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Investigating Multilingual
Approaches for Parsing Universal
Dependencies

James Barry

Abstract

Multilingual dependencyparsing encapsulates any attempt to parsemultiple languages.
It can involve parsing multiple languages in isolation (poly-monolingual), leveraging
training data from multiple languages to process any of the included languages (poly-
glot), or training on one or multiple languages to process a low-resource language with
no training data (zero-shot). In this thesis, we explore multilingual dependency pars-
ing across all three paradigms, first analysing whether polyglot training on a number
of source languages is beneficial for processing a target language in a zero-shot cross-
lingual dependency parsing experiment using annotation projection. The results of this
experiment show that polyglot training produces an overall trend of better results on the
target language but a highly-related single source language can still be better for transfer.
We then look at the role of pretrained language models in processing a moderately low-
resource language in Irish. Here, we develop our own monolingual Irish BERT model
gaBERT from scratch and compare it to a number of multilingual baselines, showing
that developing a monolingual language model for Irish is worthwhile. We then turn
to the topic of parsing Enhanced Universal Dependencies (EUD) Graphs, which are an
extension of basic Universal Dependencies trees, where we describe theDCU-EPFL sub-
mission to the 2021 IWPT shared task on EUD parsing. Here, we developed a multitask
model to jointly learn the tasks of basic dependency parsing and EUD graph parsing,
showing improvements over a single-task basic dependencyparser. Lastly, we revisit the
topic of polyglot parsing and investigate whether multiview learning can be applied to
the problem of multilingual dependency parsing. Here, we learn different views based
on the dataset source. We show that multiview learning can be used to train parsers
with multiple datasets, showing a general improvement over single-view baselines.
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Chapter 1

Introduction

Dependency parsing is one of the long-standing problems inNatural Language Process-
ing (NLP). The goal of dependency parsing is to provide a text with a syntactic analysis
which adheres to dependency grammar. This is achieved by providing links, termed de-
pendencies or dependency relations, between a head word and its dependent(s), e. g. a
dependency relation between a verb and a subject.1 Labels can be assigned to the de-
pendencies which specify the type of grammatical relation that holds between a head-
dependent pair. For example, consider the sentence “John hit the ball with the bat” shown
in Figure 1.1.2 The arrows indicate a relationship between a head word and its depen-
dent(s) and the labels specify the type of grammatical relation. From this example, we
can see that John is the nominal subject (nsubj) of the verb hit and ball is the direct object
(dobj). The preposition with indirectly links the verb hit to bat, indicating that the bat
was used to hit the ball. Each word in the sentence has exactly one other word as its
head (i. e. only has one incoming arc) except hit, the head of the sentence, which we
refer to as the root of the sentence and we assign an artificial token root as its head.
The root token is the left-most word in Figure 1.1 and including this token helps from

1There are several terms we can use for a head word such as “parent” or “governor” and a dependent
can also be referred to as a “modifier”, “child” or “argument”.

2Example taken from McDonald and Pereira (2006).

1



both a linguistic and algorithmic standpoint (Kübler et al., 2009). The resulting syn-
tactic structure is referred to as a dependency tree and is the syntactic structure we will
mainly be focusing on throughout this project.

root John hit the ball with the bat

root

nsubj

dobj

det

prep

pobj

det

Figure 1.1: A dependency tree for the sentence “John hit the ball with the bat”.

Providing direct links between words and their dependents enables us to explicitly
show relationships between pairs of words. Taken together, these predicate-argument
relationships can provide an insight as to what is happening in a sentence, which can
be helpful for other NLP tasks. Among such tasks include Semantic Role Labelling
(SRL), where Strubell et al. (2018) were able to outperform previous methods which
lack access to explicit syntactic information bymodelling syntactic dependencies along-
side themain task of SRL.More recently, Mohammadshahi andHenderson (2021) show
that directly encoding dependency information to the self attention function in a Trans-
former (Vaswani et al., 2017) is helpful for SRL. This finding suggests that incorporating
syntactic supervision is complementary to unsupervised learning methods which learn
syntactic information in an end-to-end manner. In other domains such as aspect-level
sentiment analysis, where items and theirmodifiersmay be separated bymany interme-
diate words (e. g. a noun modified by an adjective), dependency information is helpful
for making the relationship between such tokens explicit (Sun et al., 2019; Huang et al.,
2020). Lastly, by encoding predicted dependency trees with graph-convolutional net-
works to source-side sentences, Bastings et al. (2017) show that adding such syntactic
information is helpful for machine translation (MT).

As outlined by de Lhoneux (2019) and Nivre (2020a), the field of dependency pars-
ing has always enjoyed a multilingual focus, primarily due to the presence of annotated
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dependency treebanks in multiple languages (Buchholz and Marsi, 2006; Nivre et al.,
2007a). While treebanks were available for multiple languages, the situation where
treebanks have been annotated according to different schemes made it difficult to per-
form reliable comparative analyses between languages andmeant that therewas limited
scope for (a) transferring information across treebanks and languages, and (b) devel-
oping multilingual parsers that are able to generalise over the included languages.

Universal Dependencies (UD) (Nivre et al., 2016) is a relatively new project which
seeks to address the issue of differing annotation schemes across languages by creating
a common set of annotation guidelines for all included treebanks. Specifically, it incor-
porates the combination of several older projects which aimed to enhance cross-lingual
consistency among resources from different languages, namely the Google universal
tag set (Petrov et al., 2012), the universal Stanford dependencies (de Marneffe et al.,
2014), the universal Google dependency scheme (McDonald et al., 2013) and the Inter-
set morphosyntactic tag set of Zeman (2008). UD enables the blending of general and
language-specific information by including features such as universal POS tags which
contain coarse-grained information about the grammatical category of a word, but also
language-specific POS tags which can contain fine-grained information about a word
including its gender, number and case. Furthermore, in addition to the core set of uni-
versal dependency labels, UD allows language-specific dependency relation subtypes.

The latest UD v2.8 release (Zeman et al., 2021) contains nearly 200 treebanks cov-
ering 134 languages that have been annotated following the same guidelines. Each UD
treebank contains tokenised sentences with features such as the word form; a lemma,
which is the base form of the word; the universal and language-specific POS tags, which
represent the grammatical category of the word and possibly more fine-grained infor-
mation; a set of morphological features, which represent lexical and grammatical prop-
erties of the word, and the syntactic dependency annotations which are a set of typed
dependency relations specifying the grammatical relationship between a headword and
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modifier (as shown in Figure 1.1) (Nivre, 2020b). An example sentence with the UD
annotations in CoNLL-U format is shown in Table 1.1.3

ID Form Lemma UPOS XPOS Feats Head Deprel
1 They they PRON PRP Case=Nom|Number=Plur 2 nsubj
2 buy buy VERB VBP Number=Plur|Person=3|Tense=Pres 0 root
3 and and CONJ CC _ 4 cc
4 sell sell VERB VBP Number=Plur|Person=3|Tense=Pres 2 conj
5 books book NOUN NNS Number=Plur 2 obj
6 . . PUNCT . _ 2 punct

Table 1.1: An example CoNLL-U sentence “They buy and sell books.”. The Deps andMis-
cellaneous columns are omitted for clarity, which contain the enhanced annotations as
well as additional miscellaneous information, respectively.

Typically, a data-driven dependency parser will use some combination of input fea-
tures from the Form, Lemma,UPOS,XPOS, and Feats labels to predict theHead andDeprel

annotations. Dependency parsers are usually evaluated in two settings: the unlabelled
attachment score (UAS) refers to the number of times the correct head for each token
was predicted, and the labelled attachment score (LAS) refers to the number of times
the correct head and label were predicted. The treebanks usually consist of training, val-
idation and test portions, though for some languages, theremay be no training portions,
and various cross-lingual approaches must be used to process them.

In addition to the basic dependency relations described so far, some UD treebanks
contain the enhanced dependency annotations (Schuster and Manning, 2016), which
enable a more expressive annotation scheme that can explicitly handle certain coordi-
nation structures and argument sharing in control and raising. Dependency trees are
single-rooted, acyclic, labelled trees where words only have one head. Enhanced Uni-
versal Dependencies (EUD) graphs4 are an extension of basic UD trees which can con-
tain cycles and also allow words to have more than one head. EUD graphs have been
proposed as an alternative to basic UD trees as they are more suitable for represent-

3Example taken from https://universaldependencies.org/format.html
4https://universaldependencies.org/u/overview/enhanced-syntax.html
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ing phenomena such as modifier sharing across conjuncts and by their nature, are bet-
ter able to represent semantic structure than dependency trees. As stated by Schuster
and Manning (2016), dependency graphs are more useful in downstream Natural Lan-
guage Understanding (NLU) tasks than strict surface-structure dependency trees. This
is because they are able to better represent certain phenomena such as coordination,
argument sharing in control and raising, and relative clauses. As such, we will also be
predicting Enhanced Universal Dependency graphs in Chapter 5.

In this thesis, the UD treebanks represent the resource fromwhich data-driven pars-
ing models can be trained and evaluated on. Furthermore, the existence of treebanks
which have differing data sizes, contain the enhanced dependency annotations, and
most importantly, have been annotated with cross-lingual consistency inmind, presents
a ripe opportunity to (a) explore techniques for inducing cross-lingual transfer to low-
resource languages, (b) ascertain what approaches used in dependency parsing can be
used to parse the enhanced annotations, and (c) examine multilingual parser develop-
ment so that parsers can generalise across any of the included languages. This thesis
aims at addressing these three key areas.

1.1 Research Questions

Having introduced the concept of dependency parsing and the UD project—the task
and dataset used throughout this thesis, respectively—we will now discuss the specific
research questions this Ph.D. thesis seeks to answer. At a general level, all of the research
questions which we propose in this thesis stem from the primary research objective:

How can we improve multilingual dependency parsing?

As described by de Lhoneux (2019), multilingual dependency parsing encapsulates any
attempt to parse multiple languages. It can involve parsing multiple languages in isola-
tion (poly-monolingual), leveraging training data from multiple languages to process
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any of the included languages (polyglot), or training on one or multiple languages to
process a low-resource language with no training data (zero-shot). In this thesis, we
attempt to improve parsing performance across all three paradigms. We will now list
our specific research questions.

RQ1: Can zero-shot cross-lingual dependency parsing be improved by lever-

aging polyglot training on source languages?

The situation where multiple treebanks have been annotated according to the same
universal format has brought renewed attention to multilingual parser development.
Among these works are approaches which look at polyglot parsing. Polyglot parsing
refers to cases where a single model is trained using multiple languages, where lan-
guages have equal status and parameters are shared between languages (de Lhoneux,
2019; Mulcaire et al., 2019b; Kondratyuk and Straka, 2019). The idea behind training
a polyglot model is that the model can exploit similarities in morphology and syntax
across the included languages, or learn generalisations between the languages which
would not be possible by training on monolingual data alone (Ammar et al., 2016; Kon-
dratyuk, 2019; Smith et al., 2018).

Following the release of UD, numerous works have attempted to combine universal
treebanks across languages for inducing polyglot parsers: Vilares et al. (2016) showed
that training lexicalised bilingual parsers seldom leads to a significant reduction inmono-
lingual performance. Smith et al. (2018) showed that polyglot trainingwas helpfulwhen
working with related languages and that low-resource languages, in particular, benefit
the most. While previous work has shown promising results when applying polyglot
training for low-resource languages which have a small amount of data, the first re-
search question asks whether polyglot training can also help in a zero-shot cross-lingual
dependency parsing experiment, where there is no labelled data available for the tar-
get language, and cross-lingual techniques must be used to transfer information from
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source languages to the target language.
Zero-shot dependency parsing can be approached through annotation projection

(Yarowsky and Ngai, 2001; Tiedemann and Agić, 2016), where annotations are pro-
jected from a source language to a target language using word alignments. Tyers et al.
(2018) demonstrate that zero-shot dependency parsing can be achieved by transferring
annotations from source translations parsed using models trained on source treebanks
to target-language sentences alongword alignments and then training a target-language
parser on the projected annotations. In Tyers et al. (2018), annotations are transferred
from monolingual source parsers, and are then combined in an ensemble where the fi-
nal tree is selected through arc-voting. Here, there is no cross-lingual interaction until
the graph voting step. Given the promising results seen from polyglot training on re-
lated languages in Smith et al. (2018), we hypothesise that training on a combination of
related source languages in a polyglot fashion will lead to a more robust model capable
of providing higher quality dependency annotations to the target language. RQ1 seeks
to test whether this is the case by using Faroese as a zero-shot target language, and us-
ing Norwegian Nynorsk, Norwegian Bokmål and Swedish as related source languages
to transfer annotations from.

RQ2: Does amonolingual languagemodel improve low-resource dependency

parsing in the case of Irish?

The recent rise of large-scale languagemodels has played a disproportionately large role
towards increasing evaluation scores across a wide variety of NLP tasks (Peters et al.,
2018; Devlin et al., 2019). Prior to thesemodels, static word embeddings (Al-Rfou’ et al.,
2013; Mikolov et al., 2013; Pennington et al., 2014) were learned on unlabelled corpora
and then used to enrich lexical features for NLP tasks. The introduction of large-scale
neural language models, where contextually-aware word representations are produced
as a function of their surrounding context, saw a paradigm shift for modern NLP with
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most data-driven NLP models now incorporating these input features as standard.
Along with the release of such models, research has mainly focused on how their

representations contribute to various extrinsic NLP tasks such as dependency parsing
(Kulmizev et al., 2019; Liu et al., 2019a; Straka et al., 2019) or what these models learn
as part of their training procedure (Jawahar et al., 2019; Tenney et al., 2019; Rogers et al.,
2020). Another research theme that has emanated from the large-scale release of lan-
guage models surrounds the development of multilingual language models trained on
data frommultiple languages (Devlin et al., 2019; Lample and Conneau, 2019; Conneau
et al., 2020). With the presence ofmonolingual andmultilingual languagemodels, a nat-
ural question that arises is which type of model will work best for a downstream task
for a particular language. For high-resource languages such as Finnish (Virtanen et al.,
2019), Dutch (de Vries et al., 2019), French (Martin et al., 2020), and Farsi (Farahani
et al., 2021), the monolingual variants outperform the more general multilingual mod-
els. However, the case is more opaque for lower-resource languages such as Irish, which
may benefit from augmenting the relatively small amount of pretraining data with data
from other languages. As such, we endeavour to create a monolingual Irish language
model, gaBERT, and compare it with state-of-the-artmultilingual baselines such asMul-
tilingual BERT (mBERT) (Devlin et al., 2019) and XLM-R (Conneau et al., 2020) as well
as with mBERT with continued pre-training on the same Irish corpora used to train our
model. In doing so, we seek to answer whether a monolingual language model is better
than existing and modified multilingual models for dependency parsing in Irish.

RQ3: How can we leverage existing techniques to parse Enhanced Universal

Dependencies?

The first two research questions concern the basic UD annotation, i. e. where the output
structure is restricted to a dependency tree. Dependency graphs, on the other hand, are
more useful in downstream NLU tasks than strict surface-structure dependency trees
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due to their ability to explicitly capture certain relationships between content words
(Schuster and Manning, 2016). In light of the demands from downstream applications
requiring more semantic inputs, the IWPT 2020 and 2021 Shared Tasks on Multilingual
Parsing into EnhancedUniversal Dependencies (Bouma et al., 2020, 2021) call for partic-
ipants to predict EUD graphs for multiple languages, starting from raw text. Given that
these tasks are the first of this nature, RQ3 will look at ways of extrapolating existing
approaches for dependency parsing to parse EUD graphs. In more detail, it will look
at the role of upstream processing, the choice of pre-trained language model, treebank
concatenation and multitask learning between a basic dependency parser and an EUD
graph parser in contributing to EUD parsing accuracy. Taken together, these insights
are used in a final system which is evaluated in the setting of the 2021 IWPT Shared
Task (Bouma et al., 2021) and achieves the second highest scoring results among all
participants in unofficial scores (Barry et al., 2021).

RQ4: Can Multiview Learning Help Multilingual Dependency Parsing?

Multiview Learning is a branch of machine learning that involves learning multiple
views of the same data in order to improve generalisation performance (Zhao et al.,
2017). Each view is a function that models a different property of the data where the in-
formation from each view is then combined such that it should have a synergistic effect.
Initial work by Bohnet et al. (2018) has shown that a multiview architecture can be used
to achieve state-of-the-art POS andmorphological tagging accuracy. In their setup, they
learn different views of the data at the character and token level and then combine this
information in a meta model that takes the output of the two other models. We adopt
a similar architectural setup to Bohnet et al. (2018) but treat dataset source as a source
of multiview data, i. e. data from a different language or treebank represents a different
view. We then present a model which learns a single dataset view as well as a shared
dataset view and the information from these models is later combined in a meta model.
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This model is compared to baselines where a model is trained on the individual dataset
and also a single-view baseline where the datasets are simply concatenated. RQ4 will
explore the utility of such an approach for multilingual dependency parsing.

1.2 Thesis Outline

The remainder of this thesis is structured as follows:

Chapter 2: Background We first describe dependency syntax and the task of depen-
dency parsing. Concisely, we then describe pre-neural and neural dependency parsing,
and describe the components used inmodern neural dependency parsers, e. g. recurrent
neural networks and Transformer networks and approaches taken by modern parsing
models. Chapter 2 is mainly concerned with providing a background to the task of de-
pendency parsing and the components used in typical dependency parsers. As such,
the material which is related to each of the research questions will mainly be left to the
appropriate chapters.

Chapter 3: Polyglot training and cross-lingual transfer We discuss the literature re-
lated to zero-shot cross-lingual transfer and polyglot parsing in Chapter 3. This chapter
also details an experiment which analyses the role of polyglot training for zero-shot
cross-lingual transfer which aims to answer RQ1: Can zero-shot cross-lingual dependency

parsing be improved by leveraging polyglot training on source languages?

Chapter 4: Pre-trained language models for low-resource NLP Chapter 4 discusses
the role of pre-trained language models5 for processing low-resource languages. We
then describe an experiment which seeks to answer RQ2: Does a monolingual language

model improve low-resource dependency parsing in the case of Irish?
5These are also referred to as “large language models” (LLMs) or “foundation models”.
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Chapter 5: Enhanced Universal Dependencies Chapter 5 concerns the parsing of
EUD graphs and describes a number of experiments carried out during the IWPT 2020
and 2021 Shared Tasks on parsing EUD graphs (Bouma et al., 2020, 2021) which are
aimed at addressing RQ3: How can we leverage existing techniques to parse Enhanced Uni-

versal Dependencies? Specifically, we show how better upstream processing, the choice
of encoder model, monolingual and multilingual treebank concatenation, and the use
of multitask learning between a dependency tree parser and an EUD graph parser con-
tribute towards EUD parsing accuracy.

Chapter 6: Multiview Learning forMultilingual Dependency Parsing Chapter 6 ex-
plores the use of multiview learning for multilingual dependency parsing. Within the
context of multilingual dependency parsing, different views are created based on pri-
vate or dataset-specific information, and public or shared-dataset information, where
each view has its own parser. The representations from each parser are then passed
to a meta view which learns to combine their states. The goal is to ascertain whether
multiview learning can be used to combine dataset-specific and shared-dataset infor-
mation in a positive manner. In doing so, we wish to provide some insight into our final
research question RQ4: Can Multiview Learning Help Multilingual Dependency Parsing?

1.3 Publications

The work described in this thesis has been published in the following papers:

James Barry, Joachim Wagner, and Jennifer Foster. 2019. Cross-lingual Parsing with

Polyglot Training and Multi-treebank Learning: A Faroese Case Study. In Pro-

ceedings of the 2ndWorkshop onDeep LearningApproaches for Low-ResourceNLP (DeepLo

2019), pages 163–174, HongKong, China. Association for Computational Linguis-
tics.
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This paper describes an experiment which looks at the role of using multiple
monolingual models versus a single polyglot model for zero-shot cross-lingual
transfer and is used to answer RQ1: Can zero-shot cross-lingual dependency parsing

be improved by leveraging polyglot training on source languages?

James Barry, Joachim Wagner, Lauren Cassidy, Alan Cowap, Teresa Lynn, Abigail
Walsh, Micheal J. ’O Meachair, Jennifer Foster (2022). gaBERT — an Irish Lan-

guage Model. In Proceedings of the 13th Conference on Language Resources and Eval-

uation (LREC 2022), pages 4774–4788, Marseille, France. European Language Re-
sources Association.

This paper describes the creation of a monolingual BERTmodel for Irish, gaBERT,
which is compared to state-of-the-art multilingual baselines across a number of
downstream tasks. The experiments in this paper are used to answer RQ2: Does

a monolingual language model improve low-resource dependency parsing in the case of

Irish?

James Barry, Joachim Wagner, and Jennifer Foster. 2020. The ADAPT Enhanced De-

pendency Parser at the IWPT 2020 Shared Task. In Proceedings of the 16th Inter-

national Conference on Parsing Technologies and the IWPT 2020 Shared Task on Parsing

into Enhanced Universal Dependencies, pages 227–235, Online. Association for Com-
putational Linguistics.

James Barry, Alireza Mohammadshahi, Joachim Wagner, Jennifer Foster, and James
Henderson. 2021. The DCU-EPFL Enhanced Dependency Parser at the IWPT

2021 Shared Task. In Proceedings of the 17th International Conference on Parsing Tech-

nologies and the IWPT 2021 Shared Task on Parsing into Enhanced Universal Dependen-

cies (IWPT 2021), pages 204–212, Online. Association for Computational Linguis-
tics.

These papers describe the ADAPT-DCU and DCU-EPFL submissions to the 2020
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and 2021 Shared Tasks on Parsing Enhanced UD graphs and are used to answer
RQ3: How can we leverage existing techniques to parse Enhanced Universal Dependen-

cies?

Collaborative work, indirectly related to the thesis research but not described in the
thesis have been published as follows:

Joachim Wagner, James Barry, and Jennifer Foster. 2020. Treebank Embedding Vec-

tors for Out-of-Domain Dependency Parsing. In Proceedings of the 58th Annual

Meeting of the Association for Computational Linguistics, pages 8812–8818, Online.
Association for Computational Linguistics.

This paper involves treebank embeddingprediction for out-of-domaindependency
parsing (Wagner et al., 2020), where I contributed in the form of updating the
transition-based parser used in these experiments to work with contextualised
ELMo representations (Peters et al., 2018), and analysed the utility of using ELMo
representations as a means of comparing sentence similarity between test sen-
tences and training sentences. I also performed statistical significance testing on
the outputs.

Henry Elder, Jennifer Foster, James Barry, and Alexander O’Connor. 2019. Designing

a Symbolic Intermediate Representation for Neural Surface Realization. In Pro-

ceedings of the Workshop on Methods for Optimizing and Evaluating Neural Language

Generation, pages 65–73, Minneapolis, Minnesota. Association for Computational
Linguistics.

This paper surrounds controlled neural surface realisation using an intermedi-
ate representation (Elder et al., 2019). I contributed to this work by performing
manual evaluation of the generated outputs between the proposed system and a
baseline.
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Lauren Cassidy, Teresa Lynn, James Barry, and Jennifer Foster. 2022. TwittIrish: A

Universal Dependencies Treebank of Tweets in Modern Irish. In Proceedings of

the 60th Annual Meeting of the Association for Computational Linguistics (Volume 1:

Long Papers), pages 6869–6884, Dublin, Ireland. Association for Computational
Linguistics.

This paper details the creation of a user-generated content (UGC) treebank Twit-

tIrish of Irish tweets which has been added to the UD collection. In this work, I
developed the parser which was used to perform numerous rounds of bootstrap-
ping: where the automatically predicted annotations were corrected by the main
annotator and then used in the next round of training.
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Chapter 2

Background

This chapter provides the background material necessary to understand the techniques
andmodels used to approach our research questions. We first start out by describing de-
pendency syntax and the theory that underpins dependency parsing and the two main
approaches for inducing data-driven dependency parsers: transition-based and graph-
based dependency parsing, respectively. We then describe the shift from pre-neural to
neural dependency parsing and explain the various components used inmodern neural
dependency parsers.

2.1 Dependency Parsing

As described in Nivre and Kübler (2006) and Kübler et al. (2009), dependency parsing
is the task of assigning a syntactic analysis to lexical items by providing links, i. e. binary
asymmetric relations termed dependencies, between the words of a sentence. Depen-
dency parsing is based on the linguistic framework of dependency syntax. The origins
of dependency syntax date back to Pān. ini’s Sanskrit grammar in the 4th century and
its modern interpretation in the work of Tesnière (1959). Using the English translation
provided in Nivre (2006), Tesnière (1959) outlines that linguistic sentences represent
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a complete structure made up of individual elements which are the words of sentence.
The words are not treated as isolated units, but each word invokes a mental connection
to another word, and taken together, the individual connections form the structure of
the sentence. The connections take a form of dependence, which involves linking a “su-
perior” termwith an “inferior” term; where the superior term is given the name “gover-
nor” and the inferior term “subordinate”. For example, in the phrase “Tomwalks [...]”,
walks is the governor and Tom is the subordinate. These binary relations (consisting of
governor and subordinate items) form a syntactic structure referred to as a dependency
tree, e. g. as in Figure 1.1.

Formally, a dependency tree is a directed graph G = (V,A), consisting of a set of V
nodes (or vertices) and a set ofA arcs, with a linear precedence order< on V . The nodes
in V are labelled with word forms and other possible annotations such as POS tags, and
the arcs in A are labelled with dependency types. For example, the nodes in V repre-
sent the words of a sentence S where VS = {root, John, hit, the, ball, with, the, bat}. A
contains the labelled dependency relations for the particular dependency graphG. A la-
belled dependency relation is expressed as (wi, r, wj), wherewi represents a headword,
wj a dependent word, and r specifies the relation type. The relation type r comes from a
predefined set of dependency relationsR, where, for example, Universal Dependencies
includes 37 universal syntactic relations.1 An example of a labelled dependency relation
in Figure 1.1 would be (hit, dobj, ball), where the head word hit is modified by its direct
object ball. Thus, dependency parsing involves producing a well-formed dependency
graph G = (V,A) given an input sentence S and dependency relation set R.

There are a number of formal conditions for dependency trees which are listed be-
low:

• G is (weakly) connected: For every node i there is a node j such that i → j or
j → i.

1https://universaldependencies.org/u/dep/
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• G is acyclic: If i→ j then not j →∗ i.

• G obeys the single-head constraint: If i→ j, then not k → j, for any k 6= i.

The connectedness constraint ensures that the syntactic structure is complete; acyclic-
ity means the syntactic structure is hierarchical, and the single-head constraint ensures
that every word has at most one syntactic head. A special root node ROOT can enforce
connectedness (Nivre and Kübler, 2006).

While it is too rigid a restriction from a linguistic point of view, another property
of dependency trees is projectivity, which refers to whether a dependency tree is pro-
jective or non-projective. As stated in Kübler et al. (2009), a dependency arc (wi, r, wj)

is projective if it satisfies the condition wi →∗ wk for all i < k < j when i < j , or
j < k < i when j < i. This means that an arc in a tree is projective provided there is a
directed path from a head word wi to all of the words between the endpoints of the arc.
If every arc (wi, r, wj) ∈ A in the tree G = (V,A) satisfies the above condition then the
tree is said to be projective. In some cases, a projective tree is not adequate to analyse a
sentence as the sentence must contain crossing dependencies. Figure 2.1 shows such an
example of a non-projective English sentence. Here, the preposition onmodifies hearing
and this arc crosses with the main verb is. While non-projective sentences are relatively
rare in English, for some languages such as German or Czech, which exhibit more free
word order, they are more frequent and parsing algorithms must be able to account
for non-projective analyses of sentences. For instance, McDonald et al. (2005b) showed
that despite the proportion of non-projective dependencies in the Czech treebank be-
ing less than 2%, their non-projective algorithm outperformed a projective baseline by
1.1%. In contrast, their parser which only produces projective trees was more accurate
for English.

