphologically unaware ones by a signiﬁcant margin.
Given this incentive, we explore dependency parsing models that leverage
recently proposed neural network subword representations (Ling et al., 2015; Kim
et al., 2015). These models mitigate the out of vocabulary issue by constructing
representations for words compositionally from characters. The former does so by
employing a recurrent neural network, the latter a convolutional neural network.
These approaches work well because the character vocabulary is guaranteed to be
orders of magnitude smaller than the corresponding word vocabulary.
As put by Kim et al., the previously introduced subword models are character
aware; they theoretically have the potential of capturing morphological information. Despite their successful use on various tasks and languages however, it is
still unclear what patterns these models capture. Are subword models actually
capturing morphological information that would be useful in our case for
discerning syntactic structure?
In order to investigate what the subword models are doing differently, we follow the work of Vania and Lopez (2017) but for dependency parsing; we compare
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the previously introduced subword models to word models on morphologicallyrich languages such as Czech, Finnish and Ancient Greek. We seed these subword
architectures with the settings they report worked well, but modify the sizes of the
networks such that all models have the same number of trainable parameters. This
is done to compare the models on an equal footing and to narrow down the search
space of hyperparameters. We then ﬁne-tune the remaining hyperparameters for
each model by taking into account performance across representative languages
and compare the best setup for each model on two datasets. The research questions
we wish to elucidate by making this comparison are as follows:
• To what extent do recent neural network based models proposed for
subword level encoding of language capture morphological information?
• Given that information about the structure of word forms can provide clues
about the relationships between the words in the sentence(Lee et al., 2011),
do such representations improve parsing performance for languages which
are rich in such information?
• How do such subword representations compare to word level ones, which
cannot by construction capture subword information and therefore be aware
of morphology?
• Do subword models make morphological analysis redundant or do they
merely come up with a more effective representation for words?
We note that we will provide evidence to support our claim regarding the last
question posed, however a more thorough analysis is in order, as we shall discuss
in Section 5.
At this point we summarise what we believe to be the contributions of this
dissertation before providing a brief outline of the following sections. The contributions of this dissertation are the following.
1. We introduce a graph dependency parser, a hybrid of Zhang et al. and Kiperwasser and Goldberg. We extend its encoder to construct word representations compositionally from characters using recurrent neural networks (Ling
et al., 2015) or convolutional neural networks (Kim et al., 2015). Using these
subword encoders we obtain competitive results on three languages on the
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CONLL 2006 (Buchholz and Marsi, 2006) dataset and seven languages on
the Universal Dependencies (Nivre et al., 2016) dataset.
2. We ﬁnd that both Ling et al. and Kim et al. subword models work well
for most morphologically-rich languages with minor differences between
the two. This is in contrast to what we found reported in the literature,
which seems to be in favour of the convolutional network character encoder (Chorowski et al., 2016; Yu and Vu, 2017; Ma and Hovy, 2017).
3. We provide clear evidence that subword models help mitigate the out of
vocabulary issue by learning alternative, more effective representations for
words. However, we ﬁnd that these models still depend a lot on linguistic
input to learn good representations; we demonstrate that the char-BILSTM
model suffers sharp drops in parsing accuracy when no part of speech input
is used.
4. By carrying out a qualitative analysis on cherry-picked Ancient Greek3
sentences, we ﬁnd that the differences between the word model and the
character model are clear, but not necessarily predictable. More importantly,
we ﬁnd evidence that the subword model is capturing case and agreement
phenomena much better than the word level model. However, the extent to
which it does this and whether the model generalises to a greater number of
examples is a matter for future work.
The outline of the rest of the dissertation is as follows.
In Section 2, we provide the background for our discussion.

We begin

by providing some background material on morphology. Then, we introduce
dependency parsing and position our approach with respect to related work.
Next, in Section 3 we illustrate the three models we implemented, and motivate
our choice of hyperparameters for them.
In Section 4, we report results for our three models on the CONLL 2006 and
Universal Dependencies v1.3 datasets. We then carry out a qualitative analysis
on Ancient Greek sentences to probe the inner state of our word model and our
recurrent character model.
To conclude, in Section 5 we summarise our ﬁndings and point in directions
for future work.
3

Ancient Greek was chosen for the examples because due to the similarities to Modern Greek,
the author was more competent with it than other morphologically-rich languages.

2

Background

In this section we provide the main concepts needed to make the experiments
and results in the forthcoming sections intelligible. We ﬁrst brieﬂy explain what
morphological processes we will be interested in and describe a conventional way
of classifying languages into groups known as morphological typologies. In the
second part, we illustrate dependency parsing, position our approach amongst the
relevant literature and introduce the datasets and evaluation metrics used.

2.1
2.1.1

Morphology
Definitions & key concepts

Morphology is concerned with the internal structure of words and the processes
by which they are formed (Bauer, 2003). Words are made up of smaller segments
called morphs. These are considered to be realisations (surface forms) of abstract
semantic units, called morphemes. The examples in this section and the next are
from Bauer (2003).
Words are produced by bringing together base forms and affixes. An affix
depending on how it is joined to a base can, among other more rare cases, be:

8
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• a preﬁx: create → re · create (English)
• a suffix: create → create · s (English)
• a circumﬁx: f ilm → ge · f ilm · t (German)
• a transﬁx: ktb → katab (Egyptian Arabic)
Affixes are also classiﬁed according to the result they produce.
Derivational affixes produce new words that may change the part of speech.
They are usually also distinct semantically from the original word.
(2.1) re · create
Inflectional affixes produce new surface forms of a given word. They don’t
change its part of speech, they annotate the word with additional syntactic information.
(2.2) create · s
We note, that for the purposes of this dissertation we shall not be differentiating
between these two different forms of word production. Languages generally
vary on the degree to which they use word order and morphological markers
to highlight syntactic relationships. In the next subsection we introduce a coarse
classiﬁcation of languages into morphological typologies.

2.1.2

Morphological typologies

No coarse classiﬁcation such as the following can be accurate, most languages share
characteristics from many different groups. We will give an overview of such
classiﬁcations here though to get a sense of the diversity of languages that exist.
Languages are classiﬁed into isolating, agglutinative and fusional 1 .
Isolating languages have a very low morpheme-per-word ratio and have no
inﬂectional morphology. An example of such a language is Chinese.
In agglutinative languages, each morph can be more easily attributed to a
single morpheme, making the individual morphs easier to tease apart. As an
example from Finnish, talo · i · ssa · an.
1

some also add polysynthetic, but we don’t have such a language in a current dataset.

Chapter 2. Background

10

(2.3) talo
i
ssa an
house plural in 3rd person-possessive
“in their houses”
In fusional languages, a particular affix may express many morphemes. As an
example from Latin, in the word ann · um, um expresses both the accusative case
and the singular number.
(2.4) ann um
year accusative+singular
“year”
Many disagree in general with this classiﬁcation of languages into typologies.
Languages change constantly. As an example of drift—from rigid inside the word to
rigid in syntax—here is an example sentence in Ancient Greek and Modern Greek.
Note that in Ancient Greek the past perfect of the verb write “γέγραφα” is a single
word. In Modern Greek it is formed using an auxiliary verb, exactly like in English.
(2.5) ἀπεκρίθη ὁ Πιλᾶτος Ὃ
γέγραφα,
γέγραφα.
responded
Pilate
that which I have written, I have written.
‘Pilate responded: that which I have written, I have written.’
(2.6) Αποκρίθηκε o Πιλάτος: ό,τι
έχω
γράψει, έχω
γράψει.
responded
Pilate:
whatever I have written, I have written.
‘Pilate responded: whatever I have written, I have written.’

2.1.3

Morphologically-rich languages

Cotterell and Schütze (2015) deﬁne morphologically-poor languages to be:
“Languages with a low morpheme-per-word ratio such as English”.
Since we are focussing on morphologically-rich languages, we shall reverse
their deﬁnition to obtain:
Definition 1. A language is morphologically-rich if it has a high morpheme-per-word
ratio.
This is a sound deﬁnition, however it is not very practical. We do not have
information about morphemes readily available in our dataset. We could use a
morphological analyser to gather such information, but usually these systems are
language speciﬁc and far from perfect. As a compromise, we will use the type
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to token ratio and out of vocabulary percentage as a proxy for signaling how
morphologically-rich a language is.
Three issues we need to be aware of when dealing with morphologically-rich
languages are the following.
1. as argued in introduction the introduction, we need to deal with the high
out of vocabulary rate.
2. morphologically-rich languages can have free word order, hence we need to
deal with non-projectivity (we will introduce this concept in Section 2.2.2.3)
3. morphology is not independent of syntax, as Lee et al. (2011) claim, it is a
chicken and egg problem and needs to be dealt with jointly Tsarfaty et al.
(2010).
Another challenge of morphologically-rich languages is that sometimes they
drop the subject or object of the sentence if it can be inferred from the the rest of
the sentence. Such languages which include Greek, Italian and Japanese among
others are typically referred to as pro-drop (pronoun-drop). As an example, in
Modern Greek it is common to drop the subject of a sentence if is clear from the
context.
(2.7) Ποιός είναι ο Γιώργος;
Who is
George?
“Who is George?”
(2.8) Είναι ο δήμαρχος
Is
the mayor
“He is the mayor”
Another interesting observation is that modelling Ancient Greek on the subword level is compelling for an additional reason. The hypogegrammenh is an
overt marker for the dative case.
(2.9) ἔγνων,
Ὀδυσσεῦ, καὶ πάλαι
φύλαξ
ἔβην τῇ σῇ
I know it, Odysseus, and long ago guardian I came
thy
πρόθυμος εἰς ὁδὸν κυναγίᾳ.
willing
at road hunt.
‘I know it, Odysseus, and some time ago I came on the path as thy guardian
friendly to your hunt’
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As can be seen from the example, being able to model the hypogegrammenh
would help model dependencies between τῇ, σῇ and κυναγίᾳ, since they agree in
case. We believe that such characteristics of the written form of Ancient Greek
is a signiﬁcant contributing factor to the difference we observe in performance
between word level models and subword level models as we shall see in 4. As we
shall describe in Section 3.2.1.2, we split diacritics of characters to form separate
tokens such that the model can even more effectively capture them.

2.2

Dependency Parsing

In this section, we begin by introducing dependency parsing. We shall then
analyse the structure of a dependency graph more formally and deﬁne some of
their important properties. Finally, we shall explain how our parser relates to the
literature.