17



root A hearing is scheduled on the issue today .

pred

att sbj vc

pu

tmp

pc

att

att

Figure 2.1: A rare example of a non-projective English dependency tree for the sentence
“A hearing is scheduled on the issue today.” Example taken from Kübler et al. (2009).

.

2.1.1 Transition-based Parsing

Transition-based parsing comprises one of two main approaches to dependency pars-
ing, with the other being graph-based or arc-factored parsing (Kübler et al., 2009).
Transition-based parsing involves building dependency structures in an incremental
fashion whereby a parser performs a sequence of actions or transitions until a final parse
tree is built. As described by Nivre (2008), a treebank-induced classifier is used to pre-
dict the optimal next transition given a predefined list of possible transitions and a cur-
rent parser state. As the parse tree is built from a series of incremental actions, pure
transition-based systems are only capable of providing a single analysis of a depen-
dency tree, though work by Zhang and Clark (2008) shows that adding beam-search to
a transition-based parser can improve over standard deterministic parsing. A byprod-
uct of this deterministic approach is that it prunes away parses that are unlikely and
makes parsing simple and efficient, e.g. results in a runtime that is linear in the length
of the input provided that each transition can be performed in constant time (Nivre,
2003, 2008). One drawback of this greedy deterministic procedure is that the parser
must commit to its decisions which can result in error propagation due to an incorrect
action earlier on in the sequence. Nevertheless, such parsers (Nivre et al., 2006) have
achieved top-performing accuracy on multilingual data such as on the 13 languages in
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the 2006 CoNLL shared task (Buchholz and Marsi, 2006).
A seminalwork in the field of transition-baseddependency parsing is that of Yamada

and Matsumoto (2003). The classifier they use is a Support Vector Machine (SVM)
(Cortes and Vapnik, 1995). SVMs are able to learn combinations of multiple features
whenusing a polynomial kernel and are also capable of generalising in high-dimensional
feature spaces, making them a popular choice of machine learning classifier in pre-
neural transition-based parsing. Being able to combine multiple features is important
in parsing because combinations of lexical and POS tag information are helpful for pre-
dicting syntactic structure (Hall et al., 2007).

The parser of Yamada andMatsumoto (2003) is a type of “shift-reduce” parser (e. g.
Nivre (2003))wheremost transition-based systems belong to this category. Shift-reduce
parsers typically include a configuration consisting of a stack S of tokens currently be-
ing processed, a queue or bufferB of input tokens to be processed, and a list of previous
parser actions A (Nivre, 2003). As the term implies, shift-reduce parsing involves two
actions: shift and reduce. Shift actions push words from the buffer onto the stack for pro-
cessing and reduce actions pop words from the stack or buffer when a word is assigned
as a dependent. A reduce action can either be reduce-left or reduce-right depending on the
location of the head of the reduced item on the stack/buffer. Reduce actions also involve
predicting a dependency label for the reduced word. The types of actions a parser is al-
lowed to take is determined by the transition system, where different transition systems
vary with respect to the number of transitions involved, whether words can be reduced
from the buffer or only from the stack, or what kind of reordering strategies are used to
manipulate the position of words on the stack/buffer. Most transition systems consist
of three or four possible operations which can be sub-classified as either push or pop
actions. Push actions manipulate the position of words on the stack and buffer and pop
actions remove items from the stack or buffer once a word is assigned as a dependent.

Figure 2.2 describes the arc-eager transition system of Nivre (2003). A parser con-
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Initial [(0,W, ∅)]
Terminal [(0, nil, A)]

Transition Precondition

Shift (σ,wi|β,A)⇒ (σ|wi, β, A)

Left-Arc (σ|wi, wj |β,A)⇒ (σ,wj |β,A ∪ {(wj , r, wi)}) ¬head(wi)

Right-Arc (σ|wi, wj |β,A)⇒ (σ|wi|wj , β, A ∪ {(wi, r, wj)})
Reduce (σ|wi, β, A)⇒ (σ, β,A) head(wi)

Figure 2.2: Types of transitions in the arc-eager transition system (Nivre, 2003). The
variables σ and β represent arbitrary sublists of the stack Σ and bufferB. For clarity, the
node on top of the stack is shown on the right and the next token (head of the buffer)
is shown on the left. Thus, c = (σ|wi, wj |β,A) represents a configuration with wi on top
of the stack Σ and wj the next token in the buffer B.

.

figuration consists of a triple c = (Σ, B,A) with stack Σ, buffer B and and a set of arcs
A for the dependency tree being constructed. At the initial configuration, the stack only
contains the dummy ROOT symbol 0, which acts as the head of the entire sentence. The
buffer contains the full list of tokens in the sentenceW (in their original order) and the
list of dependency relations in the tree is empty ∅. The parsing algorithm will apply
a transition to the partially-parsed configuration until termination where the buffer is
empty, the stack only contains the ROOT symbol 0 and A contains the dependency re-
lations of the tree. The transitions involved in the arc-eager transition-system are listed
below, where top refers to the topword of the stack and next is the first word of the buffer.

1. Shift pushes next from the buffer onto the stack.

2. Left-Arc assigns top as a dependent of next andpops top from the stack. This is only
allowed provided if top is not the artificial root node 0 and has not been already
assigned a head.

3. Right-Arc assigns next as a dependent of top and pushes next to the stack.
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4. Reduce pops top off the stack (only allowed if top has a head).

This transition system is shown for an example sentence in Figure 2.3. Note how Left-

Arc pops top from the stack and how Right-Arc pushes next to the stack.

Step Stack (σ) Buffer (β) Action Arc-set (A)
0 [root] [book, the, flight, through, houston] Right-Arc (root, root, book)
1 [root, book] [the, flight, through, houston] Shift
2 [root, book, the] [flight, through, houston] Left-Arc (flight, det, the)
3 [root, book] [flight, through, houston] Right-Arc (book, dobj, flight)
4 [root, book, flight] [through, houston] Shift
5 [root, book, flight, through] [houston] Left-Arc (houston, case, through)
6 [root, book, flight] [houston ] Right-Arc (flight, nmod, houston)
7 [root, book, flight, houston] [ ] Reduce
8 [root, book, flight] [ ] Reduce
9 [root, book] [ ] Reduce

10 [root] [ ] Done

Figure 2.3: Transition-based parsing sequence using the arc-eager transition system for
the sentence “Book the flight through Houston”. The Arc-set contains the dependency re-
lations which are represented as (wi, r, wj). Example taken from Jurafsky and Martin
(2000).

Transition-based parsers make use of an oracle during training which specifies the
optimal transition sequence to follow in order to construct the gold parse tree. The tran-
sition sequences are used to train a machine learning classifier. This represents a form
of data-driven dependency parsing whereby a dependency parser will learn the correct
parsing action to take based on the current configuration. At parsing time, the classifier
approximates the oracle in a deterministicmanner until a parse tree is built (Nivre, 2003,
2004). The most common inference method in transition-based parsing involves greedy
deterministic parsing in a left-to-right direction where a classifier chooses the next ac-
tion based on the parser state and history (Nivre et al., 2007a). Subsequent research
has explored different inference methods which can consider a list of several possible
actions which are ordered by their probabilities. In this respect, Zhang and Clark (2008)
modify a transition-based parser to include beam-search during training and inference
and show that this can yield improvements over a purely deterministic transition-based
parser. Similarly, Goldberg and Nivre (2012) introduce a “dynamic” oracle which can
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consider alternative predictions than that specified by the oracle. This can make the
parser more robust to the type of errors made at predict time and helps alleviate some
of the problems related to greedy error propagation.

Standard transition-based algorithms (Nivre, 2003, 2004) can only produce projec-
tive parse trees (i. e. a nested structure with no crossing arcs). To circumvent this, Nivre
and Nilsson (2005) perform pseudo-projective parsing which involves projectivising
the training data by performing lifting operations and encoding information about these
lifts in the arc labels. A data-driven parser will train on the projectivised data with these
additional labelswhich include information about lifted arcs. At predict time, the parser
will predict a projective parse tree but with labels encoding whether a specific arc was
lifted. An inverse transformation can then be applied to reconstruct a non-projective
tree. Another way of dealing with non-projective dependencies was proposed by Nivre
(2009) who added a further swap transition. The swap transition updates a configura-
tion with a stack of [i, j] by moving the node i back to the buffer. In this way, the order
of i and j on the stack and buffer is reversed. By swapping the order of the nodes, the
result is that non-projective trees can be constructed by applying left-arc or right-arc op-
erations on tokens which were previously not located beside each other. The inclusion
of a swap operation increases the time complexity from linear to quadratic but estimates
by Nivre (2009) show that running time is linear in the range of the data.

2.1.2 Graph-based Parsing

The other main approach in dependency parsing surrounds the use of graph-based
methods. In contrast to incrementally building the dependency tree through a series
of actions, graph-based parsers search through a space of all possible trees for a given
sentence and choose the tree which maximises some score. Graph-based parsers usu-
ally consist of two components: a model which is used to score dependency trees, and a
parsing algorithm which is used to find the highest-scoring dependency tree given the
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scoring model used.

Background In dependency parsing, a model is tasked with learning a mapping from
inputs x ∈ X to outputs y ∈ Y , where X is typically a set of sentences and Y a set of
parse trees. Following Collins and Roark (2004), we assume:

• Training examples T = {(xt, yt)}Tt=1 for t = 1 . . . T .

• A functionGENwhich enumerates a set of candidates GEN(x) for an input x.

• Aglobal representationΦmapping each (x, y) ∈ X×Y to a feature vectorΦ(x, y) ∈

Rd.

• A parameter vector ᾱ ∈ Rd.

The componentsGEN, Φ and ᾱ are used to define a mapping from an input x to an
output F (x), as in (2.1):

F (x) = arg max
y∈GEN(x)

ᾱ · Φ(x, y) (2.1)

The framework above could be used to describe many tasks in NLP but for depen-
dency parsing (x, y),GEN and Φ are the following:

• A training example (x, y) is a pair where x is a sentence and y is a gold dependency
parse for that sentence.

• Given an input sentence x, GEN(x) is a set of possible parses for that sentence.

• The representation Φ(x, y) contains the features of the dependency trees.

Arc-factored Parsing The simplest type of model is referred to as a first-order model
or an arc-factored model, which is a type of edge-based factorisation (Eisner, 1996) that
defines the score of a dependency tree as the sum of the scores of all edges in the tree.
Wewill now look at how individual arcs are scored. FollowingMcDonald et al. (2005a),
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the ith word of x is denoted as xi. The generic dependency tree is denoted with y. If y
is a dependency tree for sentence x, the notation (i, j) ∈ y is used to indicate that there
is a directed edge from word xi to word xj in the tree, meaning that xi is the head of xj .
Computing the score of the tree involves summing over its individually-scored parts, as
in (2.2):

s(x, y) =
∑

(i,j)∈y

s(i, j) =
∑

(i,j)∈y

ᾱ · φ(i, j) (2.2)

The component φ(i, j) is a high-dimensional binary feature representation of the arc
involving head word xi and dependent word xj . An example feature from the depen-
dency tree in Figure 1.1 would be as in (2.3):

φ(i, j) =

1 if xi = ‘hit’ and xj = ‘ball’
0 otherwise.

(2.3)

Learning Algorithm The training process is to learn which of the considered features
are important for producing the target output. To do so, a learning algorithm is used to
set the parameter values ᾱ given training examples (X ,Y). One such algorithm that can
be used to set the parameter values is the discriminative perceptron learning algorithm
(Collins, 2002; Collins and Roark, 2004; McDonald et al., 2005a; Zhang and Clark, 2008).
The learning procedure used by the perceptron algorithm is shown in Algorithm 1. T is

Algorithm 1 Perceptron algorithm
Input: Training examples (x, y)
Initialisation: Set ᾱ = 0
Output: Parameters ᾱ

// T training iterations, N training examples
for t = 1 . . . T, i = 1 . . . N do

Calculate y′ = arg maxy∈GEN(x) ᾱ · Φ(x, y′)
if y′ 6= y then ᾱ = ᾱ+ Φ(x, y)− Φ(x, y′)
end if

end for

a parameter which defines the number of passes over the training set andN is the size of
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the training set. Initially, all of the parameter values ᾱ are set to zero. Under the current
set of parameters, we will choose the highest-scoring tree y′ = arg maxy∈GEN(x). If the
predicted tree is different to the gold tree, the parameter update will involve adding 1
to each feature seen in the gold tree and subtracting 1 from each incorrect feature in the
predicted tree. Intuitively, the perceptron algorithm increases the parameter values for
features which were ‘missing’ from the predicted tree y′ and down-weights values for
features which were ‘incorrect’. If the predicted tree matches the gold tree, i. e. y = y′,
there is no update to the parameter values ᾱ. Over the course of training, the parameter
values ᾱ will be updated to score trees as they are in the training data.

Decoding Algorithm Thus far, we have described how individual arcs are scored: by
multiplying the feature representations with parameter (or weights) values. Finally, we
need away of retrieving the highest-scoring tree from the candidate set of parses (under
the current parameters), i. e. y′ = arg maxy∈GEN(x) ᾱ ·Φ(x, y′). A number of algorithms
can be used for finding the maximum spanning tree (MST) in the graph. The dynamic
programming algorithm of Eisner (1996) can be used but this method only produces
projective trees. This algorithm has a complexity of O(n3). In contrast, McDonald et al.
(2005b) use the Chu-Liu-Edmonds algorithm (CLE) (Chu and Liu, 1965; Edmonds,
1967) for finding theMST in a directed graph. This first-order algorithm has a complex-
ity of O(n2). Here, each node (token) in the graph greedily selects the incoming edge
(dependency relation) with the highest weight. The result is the maximum spanning
tree provided there are no cycles. If there are cycles, the algorithm contracts the cycle
into a single vertex and picks the incoming edges with the highest weight based on the
contracted nodes.

There are a number of reasonswhywewould consider using graph-based approaches,
particularly when considering that there are 134 languages in UD v2.8. A primary rea-
son is that graph-based approaches are very suitable for producing non-projective trees
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which is important for languages with less restrictive word order like Czech or Ger-
man. Another key reason is that graph-based approaches have traditionally been bet-
ter at dealing with long-range dependencies than transition-based parsers: transition-
based methods have high accuracy on short dependency relations but accuracy tends
to decline the greater the distance between the head and the dependent (McDonald
and Nivre, 2011). In contrast, graph-based methods score entire trees and do not rely
on local greedy decisions and so can be more suitable for dealing with long-range de-
pendency relations. More recent work by Dozat et al. (2017) has shown that their
graph-based system performs better relative to a transition-based system using swap
(Straka et al., 2016) when a test set contains more non-projective dependencies. They
also showed that their graph-based system requires fewer examples of non-projective
dependencies in the training set to be able to generalise well. We therefore concen-
trate on graph-based dependency parsing in this thesis but refer the interested reader
to de Lhoneux (2019) for analysis of neural transition-based parsers. There are some
similarities between this work and that of de Lhoneux (2019) in that both explore the
role of polyglot parsing for parsing typologically-diverse languages (Chapter 6). How-
ever, in Chapter 3 we look at the role of a polyglot model in an annotation projection
setting, whereas the work of de Lhoneux (2019) investigates various parameter sharing
strategies when parsing with multiple languages.

2.2 NeuralNetworks and theirApplication toDependencyPars-

ing

Many NLP tasks have experienced success from adopting methods using neural net-
works and this is also the case for dependency parsing (Chen and Manning, 2014; Dyer
et al., 2015; Kiperwasser and Goldberg, 2016; Dozat and Manning, 2017). Traditional
dependency parsers relied on many sparse features where feature templates were man-
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ually designed with the aim of capturing head-modifier relationships as much as pos-
sible (Zhang et al., 2017). These feature templates were difficult to design and it has
also been shown by Bohnet (2010) that the feature-index mapping process (i. e. map-
ping features to their weights) is very costly in terms of parsing time (inference). The
adoption of neural networks in dependency parsing saw the shift from using sparse, bi-
nary indicator features to using a “core” set of dense features (Chen andManning, 2014;
Kiperwasser and Goldberg, 2016). Rather than trying to design feature combinations,
the neural network is tasked with deciding what information is important for parsing.
In the following sections, we will describe the components used in neural graph-based
dependency parsers.

2.2.1 Distributed Representations of Words

Asmentioned above, feature templates have traditionally been used for training parsers
(Carreras, 2007; Zhang and Clark, 2008; Koo and Collins, 2010; Hatori et al., 2012).
Among these features include lexical items and their POS tags. While a rich feature set
incorporating non-local contexts can improve parser performance, the features can be
sparse (Chen et al., 2014). Using such feature templates also has the drawback of a high
out-of-vocabulary rate for certain features, where features are present in the training set
but not the test set. Chen andManning (2014) made the first advance in modern neural
dependency parsing by using a feed-forward neural network (FFNN) to learn features
for a transition-based parser. This architecture saw the adoption of dense rather than
sparse feature representations, where the features consist of vector representations of
a certain number of words (and their dependents), POS tags, and dependency labels.
Using dense embeddings to represent features means that the model can leverage the
fact that certain features are similar to each other, e. g. based on cosine similarity, where
vectors that point in a similar direction can be interpreted as being similar (Mikolov
et al., 2013; Kondratyuk and Straka, 2019). For example, certain words are semantically
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similar, e. g. nouns such as John or Jane, and suchwords also have similar syntactic roles
(both are often subjects which modify verbs, e.g. [Jane/John] went to the store).

As described in Bastings (2020), in neural NLP systems, typically a vocabulary |V |
is created and each word in the vocabulary will be represented by a one-hot vector.
This vector will be the size of the vocabulary and has a 0 in every position except for
the position of the word ID in question which will be a 1. This one-hot vector is then
multipliedwith aword embeddingmatrixWe ∈ Rd×|V |, with dimension size d rows and
vocabulary size |V | columns. This multiplication selects the appropriate column from
the word embedding matrix.2 The numbers in the vectors can be initialised randomly,
with uniform distribution (Glorot and Bengio, 2010) or they can be from a pre-trained
embedding (Pennington et al., 2014). Formally, let S = (w0, w1, . . . , wN ) be a sentence
of length N with w0 being the artificial root token and the i-th value of S is written as
wi. This embedding lookup procedure is performed for each input token in S to obtain
a sequence of embeddings: X = (x0,x1, . . . ,xN ) where xi represents the embedding of
word wi. In practice, xi may be the concatenation of numerous embeddings, e.g. for a
tokenwi, we can include a randomly initialised embedding e(wi), its POS tag embedding
e(ti) and a pre-trained embedding of the word e(pti) as shown in (2.4), where ◦ denotes
vector concatenation:

xi = [e(wi) ◦ e(ti) ◦ e(pti)] (2.4)

2.2.2 Recurrent Neural Networks

Neural dependency parsers typically include a recurrent neural network (RNN) which
encode embeddings of words. RNNs are chosen because they can handle sequential
data (such as sentences in natural language) as input. This is useful for tasks which in-
volve recurrence such as in dependency parsing, where the order of words in a sentence
can play an important role in determining syntax. Importantly, RNNs are able to learn

2The process is the same for any feature, where the embedding matrix is determined by the dimension
size and size of the vocabulary.
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context-sensitive representations of the words in a sentence by incorporating informa-
tion from nearby words. This is because at each time step the RNN updates its hidden
state based on all inputs preceding the current input as in (2.5):

RNN(x1:t) = f(xt,RNN(x1:t−1)) (2.5)

One type of RNN that has seen widespread use in NLP is the Long short-termmem-
ory (LSTM) network (Hochreiter and Schmidhuber, 1997), which has been shown to
be able to better handle longer-range information than a vanilla RNN. This is because
they have a more complex computational unit which is able to control the flow of in-
formation across a sequence which can help address the problem of vanishing gradi-
ents associated with traditional RNNs. Bidirectional LSTMs (BiLSTMs) (Graves and
Schmidhuber, 2005) have been used as the function f in (2.5). In contrast to traditional
LSTMs, BiLSTMs enable modelling sequential data in both directions. For this to take
place, there is a forward LSTM (LSTMF ) and a backward LSTM (LSTMB). The forward
LSTM moves in a left-to-right direction and enables capturing wi and the words to its
left. The backward LSTMmoves from right-to-left and captures wi and the words to its
right. This is shown in (2.6) and (2.7) for the forward and backward LSTMs, respec-
tively. We use xi to denote the vector representation of word wi:

hfi = LSTMF (x0:i) (2.6)

hbi = LSTMB(xN :i) (2.7)

At each time step, we obtain a hidden representation hi which is the concatenation of
the hidden states of the forward LSTM hfi ∈ Rd and backward LSTM hbi ∈ Rd at position
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i, where ∈ Rd is the LSTM hidden state size, as in (2.8):

hi = [hfi ◦ hbi ] (2.8)

As a result, each time step has information about the surrounding context. When con-
sidering dependency parsing, the BiLSTM encodings hi are used as part of a feature
function φ in either a transition-based or graph-based parser. Initially, the encodings do
not contain any information about the task of parsing: Throughout the training process,
they are fed into a non-linear scoring function such as a multi-layer perceptron (MLP)
which is used to make a prediction and return a loss value. The weights of the whole
network can be updated together using back-propagation as in Kiperwasser and Gold-
berg (2016) to try and minimise the loss function. In this way, the weights of the neural
network are updated so that they reflect the task at hand.

2.2.3 Transformer Networks and Self-Attention

The introduction of the Transformer (Vaswani et al., 2017) fundamentally changed the
field of NLP with most recent state-of-the-art applications using this architecture as a
component to produce contextualised representations which are then passed to sub-
sequent task-dependent modules. This is the case for applications such as sentiment
classification, question answering as well as structured prediction tasks such as Named
Entity Recognition (NER) and dependency parsing.

As outlined by Vaswani et al. (2017), prior to the Transformer, most NLP applica-
tions used RNN encoders to generate contextualised representations (see Section 2.2.2).
One drawback of RNNs is their dependence on sequential computation, i. e. computing
hidden representations requires passing through all input positions in a sequential fash-
ion, either in their original order or in reversed order. In the Transformer, however, layer
outputs can be computed in parallel. Additionally, as inputs to the attention layers in

30



a Transformer are unordered vectors, this enables all items in the input to interact with
other items directly, which is better for handling long-range dependencies as the two
items in question are no longer separated through a number of RNN steps. This prop-
erty of Transformers enables them to model complex relationships between the input
tokens, which is useful for many NLP tasks. This point is well articulated by Hender-
son (2020, p.9) who states that “Attention-based models are fundamentally different because

they use bag-of-vector representations. With BoV representations, attention-based neural net-

work models like Transformer can model the kinds of unbounded structured representations that

computational linguists have found to be necessary to capture the generalisations in natural lan-

guage”. The Transformer is able to achieve this by using a process called “self-attention”
to learn dependencies between inputs and this requires a constant number of opera-
tions. Self-attention is a type of attention mechanism (Bahdanau et al., 2015; Luong
et al., 2015) that relates different positions of a single sequence in order to compute rep-
resentations for the sequence. Intuitively, self-attention provides a score for how useful
a current word wi is to another word wj based on some arbitrary task, e. g. language
modelling.

The particular attention function used by the Transformer is called “scaled dot prod-
uct attention”. This involves mapping each word in the sequence to a vector represen-
tation of that word as a query, a key and a value (q, k and v, respectively) which are all
of size dk. In practice, this is done at the batch level, where the Query, Key and Value
matrices, denoted as Q, K and V, respectively, are obtained by multiplying the inputs
X by various learned matrices: Q = WQ(X);K = WK(X);V = WV (X). Given these
matrices, the attention weights can be computed as:

Attention(Q,K,V) = softmax
(
QKT

√
dk

)
V (2.9)

In the Attention function (2.9), a dot product is taken between the Query matrix with
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the transpose of the Key matrix to provide the weights. A weight wij represents the
inner product between the i-th query and the j-th key. The output of this multiplication
is scaled by a factor of the square root of the model dimension dk.3 A softmax function
is then applied to the weights to normalise them, such that their values are positive and
sum to 1. The output is obtained by multiplying the softmax scores by the values V.
The intuition behind multiplying the scores and the values is to preserve tokens which
are considered important and to remove unimportant words by multiplying them with
large and small numbers, respectively. The attention weights computed above, denote
how important a particular query is for a particular key. High weight values indicate
that the two words hold an important relationship given a specific task, and low weight
values signify that they are not particularly relevant for the task.

Up to this point, we have only described “single-head” scaled dot-product attention.
However, in the Transformer, this attention function is repeated h times, where h is the
number of attention “heads”. Computing multiple instances of scaled dot-product at-
tention is referred to as “Multi-Head Attention”. In Multi-Head Attention, the q, k and
v items are projected h times and different single-head attention modules are applied to
the representations in parallel. The individual attention outputs are concatenated and
projected to the desired output dimension using a feedforward network. The intuition
behind using multiple attention heads is that doing so can counteract overfitting by en-
abling different attention heads to learn particular phenomena about the input sequence
being modelled. The process for computing Multi-Head Attention is shown in (2.10):

MultiHead (Q,K,V) = Concat(Head_1, . . . ,Head_h)W0

where Head_i = Attention
(
QWQ

i ,KWK
i ,VWV

i

) (2.10)

where WQ
i ,W

K
i WV

i represent the weight matrices of the i-th attention head. Single-
3This is because with large values of dk, the dot products have a large magnitude which can cause the

softmax function to yield very small gradients. If Q and K have a mean of 0 and a variance of 1, their
matrix multiplication will have a mean of 0 and a variance of dk. Scaling the multiplication by the square
root of dk means that the variance will be consistent even when changing the value of dk.
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Scaled Dot-Product Attention
Multi-Head Attention

Figure 2.4: Scaled Dot-Product Attention (left). This process is repeated h times in
Multi-Head Attention (right), where the outputs are concatenated and then projected
with a feedforward network. Figures taken from Vaswani et al. (2017).

Head attention and Multi-Head attention can be visualised as in Figure 2.4. In Multi-
Head Attention, the queries, keys and values are projected h times where a different
Scaled Dot-Product Attention module is applied to each projection.

Transformer Architecture

Now that we have described the attention mechanism used by the Transformer to re-
late items in the input sequence, we can widen our focus and explain how it is used
in the Transformer architecture. In dependency parsing, as we are not generating out-
put sequences as in Vaswani et al. (2017), who use an encoder-decoder architecture to
perform machine translation, we will just describe the encoder part of the Transformer,
which generates representations for each token in the sequence. We will also provide
more details on Transformer models such as BERT (Devlin et al., 2019) in Section 4.1.
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Encoder Input For the first component, the encoder, it takes as input an embedded
version of the input, where a word is converted to a numeric ID and then its ID is looked
up in an embedding matrix. Embeddings represent an input token in a d-dimensional
space, where tokens with similar meanings will be closer in the geometric space. The
Transformer solely uses self-attention to relate input words to one another. As such,
there is no notion of recurrence and the attention layers will see their input as a set of
unordered vectors or, in other terms, a bag-of-vectors. In order to introduce sequential
order, a “positional encoding” is added to the input embedding to provide the model
with information about the relative position of the tokens in the input sequence. The
addition of the position encodingmeans that tokenswill be closer to each other based on
similarity as well as as their position in the sentence. Learned position embeddings can
also be added to the Transformer but a position encoding based on sin and cos functions
was chosen by Vaswani et al. (2017) to allow the model to learn sequence information
for sequences larger than what the model was trained on. The positional encoding PE
is generated with the functions in (2.11) and (2.12), where a sin function is applied to
even positions and a cos function to odd positions:

PE(pos, 2i) = sin(pos/100002i/dmodel) (2.11)

PE(pos, 2i+1) = cos(pos/100002i/dmodel) (2.12)

Encoder Now that we have an input to the encoder—an embedding with an added
positional encoding—this representation is then passed to the encoder component. The
encoder consists of a stack of N identical layers. Each layer contains two sub-layers
or blocks: the first block is a Multi-Head Attention block and the second block is a
position-wise fully connected feedforward network block. A residual connection is
added to each block followed by a layer normalisation, e. g. the output of each block
is LayerNorm(x + Block(x)). Residual connections are used to avoid problems associ-
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ated with vanishing gradients in neural networks. Figure 2.5 shows the encoder block
used in the Transformer model.

Similar to using recurrent neural networks for feature extraction, Transformer net-
works can also be used to obtain a sequence of continuous representations z = (z1, . . . , zn)

given an input sequence x = (x1, . . . , xn), where these representations can be used for a
downstream task such as dependency parsing. Currently, Transformers are the model
of choice for inducing representations for many NLP tasks, eclipsing previous models
such as RNNs in many cases.

Feed	Forward

Multi-Head
Attention

Add	&	Norm

Add	&	Norm

V QK

𝐻(#$%)

𝐻(#)

Figure 2.5: The Transformer encoder block of Vaswani et al. (2017). Image taken from
Lu et al. (2019).
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2.2.4 Neural Graph-based Parsing

Now that we have introduced the task of dependency parsing, and described how to ob-
tain representations of words for a sentence—by embedding them and inputting them
to an encoder such as an RNN or a Transformer—we can now describe how these com-
ponents are combined to perform the task of dependency parsing, where we will focus
on recent graph-based neural dependency parsers.

Current state-of-the-art neural dependency parsers such as Kiperwasser and Gold-
berg (2016) and Dozat and Manning (2017) employ first-order factorisation (Eisner,
1996; McDonald et al., 2005a) as described in Section 2.1.2. Kiperwasser and Goldberg
(2016) train a graph-based parser alongside a BiLSTM feature extractor. In their model,
given an input sentence S = (w0, w1, . . . , wN ) which has been mapped to some vectors
x0:N , they search for the highest-scoring parse tree Y among the space of valid trees
Y(S) for sentence S. The feature function φ they use in their graph-based parser is very
simple. Specifically, when processing a sentence, for each token, they concatenate the
hidden representations of the token and its potential head (2.13), where i is a headword
and j a dependent:

φ(i, j) = hi ◦ hj (2.13)

These representations are passed to an MLP classifier which scores the individual arcs.
The scores are then summed to produce the final score for the tree. The overall scoring
process used in Kiperwasser and Goldberg (2016) is shown in (2.14):

parse(S) = arg max
Y ∈Y(S)

scoreglobal(S, Y )

= arg max
Y ∈Y(S)

∑
(i,j)∈Y

score(φ(i, j))

= arg max
Y ∈Y(S)

∑
(i,j)∈Y

MLP (hi ◦ hj)

(2.14)

For each token, the parsing algorithm considers all possible edges with the result
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that there are n2 predicted edges and the final tree is decoded using Eisner’s algorithm
(Eisner, 1996). Their parser first predicts arcs and afterwards, the label for the chosen
arc. The label classifier uses the same feature function φ(i, j) but these representations
are fed into a separate MLP (MLPL):

label(i, j) = arg max
l∈labels

MLPL(hi, hj)[l] (2.15)

The graph-based parser of Kiperwasser and Goldberg (2016) considers global tree
structure as part of training and inference: during training, the parser uses a margin-
based objective which attempts to maximise the margin between the score of the gold
parse tree and the highest-scoring incorrect tree. In contrast to this globally-structured
dependency parsing objective, Zhang et al. (2017) treat dependency parsing as a head-
selection process. Here Zhang et al. (2017) disregard any notion of whether the pre-
dicted output should be a dependency tree. They simply train a model which produces
for each word a probability distribution of the other words in the sentence being the
current word’s head and then choose the highest-scoring result. Each arc is consid-
ered independently. Their reasoning behind not using any tree constraints is that the
parser should produce trees which are representative of the training set which consists
of trees. This assumption is validated where their parser predicts outputs which are
trees in around 95% of cases. On outputs that are not trees, a maximum spanning tree
algorithm (Section 2.1.2) can be used to ensure well-formedness. This approach is mo-
tivated because anO(n log n) algorithm can be run to check if the tree is projective/well-
formed and then a more expensive algorithm can be run on only those outputs which
do not meet this criteria.

A more sophisticated neural arc-factored parser was introduced by Dozat andMan-
ning (2017), which differs from previous works such as Kiperwasser and Goldberg
(2016) and Zhang et al. (2017) by firstly replacing the traditional MLP-based attention
for edge prediction (e. g. passing two vectors through a non-linearity) with a biaffine
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attention function. Secondly, they reduce the size of the input representations passed
to the biaffine parsing module by first passing the output of the recurrent neural net-
work to feedforward networks. This step makes training both modules faster and less
prone to overfitting. Additionally, Dozat and Manning (2017) introduce more regulari-
sation and a larger network with carefully selected hyperparameters. This architecture
was used by the winning system of the 2017 CoNLL shared task on UD parsing (Dozat
et al., 2017; Zeman et al., 2017) and inspired many systems to use this architecture in
the 2018 version of the CoNLL shared task (Zeman et al., 2018) including the winning
system (Che et al., 2018), and still reaches state-of-the-art accuracy to this day.

Formally, Dozat and Manning (2017) use a BiLSTM to encode vectors of words and
POS tags X[0:N ] for a sentence of length N (2.16), producing hidden representations
for the sequence R[0:N ]. In the following, we use the notation ri to denote a potential
head word and rj to denote a potential dependent word. The outputs of the BiLSTM
are passed to MLPs to produce the arc-dep and arc-head representations (2.17 - 2.18),
which allows for learning a specific representation for eachword as a head and a depen-
dent. The biaffine classifer is given in (2.19), where first bilinear attention is computed
between the matrix of head representations H(arc−head) and the dependent represen-
tation h(arc−dep)i using a (d × d) matrix U (arc). Bilinear attention is used to relate the
strength of each potential head-dependent pair by producing a set of scores indicating
how likely a current word is of being a dependent of another head word. These outputs
are added to another vector which is produced by multiplying the matrix of head rep-
resentations H(arc−head) with a bias vector b. Intuitively, this second term produces a
vector which signifies how likely a word is to be a head in the first place.

R = BiLSTM(x0, x1, . . . , xN ) (2.16)

h
(arc−dep)
i = MLP(arc−dep)(ri) (2.17)
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h
(arc−head)
j = MLP(arc−head)(rj) (2.18)

s
(arc)
i = H(arc−head)U (arc)h

(arc−dep)
i +H(arc−head)b (2.19)

The scores for a particular token s
(arc)
i can be passed through a softmax function to

produce probabilities and the final tree can be decoded using the CLE algorithm (Chu
and Liu, 1965; Edmonds, 1967). A similar biaffine classifier is used to score the labels for
the chosen arcs. An overview of the biaffine dependency parser is shown in Figure 2.6,
where the image shows an example with two input tokens.

Figure 2.6: Biaffine graph-based parser with a BiLSTM encoder operating over word
embeddings. Figure taken from Dozat and Manning (2017).

2.3 Multilingual Dependency Parsing

The dependency parsing community has been oriented towards multilingual goals for
well over a decade now. For instance, the CoNLL 2007 shared task (Nivre et al., 2007a)
required participants to develop a parsing system which could parse ten different lan-
guages. More recently, participants were required to parse 49 and 57 languages in the
2017 and 2018 CoNLL shared tasks on UD parsing, respectively (Zeman et al., 2017,
2018). Parsing multiple languages brings with it many challenges such as differing an-
notation styles across the languages, and the languages possessing different linguistic

39



characteristics. These challenges will be discussed in the following sections.

2.3.1 Differences in Annotation Styles

As pointed out by de Lhoneux (2019), multilingual parsing can refer to cases where the
same architecture is used to parse multiple languages individually and de Lhoneux in-
troduces the term “polymonolingual” to refer to such cases. Most early works involving
multilingual dependency parsing fall into this category. For example, Hall et al. (2007)
tune the parameters of the parsing algorithm, the feature model and the learning algo-
rithm of MaltParser (Nivre et al., 2007b) for each of the ten languages separately, which
leads to improvements over their general settings.

The situationwhere parsers have typically been trained on individual languages can
be explained by the fact that annotation schemes differed across treebanks from differ-
ent languages, which hindered the ability for cross-lingual transfer. In early work on
multilingual parsing, McDonald et al. (2011) include an experiment on cross-lingual
parsing using direct transfer, where the parser is trained only on POS information in a
source language which is then ported to a target language. They incorporate data from
the following languages: Danish, Dutch, German, Greek, Italian, Portuguese, Spanish,
Swedish and English. To avoid issues with different treebank annotation schemes, they
focus on unlabelled parsing. The direct transfer experiments of McDonald et al. pro-
duce some surprising results: they found that Danish is the worst source for transfer to
Swedish while Portuguese is the best. They also found that Greek was the best source
for English and Dutch. Some Romance languages transfer well to each other, however,
such as Italian and Spanish.

The findings ofMcDonald et al. highlighted the lack of consistent annotations across
treebanks from different languages, and such findings, along with other multilingual
initiatives, helped orient the field towards creating truly universal representations inUD
(Nivre et al., 2016). UDhas alleviated some of these problems by requiring all treebanks
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to be annotated in a cross-linguistically consistent fashion. This has paved the way for
developing multilingual systems that can be successfully trained on multiple treebanks
(Vilares et al., 2016; Smith et al., 2018; Kondratyuk and Straka, 2019; van der Goot et al.,
2021; van der Goot and de Lhoneux, 2021).

2.3.2 Morphologically-Rich Languages

One linguistic property that presents a challenge to dependency parsers is agglutina-
tion, where certain linguistic phenomena can be expressed with inflection. UD includes
languages such as Finnish and Farsi which are described as being morphologically-rich
languages (MRLs) (Tsarfaty et al., 2010). In neural parsers, modelling lexical features
at the character level has been proposed as a viable strategy for parsing with MRLs
(Ballesteros et al., 2015). The intuition behind using character-levelmodels is that ortho-
graphically similar words share many parameters. In this way, parsing models produce
effective representations for out-of-domain words which are morphological variants of
words seen during training (Vania et al., 2018). The top-three performing systems in
the 2017 CoNLL shared task all use character-level information (Björkelund et al., 2017;
Dozat et al., 2017; Shi et al., 2017) indicating that such information is a necessary ingre-
dient for viable multilingual dependency parsing.

While previous work has identified the importance of character-level information,
Vania et al. (2018) ask the question whether character-level information alone is suffi-
cient to learn morphology. In their experiments, they compare character-level models
with an oracle approach that has access to morphological features for the task of depen-
dency parsing. Their results show that the character-level models seldom outperform
the oracle model which has access to explicit morphological information. Vania et al.
show that the character models have difficulty with case syncretism where noun case is
ambiguous. They found that a character-level model provided onlywithmorphological
case information rivals the oracle model evenwhenmorphological case is automatically
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predicted.

2.4 Summary

In this chapter, we have described the origins of dependency grammar and provided an
overview of dependency syntax by listing some of the formal properties of dependency
trees. We then described the two main approaches to dependency parsing: transition-
based and graph-based approaches, respectively. We noted that transition-based ap-
proaches choose from a predefined set of possible actions to incrementally build the
parse tree, whereas graph-based approaches factorise the output structure into parts
and score all of these parts individually. The final tree can then be selected with global
inference algorithms. We first described earlier “classic” approaches to transition-based
and graph-based parsing, and for the graph-based parser, we showed how example fea-
tures of dependency trees are scored using a learning algorithm such as the discrimi-
native perceptron, which is used to set to weights of the parsing model to score trees as
they are in the training set. We then described the shift from these classic approaches
to using neural networks for parsing, where the hand-designed feature templates are
replaced with a core set of dense features through the use of word embeddings. These
embeddings are passed through a neural network architecture to make a prediction and
return a loss value, where the whole network is then updated in an end-to-end man-
ner to learn the task of parsing. We provided an overview of two popular components
which are used as feature extractors for the dependency parsing module: RNNs and
the Transformer. Finally, we introduced the topic of multilingual dependency parsing
and mentioned how, prior to UD, differences in annotation schemes were a significant
barrier to developing parsers which can parse multiple languages. We then mentioned
that UD attempts to address this challenge by incorporating a universal dependency
annotation scheme.

In the next chapter we will present an experiment which seeks to leverage the uni-
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versal annotation scheme in UD, by analysing the role of a polyglot model trained on all
source languages together versus a number of monolingual source models in contribut-
ing annotations to a target language using annotation projection.
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Chapter 3

Polyglot Training for Cross-lingual

Transfer

In the previous chapters we noted that certain treebanks in the UD collection have no
training data, and various cross-lingual approaches must be used to process them. We
also highlighted that the cross-linguistically consistent annotations in UD makes train-
ing parsers on multiple languages (i. e. polyglot parsers) more feasible. In this chapter
we wish to see whether low-resource dependency parsing can be improved via a poly-
glot modelling approach. Specifically, we approach low-resource dependency parsing
by integrating two common techniques used for low-resource NLP tasks: (i) a data
transfer technique known as annotation projection, which involves transferring annota-
tions from a source to a target language (Yarowsky et al., 2001), and (ii) a polyglot mod-
elling approach, which involves training a model with shared parameters across mul-
tiple languages, where languages have equal status (de Lhoneux, 2019; Mulcaire et al.,
2019a). Such models have been shown to be helpful for low-resource languages in par-
ticular (Smith et al., 2018; Kondratyuk and Straka, 2019; van der Goot and de Lhoneux,
2021). Previous work by Tyers et al. (2018) has shown that regular annotation pro-
jection can be improved by combining the projected annotations from multiple source
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languages. Here, the source models are trained on individual languages and the cross-
lingual interaction occurs when they are merged together in a graph decoding step
(Sagae and Lavie, 2006). We adopt the same experimental setup as Tyers et al. (2018)
but examine whether it is also beneficial to induce cross-lingual knowledge before the
graph-decoding step, by training a polyglot model on the source languages. The intu-
ition is that by training a model on multiple languages together, the model will learn to
make generalisations across the included languages, which will result in a better model
for transfer to the low-resource target language.

In Section 3.1, we first describe related work on zero-shot cross-lingual transfer as
well as polyglot learning. In Section 3.2, we then present a combination of these two
methods in a zero-shot cross-lingual dependency parsing experiment and is used to an-
swer RQ1: Can zero-shot cross-lingual dependency parsing be improved by leveraging polyglot

training on source languages?

3.1 Background

3.1.1 Cross-lingual Transfer

In low-resource scenarios, theremay not be enough data for data-drivenmodels to learn
the task at hand. In cases where no annotated data is available, zero shot cross-lingual
transfer is used. This refers to techniques which develop a model for a target language
which has no training data, bymaking use of source-language annotations (Yarmoham-
madi et al., 2021). This has typically been approached through data projection, which
involves transferring annotations across parallel text, where the parallel text can be cre-
ated by translating the source language to the target language or vice versa. Then, a
model trained on the source language can be used to annotate the data. The annotations
can then be transferred back to the target language using word alignments. In other ap-
proaches, the target language can be translated to the source language at test time, and
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a model trained in the source language can be used to annotate the data (Yarowsky and
Ngai, 2001; Tiedemann and Agić, 2016). Another way to induce cross-lingual knowl-
edge is through model transfer, where a model trained on a downstream task for one
language is applied to a target language which which does not have any training data
(Kondratyuk and Straka, 2019; Wu and Dredze, 2019). This chapter will focus on the
first approach, i. e. using data transfer techniques to process a low-resource language.

Cross-lingual transfermethods—methods that transfer knowledge fromone ormore
source languages to a target language—have led to substantial improvements for low-
resource dependency parsing (Hwa et al., 2005; McDonald et al., 2011; Lynn et al., 2014;
Guo et al., 2015; Agić et al., 2016; Rosa and Mareček, 2018) as well as for related tasks
such as part-of-speech (POS) tagging (Plank and Agić, 2018). One of the most straight-
forward approaches for cross-lingual transfer involves direct transfer. Zeman andResnik
(2008) introduced the idea of delexicalised dependency parsing, where a parser can be
trained on coarse-grained information such as POS tags in a source language and then
be directly applied to a target language provided it has been annotated with POS tags.
This relies on the source and target languages sharing some underlying grammatical
structure as well as having a compatible set of POS tags but obviates the need to have
labelled training data in the target language. McDonald et al. (2011) perform delexi-
calised dependency parsing using direct transfer and show that this approach outper-
forms unsupervised approaches for grammar induction. Importantly, this approach can
be extended to the multi-source case by training on multiple source languages and pre-
dicting a target language.

The idea of annotation projection using word-alignments originates from Yarowsky
et al. (2001) who use word alignments to transfer information such as POS tags from
source to target languages. This method was later used in dependency parsing by Hwa
et al. (2005), who project dependencies to a target language and use a set of heuristics to
form dependency trees in the target language. A parser is then trained on the projected
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treebank and evaluated against gold-standard treebanks.
Tiedemann and Agić (2016) present a thorough comparison of pre-neural cross-

lingual parsing. Various forms of annotation projectionmethods are compared to delex-
icalised baselines, and the use of machine translation instead of parallel corpora to pro-
duce synthetic treebanks in the target language is explored. In contrast to works which
create silver data in the target language that is used to train a target-side model (e. g.
Tyers et al. (2018)), Tiedemann and Agić (2016) translate a target sentence and project
the source parse tree back to the target during test time.

Agić et al. (2016) leverage massively multilingual parallel corpora such as transla-
tions of the Bible and web-scraped data from the Watchtower Online Library website1

for low-resource POS tagging and dependency parsing using annotation projection.
They project weight matrices (as opposed to decoded dependency arcs) from multiple
source languages and average the matrices weighted by word alignment confidences.
They then decode the weight matrices into dependency trees on the target side, which
are then used to train a parser. Agić et al. claim that by utilising dense information
from multiple source languages, this helps reduce noise from source-side predictions.
Here, the source-side parsing models learn information between source languages in-
dependently (i. e. it does not involve polyglot training) and the cross-lingual interaction
occurs when projecting the edge scores into multi-source weight matrices. The idea of
projecting dense information in the form of aweighted graph has been further extended
by Schlichtkrull and Søgaard (2017) who bypass the need to train the target parser on
decoded trees and develop a parser which can be trained directly on weighted graphs.

Plank and Agić (2018) use annotation projection for POS tagging. They find that
choosing high-quality training instances results in superior accuracy than randomly
sampling a larger training set. To this end, they rank the target sentences by the per-
centage of words covered by word alignments across all source languages and choose

1https://wol.jw.org/

47

https://wol.jw.org/


the top-k covered sentences for training.
Meechan-Maddon andNivre (2019) carry out an evaluation on cross-lingual parsing

using language clusters (Scandinavian, West Slavic and Uralic) where each cluster has a
low-resource language that is supported by three related source languages. The Scandi-
navian cluster uses Faroese as the low-resource language supported by Danish, Norwe-
gianNynorsk and Swedish. TheWest Slavic cluster includes Upper Sorbian as the target
language supported by Czech, Polish and Slovak. The Uralic cluster uses North Saami
as the target language supported by Estonian, Finnish and Hungarian. They include
three experiments: first, training amonolingualmodel on a small number of sentences in
the target language; second, training a cross-lingual model on related source languages
which is then applied to the target data; and lastly, training a multilingual model which
includes target data as well as data from the related support languages. They found
that training a monolingual model on the target data was always superior to training a
cross-lingual model. They found that the best results were achieved by training amodel
on the various support languages with the included target data, i. e. their multilingual
model.

Tyers et al. (2018) describe a method for creating synthetic treebanks for Faroese
based on previous work which uses machine translation and word alignments to trans-
fer trees from source language(s) to the target language. Sentences from Faroese are
translated into the four source languages: Danish, Swedish, Norwegian Nynorsk and
NorwegianBokmål. The translated sentences are then tokenised, POS tagged andparsed
using the relevant source-languagemodel trained on the source-language treebank. The
resulting trees are projected back to the Faroese sentences using word alignments. In a
subsequent step, the four trees for each sentence are combined into a graph with edge
scores one to four (the number of trees that support them), fromwhich a single tree per
sentence is produced using the CLE algorithm. The resulting trees make up a synthetic
treebank for Faroese which is then used to train a Faroese parsing model. The parser
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output is evaluated using the gold-standard Faroese test treebank developed by Tyers
et al. (2018). The approach is compared to a delexicalised baseline, which it outper-
forms by a large margin. It is also shown that for Faroese, a combination of the four
source languages (multi-source projection) is superior to individual language projec-
tion.

The process of annotation projection used by Tyers et al. (2018) is shown in Fig-
ure 3.1, where the source-language sentences are parsed and then projected to the tar-
get language (Faroese). In this example, there is a direct alignment between words in
the source sentences and the target sentence so annotations can be directly transferred.
The trees predicted from each source model are identical apart from Swedish, which
predicts an obj relation between the words bor and nu. A parser can either be trained
directly on the target language trees, or the trees for a particular sentence from each tar-
get treebank can be combined and decoded using global inference algorithms for tree
parsing, e.g. the CLE algorithm. This process is referred to as multi-source projection
and is shown in Figure 3.2.
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(a) Projection from Norwegian Bokmål to Faroese.

Maja bor nå i Malmø ⇒

nsubj

root

advmod

obl

case

Maja býr nú í Malmø

nsubj advmod

obl

case

root

(b) Projection from Norwegian Nynorsk to Faroese.

Maja bur no i Malmø ⇒

nsubj

root

advmod

obl

case

Maja býr nú í Malmø

nsubj advmod

obl

case

root

(c) Projection from Danish to Faroese.

Maja bor nu i Malmø ⇒

nsubj

root

advmod

obl

case

Maja býr nú í Malmø

nsubj advmod

obl

case

root

(d) Projection from Swedish to Faroese.

Maja bor nu i Malmö ⇒

nsubj

root

obj

obl

case

Maja býr nú í Malmø

nsubj obj

obl

case

root

Figure 3.1: Annotation projection from the source languages to the target language.
Example translations and annotations taken from Tyers et al. (2018).

3.1.2 Parameter Sharing between Languages

With the advent of the UD project and the harmonisation of annotation schemes across
numerous languages, some works have tried to determine whether information can be
successfully shared between different languages. Among these approaches are those
that involve polyglot learning. We adopt the same terminology used in Mulcaire et al.
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Multisource Projection.

Maja býr nú í Malmø ⇒

nsubj (4)

root (4)

advmod (3)

obj (1)

obl (4)

case (4)

Maja býr nú í Malmø

nsubj advmod

obl

case

root

Figure 3.2: Left: Dependency edges and labels are combined in a single graph and re-
solved using the CLE algorithm (Chu and Liu, 1965; Edmonds, 1967). The counts of
each labelled edge are provided in brackets. Right: The decoded dependency tree for
the sentence. Example taken from Tyers et al. (2018).

(2019b), who use the term cross-lingual transfer to describe methods involving the use
of one or more source languages to process a target language. They reserve the term
polyglot learning for training a singlemodel onmultiple languages andwhere parameters
are shared between languages. For the polyglot learning technique applied to multiple
treebanks of a single language, we use the term multi-treebank learning.

Vilares et al. (2016) train lexicalised, bilingual parsers on the union of treebanks
between multiple pairs of languages. They carried out their experiments using either
coarse-grained POS tags or language-specific POS tags (UPOS and XPOS in the CoNLL-
U format, respectively). Interestingly, they found the version with language-specific
tags to work better. They hypothesise that this is because they are combining univer-
sal information with language-specific information which has the effect of enabling the
parser to learn language-specific constructions and avoids learning spurious similari-
ties between the languages. This finding shows that despite UDmaking it easier to train
parsers onmultiple languages, being able to retain idiosyncratic or language-specific in-
formation is still important for successful polyglot parsing. Their results show that train-
ing bilingual parsers rarely harms performance, e. g. for the majority of cases, there is
no statistically significant difference in LAS when compared to the monolingual parser.
They also found that for some language pairs, bilingual training can give statistically
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significant LAS improvements over the monolingual baseline. In an additional exper-
iment, they show that their approach is vastly superior to monolingual training when
parsing code-switched data.

Sato et al. (2017) perform amultilingual dependency parsing experiment using tree-
banks from French and English. They include two BiLSTM feature extractors in their
parsing architecture: one which operates over all treebanks, and another which oper-
ates on individual treebanks. The outputs of the BiLSTMs are combined via a gating
mechanismwhich decideswhat information should be passed through to a dependency
parsing component that uses biaffine attention. They also include a domain classifica-
tion task that tries to classify the domain of the input. The simultaneous training of
the shared BiLSTM layers alongside the domain classification task acts as an adversarial
mechanism, encouraging themodel to find shared parameters and reducing the reliance
on features for a particular domain. They found thatmultilingual training helped for the
small French treebanks though a monolingual baseline performed best for the largest
treebank. For English, they found that multilingual training actually harmed perfor-
mance. Similar results were found by Che et al. (2018) who found that concatenating
treebanks from related languages harmed monolingual performance.

A method which differs slightly from plain treebank concatenation involves adding
a dataset embedding2 to the input of the parser which allows the parser to differentiate
between the input source (Ammar et al., 2016; Stymne et al., 2018; Wagner et al., 2020;
van der Goot et al., 2021). As described by van der Goot et al. (2021), they are contin-
uous representations which encode the source of the dataset, and throughout training,
the embedding will capture properties of the data source while still keeping their het-
erogeneous characteristics. When training a single model with multiple data sourcesD,
we learn a dataset embedding e(d) for each data source d ∈ D.

Typically each input token is assigned its own dataset embedding. That is, for each
2In related works, such an embeddingmay be referred to as a treebank or language embedding, depending

on the abstraction. We will use the more general term dataset embedding.
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word w1, . . . , wn in a sentence of length n, the embedding xi for the ith word is the con-
catenation of a word embedding e(wi), a dataset embedding e(di) as well as a character
representation obtained by running a BiLSTM over them characters ch1, . . . , chm of to-
ken wi, as in (3.1):

xi = [e(wi) ◦ e(di) ◦
←−
ch1 ◦

−−→
chm] (3.1)

The token representation xi is then fed to a contextualised encoder such as a BiLSTM
covering the input sequence, producing the hidden representation for the i-th word hi:

hi = BiLSTM[x1, . . . , xn] (3.2)

This process is shown in Figure 3.3 using the English word Flight as an example. The
example shows this process for just one word, but in practice this process is done for
each word in the input sentence. All embeddings are updated during training.

Figure 3.3: An example of a dataset or language embedding, in this case English which
is concatenated to the token-level input which consists of a word and a character repre-
sentation and then passed to a BiLSTM encoder.

Dataset embeddings were first used in dependency parsing by Ammar et al. (2016)
who include training data from 7 languages in their parsing experiments. They use fea-
tures such as multilingual Brown clusters and pre-trained multilingual word embed-
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dings to learn multilingual representations for parsing. They encode a one-hot vector
denoting the language ID of the input to help the parser differentiate between input lan-
guages and found this approach to be successful. Initially testing on monolingual data,
Stymne et al. (2018) use a treebank embedding which is attached to each input token
and marks the treebank that a sentence belongs to. They show that using a treebank
embedding outperforms both training on a single treebank and training on a concate-
nation of treebanks. This idea was extended to the multilingual case by Smith et al.
(2018) in the 2018 CoNLL shared task (Zeman et al., 2018). Here, Smith et al. sepa-
rate the languages into groups based on language family and language-relatedness and
train a single model per grouping. For instance, they train 34 parsing models which can
parse 82 treebanks. In preliminary experiments, they found that it was better to include
a smaller number of related languages than to include a larger amount of less-related
languages. They compare these unified models with monolingual baselines and show
that training with multiple languages (i. e. polyglot training) helped, whereas for the
64 test sets that were parsed with a polyglot model, only 4 were outperformed by the
monolingual baseline. The results also show that this approach is particularly helpful
for low-resource languages, which benefit from the training data of other related lan-
guages.