2.2.1

Introduction and historical context

This subsection sets the historical background and is mainly introductory. While
we believe it contains an interesting discussion comparing dependency parsing
theory with current practice, it doesn’t have any dependencies—only stemmas—
and can thus be safely skipped.
Parsing can be thought of as the procedure of building a syntactic structure over
a sequence of words, capturing which words relate to which others in the sentence.
An intuitive way of introducing syntactic structure, as carried out in Tesnière
(2015)2 , is by noting that language is observed as a “spoken chain”; it is constrained
to be a sequence of utterances in a single dimension. Under such a constraint,
each utterance can only have an explicit spatial relation to its two neighbours.
Such a representation would be insufficient for weaving the complex relationships
between utterances humans can express using language. We therefore assume that
we have a higher dimensional structured representation for language than what
is observable. Under this assumption, parsing is the procedure of reconstructing
the relationships between the words that were lost when projecting this structured
representation into a stream of utterances.
Tesnière is considered to be the founding father of dependency grammar.
2

We cite the translation, the book is in French: Les Éléments de syntaxe structurale (1959)
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We shall discuss some of his work here as a brief introduction, but also in order
to highlight some interesting key differences with current dependency parsing
format (Nivre et al., 2016) we will be using, pointing out some of its limitations.
He applied his theory to an extensive variety of languages, including French,
Russian, Polish, Ancient Greek and Latin. This fact explains why dependency
grammars have been found to be ﬂexible in describing a variety of languages, even
those that do not improse a rigid order constaint on their words. He illustrated his
syntactic analysis employing constructs he referred to as “stemmas”. In Figure 2.1
we provide an example of such a syntactic representation for a French sentence.
We note that the syntactic analysis has a single root, in this case the verb “est”,
which all other words are subordinate to. Key differences from the dependency
graph formalism we will introduce shortly are the following:

Figure 2.1: Stemma (parse) from Tesnière’s Elements for “la meilleure leçon est
celle des examples”.
• The stemma does not take into account the original order of the words in the
sentence. In contrast, dependency graphs are grounded in the sentence and
can be read from left to right3 .
• The nodes in a stemma are more complex than the equivalent nodes in
dependency graphs. They some times comprise of more than one word;
a full word that can stand on its own and optionally more functional words
that modify the full word to form the node as a whole.
• Tesnière only identiﬁed 4 parts of speech (Noun, Adjective, Verb and Adverb) for full words. He advocated that all other types of functional words,
3

Assuming the parse is not for Arabic!
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such as prepositions, act compositionally on full words to form a larger “nucleus” potentially with a modiﬁed part of speech. This composition is what
the tau shaped construction represents in his stemmas, a notion he named
transfer (translation).
• While the arcs in the stemmas are directed (even though the direction is not
explicitly marked), Tesnière represents conjunctions using a different type of
undirected arc. Conversely, in dependency graphs all arcs are directed and
no distinction is made between them.
• Stemmas can include words as nodes that aren’t present in the sentence, such
as dropped subjects.
To elaborate on the last point, as we saw in the previous section, some
morphologically-rich languages tend to drop the subject of the verb when it is
easily understandable given the morphological markings of the verb and the context of the sentence. Interestingly, Tesnière (2015) accounted for such cases in his
syntactic analysis. This can be seen in examples from Ancient Greek and Latin in
Figure 2.2, where he represents the dropped subject as (nom). As we shall see in
Section 2.2.2.3, our approaches to dependency parsing fall short in such cases; they
cannot draw arcs to words that are not explicitly present in the sentence.
(2.10) ὁμολογῶ εἶναι Ἀθηναῖος
Admit
be
Athenian
“I admit that I am Athenian”

2.2.2

Definitions & key concepts

We shall now deﬁne dependency graphs in a mathematical manner, following Kübler et al. (2009). We do so mainly to explain the concept of projectivity, which is in turn needed to comprehend the difference between our decoding
algorithms.
As we have already alluded to, dependency graphs encode the relationships
between the words in a sentence. These relationships are considered to be binary
and asymmetric, and can be visualised as directed arcs connecting a governing word
to a subordinate.

Chapter 2. Background

15

Figure 2.2: Stemmas demonstrating dropping of subject in Latin and Ancient
Greek. In Ancient Greek, the verb “ὁμολογῶ” is in 1st person singular form. It
is therefore clear from context that the subject is “I” and it is dropped from the
sentence. Example is from Tesnière’s Elements.

2.2.2.1

Head and dependent

The governing word is referred to as the head or governor of the relation and
the subordinate word as the dependent. The relation is then represented as an arc
directed from the head to the dependent. As an example, in Figure 2.3 “Meal” is
−−−→
the head of “Combo”.

Figure 2.3: Example of a dependency graph in English.

2.2.2.2

Relations

The arcs are labelled with the type of relation that exists between the two words.
We denote the set of all possible labels that can exist between any two words
as L. As an example of a relation, in Figure 2.3, the relation between “Meal”
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and “Combo” is “compound”, denoting that “Combo” modiﬁes “Meal” to create
a compound nominal: “Combo Meal”4 . A comprehensive listing of the possible
labels and their meaning can be found in Appendix 1.
2.2.2.3

Dependency Graph

Definition 2. A dependency graph G for a sentence w1 , w2 . . . wn , is a labelled directed
graph with nodes V and arcs E with labels from the set L.
G = (V ; E) where

V ⊆ {w0 , w1 . . . , wn }
E ⊆V ×L×V

where w0 is a ﬁctional ROOT node that dominates all the other nodes in the
graph. In Figure 2.3 the ﬁctional root node, if depicted, would be the head of
“Meal”. Furthermore, we give an example of what some elements of V and E
would be for this example:
V

⊃ {ROOT, $, 5.76, Meal, !!}

E

⊃ {(ROOT, root, Meal), ($, nummod, 5.76), ($, punct, !!)}

A dependency graph is also conventionally constrained to have the following
two properties:
1. It must be acyclic.
2. Each node must only have a single head.
We note that the second constraint is important for us, because our graph parser
we will discuss in Section 3 relies on it to make a single prediction for each word
in the sentence.
2.2.2.4

Yield of a node

Definition 3. The yield of a node wi is the set of nodes dominated by wi .
The yield of a node wi also contains itself.
4

This was purely accidental.
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Projectivity

Projectivity is an additional constraint on the form of a dependency graph that
limits which arcs can be drawn between nodes given their position in the sentence Kuhlmann and Nivre (2006).
Definition 4. A dependency graph is projective if the yield of all of its nodes are intervals.
whereby an interval with endpoints j and k:
[j, k] := {i | wi ∈ V ∧ j ≤ i ≤ k}

(a) Projective

(b) Non Projective—note the clear crossing arcs due to the punct arc.

Figure 2.4: Example of a projective dependency graph and a non-projective
dependency graph from the Universal Dependencies dataset.
As an example, the dependency graph in Figure 2.4a is projective, while that
in Figure 2.4b is non-projective. To see why, we note that the yield of “that” is
{Holy, cow, that, .} , which have indices {1, 2, 4, 8}. This set is not an interval,
since it contains gaps; (3, 5, 6 and 7) are missing.
A visual way to check for non-projectivity, is to check for arc crossings in
the dependency graph. However, we need to be careful that the following two
conditions are met:
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• The nodes are ordered according to the words in the sentence (usually true)
• The artiﬁcial root node is illustrated and joined with the root of the dependency graph with an arc.
The projectivity constraint is usually satisﬁed for languages whose syntax enforces a relatively rigid word order, English being such an example. On the other
hand, languages that do not impose constraints on the order of words in the sentence, such as Latin and Ancient Greek, have a high degree of non-projectivity.

2.2.3

Graph based dependency parsing

In general, approaches to dependency parsing can be coarsely classiﬁed into transition based approaches and graph based approaches. In this dissertation our focus
is on graph based approaches, however we shall give a brief comparison of the two
here.
Transition based parsers (Yamada and Matsumoto, 2003; Nivre and Hall,
2005; Chen and Manning, 2014; Alberti et al., 2017) treat the parsing problem as
a search over a set of possible parsing actions. They enforce acyclic and projective
constraints through the transition system they employ. A compelling characteristic
they have is their efficiency; most projective transition based parsers are linear in
the size of the input regarding runtime and memory.
Graph based parsers McDonald et al. (2005); Martins et al. (2010); Zhang
et al. (2016); Dozat and Manning (2016) on the other hand, approach the parsing
problem as a choice of which pairs of nodes to draw arcs between. A drawback
of graph parsers compared to transition based parsers is that they typically have n2
complexity5 . This makes them computationally unattractive, especially given that
long sentences unfortunately are not uncommon. However, graph based parsers
can handle highly non-projective languages more effectively than transition based
ones.
As opposed to transition based parsers, graph based parsers enforce tree and
projectivity constraints by post-processing. The n × (n + 1) matrix of weights
corresponding to all possible arcs in a sentence of n words is processed with a
maximum spanning tree algorithm. When we want to constrain the output of a
dependency graph to be projective, we use Eisner’s algorithm (Eisner, 2000) which
5

assuming they are 1st order graph parsers

Chapter 2. Background

19

runs in n3 time. If we want the output to be acyclic but want to allow for nonprojectivity, we employ the Chu Liu Edmonds algorithm (Chu, 1965; Edmonds,
1967), which is an n2 algorithm.
The simplest graph based parsing approach—and the approach our parser
follows—is arc factored; each arc is scored independently from all others. More
elaborate but at the same time more computationally expensive approaches exist
that take into account more context (Martins et al., 2013).

2.2.4

Neural network approaches for dependency parsing

While there had been earlier parsers employing neural networks, Chen and Manning (2014) was an inﬂuential paper that made neural based parsers fashionable.
They proposed a neural transition based parser that leveraged word embeddings,
part of speech embeddings and arc label embeddings. The compelling characteristics of this parser were its speed and that no manual feature engineering was needed
to obtain good results. The authors argued that for non-neural approaches, speed
was hampered by computing the large complex set of feature representations. A
peculiar suggestion in that paper was the use of an x3 activation function which
didn’t seem to catch on.
The next generation of neural transition parsers started employing recurrent
Long Short Term Memory (LSTM) networks (Hochreiter and Schmidhuber, 1997)
to make the embeddings context dependent (Dyer et al., 2015). At the same time,
neural graph based parsers employed Bidirectional Long Short Term Memory
Units (BILSTM) (Graves and Schmidhuber, 2005) to encode sentences (Kiperwasser and Goldberg, 2016; Zhang et al., 2016; Cheng et al., 2016).
Most recent work has built on the aforementioned models by employing subword representations (Kim et al., 2015; Ling et al., 2015). Our graph based parser
we shall discuss in Section 3 also goes down this route. We follow Vania and
Lopez (2017) who employed the aforementioned subword representations as well
as simpler composition functions, such as addition, for language modelling. They
report that character trigrams composed with a LSTM were very effective. However, they found that these representations are not substitutes for a morphological
analysis, as when they used such information they signiﬁcantly outperformed the
subword models.
On a similar note, Yu and Vu (2017) compare such subword representations,
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but for a transition based parser. They report that character convolutional networks
outperform character BILSTMs, especially for agglutinative languages. Similar to
our ﬁndings, they demonstrate that the subword model’s improvement over the
word model is in large part due to its ability to alleviate out of vocabulary issues.
Approaches to parsing in the past have mostly relied on using part of
speech (Zhang et al., 2016; Kiperwasser and Goldberg, 2016; Bohnet and Nivre,
2012; Cheng et al., 2016) and morphological information (Lee et al., 2011; Bohnet
et al., 2013; Cheng et al., 2016) as input. With the shift to neural network models,
the community has found that jointly learning several tasks is beneﬁcial. Many recent approaches jointly learn to predict part of speech tags (Chorowski et al., 2016;
Ma and Hovy, 2017; Nguyen et al., 2017; Alberti et al., 2017).
There have been some interesting approaches for parsing that leverage language
models. Vinyals et al. (2015) model constituency parsing as machine translation
of brace delimited strings using an encoder/decoder model. Choe and Charniak
(2016) use a language model to rerank parses from a constituency parser obtaining
state of the art results for English.
In the spirit of Collobert et al. (2011), Hashimoto et al. (2016) train a neural
network on very diverse tasks and obtain reasonable results on many, including
dependency parsing.

2.3
2.3.1

Datasets & Evaluation
Datasets

Most recent work (Dyer et al., 2015; Kiperwasser and Goldberg, 2016; Zhang
et al., 2016; Dozat and Manning, 2016) report results on the Penn Treebank (PTB)
and Chinese Treebank (CTB) datasets. However, English and Chinese aren’t
morphologically-rich. We therefore chose to evaluate our models on the CONLL
2006 (Buchholz and Marsi, 2006) and Universal Dependencies v1.3 (Nivre et al.,
2016) datasets. The ﬁrst was chosen so that we could compare to Zhang et al.
whose architecture we followed to a great extent. The second was chosen since it
is more recent and provides a larger selection of languages. Related work to which
we shall be comparing to in Section 4 is listed in Table 2.1.

Chapter 2. Background

21

CONLL-2006

Universal Dependencies v1.3

Ballesteros et al. (2015)

Alberti et al. (2017)

Zhang et al. (2016)

Chorowski et al. (2016)

Cheng et al. (2016)
Table 2.1: Work we will compare to on the CONLL 2006 and Universal Dependencies v1.3 datasets

2.3.1.1

CONLL 2006

The CONLL 2006 dataset was introduced in the CONLL 2006 task (Buchholz and
Marsi, 2006). For the challenge, submissions were run on 13 languages; we will
be evaluation on Czech, German and Turkish. The datasets for these languages
were converted automatically from constituency treebanks 6 , phrase treebanks or
other dependency formats to a common dependency treebank form. The form of
the common dataset followed Joakim Nivre’s Malt-TAB format Nivre and Hall
(2005), a predecessor of the format that can be seen in 2.5. An important note here
is that unlike the Universal Dependencies datasets introduced later on, the CONLL
2006 dataset has different tags for each language.
Overall a big difference in average labelled attachment score for various languages was reported among all submissions, suggesting that some
morphologically-rich languages were harder to parse than others. As an example
the average labelled attachment score for Turkish over all submissions was 56.0%
while for Japanese it was 85.9% The two best submissions were a transition based
parser by Nivre and a Graph parser by Mcdonald with average labelled attachment
score on the 13 languages being 80.3 and 80.2 respectively McDonald and Nivre
(2007). Both of these parsers turned out to be very inﬂuential for future dependency
parsers.
The CONLL 2006 dataset has no standard train and development split. We
therefore split the training set into 95% train and 5% development, as carried out
by Cheng et al. (2016). This leads to a larger development set than that used in
Zhang et al., where the last 374/367 sentences were used as development sets for
Czech and German respectively.
6

Rules were used to ﬁnd the head of each constituent
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(a) Dependency parse we revisit from the introduction.
1 Τοῦτο

οὗτος

2 ἀλώπηξ
3 κατιδοῦσα
4 ἐβόα

PRON

ἀλώπηξ

κατεῖδον

βοάω

p−s−−−na− Case =Acc | Gender =Neut | Number= Sing

NOUN

VERB

3 dobj

_ _

n−s−−−fn− Case =Nom| Gender =Fem | Number= Sing 4 n s u b j _ _

VERB

v−s a p a f n − Case =Nom| Gender =Fem | Tense =Aor 4 advmod

v 3 s i i a −−− A s p e c t =Imp | Number= Sing | P e r s o n = 3 | Tense = P a s t

_ _

0 root

_ _

5 · · PUNCT u−−−−−−−− _ 4 punct _ _

(b) CONLL ﬁle format for the above dependency parse.

Figure 2.5: Elaboration on CONLL ﬁle format. The dependency parse we revisit
from the introduction is represented with the above ﬁle in CONLL format. The
columns are in the following order: id, form, lemma, upostag, xpostag, feats, head,
deprel, deps, misc. We removed some of the morphological features (feats) from
the above in order to ﬁt the ﬁle onto the page.

2.3.1.2

Universal Dependencies

The Universal Dependencies (Nivre et al., 2016) dataset was compiled to encourage
the development of dependency parsing across many languages. It was constructed
with experience from previous challenges (Buchholz and Marsi, 2006; Nilsson et al.,
2007; Tsarfaty et al., 2010) using a common universal tagset for all languages.
In the CONLL 2017 dependency parsing challenge (Zeman et al., 2017) the
main theme was to develop dependency parsers on the freshly released Universal
Dependencies v2.0 dataset in a real world setting. This meant that the input to
the parsers at test time were tokens split by UDPipe (Straka and Straková, 2017)
as opposed to the gold tokens. Additionally, participants were provided with the
raw text of the sentences and given the choice of using their own tokeniser if they
wanted to. More importantly, the part of speech tags, lemmas and morphological
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annotations provided at test time were the output of UDPipe and not the gold ones.
This meant that there systems that could provide output than UDPipe had a clear
advantage.
A second axis the challenge expanded on was that of low resource languages.
Some languages had scarce data and most participants attempted to build multilingual models in the spirit of Ammar et al. (2016) to improve the performance
on such datasets. Additionally, the challenge included “surprise languages” which
were not revealed until a week before the deadline for the submission.
The best overall system was that of Dozat et al. (2017), a system based on their
model we described earlier (Dozat and Manning, 2016). Their biaffine attention
graph parser was modiﬁed to additionally use character level word embeddings
similar to Ballesteros et al. (2015) concatenated with their word embeddings and
part of speech tag embeddings. They used their own part of speech tagger— a
separate model—and argued that the fact that their part of speech tagger was more
accurate than the UDPipe can affect results.

2.3.2

Evaluation

In order to evaluate dependency parsing methods, it has become the norm to report
two metrics. Unlabelled attachment score (UAS) and Labelled attachment score
(LAS).

#correctarcs
(2.11)
#arcs
#(correctarcs ∩ correctlabel)
LAS =
(2.12)
#arcs
UAS measures the percentage of arcs of the dependency graph a parser gets
U AS =

correct when not taking the labels into account. LAS is the percentage of arcs a
system gets correct when also taking the labels into account. It is important to
note that for the CONLL 2006 dataset punctuation is not accounted for when
computing LAS and UAS.
In an unpublished paper Nivre (2016) has expressed concern that these metrics
for evaluation aren’t fair when comparing between multiple languages. This is
because languages with a large number of function words get higher scores because
function words are usually much easier to label. While this may be a valid point,
using modiﬁed versions of the metrics would make our comparison to earlier work
harder.

3

Implementation

In this section we begin by introducing the graph dependency parser we implemented based on (Zhang et al., 2016) and Kiperwasser and Goldberg (2016), that
leverage Bidirectional Long Short Term Memory networks (BILSTM) (Graves
and Schmidhuber, 2005) to encode the words of each sentence. We then describe
our choices for preprocessing and motivate the choice of hyperparameters used for
training each of the three proposed variants of the model.
We note that by reimplementing all models we will be exploring using the
same framework (Tokui et al., 2015), the comparison is made on as equal a
footing as possible; there are no effects of choice of framework and implementation
differences that may otherwise bias results towards a speciﬁc model.
From here onwards we assume familiarity with machine learning and neural
network techniques. Due to space and time constraints, we haven’t included an
introductory section covering such topics. For a comprehensive introduction to
neural networks for natural language processing applications, we refer the reader
to Goldberg (2016).
We try to follow notation in the Nomenclature summarised before the introduction. Unless explicitly noted, lowercase characters (c) denote scalars , lowercase
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bold characters (v) vectors and capital boldface characters (M ) matrices. Vectors
are column vectors and functions of vectors are assumed to retain this characteristic.

3.1

Graph based dependency parser

For ease of exposition, we break down our dependency parser conceptually into
two components, the encoder and the parser.
The encoder’s reason of existence is to give us a vector representation for each
word in the sentence. As we shall see in the next sections, these representations can
be constructed in several ways. Hence, we shall present three models that differ in
the way they construct representations for the words.
Returning to the second component, as hinted the parser does not differ
based on the choice of encoder. It uses the aforementioned word representations
constructed from one of the proposed encoders to make predictions and form the
dependency graph of the sentence.
We begin by introducing the common component of all our models, the
parser, deferring the description of the encoder to the next section. Next, we
describe how the sentence encoder works with word embeddings, utilising no
subword information. We shall refer to the parser that uses this encoder as wordBILSTM. Finally, we introduce two subword encoders that provide alternative
ways of constructing the word embeddings compositionally from characters. They
employ two different neural architectures as composition functions, a BILSTM and
a convolutional neural network (CNN) (LeCun et al., 1990) respectively. These
alternative representations can be used as drop in replacements for the character
unaware word embeddings in the sentence encoder, leading to what we shall
henceforth refer to as the char-BILSTM encoder and the char-CNN encoder.

3.1.1

Parser

As we have discussed in Section 2.2, a dependency parser accepts as input a sentence
and outputs a labelled dependency graph which embodies the syntactic relationship
between the words in the sentence. Our parser therefore needs to complete two
tasks. First it needs to decide which pairs of words are in a head/dependent
relationship—which arcs to draw1 . Second, for each such arc it needs to predict
1

We shall refer to this as arc prediction and head prediction interchangeably.
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a label denoting the relationship that exists between the head and the dependent
word.
For arc prediction, we follow (Zhang et al., 2016) and model dependency
parsing as head selection. Namely, for each word in the sentence we predict
which word should be its head. This approach is viable since, as we discussed
in Section 2.2.2.3, each word in a dependency graph has a single head. The head
could be any of the other words in the sentence or an artiﬁcial root symbol. In the
latter case, the word is interpreted as being the head of the sentence. An important
point here is that this unconstrained approach leads to output that may contain
cycles. However, it is clear from the literature that the BILSTM model learns to
actually predict trees in the vast majority of cases even having been trained without
such a constaint (Zhang et al., 2016; Chorowski et al., 2016) (see Section 2.2.3 for
details and Table 4.4 for more evidence on this point).
For label prediction, we use information about the head and the dependent
joined by the arc to make a decision about the label. At training time we take into
account the annotated arcs in the training set. At test time we count on the arcs
the system predicted.
To accomplish both head and label prediction, we form a probability distribution over possible heads in the ﬁrst case and the vocabulary of labels in the other.
Our model following Kiperwasser and Goldberg (2016) obtains these probability
distributions using two neural networks with a hidden layer, one network for each
task. These are trained jointly with one of the encoders we shall discuss in the
following sections.
For the arc prediction case, using this neural network we compute an activation
for each possible pair. Note that as hinted earlier, the head word can be the ROOT
representation while the dependent cannot.
a(ei , ej ) = vaT tanh(Da ei + Ha ej + ba1 ) + ba2
i ∈ {1, 2 . . . N }
{z
}
|
dependent

j ∈ {0, 1 . . . N }
{z
}
|

(3.1)

head

where Ha , Da ∈ R|e|×|e| , va , ba1 ∈ R|e| and ba2 is a scalar. Given these n × (n + 1)
activations we compute the probability that wj is the head of wi as follows.
exp(a(ei , ej ))
Phead (wj |wi , S) = ∑N
k=0 exp(a(ei , ek ))

i ∈ {1, 2 . . . n}

(3.2)

For label prediction the network is similar, but we only predict labels for
head-dependent pairs that are joined by an arc. Hence we restrict the contextual
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Zhang

et

al.