More recentwork by van derGoot et al. (2021) looks at the feasibility of using dataset
embeddings for the morphosyntactic tasks of lemmatisation, morphological tagging
and dependency parsing. They analyse the role of dataset embeddings when the test
data comes from the same source as the training data: either with gold dataset labels or
predicted ones. They also experimentwith settingswhere the test source is not included
in the training data (zero shot). They show that dataset embeddings are superior to sin-
gle dataset training and concatenation for all three tasks when gold information about
the training and test source is provided. They are most useful for dependency pars-
ing, followed by lemmatisation, with more modest gains for morphological tagging.
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The breakdown between monolingual and multilingual groupings shows that dataset
embeddings work best across all tasks and settings except for morphological tagging in
multilingual groups, which could be due to the fact that it is harder to transfer useful in-
formation for this task which relies on language-specific information. When moving to
predicted dataset embeddings, they are only useful for lemmatisation and dependency
parsing. When dataset embeddings are used in a zero shot setting, i. e. when the test
data is not included in the training group, there is only a marginal increase in depen-
dency parsing LAS, but these gains do not occur in cases where there is no in-language
dataset. Therefore, the authors conclude that dataset embeddings are not useful in se-
tups where the test data is from another distribution.

van der Goot and de Lhoneux (2021) build upon the work of Smith et al. (2018) and
analyse the role of dataset embeddings when used in a Transformer architecture. They
test whether it is better to add a dataset embedding to the input of the encoder (in the
same way as the position or segment embedding), concatenate a dataset embedding to
the output of the encoder, or in a third setting, combine both approaches. Their results
show that the dataset embedding approaches work better than monolingual baselines
but also that a lot of the performance seen through the use of dataset embeddings can
be achieved through concatenation alone (something that was typically less effective
when using BiLSTMs (Che et al., 2018)). They find that adding the dataset embedding
to the input embeddings is most helpful, perhaps because this information is passed to
the encoder. Their results corroborate previous findings that use BiLSTM architectures
(Smith et al., 2018; van der Goot et al., 2021) by showing that such approaches also work
well for Transformers. In this work they train the models on closely related language
clusters but also try a variant where the same techniques are applied to a model trained
on all treebanks together. The results between the models trained on language clusters
and all languages are similar, showing positive evidence for Transformers being able to
scale to many languages (Kondratyuk and Straka, 2019).
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deLhoneux et al. (2018) compare different parameter sharing strategies in a transition-
based parser across pairs of languages. The parameter sharing strategies range between
hard-sharing, where all parameters are shared; soft-sharing, where a dataset embedding
is used to differentiate between the languages; and no-sharing, where the parameters
are trained independently. When considering related languages, all parameter-sharing
strategies improved over amonolingual baseline. They found that sharing the later parts
of the parser (e. g. the weights of the MLP classifier), was consistently helpful but the
results of sharing word and character parameters were more varied depending on the
language pairs used. They identify a successful recipe for parameter sharing between
related languages which includes soft sharing for word and character parameters and
hard sharing of the MLP parameters. The architecture proposed in Chapter 6 uses soft
sharing in the encoder and includes a parsing head where all parameters are shared
(hard-sharing).

3.2 Cross-lingual ParsingwithPolyglot Training andMulti-treebank

Learning

We have described how annotation projection (Yarowsky et al., 2001; Tiedemann and
Agić, 2016) can be used to create a synthetic treebank for low-resource languages, and
how polyglot training (Smith et al., 2018; Kondratyuk and Straka, 2019; van der Goot
et al., 2021; van der Goot and de Lhoneux, 2021) can be helpful in processing low-
resource languages. The experiment described in this chapter seeks to find out whether
these two approaches are complementary for the task of low-resource dependency pars-
ing. Similarly, what role will training a multi-treebank model on the individual silver
target treebanks play on inducing a target model? This experiment builds on work by
Tyers et al. (2018) who show that in the absence of annotated training data for the target
language, a lexicalised treebank can be created by translating a target-language corpus
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into a number of related source languages and parsing the translations using models
trained on the source-language treebanks.3 These annotations are then projected to the
target language using separate word alignments for each source language, combined
into a single graph for each sentence and decoded (Sagae and Lavie, 2006), producing
a treebank for the target language: Faroese in the case of the experiments of Tyers et al.
as well as our own.

To answer these questions, we replicate the experiments of Tyers et al. (2018) and
investigate whether additional improvements can bemade bymaking the following two
interventions:

1. using a single polyglot parsing model which is trained on the combination of all
source languages to create synthetic source treebanks (which are subsequently
projected to the target language),

2. training a multi-treebank model on the individually projected treebanks and the
treebank produced with multi-source projections.

The former differs from the approach of Tyers et al. (2018), who usemultiple discrete
monolingual models to parse the translated sentences, whereas in this work we use a
single model trained on multiple source treebanks. The latter differs from training on
the target treebank produced by multi-source projection in that the information of the
individual projections is still available and training data is not reduced to cases where
all source languages provide a projection.

In otherwords, we aim to investigatewhether the state-of-the-art approach for Faroese,
which relies on cross-lingual transfer, can be improved upon by adopting an approach
based on source-side polyglot learning and/or target-side multi-treebank learning. We
hypothesise that a polyglot model can exploit similarities in morphology and syntax
across the included source languages, which will result in a better model to provide an-

3In this work, source language and target language always refer to the projection, not the direction of
translation.
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notations for projection. On the target side, we expect that combining different sources
of information will result in a more robust target model.

3.2.1 Method

We outline the process used for creating a synthetic treebank for cross-lingual depen-
dency parsing. We use the following resources: raw Faroese sentences taken from
Wikipedia, an MT system to translate these sentences into all source languages (Dan-
ish, Swedish, Norwegian Nynorsk and Norwegian Bokmål), a word-aligner to provide
word alignments between the words in the target and source sentences, treebanks for
the four source languages on which to train parsing models, POS tagging and parsing
tools, and lastly, a target language test set. We use the same raw corpus, alignments and
tokenised and segmented versions of the source translations4 as Tyers et al. (2018) who
release all of their data.5 In this way, the experimental pipeline is the same as theirs but
we predict POS tags and dependency annotations using our own models.

Target LanguageCorpus Weuse the target-language corpus built by Tyers et al. (2018)
which comprises 28,862 sentenceswhichwere extracted fromFaroeseWikipedia dumps6

using the WikiExtractor script7 where the sentences were also further pre-processed to
remove any non-Faroese texts and other forms of unsuitable sentences.

Machine Translation As noted by Tyers et al. (2018), popular repositories for devel-
oping machine translation systems such as OPUS (Tiedemann, 2016) contain an inade-
quate amount of sentences to train a data-drivenmachine translation system for Faroese.
For instance, there are fewer than 7,000 sentence pairs between Faroese and Danish,
Faroese and English, Faroese and Norwegian and Faroese and Swedish. Consequently,

4The original authors tokenise and segment the source translations with UDPipe (Straka and Straková,
2017).

5https://github.com/ftyers/cross-lingual-parsing
6https://dumps.wikimedia.org/
7https://github.com/attardi/wikiextractor
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Figure 3.4: Overview of the machine translation process. An example Faroese sentence
Maja býr nú í Malmø (Maja now lives in Malmø) is first translated into Norwegian Bok-
mål and then fromNorwegian Bokmål into the other source languages using pivot trans-
lation. The language of the text is shown in bold and the arrow direction shows the
direction of translation. Example translations are taken from Tyers et al. (2018).

to create parallel source sentences, Tyers et al. (2018) use a rule-based machine trans-
lation system available in Apertium(Forcada et al., 2011)8 to translate from Faroese to
Norwegian Bokmål. There also exist translation systems from Norwegian Bokmål to
Norwegian Nynorsk, Swedish and Danish in Apertium. As a result, the authors use
pivot translation from Norwegian Bokmål into the other source languages. The process
is illustrated in Fig. 3.4. For a more thorough description of the machine translation
process and resource creation in general, see the work of Tyers et al. (2018).

Word Alignments We use word alignments between the Faroese text and the source
translations generated by Tyers et al. (2018) who use fast_align (Dyer et al., 2013), a
word alignment tool based on IBMModel 2.9

Source Treebanks We use the Universal Dependencies v2.2 treebanks Nivre et al.
(2018a) to train our source parsingmodels. This is the version used for the 2018 CoNLL

8https://github.com/apertium
9Note that previous related work (Agić et al., 2016) report better results using IBM Model 1 with a

more diverse language setup. They claim that IBMModel 2 introduces a bias towards more closely related
languages. As we are working with related languages and translations and alignments are largely word-
for-word, we expect that this will have less of an impact on our experiments although IBMModel 1 should
also be tried in future work.
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shared task on Parsing Universal Dependencies (Zeman et al., 2018).

Source Tagging and Parsing Models In order for our parsers to work well with pre-
dicted POS tags, we follow the same steps as used in the 2018 CoNLL shared task for
creating training and development treebanks with automatically predicted POS tags
(henceforth referred to as silver POS). Since we are required to parse translated text
which only has lexical features available, we disregard lemmas, language-specific POS
(XPOS) and morphological features and only use the word form and universal POS
(UPOS) tag as input features to our parsers. We develop our POS tagging and parsing
models using the AllenNLP library (Gardner et al., 2018).

We use jackknife resampling to predict the UPOS tags for the training treebanks. We
split the training treebank into ten parts, train models on nine parts and predict UPOS
for the excluded part. The process is repeated until all ten parts are predicted and they
are then combined to recreate the treebank with silver POS tags. Only token features
are used to predict the UPOS tag.10 Finally, we train a model per source language on the
full training data to check performance on the respective development set and to POS
tag the source language translations before parsing.

We train two variants of parsing models: The first is a monolingual biaffine depen-
dency parser (Dozat and Manning, 2017) trained on the individual source treebanks.
The second is a polyglot model trained on all source treebanks using the multilingual
parser of Schuster et al. (2019), which is the same graph-based biaffine dependency
parser, extended to enable parsing with multiple treebanks. We additionally include a
dataset embedding (Section 3.1.2) to the input of the polyglot parser to help the parser
differentiate between the source languages. We optimise the model for average devel-
opment set LAS across the included languages. The process is illustrated in Fig. 3.5.

To ensure that our parser is realistic, we add a pre-trained monolingual word em-
10We observe slightly lower POS tagging scores on fully annotated test sets than UDPipe, which uses

gold lemmas, XPOS and morphological features to predict the UPOS label and so cannot be applied to the
translated text without also building predictors for these features.
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Swedish Translated Corpus

POS Tagged Corpus

Swedish Parse Trees Swedish Parse Trees

Synthetic Faroese Treebank Synthetic Faroese Treebank

POS Tagger

Monolingual Parser Polyglot Parser

Projection Projection

Figure 3.5: Overview of the monolingual and polyglot parser experiments using Swedish
translations as an example. This process is repeated for all source languages.

bedding to each monolingual parser, giving a considerable improvement in accuracy
on the development sets of the source languages. We use the precomputed Word2Vec
embeddings11 released as part of the 2017 CoNLL shared task on UD parsing (Zeman
et al., 2017) which were trained on CommonCrawl and Wikipedia.

In order to use pre-trained word embeddings for the polyglot setting, we need to
consider that a polyglot model uses a shared vocabulary across all input languages. In
our experiments, we simply use the union of the word embeddings and average the
word vector for words that occur in more than one language. This differs from the ap-
proach of Smith et al. (2018) who overwrite the word embedding if it was seen in a
previous language.12 Future work should explore cross-lingual word embeddings with

11https://lindat.mff.cuni.cz/repository/xmlui/handle/11234/1-1989
12https://github.com/UppsalaNLP/uuparser/issues/7
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a limited amount of parallel data or use aligned contextual embeddings as in Schuster
et al. (2019).13

Synthetic Source Treebanks Source translations are tokenised with UDPipe by Tyers
et al. (2018). For each source language, the POS model trained on the full training data
(see previous section) is used to tag the tokenised translations. Once the text is tagged,
we predict dependency arcs and labels with the parsing models of the previous section,
and use annotation projection (described below) to provide syntactic annotations for
the target sentences.

AnnotationProjection Once the synthetic source treebanks are compiled, i. e. the trans-
lations are tokenised, tagged and parsed, the annotations are then projected from the
source translations to the target language using theword alignments and projection tool
of Tyers et al., resulting in a Faroese treebank induced from that particular source lan-
guage. In some cases, not all tokens are aligned and Tyers et al. (2018) work around
this by falling back to a 1:1 mapping between the target index and the source index.
There are also cases where there is a mismatch in length between the source and target
sentences and some dependency structures cannot be projected to the target language.
The projection setup of Tyers et al. removes unsuitable projected trees containing, for
example, more than one root token, a token that is its own head or a token with a head
outside the range of the sentence.

Multi-source Projection For multi-source projection, the four synthetic dependency
trees (induced from each source language) for a Faroese sentence are projected into a
single graph, where the edges are scored according to the number of trees that contain
them (Sagae and Lavie, 2006; Nivre et al., 2007a). The dependency structure is first

13Pre-trainedmultilingual languagemodelswith a shared vocabulary such asMultilingual BERT (Devlin
et al., 2019) would also obviate the need for using aligned cross-lingual word embeddings.
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built by voting over the directed edges. Afterward, dependency labels and POS tags are
decided using the same voting procedure. The process is illustrated in Fig. 3.6.

Synthetic
Faroese Treebank

from Swedish

Synthetic
Faroese Treebank

from Norwe-
gian Nynorsk

Synthetic
Faroese Treebank

from Norwe-
gian Bokmål

Synthetic
Faroese Treebank

from Danish

Filter

Filtered Faroese
Treebank

from Swedish

Filtered Faroese
Treebank

from Norwe-
gian Nynorsk

Filtered Faroese
Treebank

from Norwe-
gian Bokmål

Filtered Faroese
Treebank

from Danish

Arc voting

Weighted Dependency Graphs

Synthetic Faroese Treebank

Decode

Figure 3.6: Multi-source projection. The source language is listed in brackets. The Filter
process involves filtering out sentences where all four sources do not provide a valid
projection.

Target Tagging and Parsing Models At this stage we have Faroese treebanks to train
our POS tagging and parsing models. The Faroese treebanks come in two variants: the
result of projection from source trees produced by either a monolingual model or the
polyglot model. For each case, we train our POS tagging and parsingmodels directly on
these synthetic treebanks and do not make use of word embeddings as we do not have
them for Faroese.
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Multi-treebank Target Parsing Since we have several synthetic Faroese treebanks, we
have the option of training on a single treebank or using a multi-treebank approach
where we train on all target treebanks in the same way as we did for inducing the poly-
glot source model. The process of training a multi-treebank target model is illustrated
in Fig. 3.7. When training a multi-treebank target model, for each target treebank, we
add a dataset embedding denoting the source model used to project annotations for
that target treebank. This should allow the model to learn information about the source
language used to produce that treebank. At predict time, we must include one of these
treebank/dataset embeddings as input to the model. As we do not have gold Faroese
data in our target training treebanks, we must choose the dataset embedding of one
of the synthetic target treebanks. Stymne et al. (2018) introduce the term “proxy tree-
bank” to refer to cases where the test treebank is not in the training set and a dataset
embedding from the training set must be used instead.

Without development data to choose the best proxy treebank, one can determine
this based on test results. However, simply choosing the best proxy treebank based on
test results can be seen as a form of ‘cherry picking’ and cannot be done in settings
where there is no gold test data. In order to overcome this limitation, in subsequent
work (Wagner et al., 2020), we developed a predictor which takes an out-of-domain test
sentence and tries to match it to the most similar sentence in the training set based on
a sentence similarity measure. All training set sentences are parsed using a variety of
either fixed or interpolated treebankweights, and the best performing treebankweights
for the matched training sentence are applied to the test sentence. The same approach
can also be done at the treebank level, where given a test treebank, the predictor will try
to predict the most similar training treebank.

Another method is also using the average or centroid of the treebank embedding,
however, work by Üstün et al. (2020) shows that this method performs poorly for zero-
shot languages without language embeddings, and their approach of conditioning lan-
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Figure 3.7: Single versusmulti-treebank training. The source language is listed in brack-
ets.

guage embeddings on a wide variety of typological features performs better, e. g. using
the centroid resulted in average LAS of 9.0 over 30 languages versus their language
typology-based approach which had an average LAS of 36.5.

3.2.2 Experiments

In this section, we describe our experiments, which include a replication of the main
findings of Tyers et al. (2018), using AllenNLP (Gardner et al., 2018) for POS tagging
and parsing instead of UDPipe.14

Details

The hyper-parameters of our POS tagging and parsing models are given in Table 3.1,
which are inspired fromother tagging andparsing systems from the 2018CoNLL shared
task (Zeman et al., 2018) as well as a small number of preliminary experiments. For
POS tagging, we adopt a standard architecture with aword and character level Bi-LSTM
(Graves and Schmidhuber, 2005; Plank et al., 2016) to learn context-sensitive representa-

14All of the code and scripts to reproduce the experiments can be found at https://github.com/jbrry/
multilingual-parsing
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POS Tagger Architecture
Parameter Value
Char-BiLSTM layers 2
BiLSTM layers 2
BiLSTM size 400
Dropout LSTMs 0.33
Dropout MLP 0.33
Dropout embeddings 0.33
Nonlinear act. (MLP) ELU

Parser Architecture
Parameter Value
Char-BiLSTM layers 2
BiLSTM layers 3
BiLSTM size 400
Arc MLP size 500
Label MLP size 100
Dropout LSTMs 0.33
Dropout MLP 0.33
Dropout embeddings 0.33
Nonlinear act. (MLP) ELU

Embeddings
Parameter Size
Word embedding (both) 100
Char embedding (both) 64
POS embedding (parser) 50
Treebank embedding (both) 12

Training
Parameter Value
Optimizer Adam
Learning rate 0.001
Adam epsilon 1e-08
beta1 (both) 0.9
beta2 (parser) 0.9
beta2 (tagger) 0.999

Table 3.1: Chosen hyperparameters for our POS tagging and parsing models, both
means the feature is common to both the POS tagger and parser.

tions of our words. These representations are passed to a multilayer perceptron (MLP)
classifier followed by a softmax function to choose a tagwith the highest probability. For
both the POS tagging and parsing models, we use a word embedding dimension of size
100 and a character embedding dimension of size 64. POS tag embeddings of dimension
50 are included in the parser. We train our Faroese models for 50 epochs, the same as for
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the source models, which tended to converge by this number of epochs. We do not split
the synthetic Faroese treebanks into training/development portions though we suspect
doing so will help the models to not overfit on the training data. For all experiments we
report the LAS produced by the official CoNLL 2018 evaluation script.15

Results

The development results of our monolingual and polyglot models on the source lan-
guage treebanks are shown in Table 3.2. The results for the polyglot model are better
for three out of four source languages: Danish, Swedish and Norwegian Bokmål, with
an LAS of 82.75, 83.85, and 90.29 for the polyglot model vs. 81.10, 80.61, and 89.29 for
the monolingual model. For Norwegian Nynorsk, the monolingual model marginally
outperforms the polyglot one (88.54 vs. 88.29).

The statistics of the filtered Faroese treebanks obtained via projectionwith our source
parsing models are given in Table 3.3. The treebank sizes are fairly similar regardless of
whether source annotations are provided by a monolingual or a polyglot model which
is expected because the word alignments are the major factor in determining whether a
projection is successful. There is a proportionally lower number of sentences for multi-
source projection. This is because this method only uses the intersection of sentences
which are present across all synthetic treebanks after filtering. The treebank originat-
ing fromNorwegian Bokmål has the highest number of valid sentences, suggesting that
it could be a good candidate for projection to Faroese. It also has the highest source-
language parsing accuracy (90.29 in Table 3.2) and was the language which had a ma-
chine translation system available fromFaroese inApertium (i. e. was the language used
for pivot translation).

The results of training on our various synthetic Faroese treebanks and predicting
the Faroese test set are shown in the first result column of Table 3.4 (SINGLE). In terms

15https://github.com/ufal/conll2018/blob/master/evaluation_script/conll18_ud_eval.py
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Treebank Monolingual Polyglot
da_ddt 81.10 82.75
sv_talbanken 80.61 83.85
no_nynorsk 88.54 88.29
no_bokmaal 89.29 90.29

average 84.88 86.30

Table 3.2: Sourcemodel LAS scores on the development treebanks using silver POS tags.

Source Monolingual Polyglot
Danish 13,950 13,944
Swedish 10,894 10,874
Norwegian Nynorsk 13,177 13,194
Norwegian Bokmål 17,345 17,378
Multi-source 6,716 6,833

Table 3.3: The number of valid sentences in the Faroese synthetic treebank for each
source language after annotation projection and sentence filtering. The original corpus
size was 28,862 sentences.

of monolingual vs. polyglot, we find that projecting from a polyglot model helps with
four out of the five possible treebanks, with three of them being statistically significant
(Danish, Swedish and Norwegian Bokmål).16 The polyglot model was outperformed
by the monolingual model using Norwegian Nynorsk for projection though the differ-
ence is not statistically significant (69.80 vs. 70.27). On the source side, the monolin-
gual Norwegian Nynorsk model also performed slightly better than the polyglot model
(Table 3.2). This observation supports the intuition that the quality of the projected an-
notations can be improved by contributing better source annotations, i. e. improving the
source model(s) is one way to improve performance of the target model. This is sup-
ported by the fact that the source language with the highest LAS (Norwegian Bokmål)
is also the best choice for projection when using a polyglot model (in this single target
model setting) with an LAS of 70.51.

16Statistical significance is tested with udapi-python https://github.com/udapi/udapi-python. LAS
differences are reported as significant if p < 0.05.
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Source Language Source Target Model
Model Single Multi

Danish Monolingual 61.24 63.40
Polyglot 65.29† 65.53†

Swedish Monolingual 65.93 66.15
Polyglot 68.60† 69.69†

Norwegian Nynorsk Monolingual 70.27 71.51
Polyglot 69.80 71.13

Norwegian Bokmål Monolingual 67.46 67.94
Polyglot 70.51† 70.58†

Multi-source Monolingual 68.00 69.80
Polyglot 68.55 70.07

Average Monolingual 66.58 67.76
Polyglot 68.55 69.40

Table 3.4: LAS on the target Faroese test treebank. Single refers to using a single syn-
thetic Faroese treebank to train a Faroese model, Multi uses both a multi-treebank POS
tagger and a multi-treebank parser with all synthetic Faroese treebanks. The multi-
treebank model is tested with each of the five training treebanks (four projected from
individual source languages and one using multi-source projection) as proxy treebank.
Statistically significant differences between the monolingual and polyglot setting are in-
dicated by † for each result pair, excluding averages.

The multi-source approach was not that effective in our case and some individual
sources were able to surpass this combination approach. One could argue that this
may be due to the lower amount of training data when using the multi-source synthetic
treebank. We test this hypothesis by only including those sentences which contributed
tomulti-source projection in the single-source synthetic treebanks. The results are given
in Table 3.5. Comparing the results in Tables 3.4 and 3.5, we see that LAS scores tend
to be slightly lower than on the version which included all target sentences, e. g. the
average monolingual score drops from 66.58 to 65.43, and the average polyglot score
drops from 68.55 to 67.70. This indicates that we did lose some information by filtering
out a large number of sentences. However, Norwegian Nynorsk still outperforms the
multi-source model for the monolingual setting and both Norwegian models perform
better than the multi-source model in the polyglot setting, suggesting that size alone
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does not explain the under-performance of the multi-source model. It is also worth
noting that polyglot training is superior to all monolingual models which hints that for
no_nynorsk (the previously better performing model), the monolingual model was not
able to achieve its full potential with the reduced data while the polyglot model was
able to provide richer annotations. Another reason why the multi-source model does
not work as well in our experiments as it does in those of Tyers et al. (2018) might be
because we use pre-trained word embeddings, whereas Tyers et al. (2018) do not. In
this way, our monolingual models are stronger to begin with and likely do not benefit
from including less accurate parses in the multi-source voting procedure.

The second result column (MULTI) of Table 3.4 shows the effect of training a multi-
treebank POS tagger and parser on the Faroese treebanks created by each of the four
source languages as well as the treebank which is produced by multi-source projec-
tion. This experiment is orthogonal to the experiment using a polyglot model on the
source side and so we also test a combination of polyglot source-side parsing andmulti-
treebank target-side parsing. We see improvements over the single treebank setting for
all cases.17

Source Language Monolingual Polyglot
Danish 61.13 64.43
Swedish 63.19 67.46
Norwegian Nynorsk 68.72 69.28
Norwegian Bokmål 66.13 68.77
Multi-source 68.00 68.55

Average 65.43 67.70

Table 3.5: LAS scores between target models trained on the subset of sentences eligible
for multi-source projection (with annotations from the stated source).

Table 3.6 places our systems in the context of previous results on the same Faroese
17The multi-treebank tagger closely resembles the dependency parser, where we add a dataset embed-

ding and optimise for average accuracy across the included treebanks. We also tested the effect of training
only the dependency parser using multiple treebanks but found that it always helps to also performmulti-
treebank training for the POS tagger.
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Work Result
Rosa and Mareček (2018) 49.4
Tyers et al. (2018) 64.4
Our implementation 68.0
of Tyers et al. (2018)
Our Best Model 71.5

Table 3.6: Comparison to previous work. LAS on Faroese test set. Note that the first
results uses predicted segmentation and tokenization whereas the rest used gold.

test set. The highest-scoring system in the 2018 CoNLL shared task was that of Rosa
and Mareček (2018) who achieved a LAS score of 49.4 on the Faroese test set. Note
that they use predicted tokenisation and segmentation, whereas our experiments and
those of Tyers et al. use gold tokenisation and segmentation, which provides a small
artificial boost. Tyers et al. (2018) report an LAS of 64.43 with a monolingual multi-
source approach. Our implementation which uses a different parser (AllenNLP versus
UDPipe) and pre-trained word embeddings achieves an LAS of 68. Our highest score
of 71.51 is achieved through the combination of projecting from strong monolingual
source models and then training multi-treebank POS tagging and parsing models on
the outputs.

3.3 Summary

In this chapter, we have presented parsing results on Faroese, a low-resource language,
using annotation projection from multiple monolingual sources versus a single poly-
glot model. We also extended the idea of multi-treebank learning to the target tree-
banks. The results of our experiments show that the use of a polyglot source model
helps for three of the four source languages (Danish, Norwegian Bokmål and Swedish)
when using single treebank target models. The two source languages that have the low-
est LAS when using monolingual parsers, namely Danish and Swedish, see significant
improvements when switching to a polyglot model. Our best-performing single target
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model is trained on Faroese trees projected by the polyglot model using the Norwegian
Bokmål proxy dataset embedding. However, the strongest language with monolingual
modelling, Norwegian Nynorsk, does not benefit from switching to a polyglot model.
Whenwe filtered the target treebanks to the subset of sentences eligible for multi-source
projection, the polyglot model is superior to all five monolingual models, even outper-
forming the Norwegian Nynorsk model.

We also applied themulti-treebank approach to the target-side POS tagger andparser
and see improvements for all settings. The overall best result is with the setting that
uses monolingual models to create the source trees that are projected to Faroese and
combined in a multi-treebank model, and using the dataset embedding of Norwegian
Nynorsk for predicting Faroese trees. This finding is interesting, because when consid-
ering single-treebank target modelling, the polyglot model was better overall. Perhaps
it is this balance between allowing each source model to fully learn the properties of
its own dataset and then fusing this information later on in the multi-treebank target
model which makes this setting perform better. In other words, while some sources
are weaker, the multi-treebank model can still learn from the single-best source in the
monolingual setting, whereas for the polyglot model, while it improves some of the
weaker sources, for Norwegian Nynorsk there is a small amount of interference which
decreases the upper bound of informationwhich can be passed to the target model from
this source. The situationwhere two ormore languages are competingwith one another
and performance deteriorates with respect to a monolingual model is known as “neg-
ative interference” or “negative transfer” (Wang et al., 2019, 2020b), and this is likely
a factor at play for Norwegian Nynorsk. It is then essential for future work to address
negative interference in multilingual models, while still promoting the positive aspects
of sharing across languages. This is a difficult balance and we will try to address this in
Chapter 6.