Kiperwasser and

word-BILSTM

(2016)

Goldberg (2016)

Loss

crossentropy

hinge

crossentropy

Tree constraint

test

train and test

test

Label prediction

separate network

joint

joint

BILSTM units

300

125

200

Embeddings

300

100

200

Dropout

Dropout

Word Dropout

Dropout

Training tricks

–

Loss augmented

–

inference
Table 3.1: Comparison of Zhang et al. (2016) to Kiperwasser and Goldberg (2016)
and our hybrid implementation.

embeddings of interest to heads and dependents, eh and ed respectively.
l(eh , ed ) = Wl tanh(Dl ed + Hl eh + bl1 ) + bl2

(3.3)

where Hl , Dl ∈ R|e|×|e| , Wl ∈ R|Vl |×|e| , bl1 ∈ R|e| , bl1 ∈ R|Vl | and |Vl | is the size of
the label vocabulary. We then predict the label using a softmax.
exp(l(eh , ed )[i])
Plabel (li |wh , wd , S) = ∑|V |
l
i=1 exp(l(eh , ed )[i])

(3.4)

The network is trained to minimise the joint loss from label prediction and head
prediction.

NS
1 ∑∑
log Phead (gold(wj )|wi , S)
Jhead (θ) = −
|T | S∈T i=1

(3.5)

NS
1 ∑∑
Jlabel (θ) = −
log Plabel (gold(li )|gold(wj ), wi , S)
|T | S∈T i=1

(3.6)

Jtotal (θ) = Jhead (θ) + Jlabel (θ)

(3.7)

Since we have used ideas from both Zhang et al. (2016) and (Kiperwasser
and Goldberg, 2016) in Table 3.1 we summarize the differences between the two
models and our hybrid.
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Word encoder

Our approach for the word level encoder follows Zhang et al. (2016) and Kiperwasser and Goldberg (2016), where the word and part of speech tags of the sentence
are ﬁrst mapped to embeddings and then fed into a BILSTM neural network to obtain context dependent embeddings.
More concretely, given an input sentence of words w1 , w2 , . . . , wn , we ﬁrst
prepend a root symbol w0 to it. We do so since we need to create a representation
for the root if we are to be able to predict that a given word is the head of the
sentence (it has this ﬁctional root symbol as its head). We also pad the sentence
on the left with the start sentence symbol <s> and on the right with the end of
sentence symbol </s> 2 such that the position of the word in the sentence is explicit
with respect to the sentence boundaries. This is done to add more information
about word position to the beneﬁt of the BILSTM network encoder which we
shall describe shortly.
In order to obtain representations for the words, we ﬁrst create a word vocabulary with a prespeciﬁed capacity |Vw |. The vocabulary is then built by retaining
the |Vw | most common words in the training set. Ties for words that occurred a
number of times equal to what turned out to be the threshold are broken depending
on which of these words gets processed ﬁrst. In a similar fashion, we create vocabularies for part of speech tags and arc labels. The difference is that each distinct
symbol in the training set is assigned an id and there is no prespeciﬁed capacity or
dependency on occurrence frequencies.
The constructed vocabularies all assign an id to each token. For each word in the
sentence we replace words that didn’t make it into the vocabulary with a reserved
token for unknowns: UNK. This is treated as any other token hereafter. More
concretely, in Table 3.2 we list the ids we have preallocated for our vocabularies.
Some of these tokens such as PAD and <w>, </w> are only used in the subword
encoders we shall describe in the next sections.
Next, we create an embedding for each entry in the corresponding vocabularies.
As an example, for words we create an embedding matrix Ew ∈ Rdw ×|Vw | , where
|Vw | is the size of the word vocabulary Vw and dw the number of learnable weights
we assign to each word. For each sentence we wish to encode, each word w is
2

Arguably the start sentence symbol may not be needed since the root symbol is always
prepended to the beginning.
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ID Description

Token

ID

Description

Token

0

start sentence

<s>

3

start word

<w>

1

end sentence

</s>

4

end word

</w>

2

root symbol

w0

5

pad

PAD

6

unknown

UNK

Word/Char Vocab

Table 3.2: Vocabulary ids we preallocate for speciﬁc tokens. We shall refer to these
within the text using the representation in the Token column. As an example, the
most common word in the vocabulary will get the id 7, while for part of speech
tags start from id 6. This is so because we assume all possible tags must exist in the
training set—namely that there is no reason to allow for unknown tags.

looked up in the embedding matrix Ew , an operation we shall denote by ew (w).
If we are also using other information such as part of speech tags t we similarly
map them to embeddings et (t) from the embedding matrix Et . The input to the
network for each word is a concatenation of these vectors. For our default word
level model, which only employs words and their part of speech, we embed each
word of the augmented sentence wi and its part of speech tag ti as follows.
[
]
ei = ew (wi ); et (ti )

(3.8)

Assuming the dimensionality of the embedding vectors for words and part of
speech is |ew (w)| and |ep (p)| respectively, the concatenated embedding e would
have dimensionality |ew (w)| + |ep (p)|. According to the above, we encode an input
sentence <s>, w0 , w1 , . . . , wn , </s> with part of speech tags <s>, t0 , t1 . . . tn , </s> to
get n + 3 vectors of dimensionality dw + dp , the embeddings e<s> , e0 , e1 , . . . en , e</s> .
We could use these embeddings as input to our parser, however they have no
information relating to the position of the word in the sentence. As any sane
person who hasn’t worked with bag of word models for too long knows, word
order matters in human language. In order to capture temporal information and
condition the word representations on previous words in the sentence, we feed the
embeddings into a BILSTM.
−−−−→
hFi , cFi = LST M F (ei , hFi−1 , cFi−1 )

(3.9)

←−−−−B
B
B
B
hB
i , ci = LST M (ei , hi+1 , ci+1 )

(3.10)
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where hi is the output and ci is the internal cell state of the LSTM when processing
−−−−→
the ith word. The forward LSTM (LST M F ) encodes the words of the sentence
←−−−−
from left to right and the backward LSTM (LST M B ) from right to left. Note
that the forward and backward LSTMs don’t share any weight matrices, they are
independent neural networks. The word representation for wi conditioned on the
sentence is then obtained by concatenating the forward and backward states hFi
and hB
i output when encoding wi . At this point we dispose of the activations of
the start (<s>) and end (</s>) sentence tokens, since their sole purpose was to mark
the boundaries of the input for the BILSTM, hence i ∈ [0, n] when considering the
concatenation of the output states.
]
[
ai = hFi ; hB
i

i ∈ [0, n]

(3.11)

In this approach we concatenate the forward and backward LSTM activations for
each input to get a vector of twice the length. It is important to note that other
choices have been explored in the literature for combining the BILSTM states,
such as element-wise addition (Chorowski et al., 2016) and transformation with an
additional neural network layer (Ling et al., 2015).
We have hitherto shown how the encoder constructs a vector representation
for each sentence w0 , w1 , . . . , wn as n+1 vectors a0 , a1 , . . . , an . This representation
is used as input to the parser component we shall elaborate on in Section 3.1.1.
The aforementioned sentence encoding doesn’t take into account subword
information.

In the following section we present two ways of constructing

word embeddings compositionally from characters. These can be used as drop in
replacements for the word embeddings ew (w) of Equation 3.8 to obtain a sentence
representation that is character aware.

3.1.3

Subword encoders

In this section we shall explore two subword encoders. The ﬁrst composes character
embeddings using a BILSTM. The second employs a CNN, learning feature
detectors (ﬁlters) over windows of character n-gram embeddings.
We shall ﬁrst discuss how we process the words in both cases since this step is
shared. Then we shall describe how each subword encoder constructs the word
embeddings. Note that after we build the word embeddings, we make them
context sensitive following exactly the same steps as the word level encoder. Hence,
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the representations we elaborate on in the next two sections are used as substitutes
for ew (wi ) in Equation 3.8.
The character vocabulary is constructed in exactly the same manner as the word
vocabulary. Given a prespeciﬁed character vocabulary size |Vc |, we retain the |Vc |
most common characters of the training set and map all other characters to UNK.
With the same justiﬁcation as for the word case, we pad the characters of each
word with the start word <w> and end word </w> ids which we have reserved in
our character vocabulary (see Table 3.2 for details).
We then construct a character embedding matrix Ec ∈ Rdc ×|Vc | , where |Vc | is
the size of the character vocabulary and dc is the number of learnable weights we
want each character to have.
As noted in Ballesteros et al. (2015), we can take advantage of the fact that many
words are common and only compute their embedding once and cache the result.
This can lead to a signiﬁcan speed up, which is useful since these subword models
are typically much slower to train than the word level models. One caveat is of
course that we can only do this for each batch at training time, since the embeddings
get updated after error backpropagation. We therefore clear the cache after each
batch. We cache word embeddings both for the BILSTM and the CNN subword
encoders. We found that after caching, the char-CNN model is approximately
1.5 times slower than the word-BILSTM model. The char-BILSTM model is
approximately 2.5 times slower than the word-BILSTM model.
We now proceed to discuss how the subword models construct the word
representations.
3.1.3.1

char-BILSTM subword level encoder

The char-BILSTM encoder we describe here was proposed in Ling et al. (2015)
and has been employed for dependency parsing in Ballesteros et al. (2015). The
BILSTM is employed in the same way as the sentence encoder to obtain context
dependent character embeddings. However, in this case we want a single output
representation for the whole word, which would correspond to us wanting a
representation for the sentence instead of the words in the sentence embedder.
For this reason we only take the output of the BILSTM after processing the last
character of the word, as we shall elaborate shortly.
Given the character representation of a word <w>, c1 . . . cn , </w> we look
up each character in the embedding matrix Ec to get the embeddings
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e<w> , e1 . . . en , e</w> . We then encode each character embedding using a BILSTM.
−−−−→
hFi , cFi = LST M F (ei , hFi−1 , cFi−1 )

(3.12)

←−−−−B
B
B
B
hB
i , ci = LST M (ei , hi+1 , ci+1 )

(3.13)

However, we only take the output of the BILSTM at the last step. That is, the
−−−−−→
output of the forward LSTM(LST M F ) after processing the end word character
←−−−−−
hF</w> and the output of the backward LSTM(LST M B ) after processing the start
word character hB
<w> . The word representation is then computed by concatenating
these two outputs 3 .