The aim of this chapter was to answer our first research question RQ1: Can zero-
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shot cross-lingual dependency parsing be improved by leveraging polyglot training on source

languages? The experiments in this chapter provide positive evidence for this question,
where four out of five sources (including the multi-source projection setting) can be
improved by adopting a polyglot model, and the overall best setting when considering
single-treebank target models came from the Faroese trees predicted by the polyglot
model. However, when using the multi-treebank target model, the overall best setting
comes fromusingmonolingual projections. Therefore, we cannot conclude that polyglot
modelling provides better annotations for transfer, but that it should help produce an
overall trend of better results for some of the weaker sources while some languages,
which are already good candidate sources, may suffer from negative interference.

It is worth noting that the approach taken in this work has some drawbacks. Firstly,
the annotation projection setup requires aggressive filtering of certain source sentences
where there is not a one-to-onemapping between the source and target tokens. Further-
more, the reliance on ’hard’ alignments and dependency edge predictions means that
the selected target annotations are more susceptible to noise from the source-side anno-
tations. Another approach to consider would be that of Agić et al. (2016), who build the
target dependency tree for a sentence from a dense set of edge predictions frommultiple
sources, weighted by alignment probabilities. This multi-source annotation projection
setupwas also used to good effect by Plank andAgić (2018) who extended it by ranking
the target sentences by the percentage of words covered by the word alignments over
the considered source languages, and select the top-k instances for training.

Another drawback of the approach taken in this chapter is the choice of MT system
and the alignment model. Firstly, the reliance on pivot MT from Norwegian Bokmål to
the other source languages means that more noise is introduced into the translations
of the other source languages. Recently, there have been advances in developing mul-
tilingual MT systems (Tiedemann and Thottingal, 2020), which would likely serve as
better MTmodels to cater for the languages used in our study. Secondly, there have also
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been advances in using Transformers in neural word alignment systems (e. g. (Jalili Sa-
bet et al., 2020; Dou and Neubig, 2021)). Thus, it would be important for future work to
consider these approaches.

In the next chapter we will also explore low-resource dependency parsing but for
Irish, a moderately low-resource language which has training data. Instead of examin-
ing the role of monolingual andmultilingual (polyglot) source models in an annotation
projection setting, we will look at the role of monolingual and multilingual pretrained
LMs in contributing features for performing dependency parsing on Irish data.
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Chapter 4

gaBERT a Monolingual Irish BERT

Model

The previous chapter involved using a data transfer technique known as annotation pro-
jection to process a low-resource languagewith no training data. In this chapter, we now
focus on the role of model transfer, where information is transferred from a pretrained
LM for some downstream task. For our case, we focus on dependency parsing in Irish,
a moderately low-resource language. In Chapter 2, we mentioned that large language
models (LLMs) are a powerful tool for enriching lexical features for NLP tasks. This
is particularly the case for low-resource languages such as Irish, which has a compar-
atively smaller treebank size than other languages in UD, and incorporating external
knowledge from LLMs is a useful way to make up for the smaller amount of training
data.

While LMs are known for their ability to provide useful features for NLP tasks, it is
not always clear whether one should use a monolingual LM or a multilingual LM. Fur-
thermore, aswe have seen inChapter 3, sometimes training onmonolingual information
is better for dependency parsing. In this chapter, we first introduce some recent popu-
lar LMs and discuss the role of monolingual and multilingual LMs for within-language
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downstream performance. We then report on the development of a monolingual Irish
BERT model, gaBERT, and compare this model to a number of multilingual baselines
for the tasks of dependency parsing, morphological features classification, POS tagging
as well asMultiword Expression (MWE) identification. In doing so, wewill provide an-
swers to RQ2: Does a monolingual language model improve low-resource dependency parsing

in the case of Irish?

4.1 Background

In Chapter 2, we described how contextual embeddings from pre-trained LMS are used
in state-of-the-art dependency parsing architectures. In fact, pretrained neural LMs
have become a crucial component in almost all NLP applications due to their ability
to provide sequences of text with context-sensitive token encodings which are able to
generalise well to many NLP tasks (Peters et al., 2018; Devlin et al., 2019). Among
such models include ELMo (Embeddings from Language Models) (Peters et al., 2018),
which takes unlabelled text as input and obtains contextualised representations using a
language-modelling objective. It has been shown by Peters et al. (2018) that this train-
ing procedure enables the representations to capture syntactic and semantic information
from unlabelled corpora, which can be transferred to downstream tasks.

Another popular language model is BERT (Bidirectional Encoder Representations
from Transformers) (Devlin et al., 2019). BERT differs from ELMo in that the CNN and
bidirectional LSTM of ELMo is replaced with a Transformer, which consists of stacked
self-attention layers (see Section 2.2.3). A concept called masked language modelling
(MLM) is used to update the parameters of the model, which requires the model to
predict randomlymaskedwords using the surrounding words as context. Additionally,
a classification task termed next sentence prediction (NSP) is used to classify whether
two sentences are contiguous or not.

The introduction of Transformer-based LMs such as BERT has led to a remarkable
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increase in performance across many common NLP tasks such such as Natural Lan-
guage Inference (Bowman et al., 2015), Question Answering (Rajpurkar et al., 2016) as
well as dependency parsing (Kondratyuk and Straka, 2019; Kulmizev et al., 2019),1 and
such models have become a mainstay for NLP.

4.1.1 Multilingual Language Models

Coinciding with the release of Transformer-based LMs (which had originally occurred
for English) has been an effort to create multilingual LMs trained on data from many
languages (Devlin et al., 2019; Lample and Conneau, 2019; Conneau et al., 2020). The
motivation behind training such multilingual LMs is due to their ability to promote
cross-lingual transfer among languages. For instance, by training onmultiple languages
together, the model can learn to make generalisations across languages that would not
be possible by training on an individual language. Secondly, training on multiple lan-
guages can be particularly helpful for low-resource languageswhichmaynot have enough
monolingual data to learn useful representations for that language. Prior to multilin-
gual LMs, cross-lingual word emebddings (CLWEs) were the representation of choice
to map tokens from different languages to a shared cross-lingual space. This originally
occurred with static word embeddings (Mikolov et al., 2013; Ammar et al., 2016; Glavaš
et al., 2019; Vulić et al., 2019), but since the introduction of transformer-based repre-
sentations, such CLWEs have been largely replaced by representations obtained from
pretraining LMs on multilingual text (Devlin et al., 2019; Lample and Conneau, 2019;
Conneau et al., 2020), because such models have shown superior performance.

The initial BERT model was released for the English language. Shortly after, a mul-
tilingual version (mBERT), was released which was trained on 104 languages using
Wikipedia data. The training of multilingual LMs such as mBERT involves combining
data from multiple languages, where typically a shared subword vocabulary is created

1https://github.com/sebastianruder/NLP-progress is a well-maintained leaderboard ranking for
many NLP tasks.
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and the model is trained over the combined multilingual data using a language mod-
elling objective. The representations are then fine-tuned on a downstream task using
labelled data for a particular language. As stated by Artetxe et al. (2020), the multi-
lingual pretraining gives the model the ability to generalise to other languages, even if
there is no data for a particular language in the multilingual training data. This is in
spite of the fact that such a pretraining procedure does not involve any cross-lingual
supervision such as parallel data or bilingual dictionaries. For this reason, multilingual
LMs are a good choice ofmodel for processing languageswhichmay not have thatmuch
training data.

While multilingual LMs provide a general purpose resource which can be success-
fully applied to many languages, a property of multilingual LMs is that they are rea-
sonably capable of processing any of the included languages but for high-resource lan-
guageswith ample trainingdata,monolingualmodels can be superior and lower-resource
languages benefit the most from multilingual training. This phenomenon is known as
the “curse of dimensionality” (Conneau et al., 2020), where themultilingual LM cannot
store enough information to cover all of the included languages, andmodel sizemust be
increased to accommodate more languages. This is especially the case for high-resource
languages which have plentiful monolingual training data, such as for Dutch (de Vries
et al., 2019), Finnish (Virtanen et al., 2019), and Farsi (Farahani et al., 2021). However,
other studies suggest that a multilingual model such as mBERT is a good choice for
low-resourced languages (Chau et al., 2020; Rust et al., 2020; Wu and Dredze, 2020).

When using a multilingual LM for a downstream task in a particular language we
need to considerwhether the language is typologically and etymologically close to those
represented in the LM pretraining data, and how much monolingual data in this lan-
guage was included in the pretraining data (Lauscher et al., 2020). Therefore, models
which are trained on typologically distant languages and do not contain monolingual
data for a particular language may not be suitable for enabling cross-lingual transfer to
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the low-resource language. At the same time, there may not be enough monolingual
data to learn a model from scratch. Thus, we are left in a precarious position when per-
forming an NLP task for such languages. In the next section, we train a BERT model
from scratch in Irish and by doing so, try to add more clarity on what is the best ap-
proach for a moderately low-resource language such as Irish.

4.2 gaBERT: an Irish Language Model

As discussed in the previous section, a natural question that arises when approaching a
downstream task for a particular language is whether to use a multilingual LM, which
benefits from the larger amount of data from other languages, or a monolingual model
trained on that language. While previous works have shown that dedicated mono-
lingual LMs perform better than more general multilingual LMs for within-language
downstream tasks (de Vries et al., 2019; Virtanen et al., 2019; Farahani et al., 2021), we
extend this line of research and investigatewhether this is also the case for Irish. Further-
more, we seek to build upon recent progress in data-driven Irish NLP (Lynn et al., 2012,
2015; Walsh et al., 2019; Cassidy et al., 2022), by releasing a monolingual LM gaBERT,
which we envision will be useful for many downstream applications including gram-
mar checking, dependency parsing, computer-aided language learning, predictive text,
search and translation, or be used to bootstrap resources by enabling better initial an-
notations for a given task to be corrected by a human annotator. As a final benefit, we
hope that the release of this model will contribute towards preserving Irish as a living
language in the digital age and be an inspiration for developing resources for similar
languages.

From a linguistic perspective, the Irish language is an inflected language, sharing
linguistic features with other Celtic languages such as verb-subject-object (VSO) word
order, initial mutation (lenition and eclipsis) and inflected prepositions. Inflection is
common through suffixation, marking tense, number and person, while nouns are in-
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flected for number and case. Nouns are either masculine or feminine in grammatical
gender, which in turn influences declension-dependent inflections. Its inflected nature
has already been shown to impact data-driven NLP tools due to data sparsity (Lynn
et al., 2013), as has the frequent use of clefting (fronting), two forms of the verb ‘to be’
and prevalence of variable and discontiguous multiword expressions.

In the following sections, we describe the training data used for gaBERT and detail
our hyperparameter search for our final model, where we consider the type of text fil-
tering to apply, the vocabulary size, tokenisation model and Transformer architecture
to use.

4.2.1 gaBERT Pretraining Data

Previous open-source models which can be used for processing Irish include mBERT
(Devlin et al., 2019) and Wikibert-ga (Pyysalo et al., 2021). Both of these models have
been trained on Irish Wikipedia. We suspect this may be a problem as the Irish portion
of Wikipedia contains around 56,000 articles (which ranks in 93rd place based on the
number of overall articles). This compares to about 6.5 and 2.7 million for English and
German, respectively.2 As such, Irish may be underrepresented in the training data for
large multilingual LMs and we also expect that we can improve upon existing models
by using a larger andmore diverse collection of Irish corpora. With this in mind, we use
the following resources to train gaBERT:

• CoNLL17: The Irish data from the CoNLL’17 raw text collection (Ginter et al.,
2017) released as part of the 2017 CoNLL Shared Task on UD Parsing (Zeman
et al., 2017). This corpus contains a mixture of Wikipedia and CommonCrawl
data.

• IMT: A collection of Irish texts used in Irish machine translation research (Dowl-
ing et al., 2018, 2020), including legal text, general administration anddata crawled

2Based on https://meta.wikimedia.org/wiki/List_of_Wikipedias as of 2022-03-09
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Corpus Num. Sents Num. Tokens Size (MB)
CoNLL17 1.7M 24.7M 138
IMT 1.4M 22.6M 124
NCI 1.6M 33.5M 174
OSCAR 0.8M 16.2M 89
ParaCrawl 3.1M 67.5M 380
Wikipedia 0.7M 6.8M 38
Overall 9.3M 171.3M 943

Table 4.1: Sentence andword counts and plain text file size inmegabytes for each corpus
after tokenisation and segmentation but before applying sentence filtering.

from public body websites.

• NCI: The New Corpus for Ireland (Kilgarriff et al., 2006), which contains a wide
range of texts in Irish, including fiction, news reports, informative texts and official
documents.

• OSCAR: The unshuffled Irish portion of the 2019 OSCAR corpus (Ortiz Suárez
et al., 2019), a subset of CommonCrawl.

• Paracrawl: The Irish side of the ga-en bitext pair of ParaCrawl v7 (Bañón et al.,
2020), which is a collection of parallel corpora crawled from multi-lingual web-
sites.

• Wikipedia: Text from Irish Wikipedia.3

The sentence and word counts in each corpus are listed in Table 4.1 after tokenisation
and segmentation but before filtering described below.

4.3 Corpus Processing

In this section, we apply corpus-specific pre-processing, sentence-segmentation and to-
kenisation, which are detailed in the below paragraphs.

3We use the articles from https://dumps.wikimedia.org/gawiki/20210520/
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CoNLL17 The CoNLL17 corpus is already tokenised, as it is provided in CoNLL-U
format, which we convert to one-sentence-per-line tokenised plain text.

IMT, OSCAR and ParaCrawl The text files from the IMT, OSCAR and ParaCrawl con-
tain raw sentences requiring tokenisation. Wedescribe the tokenisation process for these
corpora in Section 4.3.1.

NCI The NCI corpus was provided to us by Foras na Gaeilge in the form of a .vert file
containing 33,088,532 tokens in 3,485 documents. We extract the raw text from the first
tab-separated column and carry out a number of rule-based conversions. For the types
of heuristics used, we refer the reader to the original work (Barry et al., 2022).

Wikipedia For the Wikipedia articles, the Irish Wikipedia dump is downloaded and
the WikiExtractor tool4 is then used to extract plain text. Article headers are included
in the extracted text files. Once the articles have been converted to plain text, they are
tokenised using the tokeniser described in Section 4.3.1.

4.3.1 Tokenisation and Segmentation

Raw texts from the IMT, OSCAR, ParaCrawl and Wikipedia corpora are tokenised and
segmentedwithUDPipe (Straka and Straková, 2017). UDPipe’s segmenter is a character-
level bidirectional GRU that simultaneously makes end-of-token and end-of-sentence
predictions. We trained UDPipe on a combination of the Irish-IDT and English-EWT
corpora from version 2.7 of the Universal Dependencies (UD) treebanks (Zeman et al.,
2020). We include the English-EWT treebank in the training data to expose the tokeniser
tomore incidences of punctuation symbolswhich are prevalent in our pre-training data.
This also comes with the benefit of supporting the tokenisation of code-mixed data. We
upsample the Irish-IDT treebank by ten times to offset the larger English-EWT treebank

4https://github.com/attardi/wikiextractor
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size. This tokeniser is applied to all corpora apart from the NCI, which is already to-
kenised by Kilgarriff et al. (2006), and the CoNLL17 corpus as this corpus is already to-
kenised in CoNLL-U format. After initial corpus pre-processing, all corpora aremerged
and we use the WikiBERT pipeline (Pyysalo et al., 2020) to create pretraining data.

4.4 Hyperparameter Search for the Final Model

We performed a search over a number of different configurations to obtain our final
model. This includes experimenting with four corpus filtering settings, five vocabulary
sizes, two tokenisation models and two Transformer models. The following sections
detail these approaches.

4.4.1 Corpus Filtering

Previous works involving training language-specific LMs often involve filtering the cor-
pus to ensure high-quality text is used to train the model, and that text in other lan-
guages and scripts is not included in the pretraining data (Virtanen et al., 2019; Pyysalo
et al., 2021). The WikiBERT pipeline contains a number of filters which dictate whether
a document should be kept. As we are working with data sources where there may not
be clear document boundaries, or where there are no line breaks over a large number
of sentences, document-level filtering may be inadequate for such texts. Consequently,
we also experimentwith usingOpusFilter (Aulamo et al., 2020), which filters individual
sentences, thereby giving us the flexibility of filtering noisy sentences while not discard-
ing full documents.

For each filter setting below, we train a BERTmodel on the data which remains after
filtering:

No-filter All collected texts are included in the pre-training data.
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Document-filter The default document-level filtering used in the WikiBERT pipeline
(Pyysalo et al., 2020). These include filters which ensure that the documents meet
the following criteria: Documents must contain at least 3 sentences, a minimum of 20
whitespace ‘tokens‘, a minimum of 30 whitespace ‘words’, the average length of sen-
tences must be greater than 4, there must not be more than 10% uppercase words, the
number of lines without words must not be more than 20%, the number of punctua-
tion tokens must be below 7.5%, the number of digit tokens must be below 7.5%, and
sentences must contain 98% Latin characters.

OpusFilter-basic OpusFilter (Aulamo et al., 2020) with the following filters:

• LengthFilter: Filter sentences containing more than 512 words.
• LongWordFilter: Filter sentences containing words longer than 40 characters.
• HTMLTagFilter: Filter sentences containing HTML tags.
• PunctuationFilter: Filter sentences which are over 60% punctuation.
• DigitsFilter: Filter sentences which are over 60% numeric symbols.

OpusFilter-basic-char-lang The same filters are used as OpusFilter-basic but with
additional character script and language ID filters:

• CharacterScoreFilter: All alphabetic characters in a sentence must be in Latin script.
• LanguageIDFilter: The confidence scores from the language ID tools must be> 0.8.

We use two language identification tools: langid.py (Lui and Baldwin, 2012) and
CLD2.5

The overall number of sentences and words which remain after applying each fil-
ter are shown in Table 4.2. The Document-filter removes about 1.2 million sentences,
while OpusFilter-basic only removes about 200,000 sentences. OpusFilter-basic-char-lang

5https://github.com/CLD2Owners/cld2
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Figure 4.1: Number of sentences in each corpus per filtering configuration where None:
No-filter, Doc: Document-filter, OF-B: OpusFilter-basic, OF-BCL: OpusFilter-basic-char-
lang.

Filter Sentences Tokens
No-filter 9.2M 171.3M
Document-filter 7.9M 161.0M
OpusFilter-basic 9.0M 170.8M
OpusFilter-basic-char-lang 7.7M 161.2M

Table 4.2: The number of sentences and words which remain after applying the specific
filter.

removes the most number of sentences. Figure 4.1 shows the breakdown of the num-
ber of sentences in each corpus for the specific filtering configuration. Document-filter

keeps the full ParaCrawl data. This is due to the fact that there are no line breaks in
this corpus and the higher proportion of clean data prevents the full document from
being filtered. Many Wikipedia articles (where each article is considered as a separate
document) are removed by this filter. OpusFilter-basic keeps a proportionally higher
amount of Wikipedia sentences than the Document-filter setting. OpusFilter-basic-char-

lang, which has additional language and character-script filters, removes a sizeable por-
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tion of ParaCrawl sentences compared to the other filters.

4.4.2 Vocabulary Creation

To create amodel vocabulary, we experimentwith the SentencePiece (Kudo andRichard-
son, 2018) implementation of byte-pair encoding (Gage, 1994) and WordPiece tokenis-
ers.6 Using the model with highest median LAS from the filtering experiments, we try
vocabulary sizes of 15K, 20K, 30K, 40K and 50K. We then train a WordPiece tokeniser,
keeping the vocabulary size that works best for the SentencePiece tokeniser. We also
train a BERT model using the union of the two vocabularies.

4.4.3 BERT Training

We use the original BERT implementation of Devlin et al. (2019). For the development
experiments, we train our BERT model for 500K steps with a sequence length of 128.
We use whole word masking and the default hyperparameters and model architecture
of BERTBASE.7 Training for development runs of gaBERT took just under 48 hours on
GPU.While a seed for data preparation can be set (we do not change the default 12345),
the BERT implementation does not provide an option to set a seed for model initiali-
sation and we did not find code that sets a seed for pretraining internally, suggesting
initialisation is non-deterministic.

For the final gaBERT model, we use the best-performing filtering and vocabulary
settings which we will describe in Section 4.4.5. We train this model for 900k steps with
sequence length 128 and a further 100k steps with sequence length 512. We train on a
TPU-v2-8 with 128GB of memory on Google Compute Engine8 and use a batch size of
128. Training gaBERT on TPU for 1M steps took around 37.5 hours.

6As BERT expects WordPiece tokenisation, a heuristic tool is used to map the SentencePiece vocabulary
to WordPiece (https://github.com/spyysalo/sent2wordpiece).

7We use a lower batch size of 32 in order to train on NVIDIA RTX 6000 GPUs with 24 GB RAM.
8TPU access was kindly provided to us through the Google Research TPU Research Cloud.

86

https://github.com/spyysalo/sent2wordpiece


4.4.4 Evaluation Measures

In this section we describe the various measures used to evaluate our gaBERT model.
This includes carrying out an extrinsic evaluation on dependency parsing and MWE
identification, as well as an intrinsic evaluation on the MLM outputs of the considered
models.

Dependency Parsing The evaluation measure we use to make development decisions
is dependency parsing LAS. To obtain this measure, we fine-tune a given BERT model
in the task of dependency parsing andmeasure LAS on the development set of the Irish-
IDT treebank in version 2.8 of UD. We report the median of five fine-tuning runs with
different random initialisation. For the dependency parser, we use a multitask model
which uses a graph-based parser with biaffine attention (Dozat and Manning, 2017)
(Section 2.1.2, p. 39) as well as additional classifiers for predicting POS tags and mor-
phological features. Model hyperparameters are given in Table 4.3. For the tagging
tasks, the output of the Transformer is first projected through a task-specific Feedfor-
ward network and then passed to a classification layer. For dependency parsing, the pro-
jected representations from the tagging modules are concatenated to the output of the
Transformer before being passed to the parsingmodule. Weuse theAllenNLP (Gardner
et al., 2018) library to develop our multitask model.

Cloze Test To compile a cloze task test set, 100 strings of Irish text (4–77 words each)
containing the pronouns ‘é’ (‘him/it’), ‘í’ (‘her/it’) or ‘iad’ (‘them’) are selected from
Irish corpora and online publications. One of these pronouns is masked in each string
for the cloze test.9

Following Rönnqvist et al. (2019), the models are evaluated on their ability to gener-
ate the original masked token, and a manual evaluation of the models is also performed

9All themasked tokens exist in the vocabularies of the candidate BERTmodels and are therefore possible
predictions.
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Multitask Parser Details

Encoder
Word-piece embedding size 768
Word-piece type average
Dropout 0.33

Tagger (UPOS/XPOS/Feats)
MLP size 200
Dropout MLP 0.33
Nonlinear act. (MLP) ELU

Parser
Arc MLP size 500
Label MLP size 100
Dropout MLP 0.33
Nonlinear act. (MLP) ELU

Optimiser and Training Details
Optimizer AdamW
Learning rate 3e-4
beta1 0.9
beta2 0.999
Num. epochs 50
Patience 10
Batch size 16

Table 4.3: Chosen hyperparameters for the multitask parser and tagger.

wherein predictions are classified into the following exclusive categories:

• Match: The predicted token fits the context grammatically and semantically. This
may occurwhen themodel predicts the original token or another tokenwhich also
fits the context.

• Mismatch The predicted token is a valid Irish word but is unsuitable given the
context.

• Copy The predicted token is an implausible repetition of another token in the con-
text.

• Gibberish The predicted token is not a valid Irish word. This might occur in the
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form of a subword or sequence of punctuation not forming a meaningful word.

MWE Identification task Multiword expressions (MWEs) pose a challenge in many
tasks in NLP, including parsing. The task of automatically identifying MWEs has been
explored in the series of shared tasks organised by the PARSEME network (Savary et al.,
2017), focusing on verbal MWEs, i.e. MWEs headed by a verb, as they pose a particular
challenge in terms of automatic identification.

We design an experiment to compare the results of fine-tuning both a gaBERTmodel
and an off-the-shelf mBERT model for the task of identifying MWEs in Irish text. We
used the Irish portion of the PARSEME 1.2 shared task data (Walsh et al., 2020), which
has been manually annotated with six types of verbal MWEs. The annotations were
converted to a modified version of BIO tagging, based on the work of Schneider et al.
(2014), and a linear layer for token classification was added for the task of identifying
the correct label for each word.

4.4.5 Results

Development Results

This section reports the results of our parameter search for corpus filtering and BERT
vocabulary.

Filter Settings The results of training a dependency parser with the gaBERT model
produced by each setting are shown in Fig. 4.2. Document-Filter has the highest LAS
score. As the BERT model requires contiguous text for its next-sentence-prediction
task, filtering out full documentsmay bemore appropriate than filtering individual sen-
tences. The twoOpusFilter configurations performmarginallyworse than theDocument-

Filter. In the case of OpusFilter-basic-char-lang, the additional character script and lan-
guage ID filters did not lead to a noticeable change in LAS. Finally, No-Filter performs
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Figure 4.2: Dependency parsing LAS for each filter type. Each box-plot shows five LAS
scores obtained by fine-tuning the respective BERT model five times with different ini-
tialisation to obtain five different parsers.

in the same range as the two OpusFilter configurations but has the lowest median score,
suggesting that some level of filtering is beneficial. For all further experiments, we use
the version of the training data filtered by Document-Filter.

Vocabulary Settings The results of the five runs testing different vocabulary sizes are
shown in Fig. 4.3. A vocabulary size of 30K performs best for the SentencePiece to-
keniser, which outperforms the WordPiece tokeniser with the same vocabulary size.
The union of the two vocabularies results in 32,314 entries, and does not perform as
well as the two vocabularies on their own. Amanual inspection of the two vocabularies
showed that the WordPiece tokeniser created more entries consisting of foreign charac-
ters and emojis at the expense of Irish words/word-pieces, which may account for the
lower performance of settings using this tokeniser.

To create the final gaBERT model, we use the corpus filtered with Document Filter
and the vocabulary produced by the SentencePiece tokeniser with a vocabulary size of
30k. The training process for the released model is described in Section 4.4.3.
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Figure 4.3: Dependency parsing LAS for each vocabulary type. Each box-plot shows five
LAS scores obtained by fine-tuning the respective BERT model five times with different
initialisation to obtain five different parsers.

4.4.6 Model Comparison

We compare our final gaBERT model with off-the-shelf mBERT and the monolingual
Irish WikiBERT-ga model, as well as an mBERT model obtained with continued pre-
training on our corpora (mBERT-cp).

Dependency Parsing Table 4.4 shows the results for dependency parsing. The first
row (NoBERT) is a baselinewhich does not use a pretrained BERTmodel but uses a BiL-
STM encoder operating over token and character-level features instead. Using mBERT
off-the-shelf results in a test set LAS of 80.3, an absolute improvement of 8.9 points over
the baseline. TheWikiBERT-ga model performs slightly better than mBERT. By training
mBERT for more steps on our corpora,10 LAS can be improved by 2 points. Our gaBERT
model has the highest LAS of 84.

The last two rows compare gaBERT on v2.5 of the treebank with the system of Chau
et al. (2020), who augment the mBERT vocabulary with the 99 most frequent Irish to-
kens and fine-tune on IrishWikipedia. The results are lower for both settings due to the

10We trained for an additional 600k steps with a sequence length of 128.
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LAS
Model UD Dev Test
No BERT 2.8 73.4 71.4
mBERT 2.8 81.8 80.3
WikiBERT 2.8 81.9 80.4
mBERT-cp 2.8 84.3 82.3
gaBERT 2.8 85.6 84.0

Chau et al. (2020) 2.5 - 76.2
gaBERT 2.5 - 77.5

Table 4.4: LAS in dependency parsing (UD v2.8) for selected models. Median of
five fine-tuning runs. Scores are calculated using the official UD evaluation script
(conll18_ud_eval.py).