]
[
aw = hF</w> ; hB
<w>

(3.14)

As we have alluded to earlier, this word embedding aw is then used as input to
the sentence encoder described in the previous section to obtain a context sensitive
embedding before being fed into the parser.
3.1.3.2

char-CNN subword level encoder

In this section we elaborate on the char-CNN encoder implementation proposed
in Kim et al. (2015). In this approach a convolutional network is used to identify
salient character n-grams and encorporate their presence into a word representation.
We ﬁrst pad shorter words to the longest word found in the batch such that
we can train using mini-batches. Yu and Vu (2017) and Ma and Hovy (2017) pad
shorter words symmetrically on both sides. Kim et al. only pad to the right as we
veriﬁed after checking the released code. We follow Kim et al. and pad shorter
words to the right using the reserved PAD token, as this approach produces less
windows that have padding overlapping with actual word input.
In our approach, instead of limiting the maximum size of a word, we split each
batch of words into two batches, the ﬁrst one containining the longest 0.1% of
words. We note that in retrospect this wasn’t a very good idea because the batch
size affects the way padding is carried out. Nevertheless, we found the effect to
be very small and didn’t retrain all our models with one of the padding schemes
mentioned earlier.
Once we have each of the words padded, we follow a similar procedure to that
we carried out to embed the characters in the previous section for the BILSTM. For
3

B
Ling et al. (2015) actually compute tanh(W hF
n + U hn + b).
[ for part
] of speech tagging, but
B
in the parsing paper (Ballesteros et al., 2015) simply concatenate: hF
;
h
n
n
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each word given its character representation <w>, c1 . . . cn , </w>, PAD . . . we look
up each character in the embedding matrix Ec ∈ Rdc ×|Vc | to get the embeddings for
the word e<w> , e1 . . . en , e</w> , (ePAD )∗. We then stack together these embeddings
as columns of matrix Cw such that we can slide our convolutional ﬁlters over them.
To facilitate this operation we henceforth deﬁne that any indexes applied to the
matrix act on the columns. We can do so since we will not need to deal with
the dimensionality of the character embeddings—for our purposes here they are of
ﬁxed size and indivisible. At this point, to put the following steps into perspective,
an illustration of the model we are reimplementing is depicted in Figure 3.1.

Figure 3.1: Illustration of char-CNN encoder architecture. The outputs drawn in
blue are the word embeddings we will feed into our sentence encoder. The image
is a modiﬁed version of the original we attribute to Kim et al. (2015).
In order to create a word representation, we slide a total of k ﬁlters Fj ∈
wj ×dc

R

,

j ∈ {1, 2 . . . k} each of a particular width wj and ﬁxed height equal to the

character embedding dimension dc . Each ﬁlter is slided with a stride of 1 over the
stacked character embedding matrix Cw . At each step we compute an activation
for each ﬁlter Fj . The activation at position i for ﬁlter Fj of the convolutional
network is computed as so.
(
)
fj [i] = tanh ⟨Cw [i : i + wj − 1], Fj ⟩

(3.15)
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where Cw [i : i + wj − 1] is a window of wj columns of matrix Cw starting from
column i and ⟨A, B⟩ = T r(AB T ) is the Frobenius inner product4 .
We then perform max pooling over time. For each ﬁlter Fj we retain the
maximum activation over all steps.
yj = max fj [i]

(3.16)

i

Finally, in order to construct the embedding for our word we follow Kim et al.
and pass the activation y through a highway network(Srivastava et al., 2015). The
output of the highway network is the sum of two terms the contribution of which
is controlled by a gate. The ﬁrst term is an affine transform of the input followed
by a non-linearity. In our case we used a tanh non-linearity.
(3.17)

g(y) = tanh(WS y + bS )

The second term is the input y. The justiﬁcation for this is that it allows the network
to carry the input to the next layer thus allowing gradients to ﬂow more freely
during backpropagation without the hindrance of saturating non-linearities. The
amount that each of these terms contributes is modulated by a gate. This gate is
itself learned along with the network.
(3.18)

t = σ(WT y + bT )
where σ is the sigmoid function. The output of the network is thus:
aw = t ⊙ tanh(WS y + bS ) + (1 − t) ⊙ y
|
{z
} | {z }
transform

(3.19)

carry

This compositionally constructed word embedding aw can then be used as
input to Equation 3.8 as stated earlier.

3.2

Setup

In this section we elaborate on the nitty gritty implementation details of our
neural network models which was carried out using the Chainer neural network
framework(Tokui et al., 2015). We ﬁrst describe how we preprocessed the input
for the word-BILSTM and then for the subword models. Then we justify our
choices of hyperparameters for these models based on experiments on the Universal
Dependencies v1.3 development set. Lastly we elaborate on details regading the
training procedure.
4

Or if you speak numpy, np.dot(A.ravel(), B.ravel())
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Preprocessing

For our models we ﬁrst narrowed down our choices for preprocessing, since there
are already ample hyperparameters to choose for each individual model. These
choices therefore may not be optimal, since they were made when we had little
experience training the models.
3.2.1.1

Word models

We carry out basic preprocessing to make the vocabulary smaller and combat
spurious sparsity at the word level. We argue that this makes the comparison
to models that can capture subword information more realistic, given that such
preprocessing steps are generally used in word level approaches and are easy, alas
tedious to carry out. The following transformations are carried out to each token
in the following order.
1. Each token is lowercased.
LOUDTEXT → loudtext
2. We replace standard numeric forms with the string __NUM__.
32$ → __NUM__$.
3. We truncate a string of 3 or more consecutive identical characters to 2.
greeeeeeatt!!! → greeatt!! 5
We also considered removing diacritics similar to our approach on the subword
level which we shall describe in the following section. However, there are cases
where this would produce the same representation for different words. As an
example, in Modern Greek “κανείς” means “nobody”, but “κάνεις” means “you
do”. We therefore did not remove diacritics to avoid such sources of ambiguity.
(3.20) Κανείς δουλειά σήμερα;
nobody work
today?
“Is anybody working today?”
3.2.1.2

(3.21) Κάνεις δουλειά σήμερα;
you do work
today?
“Are you working today?”

Subword models

For our subword models we chose to lowercase all characters and expand diacritics.
As can be seen in Figure 3.2, the effect of preprocessing for Ancient Greek isn’t
5

We are not aware of a language which uses 3 consecutive identical characters in words. The
reason we added this function is because in the English section of Universal Dependencies v1.3 we
have reviews and email: “it s prettty much the same $$$, please advice !?????!!!!”
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large. We chose to lowercase and expand diacritics, because it performed equally
well with the other preprocessing methods. At the same time it reduced the
character vocabulary size. We note at this point, that we made this decision early on
to narrow down our search space. Given our current models we would reconsider
this step in future work, given that we only explored training for the ﬁrst 20 epochs.
As we will see in the next section, we later found hyperparameters with dropout
for which the performance improved for many more epochs—well after 50.
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Figure 3.2: Effect of preprocessing on training for Ancient Greek during initial
experiments. The plotted lines are the average of 3 runs with different seeds. The
shading (blur) reports ±1 standard deviation from the mean.

3.2.2

Hyperparameter selection

In order to make as fair a comparison as possible between the models, we follow Collins et al. (2016) and use the same ﬁxed budget of trainable parameters for
each model. A similar approach was also followed by Kim et al. (2015), since they
used the same number of total trainable parameters in their char-CNN language
model and the word level language model they compared to.
In our case, we constrain the number of trainable parameters up until the
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sentence encoder6 to be the same, given that the model is shared from that point on.
As an example, our char-BILSTM model can have 5000 × 200 = 1000000 trainable
parameters in the character encoder network, given that we use a word vocabulary
size of 5000 and each word embedding has 200 dimensions. In general, we note
the following:
• The word-BILSTM model allocates a lot of trainable parameters on word
embeddings due to the large vocabulary size.
• The char-BILSTM has very few trainable parameters in character embeddings due to the insigniﬁcant vocabulary size, and therefore can afford to
have most of its parameters in the character BILSTM encoder.
• The char-CNN is very frugal with its parameters over the vocabulary, since
convolutional neural networks don’t have fully connected layers (large square
matrices). Most of the parameters for this model are therefore distributed in
the highway network7 .
Based on the above constraints we chose the number of layers, units and ﬁlters
for our models as can be seen in Table 3.3.
Given the above restriction on our budget of trainable parameters we ﬁne tuned
the following hyperparameters in this order.
1. Select the batch size for each model.
2. Choose dropout for word-BILSTM.
3. Choose char-BILSTM and char-CNN dropout based on word-BILSTM
values that worked best.
We tuned our batch size on three languages (English, Finnish and Ancient
Greek) using three runs with different random seeds. We did so because the
effect of random initialisation of the embeddings was not negligible, as reported
in Weiss et al. (2015). We chose these languages as representatives of diverse
language typologies. English is mixed, Finnish is agglutinative and Ancient Greek
is fusional with free word order. For the following experiments we ran 50 epochs.
6
We include the sentence encoder parameters, since if the output of a subword level encoder
is of higher dimensionality, this affects the number of parameters in the sentence encoder BILSTM
due to it having a rectangular input to hidden weight matrices.
7
There may be more effective ways to distribute use these trainable parameters
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word-BILSTM char-BILSTM

# parameters

char-CNN

2328000

2308000

2324100

vocabulary size

5000

≈ 100

≈ 100

embedding size

200

200

15

sent BILSTM layers

2

2

2

sent BILSTM units

200

200

200

char BILSTM layers

—

1

—

char BILSTM units

—

200

—

highway layers

—

—

1

ﬁlter ngrams

—

—

1,2,3,4,5,6

# ﬁlters per ngram

—

—

20 + (n − 1) · 25†

arc units ♢

100

100

100

label units ♢

100

100

100

†

Kim et al. (2015) use n · 25 for their small model, namely
[25, 50, 75, 100, 125, 150].

♢

These do not count towards the trainable parameter budget.

Table 3.3: Choice of layers, unit sizes and ﬁlters constrained by training parameter
budget. For more details, the exact conﬁguration used for training these models
can be found in Figure 1 in the Appendix. We veriﬁed that the models had the same
number of parameters by checking that the sizes of the serialized weight matrices
were nearly the same (about 10 Mb).

3.2.3

Batch size

For the word-BILSTM we found that a batch size of 32 was a reasonable choice.
As can be seen in Figure 3.3, the most glaring disparity is how much lower LAS the
word model achieves for Ancient Greek compared to English (see Figure 2 in the
Appendix for a comparison between English, Finnish and Ancient Greek side to
side). It is apparent that morphologically-rich languages are harder to parse using
a word level model. Moreover, it is clear from these initial results that optimising
for a single language is not a good idea. On the other hand, taking into account
more languages is not that straightforward either.
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(b) Dev LAS for Ancient Greek

Figure 3.3: Batch size effect on word-BILSTM Labelled Attachment Score for
English and Ancient Greek. The curves are the average of three runs with different
random seeds. The shaded envelope of the curve is ±1 standard deviation.
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The char-BILSTM showed similar trends to the word-BILSTM with an optimal batch size of 32. However, as expected the LAS curve was much higher and
smoother on the development set. For the char-CNN we use a batch size of 16.
word-BILSTM char-BILSTM
batch size

32

char-CNN

32

16

Table 3.4: Choice of batch size for our models.

3.2.4

Dropout
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Figure 3.4: Effect of dropout on word-BILSTM Labelled Attachment Score. The
best resulting experiment for each language is circled. Arc dropout is dropout
applied to the input of the arc prediction network. Embed dropout is dropout
applied to the concatenated word and part of speech embedding. Languages
are from top to bottom: English, German, Dutch, Russian, Arabic, Finnish and
Ancient Greek.
Instead of running experiments with different seeds, for choosing dropout we
instead evaluated on many different languages to sense if there are any general
trends. The combinations we tried were based on initial experiments and reported
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Figure 3.5: Effect of dropout on char-BILSTM Labelled Attachment Score. The
best resulting experiment for each language is circled. Embed dropout is dropout
applied to the concatenated word and part of speech embedding. Inp dropout is the
dropout applied to the character embeddings before feeding them into the charBILSTM. Languages are from top to bottom: English, Finnish, Dutch, Russian and
Ancient Greek.

settings in the literature. Based on the results in Figures 3.4,3.5 and 3.6, we choose
values for dropout as summarised in Table 3.5.

3.2.5

Training

3.2.5.1

Weight initialisation

Initialisation of all linear layers and convolutional ﬁlters was carried out according
to He et al. (2015).
WLinear

(
∼ N 0,

√

2 )
f anin

(3.22)
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Figure 3.6: Effect of dropout on char-CNN Labelled Attachment Score. The
best resulting experiment for each language is circled. Embed dropout is dropout
applied to the concatenated word and part of speech embeddings. Highway
dropout is dropout applied to the input of the highway layer. Languages are from
top to bottom: English, Finnish, Dutch, Russian and Ancient Greek.

where f anin is the dimensionality of the input. All biases were initialised to 0. The
8 LSTM weight matrices were initialised with samples from a Gaussian distribution.
√
(
1 )
WLST M ∼ N 0,
(3.23)
f anin
Lastly, word embeddings were initialised with samples from a Gaussian distribution
with mean 0 and standard deviation 1.
( )
Wembed ∼ N 0, 1
3.2.5.2

(3.24)

Optimiser

We used Adam (Kingma and Ba, 2014) with the default setup (learning rate=0.001,
beta1 =0.9, beta2 =0.999) as our optimiser. We did so to further narrow down our
search space since if we had chosen to use stochastic gradient descent we would
need to ﬁne tune the learning rate and the learning rate decay. However, we
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word-BILSTM char-BILSTM

char-CNN

arc dropout

0.2

0.2

0.2

label dropout

0.6

0.6

0.6

sent BILSTM dropout

0.6

0.6

0.6

char BILSTM dropout

—

0.6

—

word level dropout

0.4

0.2

0.0

char embedding dropout

—

0.2

—

highway dropout

—

—

0.2

Table 3.5: Choice of dropout for our models.

are aware that results may have been better if we used stochastic gradient descent,
since there has been recent work suggesting that adaptive training methods fail to
generalise as well (Wilson et al., 2017).
3.2.5.3

Training Schedule

We trained using mini-batches, the size of which is tabulated in Table 3.4. At each
epoch we shuffled the training set and split the sentences into buckets of width 5.
Namely, a sentence with length 7 could be in the same bucket with a sentence of
length 5 or 9. Shorter sentences are padded and the resulting extraneous activations
are not taken into account.
We trained our word-BILSTM and char-BILSTM models performing checkpoints every 100 batches. For our char-CNN we performed a checkpoint every
200 batches. We did so to keep the interval of the checkpoints equal, given that we
used a batch size of 16 instead of 32 for the char-CNN. We stopped training when
the LAS on the development set didn’t improve for 50 consecutive checkpoints.
Our implementation is available at https://github.com/andreasgrv/johnny. Our
setup for each model is stored as a yaml conﬁguration ﬁle which we have also
included in Appendix I. We note that training times varied depending mostly on
dataset sizes. Training the char-BILSTM was clearly the slowest. When limiting
our training to stop after 50 checkpoints with no improvement, it took 68 hours to
train a model for Czech (albeit with approximately 1.5% gains on LAS and UAS
after the ﬁrst day). Other languages converged much faster, some in a few hours
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with medium sized ones such as English taking a bit less than a day. All training was
carried out on CPU. Example training times per epoch can be seen in Table 3.6.

English

word-BILSTM

char-BILSTM

char-CNN

240 seconds

455 seconds

310 seconds

Table 3.6: Average training time per epoch for English (≈ 12500 sentences). The
experiments were carried out on CPU.

4

Results

In this section we report results for our neural graph based dependency parser
with a word encoder (word-BILSTM), a character Bidirectional Long Short Term
Memory (char-BILSTM) encoder and a character Convolutional Neural Network
(char-CNN) encoder. We note that the hyperparameters and training settings
employed here are those found to be effective in the previous section on the
Universal Dependencies v1.3 development set, and will only be elaborated on when
necessary. For an introduction to the datasets and details on how we split our
training data for the CONLL 2006 dataset, see Section 2.3.1.
After presenting our results we will examine the outputs of our models and
carry out a qualitative analysis for cherry picked input for Ancient Greek.

4.1

Quantitative analysis

4.1.1

CONLL 2006

In this section, we show that:
1. Our subword models outperform our word model on all three languages
(Czech, German, Turkish)
45
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2. Our models are competitive on the CONLL 2006 dataset, outperforming our
reference model (Zhang et al., 2016).
We begin by discussing our results on the CONLL 2006 dataset. Statistics for
this dataset can be seen in Table 4.1. We note that all languages have a sizeable
amount of non-projective sentences and that the Czech and German datasets are
much larger than the Turkish dataset. We only evaluated on three of the languages
in the CONLL 2006 dataset since our original goal was to compare to Zhang et al.
(2016).
Language # sentences
Turkish

% projective

4747

88.29

Czech

69067

76.84 †

German

37255

72.31 †

†

Slight

discrepancies

from Zhang et al.

in

numbers

are due to our

different train-dev split.
Table 4.1: CONLL 2006 dataset statistics.
In contrast to Cheng et al. (2016), we did not ﬁne-tune any parameters on the
CONLL 2006 dataset. We used the Chu-Liu-Edmonds algorithm to decode the
sentences for all languages, since all of them have a reasonably high percentage
of non-projectivity. For evaluation we follow the guidelines set out by all other
submissions and use the gold part of speech tags at test time. We then score our
models by running our output conll ﬁle through the eval.pl script which doesn’t
take into account punctation when scoring the sentences.
In Table 4.2 a comparison of our three models to related work can be seen.
Word level models are denoted by w while character level models by c. All models
are neural models apart from (Nivre et al., 2006).
To begin with, we note that our char-BILSTM and char-CNN outperform
word-BILSTM on all languages, especially Turkish where the char-CNN improves upon the word-BILSTM Labelled Attachment Score by nearly 7%. Moreover, we note that our word-BILSTM improves on reported results by Zhang et al.
(2016) mostly on Labelled Attachment Score by about 1% for both Czech and German. We attribute this to the fact that we jointly train our model to predict heads
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Czech

German

Turkish

UAS

LAS

UAS

LAS

UAS

LAS

84.80

78.42

88.76

85.82

75.82

65.68

—

—

—

76.32

64.34

81.72

92.19

89.60

—

—

Cheng et al. (2016)w, n

91.16 85.14

92.71

89.90

78.43 66.16

word-BILSTMw, n

89.14

82.88

93.31

90.85

74.85

58.47

char-BILSTM

90.48

85.06

93.63

91.73

76.74

64.53

char-CNNc, n

90.26

84.76

93.17

91.15

78.25

65.17

Nivre et al. (2006)w

Ballesteros et al. (2015)c,n —
Zhang et al. (2016)

c, n

n

Neural model.

w,n

89.68

w

Word model.

c

Character model.

Table 4.2: Labelled and Unlabelled Attachment Scores on the CONLL2006
dataset. Best UAS and LAS per language is highlighted in bold.

and labels, while their model ﬁrst predicts heads using their parser network and
then predicts labels using a separate network. These results are encouraging, especially given that our model is using a limited vocabulary size of 5000 and has less
BILSTM units and a smaller embedding size (we use 200 for both while they use
300).
According to Cheng et al. (2016), their results for Czech, German and Turkish
are state of the art on the CONLL 2006 dataset. Overall we notice that their system
outperforms ours for Czech but all our models for German outperform theirs—even
our word-BILSTM. This is interesting, as their model apart from part of speech
tags also employs lemmas and morphological annotations when they are available,
albeit combining them using addition instead of concatenation. Nevertheless, as
we discussed in Section 2.2.4, their model is very similar to that of Zhang et al..
To get further insight about how the two models compare, we also inspected their
performance on English and Chinese, since they both evaluated on the PTB and
CTB datasets. We found that Zhang et al. outperforms Cheng et al. on LAS for
both languages. We hypothesise that one of the reasons their model outperforms
Zhang et al. on the CONLL 2006 is because among other differences, they ﬁne
tuned the hidden unit size for each language. They use a unit size of 224 for Czech
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and 200 for German which is almost the same as our setup—we use 200 for both
languages.
Lastly, for Turkish we note that the non neural model of Nivre et al. (2006)
is reasonably effective compared to more recent neural approaches. As we saw
earlier in Table 4.1, the Turkish dataset is signiﬁcantly smaller than the Czech and
German datasets. This hints that while neural network approaches can be very
competitive on large datasets, they fall short on small datasets where careful manual
feature engineering and simpler linear models can go a long way.

4.1.2

Universal Dependencies v1.3

In this section we describe the two sets of experiments we carried out on the
Universal Dependencies v1.3 dataset. We compare our word-BILSTM model to
the two subword models on 12 languages using word embeddings and gold part of
speech tags as we had done for the CONLL 2006 dataset. For the second part of the
experiments, we compare a modiﬁed version of our char-BILSTM model to other
systems on the Universal Dependencies v1.3 dataset. For this modiﬁed version we
don’t use part of speech tags in any way, to make comparison to other systems that
use predicted part of speech tags fair. As we shall see, this also serves as an ablative
study for our char-BILSTM model, measuring how much its performance depends
on part of speech tag input. The most important conclusion from our experiments
in this section is that:
1. The improvements gained by our subword models over our word model
are mostly significant for languages that have a high out of vocabulary
rate.
We also show that:
1. It is important to use a decoding algorithm that doesn’t enforce projectivity
for languages that are highly non-projective.
2. The char-BILSTM model is signiﬁcantly less effective when used without
part of speech tag information.
3. Even without part of speech information, the char-BILSTM obtains sensible
results on this dataset compared to related work.
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dev OOV % type to token %

# sentences

projective %

Finnish

44.77

30.21

12217

92.40

Russian

44.01

33.45

4029

89.23

Turkish

41.18

35.53

3948

84.80

Polish

39.55

32.51

6800

99.53

German

36.72

18.34

14118

88.79

Czech

35.51

10.68

68495

87.88

Ancient Greek

35.13

20.80

13185

37.20

Indonesian

33.82

19.71

4477

98.12

Greek

26.74

21.76

1929

72.11

Dutch

25.82

14.11

13000

71.30

French

25.20

11.85

14554

87.06

English

24.62

9.61

12543

94.78

Arabic

18.85

10.28

6174

90.18

Hebrew

17.26

12.24

5241

100.00

Table 4.3: Languages sorted by percentage of out of vocabulary words (OOV)
for the Universal Dependencies v1.3 datasets. The out of vocabulary percentage
is calculated on the development set based on the 5000 most common word
vocabulary constructed on the training set

4. Our subword models signiﬁcantly outperform our word model on most
languages in this dataset as well.
5. Our char-BILSTM slightly outperforms our char-CNN model, but not by a
great margin.
In Table 4.3, statistics on the training sets for languages in the Universal
Dependencies v1.3 can be seen. The languages are sorted by out of vocabulary
rate on the development set. As noted earlier, we use a ﬁxed word vocabulary size
of 5000 for all languages.
Before analysing our results, in Table 4.4 we demonstrate the effect of decoding
with the Chu-Liu-Edmonds algorithm or the Eisner algorithm for the most and
least projective languages in our dataset. As can be seen, if we use Chu-Liu-
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projectivity %

Chu-Liu-Edmonds

Eisner

UAS

LAS

UAS

LAS

Hebrew

100.00

89.22

84.88

89.14

84.80

Ancient Greek

37.20

80.01

71.53

76.88

68.67

Table 4.4: Effect of choice of decoding algorithm on UAS and LAS of most projective and most non-projective language. As can be seen decoding a highly nonprojective language, such as Ancient Greek, using the Eisner algorithm (enforces
projectivity) leads to signiﬁcantly lower UAS and LAS scores. The results are for
the development set of the Universal Dependencies v1.3 dataset.