Model Original Token Prediction
mBERT 16
WikiBERT 53
mBERT-cp 78
gaBERT 75

Table 4.5: The number of times the originalmasked tokenwas predicted (100 test items).

fewer number of trees in v2.5 of the treebank11 and a manual effort to clean up some
inconsistent annotations (McGuinness et al., 2020). Our model outperforms this ap-
proach (77.5 vs 76.2 LAS), likely due to our inclusion of a wider variety of corpora as
well as our dedicated Irish vocabulary.

Cloze Test Table 4.5 shows the accuracy of each model with regard to predicting the
original masked token. mBERT-cp is the most accurate and gaBERT is close behind.
Table 4.6 shows the manual evaluation of the tokens generated by each model, account-
ing for plausible answers deviating from the original token and separately reporting
copying of content and production of gibberish. These results echo those of the original

11v2.5 has only 858 trees compared to the 4,005 in v2.8.
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Model Match Mism. Copy Gib
mBERT 41 42 4 13
WikiBERT 62 31 1 6
mBERT-cp 85 12 1 2
gaBERT 83 14 2 1

Table 4.6: The number of matches, mismatches, copies and gibberish predicted by each
model (100 test items).

Context Cue Masked
Word

Model Prediction Classification

Céard [MASK] na préamhacha raidiciúla
sin?
‘What [MASK] those radical roots?’

iad
‘them’

mBERT-
cp

faoi
‘about’

match

Agus seo [MASK] an fhadhbmhór leis an bh-
fógra seo.
‘And this [MASK] the big problem with
this advert.’

í
‘it’ (fem.)

WikiBERT thaitin
‘liked’

mismatch

Cheannaigh Seán leabhar agus léigh sé
[MASK].
‘Seán bought a book and he read
[MASK].’

é
‘it’
(masc.)

gaBERT leabhar
‘a book’

copy

Ní h[MASK] sin aidhm an chláir.
‘[MASK] is not the aim of the pro-
gramme.’

##é
‘it’(masc.)

mBERT -
minus
sign

gibberish

Table 4.7: Examples of cloze test predictions and classifications.

masked token prediction evaluation in so far as they rank the models in the same order.
Table 4.7 provides one example per classification category of masked token predic-

tions generated by the language models during our cloze test evaluation. In the match

example in Table 4.7, the original meaning (‘What are those radical roots?’) differs to
the meaning of the resulting string (‘What about those radical roots?’) in which the
masked token is replaced by the prediction of mBERT-cp. However, the latter construc-
tion is grammatically and semantically acceptable. In themismatch example in Table 4.7,
the predicted token is a valid Irish word, but the resulting generated text is nonsensical.
Though technically grammatical, the predicted token in the copy example in Table 4.7
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Model Short Medium Long
mBERT 20.69% 55.56% 41.67%
wikibert 51.72% 58.33% 74.29%
mBERT-cp 75.86% 83.33% 94.29%
gaBERT 79.31% 83.33% 85.71%
gaELECTRA 79.31% 77.78% 88.57%

Table 4.8: Accuracy of languagemodels segmented by length of context cuewhere short:
4–10 tokens, medium: 11–20 tokens, and long: 21–77 tokens.

results in a stringwith an unnatural repetition of a noun phrasewhere a pronounwould
be highly preferable (‘Seán bought a book and he read a book.’). In the gibberish exam-
ple in Table 4.7, the predicted token does not form a valid Irish word and the resulting
sentence is ungrammatical.

In order to observe the effect that the amount of context provided has on the accuracy
of the model, Table 4.8 shows the proportion of matches achieved by each language
model when the results are segmented by the length of the context cues. All the models
tested are least accurate when tested on the group of short context cues. All except
mBERT achieved the highest accuracy on the group of long sentences. This is likely due
to the fact that mBERT is exposed to the least amount of Irish data, and has not been
further pretrained on Irish data.

A context cue may be considered easy or difficult based on:

• Whether the tokens occur frequently in the training data

• The number of grammatical markers

• The distance of the grammatical markers from the masked token

Two Irish language context cues which vary in terms of difficulty are exemplified in
(Examples 4.1 and 4.2).

(4.1) Bean, agus í cromtha thar thralaí bia agus [MASK] ag ithe a sáithe.
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‘A woman, bent over a food trolley while eating her fill.’

We can consider Example 4.1 to be easy for the task of token prediction due to the fol-
lowing grammatical markers:

• ‘Bean’ is a frequent feminine singular noun.

• ‘í’ is a repetition of the feminine singular pronoun to be predicted.

• The lack of lenition on ‘sáithe’ further indicates that the noun it refers to may not
be masculine.

These grammatical markers indicate that the missing pronoun will be feminine and sin-
gular. None of the language models tested predicted a plausible token for Example 4.2.

(4.2) Seo béile aoibhinn fuirist nach dtógann ach timpeall leathuair a chloig chun [MASK]

a ullmhú.

‘This is an easy, delicious meal that only takes about half an hour to prepare.’

This example may be more challenging as the only grammatical marker is the feminine
singular noun ‘béile’ which is 11 tokens in distance from the masked token.

MWE Identification MWE identification is a difficult task, and according to the sys-
tem results of the most recent edition of the PARSEME shared task,12 it appears to be
particularly challenging for Irish, with the majority of systems performing most poorly
on the Irish dataset. This may be due to the smaller size of the data, coupled with the
relatively high number of MWE labels to classify (Walsh et al., 2020). We attempt a se-
ries of fine-tuning experiments varying the learning rate, batch size and initial random
seed, and found model performance is sensitive to changes in hyperparameters. Figure

12Full results: http://multiword.sourceforge.net/sharedtaskresults2020/
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Model P R F1
mBERT 0.342 0.245 0.285
gaBERT 0.523 0.361 0.427

Table 4.9: Verbal MWE Identification: (P)recision, (R)ecall and F1 scores of the best
performing gaBERT and mBERT model

4.4 shows the results of training twenty models with different random seed values. It is
evident that gaBERT outperforms mBERT in precision, recall and F1 scores on the test
set.

Figure 4.4: Verbal MWE Identification: Precision, Recall and F1 scores for each model
across 20 random seed values

Table 4.9 records the Precision (P), Recall (R), and F1 scores for the best-performing
gaBERTandmBERTmodel foundduring themanual tuning of hyperparameters. gaBERT
performs better using these optimised parameters, particularly for precision scores, in-
dicating that the gaBERT model tends to be more correct when classifying MWEs than
the mBERT model.

In comparison to other systems submitted to the PARSEME shared task on the Irish
data, both models perform well. The best-performing model for MWE identification
had an F1 score of 0.306, which the gaBERT model exceeds by 0.121. On a multilingual
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level, the averaged F1 score for overall MWE identification of the highest-ranking sys-
tem was 0.701, and even with the improved F1 score of the best-performing gaBERT
model, results for Irish are still below the best system for Hebrew (0.483), which was
the language where systems had the second-lowest performance.

4.4.7 ELECTRAModel

In addition to the gaBERT model, we also experiment with using an ELECTRA model
(Clark et al., 2020) gaELECTRA, trained on the same data as gaBERT. ELECTRA re-
places theMLMpre-training objective of BERTwith a binary classification task discrim-
inating between authentic tokens and alternative tokens generated by a smaller model
for higher training efficiency. We use the default settings of the “Base” configuration of
the official implementation13 and train on a TPU-v3-8. As with BERT, we train for 1M
steps and evaluate every 100k steps. However, we train on more data per step as the
batch size is increased from 128 to 256 and a sequence length of 512 is used throughout.

Figure 4.5: Dependency parsing LAS for each model type. Every 100k steps, we show
themedian of five LAS scores obtained from fine-tuning the respective model five times
with different initialisation.

Figure 4.5 shows the development LAS of gaELECTRA and gaBERT for each check-
13https://github.com/google-research/electra
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point. The best gaBERT checkpoint is reached at step 1 million, which may indicate that
there are still gains to be made from training for more steps. The highest median LAS
for gaELECTRA is reached at step 400k, and we use this checkpoint for all further ex-
periments. It is worth noting that although the two models are compared at the same
number of steps, the different pretraining hyperparameters mean they are not trained
on the same number of tokens per step.

4.4.8 Full Model Results

This section examines the results produced by each of ourmodels inmore detail and also
presents the scores of two additional models we examine: The first is another multilin-
gual baseline in XLM-RBASE (Conneau et al., 2020) and the second is the gaELECTRA
model of the previous section. Tables 4.10 and 4.11 list the accuracies for predicting
universal part of speech (UPOS), treebank-specific part of speech (XPOS) andmorpho-
logical features, as well as the unlabelled and labelled attachment score (UAS and LAS,
respectively) for all models. It should be noted that each row selects the model based
on median LAS, so all other metrics are those that this selected model achieved.

In Table 4.11, starting with the multilingual models, mBERT performs worse than
XLM-RBASE (80.3 vs. 82.5 LAS), which is a strong multilingual baseline. We expect
that the more diverse crawled data found in the XLM-R pretraining data makes it more
competitive thanmBERT. The XLM-Rmodel is also able to outperform themonolingual
WikiBERT model which has an LAS of 80.4. The continued pretraining of mBERT on
our data enables us to close the gap between the XLM-RBASE model (82.3 vs. 82.5 LAS).
gaBERT is the strongest model for all metrics in terms of test set scores and has an LAS
of 84.0. gaELECTRA performs slightly below that of gaBERT at 83.1 LAS but better
than the other models. As with gaBERT, this is likely due to the use of a dedicated
Irish vocabulary which is absent in the multilingual models, and being exposed to more
diverse data than Irish Wikipedia in the case of WikiBERT.
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Model UD UPOS XPOS FEATS UAS LAS

mbert-os 2.8 95.7 94.7 89.2 86.9 81.8
xlmr-base-os 2.8 96.4 95.1 90.6 88.3 84.0
wikibert-os 2.8 95.9 94.9 89.4 86.8 81.9
mbert-cp 2.8 97.2 95.8 92.3 88.1 84.3
gabert 2.8 97.1 96.2 93.1 89.2 85.6
gaelectra 2.8 97.3 96.1 92.8 89.1 85.3

Table 4.10: Full model results on development data. For model name abbreviations, see
Table 4.11.

Model UD UPOS XPOS FEATS UAS LAS

mbert-os 2.8 95.4 94.3 88.6 86.2 80.3
xlmr-base-os 2.8 96.1 95.1 90.0 87.7 82.5
wikibert-os 2.8 95.7 94.4 88.3 85.9 80.4
mbert-cp 2.8 96.7 95.5 91.7 87.1 82.3
gabert 2.8 97.0 95.7 91.8 88.4 84.0
gaelectra 2.8 96.9 95.5 91.5 87.6 83.1

Table 4.11: Full model results on test data (os = fine-tuned off-the-shelf model, cp =
continued pre-training before fine-tuning).

4.5 Summary

We release gaBERT, a BERTmodel trained on over 7.9M Irish sentences, combining Irish
language text from a variety of sources, and evaluate it in dependency parsing, a pro-
noun cloze test task, and a MWE identification task, showing improvements over three
baselines: mBERT, WikiBERT-ga and XML-RBASE. We also experimented with an al-
ternative architecture, ELECTRA, but found this architecture to perform slightly worse
than BERT. We showed that multilingual LMs can be further improved by performing
continued pretraining on monolingual data. Despite doing so, the dedicated Irish vo-
cabulary in the gaBERT and gaELECTRA models was likely a determining factor in
these models outperforming this approach.

The purpose of this chapter was to answer RQ2: Does a monolingual language model

improve low-resource dependency parsing in the case of Irish? We can conclude by answer-
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ing this research question positively: that a monolingual LM trained from scratch in
Irish does provide better representations for dependency parsing. Further, we showed
that this is in spite of the fact that the data used to train gaBERT was far less than that
seen in the training data of the multilingual LMs and other monolingual languagemod-
els. In total, the gaBERT training data is just over 161 million tokens (less than a gi-
gabyte). In comparison, the English BERT model (Devlin et al., 2019) uses 3.3 billion
tokens, the Nordic BERT Danish model14 uses 1.6 billion tokens, Finnish BERT (Virta-
nen et al., 2019) uses 3.3 billion tokens, and the French CamemBERT Model (Martin
et al., 2020) uses 138 GB of text data, which is over 138 times the amount used to train
gaBERT. This shows that collecting a comparably smaller amount of monolingual data
and training amodel from scratch is worthwhile. In concurrent work, Armengol-Estapé
et al. (2021) showed that for anothermoderately low-resource language in Catalan, their
monolingual RoBERTa model also outperformed the baselines of mBERT, WikiBERT-ca
(Pyysalo et al., 2021) and XLM-R (Conneau et al., 2020)—the same baselines used in
our experiments—across a number of downstream tasks.

In the next chapter, we will turn our attention to the task of parsing EUD graphs,
which are an extension of basic UD trees designed to be more useful for shallow natu-
ral language understanding tasks due to their better-handling of certain relationships
between pairs of content words.

14https://github.com/certainlyio/nordic_bert
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Chapter 5

Parsing Enhanced Universal

Dependency Graphs

In the previous chapters, the experiments focused on parsing basic UD trees, whereas
in this chapter, we will approach the problem of parsing Enhanced Universal Depen-
dencies (EUD) graphs. EUD is a recent framework which extends on the basic UD tree
representation to permit more flexible graph structures in the UD format when com-
pared with strict surface structure dependency trees. Due to their ability to better rep-
resent relationships between certain content words, EUD graphs tend to be more useful
in shallow natural language understanding tasks (Schuster and Manning, 2016).

In particular, this chapter describes the contribution of theDCU-EPFL system (Barry
et al., 2021) to the IWPT 2021 shared task on parsing into Enhanced Universal Depen-
dencies (Bouma et al., 2021), which requires participants to parse EUD graphs in 17 lan-
guages, starting from raw strings. This differs from the previous CoNLL shared tasks
on UD parsing (Zeman et al., 2017, 2018) which focused on predicting syntactic trees.
Our main contribution to the task is the introduction of a novel multitask model which
jointly predicts basic UD trees and EUD graphs. Due to time constraints, we only sub-
mitted our baseline single task graph parser before the official deadline. This system
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placed 6th out of 9 participants with a macro-average ELAS1 score of 83.57 (the win-
ning system of Shi and Lee (2021) is 89.24 by comparison). We then carry out a number
of follow-up experiments which help in answering RQ3: How can we leverage existing

techniques to parse Enhanced Universal Dependencies? Here, we consider the roles of using
better upstream preprocessing, a larger pretrained encoding model, monolingual and
cross-lingual treebank concatenation, and the use of multitask learning between a tree
and a graph parser. We empirically show how our original system can be improved
upon by leveraging these approaches, and when incorporating all improvements, our
ELAS increases from 83.57 to 88.04, which would have been the second-highest score
among all participants. This system also achieves the highest scores for Russian and
Italian.

5.1 Background

Despite the recentwave ofDeepLearningmodels and accompanying analyses that show
that such models learn information about syntax inherently, certain works have shown
that adding further syntactic biases, to pretrained LMs for example, can improve down-
stream performance (Kuncoro et al., 2020; Mohammadshahi and Henderson, 2020).
Such findings speak to the need of utilising hierarchically structured representations
such as trees and semantic representations to provide greater supervision about what is
taking place in a sentence (Oepen et al., 2019). While dependency trees have typically
been used in downstream applications, their structural restrictions may hinder the rep-
resentation of content words (Schuster and Manning, 2016). As such, there is growing
interest in using more general graphs to provide a sentence-level analysis of text, where
these graphs are more capable of representing semantic structure than syntactic trees
(Oepen et al., 2019).

The Enhanced UD representation aims to fill this gap by enabling more expressive
1ELAS score corresponds to correctly predicting the labelled enhanced annotations.
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graphs in the UD format. EUD graphs capture phenomena such as:

• added subject relations in control and raising constructions (Figure 5.1)

• shared heads and dependents in coordination (Figure 5.2)

• the insertion of null nodes for elided predicates (Figure 5.3)

• co-reference in relative clause constructions (Figure 5.4)

• augmenting modifier relations with prepositional or case-marking information
(Figure 5.5)

Investors expect them to sell

nsubj obj

xcomp

mark

nsubj:xsubj

Figure 5.1: Added subject relations in control and raising: there is an added subject depen-
dency between an embedded verb sell and its raised subject Investors. The extension
“:xsubj” (marked in blue) is added in these cases.

The store buys and sells cameras .

det nsubj

conj

obj

punct

cc

nsubj

obj

Figure 5.2: Shared heads and dependents in coordination: in a conjoined phrase (e. g. buys
and sells), each predicate shares the subject (the store) and the object (cameras). The
additional edges are marked in blue.
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Tom likes running and Sue E cycling .

nsubj obj

conj

punct

cc

orphan

conj

cc
nsubj obj

Figure 5.3: Insertion of null nodes for elided predicates: E denotes an elided token which is
added to the enhanced graph. The additional edges in the EUD graph are marked in
blue and removed tree edges are marked with a red dotted arc.

In basic UD trees, these phenomena are expressed implicitly, which can result in
there being long paths between related content words, making the resulting analysis
less clear (Dehouck et al., 2020). EUD graphs, on the other hand, enable a more flexible
analysis which can handle these phenomena explicitly. This is exemplified in some of
the figures above, e. g. where both subjects and objects are linked to each predicate in a
conjoined phrase (Figure 5.2) or when the antecedent of a relative pronoun is linked to
the main predicate of the relative clause (Figure 5.4).

EUD graphs were first created by Schuster and Manning (2016) who build on the
Stanford Dependencies (SD) initiative (de Marneffe et al., 2006) and extend certain
flavours of the SD dependency graph representations to UD in the form of enhancedUD
relations for English. They use a rule-based system that converts basic English UD trees
to enhanced UD graphs based on certain dependency structures identified to require
enhancement. Nivre et al. (2018b) compare rule-based and data-driven approaches in
a cross-lingual setting for bootstrapping EUD representations in Swedish and Italian
and show that both techniques are capable of annotating enhanced dependencies in dif-
ferent languages. Bouma et al. (2020) introduced the first shared task on parsing EUD
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The house that I built

det

acl:relcl

obj
nsubj

ref

obj

Figure 5.4: Co-reference in relative clause constructions: a special ref relation is added to the
relative pronoun from its antecedent, and the antecedent is attached as an argument to
the main predicate of the relative clause. The additional edges in the EUD graph are
marked in blue and removed edges are marked with a red dotted arc. Note that the
EUD graph contains a cycle between house and built.

Tale of joy and sorrow

nmod:of
conj:and

case

nmod:of

cc

Figure 5.5: Augmenting modifier relations with prepositional or case-marking: each con-
junct in this example conjoined noun phrase is attached to the governor of the modifier
phrase, e. g. there is an additional nmod relation marked in blue between the noun Tale
and the second conjunct sorrow. Note that the lemma of the case and cc dependents are
appended to the enhanced dependency labels of their heads.

graphs which brought renewed attention to this research area. This was followed by the
2021 version of the task (Bouma et al., 2021). We review some of the recent approaches
used in both shared tasks. We use the categories defined by Shi (2021) to differentiate
between the various approaches:

Tree-based Tree-based systems consist of using rule-based approaches to convert UD
trees into EUD graphs. These systems rely on the fact that certain information from
syntactic trees can be automatically converted to the enhanced format by following a set
of rules. Among these approaches include Dehouck et al. (2020) and Ek and Bernardy
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(2020). Dehouck et al. (2020) introduce an algorithm that iteratively produces the en-
hanced representation for a given sentence. Their rule-based system performs well on
gold data, achieving an average ELAS of 98.20 on gold development treebanks. This
means that the performance of a rule-based system generally depends on the quality of
the basic UD annotation, provided the rules cover most of the enhancements. Analysis
of their rule-based system showed that there exist some annotation inconsistencies in
certain EUD treebanks, hampering their system to an extent.

A similar finding was also made by Guillaume and Perrier (2021), who convert UD
annotations into EUD annotations using a Graph Rewriting System with a set of six
rules which also have language-specific modifications. Guillaume and Perrier (2021)
state that the gold data contains annotations that are not described in the guidelines
and consequently, learning-based approaches may have an advantage over rule-based
approaches as they can adapt to the trends seen in the data. Nevertheless, rule-based
approaches can be used to point out where erroneous annotation may need to be re-
visited and can be used to annotate new treebanks in situations where learning based
approaches might not work well, e. g. in low-resource scenarios. The winning system in
official scores for the 2020 version of the task (Kanerva et al., 2020) developed a method
for encoding the enhanced representation into the basic annotation so it can be predicted
using a standard dependency tree parser. Specifically, they identify four patterns which
can be concatenated to the un-modified basic relation: whether the enhanced depen-
dency goes from or to the head in the basic tree, or from or to the head of the head in the
basic tree. They found that these four patterns can be encoded and decoded on using
gold data in an almost lossless fashion (with scores ranging from 97.9 - 99% over the
included languages).

Graph-based Graph-based systems predict the output graph directly, typically using
a semantic dependency parser. The main difference between a standard dependency
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parser and a semantic dependency parser is the use of sigmoid activations on the output
of the edge prediction module (Dozat and Manning, 2018). Here, the edge scores are
passed through a sigmoid function which assigns probability scores to all other words
in the sentence being a head of the current word, and all tokens with a probability above
a predefined threshold are included as edges. This is in contrast to dependency parsing,
which typically uses a softmax activation on the scores. The choice of sigmoid activa-
tions over softmax activations is because in graph parsing, words are not restricted to
having just one head.

A benefit of graph-based systems is that they can parse arbitrary graphs, e. g. graphs
where words may have numerous heads and contain cycles. However, as outlined by
Shi (2021), usually graph-based systems require a post-processing step to make sure
the produced graphs are connected and reachable from the root token. Among these
approaches include Barry et al. (2020); Grünewald and Friedrich (2020); Wang et al.
(2020a). The system of Wang et al. (2020a) uses second order features which model
coparent, sibling and grandparent relations and use Mean-Field Variational Inference
during decoding. This system had the highest scores in the 2020 version of the task
after fixing a validation issue concerning unconnected graphs.

Transition-based The only transition-based systemamong the participating teams across
both tasks was that of Hershcovich et al. (2020), who adapt a transition-based system
for parsing semantic graphs to parse EUD graphs. The transition-based system they
use is the the stack-LSTM arhcitecture of Dyer et al. (2015) and they introduce an extra
transition to predict elided tokens (e. g. inserting the elided token into the sentence as
in Figure 5.3).

Tree-Graph Integrated Tree-Graph Integrated systems incorporate a tree-parsing com-
ponent and a graph-parsing component. Here, a standard dependency parser can be
used to first produce the tree using standard global inference methods. Then, a second
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more general graph parsing component can be used to add additional edges. Among
these systems include He and Choi (2020) and Shi and Lee (2021). An advantage of
Tree-Graph Integrated systems is that by first producing the dependency tree, the out-
put graph is guaranteed to be connected, which is a requirement of EUD graphs. This
is because global inference methods such as the CLE algorithm guarantee a connected
tree.

The multitask tree and EUD parser which is introduced in Barry et al. (2021) and
described in this chapter is similar to these types of approaches in that it incorporates a
dependency tree and graph parser. However, in the aforementioned works, these com-
ponents are learned separately, and their predictions are later merged. Another differ-
ence between our model and these systems is that, despite our multitask parser predict-
ing the basic tree and the enhanced graph simultaneously, the output of the multitask
parser is that predicted by the EUD graph parser, which is trained on EUD annotations.
In this way, the basic tree parser is used as an auxiliary task to supplement the graph
parsing task, but its predictions are not taken into consideration when outputting the
final EUD graph.

5.2 The DCU-EPFL Enhanced Dependency Parser at the IWPT

2021 Shared Task

Wenowdescribe theDCU-EPFL submission to the 2021 shared task (Bouma et al., 2021).
The DCU-EPFL system relies on a single multilingual Transformer encoder, namely
XLM-RoBERTa (XLM-R) (Conneau et al., 2020), which is amultilingual RoBERTamodel
(Liu et al., 2019b), to obtain contextualised token representations. In the context of de-
pendency parsing, Grünewald et al. (2021) have shown that this model achieves state-
of-the-art performance, where the large variant of this model often outperforms mono-
lingual pretrained language models which usually are only released in base sizes. Also,
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as we have seen from the experiments in Chapter 4, XLM-R was a stronger model than
mBERT. The contextual representations fromXLM-R are passed to the enhanced depen-
dency parsing model which can produce arbitrary graphs, including graph structures
where words may have multiple heads as well as cyclic graphs. The system is language-
generic and is straightforward to apply to new languages with EUD annotations.

As participants are required to produce enhanced graphs from raw text, we take a
pipeline approach which involves the following three components:

1. Stanza (Qi et al., 2020) is used for sentence segmentation, tokenisation and the
prediction of all UD annotations apart from the enhanced graph.

2. A Transformer-based graph parsing model is used to predict EUD graphs.

3. A post-processor ensures that every predicted graph is a connected graph where
all nodes are reachable from the notional root token.

Our official system placed 6th out of 9 teams with a coarse Enhanced Labeled Attach-
ment Score (ELAS) of 83.57. In unofficial post-evaluation experiments, we make four
incremental changes to our pipeline approach which are listed below:

1. We replace the Stanza pre-processing pipeline with Trankit (Nguyen et al., 2021)
which is an NLP pipeline which uses XLM-R to obtain contextualised features
for all preprocessing components, which include sentence segmentation, tokeni-
sation, multiword token expansion, POS taggers as well as a dependency parser.

2. We replace XLM-RBase with XLM-RLarge, which has roughly twice as many param-
eters as the base model.

3. We concatenate treebanks for the languages which have more than one training
treebank and also concatenate English treebanks with the Tamil training data,
where Tamil is the treebank with the least amount of training sentences.
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4. We introduce a novel multitask model which parses the basic UD tree and en-
hanced graph in tandem.

All of these additional steps improved our evaluation scores, and for our final system,
which incorporates all of these modifications, our macro-average ELAS score increases
from 83.57 to 88.04, which would have placed second out of all systems.

Official System Submission We first describe our official system, which is the system
we submitted prior to the competition deadline. For the official system, we did not in-
clude the basic dependency parser in a multitask setup, i. e. we just used the EUD graph
parsing head (shown on the left in Figure 5.6). The raw text test files for each language
contain a mixture of test data covering multiple treebanks, so participants do not know
their exact domain. For our official system, we choose the model trained on the tree-
bank with the most amount of training data in terms of sentences for each language to
process the test files. This heuristic corresponds to using Czech-PDT for Czech, Dutch-
Alpino for Dutch, English-EWT for English, Estonian-EDT for Estonian and Polish-PDB
for Polish.

Pre-processing For sentence segmentation, tokenisation and the prediction of the base
UD features (all UD features apart from the enhanced dependency graphs and miscel-
laneous items in CoNLL-U files), we use the Stanza library (Qi et al., 2020) trained on
version 2.7 of the UD treebanks for each treebank released as part of the training data
for the shared task.2 Note that our graph parser does not presuppose any input fea-
tures other than the input text but we predict the base features using our pre-processing
pipeline for completeness and to enable possible additional post-processing which in-
volves altering enhanced dependency labels with lemma or case information.