Edmonds to decode the output of the parser for Hebrew that has only projective
sentences, there is no marked difference in the performance. If on the other
hand we use the Eisner algorithm and constrain the output to be projective for
a language that is highly non-projective such as Ancient Greek, we get a drop
in performance of about 3% in both UAS and LAS. This is evidence that these
models generally have a bias towards forming the right output for the majority of
cases. The decoding algorithms are used mostly to enforce correctness (no cycles)
and don’t have much stake in the outcome(Zhang et al., 2016; Cheng et al., 2016;
Chorowski et al., 2016).
4.1.2.1

Comparison of word-BILSTM to char-BILSTM and char-CNN

The results for our three models on the Universal Dependencies v1.3 dataset are
tabulated in Table 4.5. We see that overall the word-BILSTM model is outperformed for all languages apart from Indonesian and Dutch. For the case of Dutch
we noticed a big discrepancy between the scores we obtained on the development set and those we obtained on the test set. However, other submissions Alberti et al. (2017) also had scores in the same ballpark for Dutch. Furthermore, the
char-BILSTM seems to generally outperform the char-CNN but not by a great
margin—the greatest differences being for Polish and Russian. This is in contrast
to Yu and Vu (2017) who found that their CNN subword model performed much
better than their implementation of the character BILSTM model when used with
their transition parser.
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word-BILSTM char-BILSTM

char-CNN

UAS

LAS

UAS

LAS

UAS

LAS

Hebrew

88.17

83.97

88.35

84.16

88.42

84.29

Polish

90.27

85.14

93.26

89.34

92.44

88.03

Indonesian

84.90

80.22

84.64

80.14

84.82

80.51

English

89.23

86.88

89.58

87.05

89.70

87.25

Finnish

80.24

75.50

87.22

85.47

87.12

85.30

Arabic

83.06

78.44

84.51

80.08

84.31

79.85

Russian

81.95

77.74

85.68

82.37

84.73

80.99

Czech

89.54

85.62

91.41

88.49

90.88

87.78

Turkish

82.32

70.26

85.11

77.63

84.67

77.07

Greek

85.09

82.04

85.83

83.19

86.20

83.27

Dutch

83.26

79.80

83.48

79.72

83.31

79.45

Ancient Greek

71.08

64.96

79.16

73.36

78.66

72.84

Table 4.5: Labelled and Unlabelled Attachment Scores on the Universal Dependencies v1.3 dataset for our word model(word-BILSTM) and two subword models
(char-BILSTM, char-CNN). The ﬁrst group of languages is post processed using the Eisner algorithm while the second is post processed using the Chu-LiuEdmonds algorithm. The split is carried out according to the percentage projective
sentences in the datasets, the threshold being 90%.
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dev OOV %

best char - word
UAS

LAS

Finnish

44.77

6.98

9.96

Russian

44.01

3.73

4.63

Turkish

41.18

2.79

7.36

Polish

39.55

2.99

4.20

Czech

35.51

1.87

2.87

Ancient Greek

35.13

8.08

8.40

Indonesian

33.82

-0.08

0.29

Greek

26.74

1.11

1.23

Dutch

25.82

0.22

-0.08

English

24.62

0.47

0.37

Arabic

18.85

1.45

1.64

Hebrew

17.26

0.25

0.32

Table 4.6: Comparison of differences in Unlabelled Attachment Score and Labelled
Attachment Score between the best subword model and word-BILSTM on the
Universal Dependencies v1.3 dataset. Languages are sorted according to out of
vocabulary percentage on the development set. For all languages we used a ﬁxed
size vocabulary of 5000, so the size of the datasets also affects the OOV rates.

In order to more clearly see the improvements of the char-BILSTM and charCNN over the word-BILSTM, we tabulated the difference in LAS and UAS
between the best performing subword model and the word-BILSTM. We then
ordered the languages according to out of vocabulary rate on the development
set because an interesting pattern emerges. As can be seen in Table 4.6, our
results seem to agree with the ﬁndings of Yu and Vu. They highlight that the
improvement of the subword models comes mostly from their ability to solve
the issues word level models have due to their ﬁnite vocabulary size. As an
example, for Finnish with an out of vocabulary rate of 44.77% on the development
set, the improvements in UAS and LAS are 6.98 and 9.96 respectively while
for Hebrew with the lowest out of vocabulary percentage the improvements
are very modest. This suggests that although the subword models can provide
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substantial improvements for morphologically-rich languages, it is mostly due to
the subword models being able to come up with a better constructed embedding
than the unknown embedding word level models fall back on. These constructed
embeddings may capture some general morphological characteristics in order to
make these embeddings optimal, but they are not required to. All that is required
is that the representations minimize the loss, and in our case the training loss only
takes into account predicting correct arcs and labels;there is no loss related to part
of speech tagging or morphological annotation to drive the character embeddings
to necessarily capture explicit morphological patterns.
We notice that our subword level models didn’t perform well on Indonesian,
Hebrew and Arabic. Hebrew and Arabic are classiﬁed as root and pattern languages, while Indonesian’s morphology presents a lot of reduplication. On the
other hand, we do get large improvements in Finnish and Turkish that are agglutinative. This may be a more general pattern, since agglutinative languages have
clearly separated morphs as we discussed in Section 2.1.1. However, we didn’t
notice any trends regarding CNNs outperforming LSTMs on agglutinative languages as reported in the literature (Yu and Vu, 2017). Furthermore, we also get
large improvements for Ancient Greek which is fusional. Ancient Greek has very
loose word order and is highly non-projective, further investigation is needed to
see if this is the source for the drastic improvement.
4.1.2.2

Comparison to related work using modified char-BILSTM

In this subsection we compare our char-BILSTM model to other parsers on the
Universal Dependencies v1.3 dataset. We modify our char-BILSTM model to not
use part of speech tags in the input. We do so to make the comparison to the other
systems that use predicted part of speech tags fair.
As we discussed in the previous section, we didn’t ﬁne tune on a particular
language, in contrast to Chorowski et al. (2016) who ﬁne tuned their graph based
parser on Polish. Their model is similar to our char-CNN but is much larger. They
use 1050 ﬁlters projected to 512 units that are transformed with 3 highway layers.
That is followed by 2 layers of GRUs with 512 units. Our BILSTM has 200 units,
and even though we compose using concatenation instead of addition and have
LSTMs instead of GRUs, the number of parameters in our model is much smaller.
Alberti et al. (2017) is a transition based parser that is jointly trained to predict
part of speech tags and parsing actions. Similar to our subword models it is a
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character model. At decoding time they use a beam of width 8. As can be seen
in Table 4.7, our model is still competitive given its size and the fact that we do not
use part of speech tags in any way.
We note that for Ancient Greek the char-BILSTM and the model of Chorowski
et al. signiﬁcantly outperforms the transition based parser. We attribute this to the
high degree of non-projectivity the Ancient Greek treebank has.
Alberti et al.♢ Chorowski et al. char-BILSTM†
UAS

LAS

UAS

LAS

UAS

LAS

Czech

89.09

84.99

91.41

88.18

90.39

86.77

Polish

91.86 87.49

90.26

85.32

90.33

84.48

Russian

84.27 80.65

83.29

79.22

82.95

78.46

German

84.12 79.05

82.67

76.51

83.26

77.56

English

87.86 84.45

87.44

83.94

87.11

83.06

French

86.61

83.10

87.25

83.50

87.08

83.19

Ancient Greek

73.85

68.10

78.96

72.36

77.28

69.92

♢

This is a transition based parser.

†

Our modiﬁed char-BILSTM that doesn’t use part of speech tags.

Table 4.7: Comparison of Labelled and Unlabelled Attachment Scores on the
Universal Dependencies v1.3 dataset for our word model char-BILSTM modiﬁed
to not use part of speech tags.
As promised, we now demonstrate the effect of using part of speech embeddings
on the input for the char-BILSTM model. As can be seen in Table 4.8, if we
compare our modiﬁed char-BILSTM model to the original one that leverages gold
part of speech tags, we see that its performance has dropped dramatically. We
note that UAS is affected less than LAS with a drop of 2-3%. The drop in LAS
is generally approximately 3-4%, although Polish has a nearly 5% drop in LAS!
An important note however, is that for Czech—for which we have a much larger
dataset—the drop is much less serious being about 1% UAS and approximately
2% LAS. This suggests that it may be the case that the subword models can learn
interesting patterns without guidance, but the number of training examples needed
is much greater.
While this decline in attachment scores could in part be attributed to the fact
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char-BILSTM + POS

char-BILSTM - POS

UAS

LAS

UAS

LAS

Czech

91.41

88.49

90.39

86.77

Polish

93.26

89.34

90.33

84.48

Russian

85.68

82.37

82.95

78.46

German

—

—

83.26

77.56

English

89.58

87.05

87.11

83.06

French

—

—

87.08

83.19

79.16

73.36

77.28

69.92

Ancient Greek

Table 4.8: Illustration of drop in performance for char-BILSTM model when part
of speech embeddings are not used for Universal Dependencies v1.3 dataset. Best
UAS and LAS per language is highlighted in bold.

that we didn’t ﬁne tune any parameters for the model with no part of speech tags,
we believe this factor alone is clearly not enough to explain such deviation. To
summarise, while character level models can create good representations for words,
the training signal sources are an important factor. As may be obvious, we cannot
treat subword models as black boxes expecting that they will automatically capture
the patterns we want, without explicitly guiding them. Both Alberti et al. and
Chorowski et al. use part of speech tag prediction for their training signal apart
from arc and label prediction for parsing. And even under such guidance, it is still
unclear to us if such models will capture what we humans believe to be intuitive.
In the next section, we shall brieﬂy touch on this subject by explicitly presenting
the internal state of the network for some cherry-picked Ancient Greek sentences.