2For Arabic, our Stanza Multi-word Token (MWT) expander predicted MWTs with a span of length 1
for two sentences. In the UD guidelines, MWT span lengths must be larger than one. To pass validation,
we trained a UDPipe tokenizer with Word2Vec embeddings for Arabic instead.
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Figure 5.6: DCU-EPFL multitask architecture.
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Enhanced UD Parsing For the enhanced UD parser, we use a Transformer encoder in
the form of XLM-R (Conneau et al., 2020) with a first-order arc-factored model which
utilises the edge and label scoring method of (Kiperwasser and Goldberg, 2016). In ini-
tial experiments, we found this model to perform better than biaffine attention (Dozat
and Manning, 2017) for the task of EUD parsing. This finding was also made by Linde-
mann et al. (2019) and Straka and Straková (2019) for the task of semantic parsing across
numerous Graphbanks (Oepen et al., 2019). Straka and Straková (2019) suggest that bi-
affine attention may be less suitable for predicting whether an edge exists between any
pair of nodes using a predefined threshold and is perhaps more suited for dependency
parsing, where words are “competing” with one another to be classified as the head in
a softmax layer. The consistency of these findings across EUD and Graphbank parsing
provides evidence that EUD is closer to semantic dependency parsing than basic UD
parsing.

Parser Implementation Given a sentence x of length n, our model computes vector
representations R = (r1, r2, ..., rn) for the predicted tokens (x1, x2, ..., xn). Since the
SentencePiece tokenisation of XLM-R differs from the tokenisation used in UD, we track
the mapping I from XLM-R’s k-th sub-word unit of the j-th input token produced by
Stanza to the sub-word unit’s position Ij,k in context of the sentence and we consider
the output vector eIj,1 of the first sub-word unit of each word xj as its vector represen-
tation (rj):

E = XLMR(x1, x2, . . . , xn)

R = Filter(E, I)

(5.1)

where E = (e1, ..., em) are the output vectors of all sub-word units, m being the total
number of subword units in the sentence, and Filter() chooses the first embedding for
each token. We add a dummy representation of the same dimensionality for the ROOT
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token to the sequence of vectorsR but mask out predictions from this token. Following
Kiperwasser and Goldberg (2016), these representations R = (r1, r2, ..., rn) are then
passed to the dependency parsing component, where the feature function φ is the con-
catenation of the representations of a potential head word xh and dependent word xd,
where ◦ denotes concatenation:

φ(h, d) = rh ◦ rd (5.2)

Edge Prediction We compute scores for all n(n− 1) potential edges (h, d), h 6= d, with
an MLP:

shd
(arc) = MLP (arc)(φ(h, d)) (5.3)

The edge classifier computes scores for all possible head-dependent pairs, and we com-
pute a sigmoid on the resulting matrix of scores to obtain probabilities. We use an edge
prediction threshold of 0.5, i. e. we include all edges with a score above 0.5 in the pre-
liminary EUD graph. This enables words to have multiple heads but it can also lead to
words receiving no head (if all probabilities are below 0.5). In such cases, we manually
select the edge that has the highest probability. This greedy edge-prediction procedure
can lead to fragmented graphs, which we address in a post-processing script described
in Section 5.2.

Label Prediction To label the graph, we then choose a label for each edge using a
separate classifier:

shd
(label) = MLP (label)(φ(h, d)) (5.4)

The scores for all possible labels are passed to a softmax layer, which outputs the prob-
ability of each label for edge (h, d) and we select the label with the highest probability
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for each edge.

Loss Function For edge prediction, sigmoid cross-entropy loss is used, and for label
prediction, as we want to select the label for each chosen edge, softmax cross-entropy
loss is used (Dozat and Manning, 2018). We interpolate between the loss given by the
edge classifier and the loss given by the label classifier (Dozat andManning, 2018;Wang
et al., 2020a) with a constant λ:

L = λL(label) + (1− λ)L(edge) (5.5)

Training details For the empty nodes which are prevalent in EUD graphs, we added
them into the graph, and offset the head indices to account for the new token(s) added
to the graph. At test time, we did not predict whether an elided token should be added
to the graph. Due to time constraints, we trained using the full lexicalised enhanced de-
pendency labels. We trained each model for 50 epochs and optimised for development
ELAS. Early stopping was used if the development ELAS score did not improve for 10
epochs.

Post-processing In the EUD guidelines, the predicted structure must be a connected
graph where all nodes are reachable from the notional root.3 After predicting the test
files, we use our own graph connection tool (Barry et al., 2020) to make sure that each
sentence is a connected graph. Specifically, we repeatedly check for unreachable nodes
and the number of unreachable nodes that can be reached from them. We choose the
candidate which maximises this number (in the case of ties, we choose the first node
in surface order) and make it a child of the notional ROOT, i.e. this node becomes an
additional root node. System outputs are then validated at level 2 by the UD validator4

to check for errors prior to submission.
3In UD, the notional ROOT is the tokenwith ID 0, whereas a root node is any node that has 0 as its head.
4https://github.com/UniversalDependencies/tools/blob/master/validate.py
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Multitask Parser

Encoder
XLM-RBase Hidden Size 768
XLM-RLarge Hidden Size 1024

EUD Parser
Arc MLP size 300
Label MLP size 300
Dropout MLP 0.35
Nonlinear act. (MLP) ELU

Tree Parser
Arc MLP size 500
Label MLP size 100
Dropout MLP 0.33
Dropout embeddings 0.33
Nonlinear act. (MLP) ELU
Optimiser and Training Details

Optimizer AdamW
Learning rate 3e-4
beta1 0.9
beta2 0.999
Num. epochs 50
Patience 10
Batch size 16

Table 5.1: Chosen hyperparameters for the multitask graph and tree parser.

Model hyperparameters are listed in Table 5.1. The choice of XLM-R encoder (Base
or Large) determines the hyperparameters of the encoder part of our model. In our
official submission, we use XLM-RBase. For the EUD parser, following Kiperwasser and
Goldberg (2016), we use the same dimension size for the edge-scoring and label-scoring
components. A dropout value of 0.35 is used for the input embeddings as well as for
the encoder and MLP networks. A loss interpolation constant λ of 0.1 is used as in
Wang et al. (2020a). For the tree parser, the hyperparameters follow that of Dozat and
Manning (2017).
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Language
[1] [2] [3] [4] [5] [6]

Official [1]+Trankit [2]+XLM-RLarge [3]+Concat [3]+MTL [4]+MTL

Arabic 71.01 78.05(+24.2%) 79.51(+6.6%) - 81.72(+10.8%)
Bulgarian 92.44 92.47(+0.4%) 93.26(+10.5%) - 93.59(+4.9%)
Czech 89.93 90.28(+3.5%) 91.06(+8.1%) 91.43(+4.1%) 91.22(+1.8%) 91.30(-1.5%)
Dutch 81.89 86.51(+25.5%) 87.67(+8.6%) 88.60(+7.5%) 88.60(+7.5%) 89.51(+7.9%)
English 85.70 85.97(+1.8%) 86.94(+6.9%) 87.46(+3.9%) 87.08(+1.1%) 87.28(-1.4%)
Estonian 84.35 84.54(+1.2%) 85.92(+8.9%) 86.68(+5.4%) 86.32(+2.8%) 86.76(+0.6%)
Finnish 89.02 89.34(+2.9%) 90.79(+13.6%) - 91.16(+4.1%)
French 86.68 86.80(+0.9%) 89.12(+17.6%) - 90.38(+11.6%)
Italian 92.41 92.44(+0.4%) 93.35(+12.1%) - 93.47(+1.8%)
Latvian 86.96 86.85(-0.8%) 88.81(+14.9%) - 89.18(+3.3%)
Lithuanian 78.04 78.44(+1.8%) 82.09(+16.9%) - 83.47(+7.7%)
Polish 89.17 89.30(+1.2%) 90.20(+8.4%) 91.15(+9.7%) 90.46(+2.7%) 90.46(-7.8%)
Russian 92.83 93.06(+3.2%) 93.95(+12.8%) - 94.09(+2.3%)
Slovak 89.59 90.81(+11.7%) 92.33(+16.5%) - 92.73(+5.2%)
Swedish 85.20 85.98(+5.3%) 88.10(+15.1%) - 88.64(+4.5%)
Tamil 39.32 40.64(+2.2%) 48.85(+13.8%) 61.14(+24.0%) 58.60(+19.1%) 62.06(+2.4%)
Ukrainian 86.09 86.30(+1.5%) 89.44(+22.91%) - 90.91(+13.9%)
Average 83.57 84.58(+6.2%) 86.55(+12.7%) 84.41 87.74 (+8.8%) 84.56

Table 5.2: Evaluation scores on the official test data on the language-specific test files. All runs after Official use Trankit
pre-processing and all runs after Trankit use the XLM-RLarge model. All numbers inside the parentheses are calculated as
the relative error reduction of the particular column and the column it is comparedwith (which is shown in square brackets).



5.3 Results and Further Experiments

In this section, wediscuss our official results and thendescribe a number of post-deadline
experiments that improved our submission’s score.

5.3.1 Official Submission

For the official submission, we use the Stanza pre-processing pipeline and our graph
parsing model with XLM-RBase. The results are listed in column [1] of Table 5.2. Our
official submission placed 6th of 9 participants. The overall scores submitted by each
teamare listed in Table 5.3. The scores of two teams are close to our overall score: Combo
and Unipi placed 4th and 5th with scores of 83.79 and 83.64 compared to our score of
83.57. This grouping is outperformed by the top-three submissions TGIF, ShanghaiTech
and RobertNLP by a margin from 3.2 ELAS points (RobertNLP vs. Combo) to 5.7 ELAS
points (TGIF vs. DCU-EPFL).

5.3.2 Additional Experiments

We carry out a number of additional post-deadline experiments to try and find poten-
tial ways of improving our system. These subsequent experiments are detailed in the
following paragraphs.

Trankit Pre-processing First, we replace the Stanza pre-processing pipeline (which
uses Word2Vec and FastText embeddings as external input features and a BiLSTM en-
coder) with Trankit (Nguyen et al., 2021), which uses the Transformer XLM-R as the
encoder.5 The results from adopting Trankit for sentence segmentation and tokenisa-
tion are listed in column [2] of Table 5.2. We notice slight improvements for all lan-
guages, with notable exceptions being Arabic, Dutch and Slovak, where the better pre-

5We used the Base version of XLM-R in Trankit but higher preprocessing scores would be expected if
switching to the Large model.
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processing accounts for a 24.2%, 25.5% and 11.7% relative error reduction (RER), re-
spectively.

XLM-RLarge Our next modification is to leverage the XLM-RLarge model. This model
has roughly twice as many parameters as the XLM-RBase model used in our official
submission. The results for combining Trankit pre-processing and using XML-RLarge

are listed in column [3] of Table 5.2. The larger capacity of the model translates to
a large RER particularly for Finnish, French, Latvian, Lithuanian, Swedish, Tamil and
Ukrainian of 13.6%, 17.6%, 14.9%, 16.9%, 15.1%, 13.8% and 22.91%, respectively. Given
the improvements seen by adopting both Trankit for pre-processing and the larger XLM-
RLarge model, we now incorporate these modifications into all further experiments.

Treebank Concatenation In our official system, we used just one treebank per lan-
guage. Our next experiment is to investigate the effect of concatenating all treebanks
with enhanced UD annotations for a language. We hypothesise that there could be a
positive transfer from learning similar (within-language) treebanks and that it would
make our parser more robust to the multiple domains in the test data. This means that
for Czech we concatenate the PDT, CAC and FicTree treebanks, for Dutch, Alpino and
LassySmall, for English EWT and GUM, and for Estonian EDT and EWT. For Tamil,
we concatenate English EWT and GUM training data to Tamil to address the very poor
evaluation score of our official submission, taking inspiration from Wang et al. (2020a)
who observe substantial positive effects when they add Czech and English data to the
Tamil treebank.6 The results are listed in column [4] of Table 5.2. Treebank concatena-
tion helps for all languages but most notable is the improvement of over 12 points ELAS
or an RER of 24% for Tamil, the language with the least amount of training data in the
task.

6To keep training times relatively short, we did not include Czech.
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Language combo dcu-epfl fastparse grew nuig robertnlp shanghaitech tgif unipi ref. ours best

Arabic 76.39 71.01 53.74 71.13 0.0 81.58 82.26 81.23 77.17 67.35 81.72
Bulgarian 86.67 92.44 78.73 88.83 78.45 93.16 92.52 93.63 90.84 85.81 93.59
Czech 89.08 89.93 72.85 87.66 0.0 90.21 91.78 92.24 88.73 78.44 91.30
Dutch 87.07 81.89 68.89 84.09 0.0 88.37 88.64 91.78 84.14 82.48 89.51
English 84.09 85.70 73.00 85.49 65.40 87.88 87.27 88.19 87.11 83.68 87.28
Estonian 84.02 84.35 60.05 78.19 54.03 86.55 86.66 88.38 81.27 76.86 86.76
Finnish 87.28 89.02 57.71 85.20 0.0 91.01 90.81 91.75 89.62 78.26 91.16
French 87.32 86.68 73.18 83.33 0.0 88.51 88.40 91.63 87.43 98.80 90.38
Italian 90.40 92.41 78.32 90.98 0.0 93.28 92.88 93.31 91.81 80.20 93.47
Latvian 84.57 86.96 66.43 77.45 56.67 88.82 89.17 90.23 83.01 79.32 89.18
Lithuanian 79.75 78.04 48.27 74.62 59.13 80.76 80.87 86.06 71.31 75.26 83.47
Polish 87.65 89.17 71.52 78.20 0.0 89.78 90.66 91.46 88.31 81.59 90.46
Russian 90.73 92.83 78.56 90.56 66.33 92.64 93.59 94.01 90.90 79.63 94.09
Slovak 87.04 89.59 64.28 86.92 67.45 89.66 90.25 94.96 86.05 76.42 92.73
Swedish 83.20 85.20 67.26 81.54 63.12 88.03 86.62 89.90 84.91 80.98 88.64
Tamil 52.27 39.32 42.53 58.69 0.0 59.33 58.94 65.58 51.73 75.44 62.06
Ukrainian 86.92 86.09 63.42 83.90 0.0 88.86 88.94 92.78 87.51 77.24 90.91
Average 83.79 83.57 65.81 81.58 30.03 86.97 87.07 89.24 83.64 79.87 88.04

Table 5.3: Evaluation scores on the official test data on the language-specific test files submitted by each team. We also include
the official reference system (ref.) which copies the gold tree to the enhanced graph as well as (ours best) which is our best
post-deadline run, which corresponds to the +Concat+MTL run in Table 5.2. The first and second top-scoring models in
each language are specified with black and blue colour, respectively.



Joint Learning of Basic and Enhanced Dependency Parsing The official reference
system submitted by the shared task organisers which copies the gold trees to the en-
hanced representation performs very well with 79.87 ELAS (see Table 5.3). Thus, there
is evidence that the basic tree and enhanced graph contain much mutual information.
Previous methods which have leveraged the basic representation for producing EUD
graphs have focused on using heuristic rules to convert the basic tree to EUD (Schus-
ter and Manning, 2016; Dehouck et al., 2020; Ek and Bernardy, 2020), using the basic
tree as input features to the enhanced parsing model (Barry et al., 2020) or converting
the enhanced graph to a richer basic representation (Kanerva et al., 2020). In our final
experiment, we try to leverage the information from the basic tree by jointly learning
to predict the enhanced graph and the basic tree, testing whether performing basic de-
pendency parsing and EUD parsing in a multitask setup is beneficial for EUD parsing.
Given the positive effects seen through concatenation, for those languages where we
performed concatenation, we also train multitask models on the concatenated versions
of treebanks.

We use our previously described EUD parsing model and integrate with additional
basic dependency parsing component (as shown in the right part of Figure 5.6) which is
the biaffine parsing model of Dozat and Manning (2017) and train both parsers jointly,
where the output of the encoder is passed into each parsing module, which makes its
own predictions and returns a loss. The losses of the two components are combined
with equal weight. We first try multitask learning on single treebanks and then also
using the concatenated versions of the treebanks.

Single Treebanks First, we compare the multitask model to the setting where we are
using XLM-RLarge and single treebank training. The results are listed in column [5] of
Table 5.2. Predicting the basic tree and the enhanced graph in a multitask setting yields
improvements for all languages, particularly for Arabic, French and Ukrainian with an
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RER of 10.8%, 11.6% and 13.9%, respectively. We also see a large gain for Tamil (19.1%
RER), which shows that concatenating data from other treebanks is not the only way to
improve parsing scores on this treebank, and that predicting the basic dependency tree
can help in this low-resource scenario.

MultitaskModel and Treebank Concatenation For the final experiment, we consider
multitask learning on concatenated treebanks. The results are listed in column [6] of
Table 5.2. Multitask learning on concatenated data is helpful for Dutch, Estonian and
Tamil where it provides additional performance gains or an RER of 7.9%, 0.6% and 2.4%,
respectively.

It is interesting to note that concatenation alone is more helpful for Czech and En-
glish where we see slight performance drops, or an increase in relative erorr of 1.5%
and 1.4% and multitask learning is not helpful when trained on concatenated Polish
treebanks (7.8% increase in relative error).

The positive contribution of multitask learning for all languages when not perform-
ing treebank concatenation could mean that it would be useful in settings where only
one treebank with the enhanced representation is available for a language and the ba-
sic tree could be used as auxiliary information to predict the enhanced representation.
This is the case for Tamil, which has the smallest amount of training data among all
languages.

Comparison to Official Systems Our best unofficial run +Concat+MTL is added to Ta-
ble 5.3. Compared to the other official runs, the ELAS scores of this run ranks in second
place for 13/17 languages and places first for Italian and Russian.
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5.4 Summary

In this chapter we have have described the DCU-EPFL submission to the IWPT 2021
Shared Task on Parsing into Enhanced Universal Dependencies. We have also provided
some answers for RQ3: How can we leverage existing techniques to parse Enhanced Univer-

sal Dependencies? by showing that, like basic dependency parsing, EUD graph parsing
can be improved by leveraging better upstream pre-processing, a larger multilignual
encoding model and treebank concatenation. We also show that performing basic de-
pendency parsing and EUD graph parsing in a multitask fashion is beneficial for EUD
graph parsing, where the basic dependency parser can provide additional information
to the EUD parser.

In the next chapter, we revisit the topic of polyglot parsing, where we test whether
multiview learning can be used to help remedy the problem of negative interference in
multilingual (polyglot) models.
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Chapter 6

Multiview Learning for

Multilingual Dependency Parsing

In the previous chapters, we have seen that sometimes monolingual models can be su-
perior to multilingual ones for performing dependency parsing in a certain language.
For example, in Chapter 3, we saw that there was negative interference (Wang et al.,
2020b) in the polyglot model for one of the source languages, Norwegian Nynorsk, and
in Chapter 4, we showed that a monolingual BERT model for Irish was superior to the
multilingual models, mBERT (Devlin et al., 2019) and XLM-R (Conneau et al., 2020).

In this chapter, we try to remedy this problem of negative interference in relation to
parsing with multiple languages, i. e. polyglot parsing, as well as parsing with multiple
datasets from the same language. As a potential solution, we considermultiview learning,
a branch of machine learning where multiple models learn a separate view of the data
or problem being modelled, and then in a later stage, the knowledge learned from each
system is merged. We treat heterogeneous datasets as a source of multiview data and
learn separate views fromdependency parsers which are trained on a single dataset and
over all included datasets, where there is no sharing in the former and full sharing in the
latter. The representations from these two views are then passed to a meta view which
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combines the information andmakes its ownprediction. We hypothesise that the single-
dataset viewwill capture the full properties of the dataset, while the multi-dataset view
will learn general/universal information over all datasets. These two sources (specialist
and generalist) can then be merged in the meta-model, which will learn to combine
the information in a useful manner. We evaluate our multiview architecture against
single-view baselines in order to provide answers to RQ4: Can Multiview Learning Help

Multilingual Dependency Parsing?

6.1 Background

Multiview learning is a branch of machine learning methods that involves using multi-
ple functions where each function models a particular view of the data, where all of the
functions are jointly optimised in order to improve generalisation performance (Zhao
et al., 2017). Multiview learning has its roots in co-training (Blum and Mitchell, 1998)
where different learners train on the same dataset but with different features, and the
learners are used to label unannotated data for other learners in subsequent rounds.1

As described by Zhao et al. (2017), a different view can come in the form of using differ-
ent input features, e. g. in Computer Vision, colour information and texture information
are two different kinds of features and thus a separate function could be used to model
each one. In NLP, multiple views could correspond to using different lexical features
for a task, e. g. modelling the data at the character, word or sentence level, or could also
be created by randomly splitting the features (Nigam and Ghani, 2000).

The idea behind using multiple views is that each view can describe a specific statis-
tical property present in the data and assigning an individual learner to this view will
result in it being highly tailored towards that property of the data. Having multiple
distinct views means that there is now more information for the task which may have
been otherwise ignored in a single-view setup where inputs are simply concatenated

1Typically, only confident predictions on the unlabelled data from each classifier are included.
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(Zhao et al., 2017; Lim et al., 2020). Additionally, multiview learning algorithms can be
used to improve the consensus among views, thereby reducing overall error (Dasgupta
et al., 2001), and jointly optimising multiple views can give rise to a situation where
information from one view is used to inform another (Xu et al., 2013).

In the context of POS andmorphological features tagging, Bohnet et al. (2018) showed
that a multiview architecture can be used to achieve state-of-the-art results where their
system had the highest tagging accuracies in the 2018 CoNLL shared task on depen-
dency parsing (Zeman et al., 2018). Specifically, the architecture of Bohnet et al. (2018)
incorporates three different views of the data, where each view has its own network con-
figuration and makes its own classification and produces its own loss. The first view is
based on character-level features which are obtained by running a BiLSTM over the input
characters of a sentence, a second view is a word-level view which receives a pre-trained
word embedding and a randomly initialised embedding as input, and finally, there is
a meta view which receives as input the MLP projections from the other two networks,
and uses those representations to make its own classification. Training is carried out in
a synchronised fashion, where all views are jointly optimised. Figure 6.1 shows a com-
parison between a single-view architecture for POS tagging (Dozat et al., 2017) and the
multiview architecture of Bohnet et al. (2018).

We take inspiration from Bohnet et al. (2018) and use a similar multiview learning
network configuration. Instead of modelling the same input at the character and word
level, we treat dataset source as a source of multiview data and incorporate the follow-
ing views: i) a single-dataset view, where each dataset has its own dedicated parsing
head, ii) a multi-dataset viewwhich is a parser that shares parameters over all included
datasets, and iii) a meta view which is a parser that takes hidden representations from
the other two networks and uses those inputs to make its own prediction. The hypoth-
esis is that the single-dataset view will provide dataset-specific information while the
multi-dataset view will provide universal information from all included datasets, and
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Figure 6.1: Comparison between single-view and multiview architectures for POS tag-
ging. In the single-view architecture, the character and word representations are con-
catenated and a single classifier is used. In the multiview architecture, sentence-based
character and word representations are learned separately and are passed to their own
classifiers. The outputs of the MLPs from each module are combined in the meta clas-
sifier (which is the top classifier in (b)), which makes the final prediction.

that the meta view will then make use of this specific and universal information and
learn to combine it in a useful manner. The next sections study to what extent this is the
case or not.

6.2 Methodology

6.2.1 Proposed Models

In this section we list our baseline models and our proposed multiview model. We
assume a dataset D = {(xd, yd)}Dd=1 for d = 1 . . .D, where x is a sentence and y is a
dependency tree for x. Model parameters are denoted by θ. The proposed models can
be categorised according to the following two criteria:

• whether they are trained on a single dataset DS = D1 or on concatenated data
fromK datasets DM = {D1, . . . ,DK}

• whether they are trained using a single view θS = θ1 or with multiple V views

126



θM = {θ1, . . . , θV }

Single Dataset with Single View (SDSV) The first baseline is training with a single
dataset and a single viewMSDSV = (θS ,DS). This is the standard approach for depen-
dency parsing and indeed for many NLP tasks, where a single model is trained on a
single dataset.

Multiple Datasets with Single View (MDSV) The second baseline is trained on the
concatenation of data from multiple datasets with a single view MMDSV = (θS ,DM ).
This is also a common approach in NLP, where multiple datasets are concatenated and
a single model is trained on them, optionally adding a dataset embedding denoting the
source of the dataset (p. 53). This is considered a single-viewmodel because inputs are
simply concatenated and a single function is used to learn from the data.

Multiple Datasets with Multiple Views (MDMV) This model is trained on the con-
catenation of data frommultiple datasets using multiple viewsMMDMV = (θM ,DM ). In
the MDMV model, each view represents a sub-model with its own network configura-
tion, training hyperparameters and loss function. We consider the following views:

• Single-dataset view: The single-dataset view is composed of a ‘deck’ of single-
dataset parsers, Y sd

1 , . . . , Y sd
K for the K datasets in the training data. Each single-

dataset head is keyed on the input source, which is a homogeneous batch of data
from a particular dataset. Each single-dataset parser consists of a dataset-specific

BiLSTM encoder and biaffine parser (Dozat and Manning, 2017) (Section 2.1.2).

• Multi-dataset view: In the multi-dataset view, there is a shared BiLSTM encoder
andbiaffinedependencyparserwhich are parameterised over all includeddatasets,
i. e. these components are dataset agnostic.
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• Meta view: The meta view consists of a BiLSTM encoder, which receives the hid-
den representations of the single- and multi-dataset encoders, and a biaffine de-
pendency parser. These components are parameterised over all included datasets.

We do not consider the setting (θM ,DS) as the MDMV model requires heterogeneous
datasets to learn the separate views, i. e. DM is a requirement for this model.

In otherwords, the single-dataset view consists ofmultiple private sub-modelswhich
are only updated by their own input, the multi-dataset view is a public sub-model that
shares parameters over all inputs, and the meta view is a public sub-model which com-
bines information from the other two views and produces the final prediction. Alterna-
tively, using the terminology of de Lhoneux et al. (2018), the single-dataset view corre-
sponds to a “no-sharing” setting, and the multi-dataset and meta views are instances
of “hard-sharing”. The architecture of the Multiview parser is shown in Figure 6.2.
The input to the multiview parser is a sequence of tokens x[1:n], where these tokens are
passed through the XLM-R encoder and then to the particular single-dataset head and
the multi-dataset head (Y sd

i and Y md, respectively) and the BiLSTM representations
from these two components are then passed to the meta head Y ∗.

6.2.2 Training Procedure

We now describe the procedure involved in training our single-view baseline models
(SDSV and MDSV) and our proposed multiview model (MDMV).

Single-view Training For our single-view baselines, which differ in whether they are
trained on single or multiple datasets (DS or DM , respectively) the training objective is
to minimise the loss Lwith respect to the model parameters and the training data:

min
θ
L(θS ,DS) (6.1)
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· · ·

· · ·

· · ·

· · · · · ·

· · ·

· · ·

Single Dataset Multi Dataset

Meta

Input Encoder: [x[1:n]]

Parsing Heads: [Y sd, Y md, Y ∗]

Figure 6.2: Architecture of the Multiview Parser. This figure only shows an example
with one dataset. However, a separate single-dataset head is created for each dataset and
the input is routed to that head depending on the input source, which is a homogeneous
batch of data from that source.

Multi-viewTraining Inmultiview training, themodel parameters θ are split intomul-
tiple parts: the single-dataset parameters θsdi , . . . , θsdK for the K included datasets, the
shared multi-dataset parameters θmd, and the parameters of the meta-model θ∗. Then,
our training objective for the i-th dataset is:

min
θsd1,...,K ,θ

md,θ∗

K∑
i=1

Li(θsdi , θmd, θ∗,Di) (6.2)

129



The training loss from the i-th dataset is composed of the loss from the single-dataset
modelLsdi , themulti-datasetmodelLmd, and themeta-modelL∗. The losses are summed
together with equal weight and are optimised jointly:

Li = Lsdi + Lmd + L∗ (6.3)

Training occurs on all included datasets, and the stopping criterion is based on the
highest-averaged LAS on the development datasets. A patience value of 8 is used (Sec-
tion 5.2).