4.2

Qualitative analysis

In this section, we shall analyse whether our word-BILSTM and char-BILSTM
models1 seem to be able to capture the case of nouns in Ancient Greek. As
we discussed in Section 2.1.1, in Ancient Greek the subject of a verb is in the
nominative case, while the object is usually in the accusative or the dative.
1

We use the models which also leverage part of speech tags in the input.
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We begin this analysis with a sentence from the training set. We will only keep
track of the case of the nouns in the ﬁrst row of the glosses, since this is what matters
for our current analysis.
(4.1) καὶ

γὰρ ὁ
νομοθέτης Σόλων ἔφη .
nom nom
nom
And so
lawmaker Solon said .
“And so lawmaker Solon said”

In Figure 4.1a, the correct parse for this sentence is illustrated. In the matrices
below, the input sequence is represented along the x axis. Each column illustrates a
probability distribution. Dark blue cells represent values near 1 and lightly shaded
cells values near 0. The prediction the model makes can be seen on the y axis of
the matrices.
The top two matrices show the probability distribution over the labels for
each input word. As an example, we see that “Σόλων” is predicted with high
probability to be a nominal subject (nsubj) under the char-BILSTM, but for the
word-BILSTM there is also some probabilty mass on direct object (dobj). Note
that we have removed labels that didn’t have any probability mass on them over
the whole sentence for clarity—if we rendered all of them, the matrix would be
very tall.
In the bottom two matrices, the probability distribution over likely heads is
displayed. The y axis has n + 1 labels since for each of the n input words we can
predict that the head of the word is our favourite artiﬁcial token, the <ROOT>.
We note that the differences between the two systems on the training set are
minor. Both have very peaked probability distributions for this example, with the
exception of the choice of head for “καὶ” which is generally ambiguous, since it is
also used as a conjunction.

4.2.1

Do our models capture patterns of case inflection?

We shall now modify this example to see how the models extrapolate to slight
deviations from the training set. We add “τῷ Λυσάνδρῳ” (determiner + Lysander
in dative case) before the verb “ἔφη”.
(4.2) καὶ

γὰρ ὁ
νομοθέτης Σόλων τῷ Λυσάνδρῳ ἔφη .
nom nom
nom
dat dat
And so
lawmaker Solon to Lysander
said .
“And so lawmaker Solon said to Lysander .”
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dobj
advmod
nmod
det
nsubj
root
punct
xcomp
nsubjpass

Labels
Heads

<ROOT>

Heads

<ROOT>

advmod
nmod
det
nsubj
root
punct
nsubjpass

·
·

·

(b) word-BILSTM

·

Labels

(a) Correct parse - predicted correctly by both models.

(c) char-BILSTM

Figure 4.1: Internal state of word-BILSTM and char-BILSTM models on sentence
from the training set. Both models predict the sentence correctly (for example the
ﬁrst column shows that the predicted head of “καὶ” is “Σόλων” with a label of
“advmod”. The corresponding dependency graph can be seen above.
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The results for this sentence are illustrated in Figure 4.2. We emphasise that for the
word model, we have replaced the part of speech tags in green below the words
with the word itself if it is in vocabulary and UNK otherwise. As can be seen,
the word-BILSTM attaches “Λυσάνδρῳ” as modifying “Σόλων”. This behaviour
would make sense if we had inﬂected Lysander to be in the genitive—not the dative.
We justify this error by noting that “Λυσάνδρῳ” is out of vocabulary; the word
model is mostly using the part of speech to make this decision. On the other hand,
the char-BILSTM attaches “Λυσάνδρῳ” as the object of the verb, which is what
we would expect in this case. Nevertheless, we note that the char-BILSTM also
shows a level of activation for the noun modiﬁer label.

4.2.2

Do our models capture case agreement?

We now manipulate the order of the sentence further, to see if the models are
learning to attach words that agree in case. The following may not be a valid
Ancient Greek sentence, but it is interesting to see whether the model is capturing
the inﬂections of words or mostly using proximity in the sentence to draw the arcs.
(4.3) καὶ

γὰρ ὁ
νομοθέτης τῷ Σόλωνι Λύσανδρος ἔφη .
nom nom
dat dat
nom
And so
lawmaker to Solon
Lysander
said .
“And so lawmaker Lysander said to Solon .”

This time we inﬂect Solon to be in the dative and leave “Λύσανδρος” in the
nominative. Note that “νομοθέτης” is still in the nominative and closer in the
sentence to “Σόλωνι”, that is in the dative case. As we see in Figure 4.3, the
word-BILSTM sets Lysander that is in the nominative as an object, which is not
reasonable. Amusingly, we note that the char-BILSTM does what would we
would expect, it attaches “Λύσανδρος” to “νομοθέτης” which agree in case and
sets “Λύσανδρος” to be the subject.
We conclude this analysis with our familiar example from Aesop’s fables.
(4.4) Τοῦτο ἀλώπηξ κατιδοῦσα ἐβόα
.
acc
nom
nom
.
This
fox
saw
cried aloud .
“When the fox saw this it cried aloud .”
This sentence is from the development set. As can be seen in Figure 4.4, both
system outputs are erroneous, since they attach “Τοῦτο” (this) to “ἐβόα” instead
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of the participle “κατιδοῦσα”. However, the word-BILSTM model additionally
assigns a nominative cased noun “ἀλώπηξ” as an object, while the char-BILSTM
correctly assigns it as a subject.
To summarise this analysis, we saw that the char-BILSTM word representation
seems to embody much more useful information than the word level model. We
demonstrated that there is evidence that the char-BILSTM may be capturing information about case. However, the extent to which this is true for a large number
of unseen sentences and how well it generalises to larger ones is a question we shall
defer for future work, as is the inﬂuence of using part of speech information.
We note at this point that there are a few decisions that may have biased the
analysis we have carried out here in favour of the char-BILSTM.
• The sentences we chose had many words that were out of vocabulary
(although this may be unavoidable with a 5000 word vocabulary).
• three of the sentences were modiﬁed versions of a sentence that was in the
training set.
• The validity of the sentences in Ancient Greek needs to be ascertained.
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(a) Correct parse
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Figure 4.4: Comparison of word-BILSTM to char-BILSTM internal state for
sentence of development set. As can be discerned from the correct parse, both
system outputs are erroneous.

5

Conclusions & Future work

We argued that the char-BILSTM and char-CNN subword level encoders we
explored are signiﬁcantly more effective than the word-BILSTM encoder for
parsing morphologically-rich languages. We have demonstrated that this is so,
ﬁrst and foremost because the subword encoders mitigate the out of vocabulary
issues that word level models have. Subword level models distribute the weights
more effectively, as they place the parameters over tokens that are guaranteed to be
used. This is in contrast to word level models where the embeddings of some rare
words can be thought of as being a bad investment of parameters, since not only
will they be used for a very small percentage of inputs, there will also not be many
training examples to train them on.
The char-BILSTM was found to slightly outperform the char-CNN on most
languages. However, the char-CNN model is more compelling computationally,
as we found convolutional networks faster to train, while at the same time being
more parallelisable than recurrent ones. We demonstrated that apart from better
performance, the training curves for the subword level encoders were also more
well-behaved than the word level encoders for morphologically-rich languages.
We note that we haven’t clearly answered whether morphological analysis is
an important prerequisite for parsing morphologically-rich languages. While in
the previous section we demonstrated that the char-BILSTM model seems to be
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capable of detecting patterns of case inﬂection in Ancient Greek nouns, it is still
unclear to what extent this is true. We certainly cannot be conﬁdent enough to
conclude much from these limited initial experiments, despite the attention they
seek. Furthermore, given the sharp decline in attachment scores we witnessed for
the char-BILSTM without part of speech embeddings, it seems fairly clear that
subword models cannot magically come up with good representations without
explicit guidance. This is true at least for dependency parsing for which datasets
are tiny compared to other tasks, such as language modelling. We therefore
expect that morphological analysis information would help improve the model
further. Nevertheless, we shun jumping to conclusions with little evidence and
look forward to investigating this further. We plan to do so by exploring ways of
applying attention on the character level to better probe what the model is learning
in its character representations.
Another obvious route for future work is to use part of speech information more
effectively. This can be done by predicting tags instead of providing them as input.
As we saw, other approaches report improvements when using part of speech tags
this way. Moreover, the model is clearly more compelling, since we no longer
need to ﬁnd a part of speech tagger to generate the tags for input at test time.
Along this line of work, we can also come up with ways to incorporate lemmas
and morphological annotations into our loss function. This way, we would bias
the word embeddings towards containing information that we believe would be
advantageous for our model.
Finally, a more rigorous analysis and approach for combining the losses incurred
by the parser is in order. Our method following Kiperwasser and Goldberg (2016)
simply adds the losses from the arc prediction and arc labelling tasks. However,
we believe this to be a bit naive. For one there is no reason to believe that these
two losses should be weighted the same. This is so, since their respective output
vocabularies are different and in general larger output vocabularies are expected
to have larger losses. Chorowski et al. (2016) weight the losses incurred from
part of speech tagging, arc prediction and label prediction, but to our knowledge
they choose the weight coefficients without justiﬁcation. On a ﬁnal note, related
work (Alberti et al., 2017) also uses a complex switching mechanism between tasks
during training, which suggests that there is ample room for experimentation and
improvement1 .
1

hopefully.
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Label

Description

acl

clausal modiﬁer of noun (adjectival clause)

advcl

adverbial clause modiﬁer

advmod

adverbial modiﬁer

amod

adjectival modiﬁer

appos

appositional modiﬁer

aux

auxiliary

case

case marking

cc

coordinating conjunction

ccomp

clausal complement

clf

classiﬁer

compound

compound

conj

conjunct

cop

copula

csubj

clausal subject

dep

unspeciﬁed dependency

det

determiner

discourse

discourse element

dislocated

dislocated elements

expl

expletive

ﬁxed

ﬁxed multiword expression

ﬂat

ﬂat multiword expression

goeswith

goes with

iobj

indirect object

list

list

mark

marker

nmod

nominal modiﬁer

nsubj

nominal subject

nummod

numeric modiﬁer

obj

object

obl

oblique nominal

orphan

orphan

parataxis

parataxis

punct

punctuation

reparandum

overridden disﬂuency

root

root

vocative

vocative

xcomp

open clausal complement

Table 1: Explanation of 37 dependency labels used in Universal Dependencies v2.0
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ngram: 1

ngram: 1
max_epochs: 1000
s e e d : 43
ngram: 0
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l e a r n i n g _ r a t e : 0.001
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Figure 1: YAML conﬁguration blueprints for our three models, word-BILSTM,
char-BILSTM and char-CNN respectively.
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(f) Ancient Greek train

Figure 2: Labelled Attachment Score on the training and development set as
a function of batch size over 50 epochs for the word-BILSTM model. This
ﬁgure illustrates the large differences in LAS for these languages. We note that
the word-BILSTM model also ﬁts the data much worse for Finnish and Ancient
Greek than for English, due to the fact that the word model isn’t as effective for
morphologically-rich languages.
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