6.3 Models

6.3.1 Input Features

Given our three included models, we now consider the input features used by each
model. For the two single-view baselines, we use lexical features from the pre-trained
multilingual language model XLM-R (Conneau et al., 2020), which achieves state-of-
the-art performance formultilingual dependencyparsing (Grünewald et al., 2021). Con-
cerning the multiview model, for the single- and multi-dataset heads, we follow Ruder
and Plank (2018) who share the primary encoder in the context of a multitask setting
with multiple learners. Therefore, we also use XLM-R as the encoder for the multiview
model. We opt not to use a different Transformer for the single- andmulti-dataset views
as it would be prohibitively expensive in terms ofmemory usage to include two different
pre-trained encoders in the same forward pass.2

2In preliminary experiments, we replicated the character- and word-level views of Bohnet et al. (2018)
but for dependency parsing. We used XLM-R as the encoder for the word view and found that this parsing
head achievedmuch higher performance than the character-level viewwhich only learns on treebank data,
where the character-level view did not provide much additional information.
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Model Type Encoder Parsing Module
Single-view XLM-R BiAff
Multi-view XLM-R multi = BiLSTM + BiAff

single =K * (BiLSTM + BiAff)
meta = BiLSTM + BiAff

Table 6.1: The model types we consider and their components. Single-view models
include the SDSV and MDSV settings, and the multi-view model corresponds to the
MDMV setting.

6.3.2 Parsing Components

Given that the task we are performing is dependency parsing, the output module is a
dependency parsing headwhich uses biaffine attention to score head and label relation-
ships (Section 2.2.4). At test time, there is also a search for a spanning tree. The biaffine
parsing head is common to all setups. However, for the single-view baselines there is
just one parsing head, whereas for the multiviewmodel, there areK+ 2 parsing heads:
K single-dataset heads and the multi-dataset and meta heads.3 In order to encourage
diversity between the single- and multi-dataset views, and to be able to pass on this in-
formation to the meta head, an additional BiLSTM layer is added before the respective
parsing heads, which serves as a domain adaptation layer, allowing the component to
capture language- or dataset-specific properties. The meta parsing head also has a BiL-
STM which takes the concatenated BiLSTM outputs of the below two heads and learns
to combine their states as in Bohnet et al. (2018). The different model architectures we
consider are listed in Table 6.1.4

6.4 Experiments

We implement ourmultilingual andmonolingual experiments using the language group-
ings selected by Smith et al. (2018) who curated groups of languages based on typolog-

3In the forward pass, there are three parsing heads: the single-dataset parsing head of the current
dataset and the multi-dataset and meta heads.

4For all single-treebank modules, the components are duplicated L times for all included treebanks.
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ical information and language-relatedness. This language grouping was also used by
van der Goot et al. (2021) and van der Goot and de Lhoneux (2021) for their experi-
ments on analysing the role of dataset embeddings in parsing with multiple datasets.
For each language groupwe train our threemodels (SDSV,MDSV andMDMV). Results
on the test data of UD v2.8 are shown in the first three columns of Tables 6.2 and 6.3.
We discuss each model setting in the following paragraphs.

Dataset Sampling For some language groups theGPUmemory of 12GBwas too small
to use the multiview architecture. This occurred for the language groupings e-sla and
w-sla, and is likely due to the presence of long sentences in some of the datasets. Also
some groups contain up to seven datasets. To streamline the training process for these
groups we followed a simple heuristic: for all datasets in these groups, we removed
training sentences longer than 150 words and reduced the size of the largest dataset in
the group to the size of the second-largest dataset.5

5The baseline models were also trained on these sampled and filtered datasets for a fair comparison.
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Group Dataset ID SDSV MDSV MDMV MDSV MDMV
+embeds +embeds

af-de-nl af_afribooms 88.07 86.79 88.10 87.53 88.36
de_gsd 85.28 85.90 86.12 86.14 86.02
nl_alpino 92.84 93.21 93.81 93.32 93.72
nl_lassysmall 90.51 92.04 92.73 92.19 92.63

e-sla ru_syntagrus 94.28 91.72 94.5 94.17 94.55
ru_taiga 84.05 84.08 85.04 84.43 84.92
uk_iu 92.17 91.98 92.81 91.81 92.78

en en_ewt 91.01 88.84 91.34 91.03 91.27
en_gum 91.06 90.43 91.03 91.36 91.55
en_lines 88.77 88.25 88.97 89.31 89.47

es-ca ca_ancora 93.66 93.83 94.27 93.89 94.14
es_ancora 92.61 92.88 93.26 92.85 93.24

finno et_edt 89.08 89.15 89.49 89.31 89.48
fi_ftb 93.34 63.32 94.15 93.15 93.99
fi_tdt 93.38 92.77 93.33 93.47 93.55
sme_giella 61.27 69.16 70.41 70.47 70.59

fr fr_gsd 94.00 91.80 93.96 93.74 93.90
fr_sequoia 94.29 92.10 94.62 93.94 95.34
fr_spoken 84.68 84.99 86.92 86.38 86.90

indic hi_hdtb 93.13 92.97 93.00 93.32 93.06
ur_udtb 82.94 83.98 83.88 84.22 83.98

iranian fa_seraji 90.51 90.41 90.31 90.17 90.3
kmr_mg 12.40 61.57 60.71 63.11 54.83

it it_isdt 94.12 94.10 94.39 93.96 93.92
it_postwita 84.08 84.23 84.82 84.40 84.00

ko ko_gsd 88.37 58.59 88.01 87.28 88.53
ko_kaist 89.20 88.99 89.62 89.33 89.54

nor-ger da_ddt 89.43 87.43 90.03 88.96 90.20
no_bokmaal 93.88 93.86 94.41 94.14 94.40
no_nynorsk 93.24 93.30 93.76 93.79 93.77
no_nynorsklia 76.84 77.36 78.62 78.11 78.64
sv_lines 90.13 88.45 90.70 90.50 90.66
sv_talbanken 92.49 91.41 92.89 92.15 92.99

pt-gl gl_ctg 83.69 82.09 83.19 83.96 83.70
gl_treegal 83.84 79.23 84.80 83.94 85.48
pt_bosque 91.39 91.42 91.41 91.28 91.48

sw-sla hr_set 90.68 89.44 90.87 91.01 90.91
sl_ssj 95.65 95.26 95.59 95.21 95.65
sl_sst 77.52 78.46 78.93 78.29 79.52
sr_set 93.08 93.16 93.43 93.84 93.72

All average 82.98 84.72 86.64 86.74 -

Table 6.2: Test results based on language groups (part 1/2). For table description, see
the second part of the table (2/2).
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Group Dataset ID SDSV MDSV MDMV MDSV MDMV
+embeds +embeds

turkic bxr_bdt 10.30 29.89 28.55 29.10 27.21
kk_ktb 21.21 63.99 64.57 64.40 62.96
tr_imst 73.93 74.18 73.81 73.91 73.79
ug_udt 71.02 71.54 71.27 71.51 70.05

w-sla cs_cac 93.36 93.99 94.19 94.48 OOM
cs_fictree 94.49 94.85 94.98 94.85
cs_pdt 93.20 93.37 93.51 93.53
hsb_ufal 07.06 63.78 52.61 65.72
pl_lfg 97.14 89.58 97.15 97.09
pl_pdb 94.34 94.38 94.33 94.35
sk_snk 95.14 92.20 95.33 95.28

All average 82.98 84.72 86.64 86.74 -

Table 6.3: Test results based on language groups (part 2/2). Results are calculated with
the official CoNLL evaluation script (conll18_ud_eval.py). Bolded numbers represent the
highest-score among the initial three settings: SDSV, MDSV andMDMV. In the last two
columns (+embeds), underlined numbers are used for when one of these settings now
achieves the highest score among all settings. Average scores are based on both parts of
the results. OOM refers to language groups which could not be run on time; we only
report averages for full runs.

Single-Dataset SingleView Themost typical setting, i.e. trainingwith a single dataset
and a single model (SDSV), performs best for 8 out of 51 datasets considered in this
experiment. For some of these 8 cases, the difference between this model and the mul-
tiview setting is very small, e.g. less than .06 LAS points for en_gum, fi_tdt and fr_gsd.
Slightly bigger differences are seen for ko_gsd and gl_ctg with 0.36 and 0.5 LAS points,
respectively.6 Training on a single dataset produces very low scores for certain low-
resource datasets such as kmr_mg, bxr_bdt, and hsb_ufal which have an LAS of 12.40,
10.30 and 7.06, respectively.

Multiple-Datasets Single View The settingwheremultiple datasets are concatenated
and a single model is trained on the combined data (MDSV) also performs best for 8 of
51 datasets. For somedatasets such as ur_udtb, thismodel is only slightly better than the

6For Korean, there is a known divergence in annotation style between these two treebanks.
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multiview model (83.98 vs. 83.88 LAS). For the low-resource dataset kmr_mg, concate-
nation is far superior to single-dataset training (61.57 vs. 12.4 LAS), where performance
on this dataset is improved by training with related datasets. For this dataset as well as
bxr_bdt, it even outperforms the multiview setting, which highlights that there is likely
not enough data for the single-dataset head in themultiview architecture to learn useful
information. It is alsoworth noting thatMDSV suffers a dramatic decrease in LASpoints
for fi_ftb (93.34 to 63.32) and ko_gsd (88.37 to 58.59) where including other datasets is
not helpful due to negative transfer.

Multiple-DatasetsMultipleViews For themethodwhich combinesmultiple datasets
with multiple views, i. e. the multiview model (MDMV), we see a general trend of im-
proved scores over the other two methods (35 of 51 datasets). Perhaps what is most
interesting is the recovery of LAS points for those cases where simply concatenating
data was not helpful: fi_ftb, gl_treegal and ko_gsd, which see a recovery of 30.83, 5.57
and 29.42 LAS points, respectively.

This shows that simply concatenating data is not always a viable strategy for im-
proving parsing scores unless there is a way of differentiating between the input dataset
sources, and that multiview learning—where different views come in the form of pars-
ing heads which exhibit different amounts of parameter sharing (i. e. no-sharing and
hard-sharing)—is a viable approach for reducing negative interference/transfer. Even
when themultiviewarchitecture underperforms theMDSV setting on some low-resource
datasets (kmr_mg and bxr_bdt), the multiview architecture is still able to close the gap
between the SDSV and MDSV models by a substantial amount, e. g. the difference in
LAS is reduced from 49.17 to 0.86 for kmr_mg, and from 19.59 to 1.34 in the case of
bxr_bdt.
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Dataset Embeddings

Concatenating adataset embedding to the input representations helps dependencyparsers
to differentiate between the input sources (see Section 3.1.2). When considering a Trans-
former encoder, van der Goot and de Lhoneux (2021) show that adding a dataset em-
bedding (in the same way as a positional embedding) to the input of the encoder out-
performs the approach of plain dataset concatenation. In this next setting, we add a
dataset embedding to the XLM-R encoder for the MDSV and MDMV models. While
van der Goot and de Lhoneux show that adding a dataset embedding to the encoder is
useful for training a single parser on heterogeneous datasets (i. e. our MDSV model),
to the best of our knowledge, dataset embeddings have not been used within a mul-
tiview architecture. Our next experiment seeks to test whether these two approaches
are complementary, i. e. does adding a dataset embedding to the multiview architecture
provide additional gains? We suspect that adding a dataset embedding will help the
shared encoder to differentiate between the inputs, encouragingmore diversity between
the views. This also is similar to the strategy which de Lhoneux et al. (2018) found to be
helpful (Section 3.1.2), i. e. soft-sharing at the input level and hard-sharing of the MLP
classifiers of the network. However, a difference between our approach and theirs is that
our setup also includes two other heads which exhibit no-sharing (single-dataset) and
hard-sharing (meta). The last two columns in Tables 6.2 and 6.3 consider theMDSV and
MDMVmodels with additional dataset embeddings (+embeds). Underlined numbers
represent cases where one of these two settings now achieves the highest score among
all settings.

TrainingDifficulties with theMultiviewModel Themultiviewmodel requires three
parsing heads in the same forward pass, which can require a substantial amount of GPU
memory for certain language groups. To train these models, we used a physical batch
size of 8 and accumulated gradients for 4 steps, giving an effective batch size of 32 (the
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same as in the single-view baselines). For the w-sla group, we tried a batch size of 4 but
still ran out of memory using a 24GB GPU. Thus, the only way of training this language
group would be to reduce the batch size even further, potentially to 1. Unfortunately,
this results in extremely long training times, and as a result, we could not include this
language group in the MDMV with dataset embeddings setting. As such, this setting
only includes 44 datasets and we do not report an average for this setting. Furthermore,
the “old” group from van der Goot and de Lhoneux (2021) had to be omitted entirely
as the MDMV model could not be trained on our hardware using a batch size of 2.

Multiple-Datasets SingleViewwithDataset Embeddings First we look at theMDSV
model with added dataset embeddings. When compared to the regular MDSV setting,
the added dataset embedding gives consistent improvements for many datasets, and for
the cases where it is worse, the differences are only minor. Most notable are the cases
where there was a large amount of negative interference in the plain concatenation set-
ting (e. g. ru_syntagrus, fi_ftb, ko_gsd, gl_treegal and pl_lfg), where the added dataset
embeddings brings the scores for this setting close to the individual dataset baseline
(SDSV).

When compared to the MDMV model, results are similar for many datasets. How-
ever, for the low-resource datasets such as kmr_mg, bxr_bdt and hsb_ufal, the MDSV
model with added dataset embeddings is better, highlighting a potential weakness of
the multiview setting for smaller datasets, where perhaps the single-dataset head is not
able to learn useful features to pass on to the meta parsing head.

Multiple-Datasets Multiple Views with Dataset Embeddings Next, we look at the
MDMVmodelwith addeddataset embeddings. Thismodel performs comparably to the
MDSVwith dataset embeddings setting, suggesting that themajority of the gains can be
obtained by adding dataset embeddings to a single-view architecture. There are some
improvements over the regular MDMV setting, e. g. for some English datasets (en_gum
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and en_lines) as well as for the Galician and Portuguese (gl_treegal and pt_bosque) and
Slovenian datasets (sl_ssj and sl_sst). Dataset embeddings do not help in this setting for
kmr_mg, where results deteriorate by a large amount compared to the regular MDMV
setting. There are also performance degradations for the Turkic datasets (bxr_bdt and
kk_ktb). These findings suggest that dataset embeddings are not helpful for alleviating
the poor performance of the multiview model when dealing with smaller datasets. We
suspect that amore sophisticatedway of gating the information passed to themeta head
from each component would help the model to disregard weaker information from a
particular source. In preliminary experiments, we tried using cross-stitch blocks (Misra
et al., 2016; Ruder et al., 2017) to interpolate between the encoder output of each single-
dataset head and the multi-dataset head, but found that this did not help performance.

When considering the two new settings with added dataset embeddings, out of the
51 datasets we consider, the original SDSV,MDSV andMDMVmodels achieve the high-
est scores for 2, 4, and 22 datasets, respectively, and theMDSV andMDMVmodels with
added dataset embeddings achieve the highest score for 11 and 16 datasets, respectively.
This means that a multiview architecture outperforms a single-view architecture for 34
out of 51 datasets.

6.5 Summary

At the beginning of this chapter, we highlighted the need to reduce negative transfer
when training on multiple dataset sources (e. g. in cases such as polyglot parsing and
even parsing with multiple datasets from the same language). At the same time, we
wish to preserve some of the benefits from learning with multiple sources of data.

On one end of the spectrum, we considered training with just a single dataset and a
single view. Thismodel performs comparably to the other twomodelswe considered for
somedatasets. However, inmany cases, it is theweakest of the three as it does not benefit
from additional information from related datasets. Furthermore, for certain datasets
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there is not enough data to learn a useful model, making this approach infeasible. We
then considered training with multiple datasets but with a single view. This improved
scores formany settings, particularly when there was not enough data for single-dataset
training. However, for some settings, there was a large amount of negative interference
between datasets and this highlights the need for developing models which are capable
of combining dataset-specific and universal information. To address this, we considered
multiview learning, where different views are created based on the dataset source. The
different views involve a dataset-specific view and a general dataset view,which are then
combined in a meta view (Bohnet et al., 2018). We showed that this approach improves
on the single dataset setting by includingmore data from related datasets. Additionally,
it addresses the issue of negative interference where single-view concatenation was not
helpful, e. g. for certain Finnish, Korean and Portuguese datasets. Taken together, the
multiview architecture provides a balance between information which is relevant to a
specific dataset and universal information.

However, one limitation of the multiview approach is that, for certain low-resource
languages, there appears to be not enough data to learn useful features for the single-
dataset view and the multiview model underperforms the plain concatenation setting.
The presence of the shared dataset view is able to make up for this to some extent by
closing the gap between the two single-view baselines.

We then looked at the role of adding dataset embeddings to our two setups which
use multiple datasets, MDSV and MDMV, respectively. Our findings corroborate pre-
vious findings (van der Goot and de Lhoneux, 2021) which show that adding dataset
embeddings is helpful for the MDSV setting.7 This helped alleviate some of the issues
of negative interference when performing plain concatenation. Overall, the scores of
this setting are comparable to the multiview approach, showing that both are a way of
reducing negative interference in models trained on multiple sources of data. However,

7One difference between our work and the work of van der Goot and de Lhoneux is that we use XLM-R
instead of mBERT.
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adding dataset embeddings ismore parameter-efficient and having one parsing head in-
stead of three reduces parsing time,making this approachmore attractive inmany cases.
Furthermore, the multiview approach appears to suffer when there is not enough data
to learn useful information for the single-dataset parser for a particular dataset. When
considering the MDMV setting, we found that adding dataset embeddings was helpful
in 21 cases where it improved over the regular MDMV setting but on the whole there
was not that much difference to the regular setting and there was even a deterioration
in some cases.

The main aim of this chapter was to answer our fourth research question RQ4: Can

Multiview Learning Help Multilingual Dependency Parsing? The findings of this chapter
suggest that multiview learning can be helpful for multilingual dependency parsing,
where the multiview setting is the best overall when compared to the regular SDSV and
MDSV baselines. However, we showed that adding dataset embeddings can close the
gap between the MDSV and MDMV setting, and argued that it is a more parameter-
efficient method, which could mean that most practitioners could opt for this approach
instead.
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Chapter 7

Conclusion

In this chapter, we summarise the findings of the previous chapters and relate these find-
ings to the research questions that we proposed in Chapter 1. We then summarise the
main contributions of the works presented in this thesis, and finally, list some possible
avenues for future work.

7.1 Research Questions Revisited

In Chapter 3, we approached zero-shot cross-lingual dependency parsing for a low-
resource target language in Faroese. We described how zero-shot cross-lingual trans-
fer is usually approached either through data transfer or model transfer. In our ex-
periments, we focused on the data transfer approach, where we transferred annota-
tions from a number of source languages to our zero-shot target language of Faroese.
We adopted a common annotation projection setting but diverged from previous work
which train monolingual source models (Agić et al., 2016; Tyers et al., 2018) by per-
forming polyglot training on the source languages. We showed that this intervention
produces an overall trend of better results on the target language, and achieves the best
result overall when considering single-treebank target models. However, when we con-
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sidered multi-treebank learning on the target side, the overall best result came from
training on monolingual projections and using the proxy dataset embedding learned
on Norwegian Nynorsk projections to parse Faroese. These results suggest that, when
performing annotation projection, polyglot training will likely lead to a strong model
for transfer, and improves the scores of some weaker-performing sources. This could be
useful in certain cases, e. g. when the target language is distant to the available source
languages. However, if the target language has a closely related source language, then
training on a single source would likely suffice. Thus, our answer to RQ1: Can zero-

shot cross-lingual dependency parsing be improved by leveraging polyglot training on source

languages? was not clear-cut: we have shown that polyglot training does improve cross-
lingual dependency parsing for 3 of 4 source languages, but when considering multi-
treebank learning on the target side, the target model can leverage a well-suited mono-
lingual source.

Continuing with the theme of facilitating parser development for low-resource lan-
guages, we then moved to considering model transfer for low resource dependency
parsing in Chapter 4. In particular, we considered the popular approach of transfer
learning by training a language model on unannotated corpora and then fine-tuning it
on labelled data in a downstream task, where we considered the tasks of dependency
parsing, POS and morphological tagging, and MWE identification. To develop our
model, we collected a wide variety of Irish corpora and then performed a number of
development experiments in order to guide us to our final model configuration. We
considered differing filtering criteria, vocabulary sizes and tokenisation models as well
as Transformer architectures. Our aim was to answer RQ2: Does a monolingual language

model improve low-resource dependency parsing in the case of Irish? We added to the liter-
ature on LLMs for low-resource languages and answered this research question posi-
tively, by showing that a monolingual LM does improve dependency parsing (as well
as POS/morphological features tagging andMWE identification) scores for Irish, when
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compared to off-the-shelf and further-pretrained multilingual models.
We then explored the topic of parsing enhanced UD graphs in Chapter 5, where we

described our submission to the 2021 IWPT shared task on EUD parsing (Bouma et al.,
2021). We introduced a novel multitask model that performs the tasks of basic depen-
dency tree parsing and EUD graph parsing jointly, yielding performance improvements
over a single-taskmodel. We provided answers to RQ3: How can we leverage existing tech-

niques to parse Enhanced Universal Dependencies? by showing that EUD parsing accuracy
can be improved by providing better upstream tokenisation and segmentation, using a
larger pre-trained encoder, monolingual and cross-lingual treebank concatenation, and
multitask learning between a basic dependency parser and an EUD graph parser. Our
experiments showed that the multitask model was better than the single-task model for
all languages. However, performing multitask learning on concatenated treebanks was
worse than plain concatenation for certain languages.

In Chapter 6, we looked at the utility of using multiview learning for multilingual
dependency parsing. Here, we adapted the setup of Bohnet et al. (2018) for the task of
dependency parsing and learned separate views of the data based on dataset source. We
showed that multiview learning can improve over the single-view baselines of training
on a single dataset with a single parsing model, and training a single parser on multi-
ple datasets, where the multiview model was the best for 35 out of 51 datasets consid-
ered. We then integrated another technique shown to work well for polyglot parsing by
adding dataset embeddings to the MDSV and MDMV models and showed that added
dataset embeddings helped the MDSV setting for 40 out of 51 cases, and in the case of
theMDMVmodel, for 17 out of 38 cases. Overall, amultiviewmodelwas the bestmodel
for 34 out of 51 datasets.
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7.2 Contributions

In this thesis, we carried out four separate experiments related to our overall goal of im-
proving multilingual dependency parsing. The novel contributions arising from these
experiments are as follows:

1. We showed that polyglot training is one way of improving the sourcemodels in an
annotation projection setting, and that multi-treebank learning on the target side
can be used to improve scores even further.

2. We released amonolingual Irish languagemodel gaBERT,which achieves state-of-
the-art performance on dependency parsing, outperformingmultilingual models.

3. Wedeveloped amultitask parser that improves EUDparsingperformance by jointly
learning the tasks of basic dependency and EUD graph parsing.

4. Wedeveloped amultiview learning architecture formultilingual dependencypars-
ing and showed that learning different views based on the dataset source can help
alleviate problems related to negative transfer.

7.3 Future Work

The work presented in this thesis could be built upon in many ways.
In the North Germanic language experiments presented in Chapter 3, our poly-

glot model uses a BiLSTM encoder operating over word and character features using
a shared vocabulary. It is highly likely that a multilingual Transformer with a shared
sub-word vocabulary (Devlin et al., 2019; Conneau et al., 2020) would be a better en-
coder for the source models, and it would be interesting to try these experiments with a
multilingual LM. Furthermore, in our experiments, we only considered one North Ger-
manic language group. As such, it would be interesting to see how polyglot training
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used alongside annotation projection would work for other language groups, and see if
issues related to negative transfer also arise for these groups. The presence of negative
transfer in the polyglot model for one source language, Norwegian Nynorsk, motivates
the study of how to learn with multiple languages such that universal and language-
specific information can be successfully merged. These findings helped motivate our
experiments in Chapter 6, where we considered multiview learning as a means to re-
ducing negative transfer, but studying other methods for successful polyglot training
would be worthwhile.

In Chapter 4, we released a monolingual BERT model for Irish, gaBERT. The fact
that data quality is a major determining factor in LM quality (Scao et al., 2022) means
that collecting more high-quality Irish corpora will be paramount to developing future
monolingual LMs for Irish. We also wish to explore other model architectures and de-
velop an auto-regressive languagemodel such as GPT (Radford et al., 2019) for generat-
ing text in Irish. We also evaluated gaBERT across a number ofmorphosyntactic tagging
and parsing tasks, but would like to compare ourmodel on other NLP tasks such as QA.
Wewere unable to do so due to the lack of existing datasets in these areas but evaluating
gaBERT on such tasks would be worthwhile if such data became available. So far, we
have just trained a monolingual model for Irish, but in the future, we would also like to
train a bilingual model on the related Celtic language of Scots Gaelic.

In Chapter 5, we introduced a novel multitask model to predict basic dependency
trees and EUD graphs. Future work could explore other tasks to learn alongside the
task of EUD parsing, such as SRL, or Graphbank parsing (Oepen et al., 2019). Similarly,
different edge-scoringmodels could be used by different EUDparsing heads, e. g. where
one parser uses the dependency parsing model of Kiperwasser and Goldberg (2016)
and the other, the model of Dozat and Manning (2018). In future, we wish to modify
our approach to include the predictions from the basic tree parser so that we first predict
a directed spanning tree and then combine this with the EUD graph. Doing so would

145



obviate the need for post-processing involving connecting fragmented graphs (Barry
et al., 2020) and would make our model a Tree-Graph Integrated system (He and Choi,
2020; Shi and Lee, 2021). We would also like to perform rule-based delexicalisation to
addresss label sparsity issues and make training EUD parsers more memory-efficient.

In Chapter 6 we approached multilingual parsing through the use of a multiview
architecture. This model outperformed the single-view baselines. However, we high-
lighted some cases where the multiview architecture underperforms relative to the con-
catenation setting, when one of the included datasets has a small amount of data. There-
fore, it is important towork onmethodswhich could help themodel to disregardweaker
information from one of the sources such that it does not negatively contribute to pars-
ing performance. The use of dataset embeddings saw improvements for the single-view
model, where average scores increased to the level of the multiview model. At the
same time, the single-view approach is more parameter-efficient. Therefore, it is im-
portant to consider other approaches for learning separate views of the data that are
also parameter-efficient. Similarly, dataset-specific and general information could be
extracted in other ways, e. g. by having separate encoding components.
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B., Griciūtė, B., Grioni, M., Grobol, L., Grūzı̄tis, N., Guillaume, B., Guillot-Barbance,
C., Güngör, T., Habash, N., Hafsteinsson, H., Hajič, J., Hajič jr., J., Hämäläinen, M.,
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G., Nguyễn Thi., L., Nguyễn Thi. Minh, H., Nikaido, Y., Nikolaev, V., Nitisaroj, R.,
Nourian, A., Nurmi, H., Ojala, S., Ojha, A. K., Olúòkun, A., Omura, M., Onwueg-
buzia, E., Osenova, P., Östling, R., Øvrelid, L., Özateş, Ş. B., Özgür, A., Öztürk Başaran,
B., Partanen, N., Pascual, E., Passarotti, M., Patejuk, A., Paulino-Passos, G., Peljak-
Łapińska, A., Peng, S., Perez, C.-A., Perkova, N., Perrier, G., Petrov, S., Petrova, D.,
Phelan, J., Piitulainen, J., Pirinen, T. A., Pitler, E., Plank, B., Poibeau, T., Ponomareva,
L., Popel, M., Pretkalnin, a, L., Prévost, S., Prokopidis, P., Przepiórkowski, A., Puo-
lakainen, T., Pyysalo, S., Qi, P., Rääbis, A., Rademaker, A., Rama, T., Ramasamy, L.,
Ramisch, C., Rashel, F., Rasooli, M. S., Ravishankar, V., Real, L., Rebeja, P., Reddy,
S., Rehm, G., Riabov, I., Rießler, M., Rimkutė, E., Rinaldi, L., Rituma, L., Rocha, L.,
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