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Abstract

The vast structural diversity of languages worldwide, compounded by the problem

of scarce resources, remains a challenge for machine translation research. To address

this problem, we leverage knowledge from the field of linguistic typology, which de-

scribes the structural diversity and common properties of the world’s languages.

In this thesis, we investigate which variables or concepts of linguistic typology im-

pact neural machine translation performance. First, we propose a combined language

representation that encodes language variables from typology databases, specifically

syntax variables, and fuses them with pre-trained multilingual language embeddings.

We demonstrate the higher quality of the new language representations by assessing

their performance on computational typology tasks such as typological feature predic-

tion and phylogenetic inference. Next, we show that the combined language space

can be leveraged to improve multilingual machine translation tasks and reduce nega-

tive transfer by creating clusters of multilingual models with significantly related lan-

guages, obtaining benefits across languages with different training sizes compared to

robust baselines, and with the advantage of working efficiently when adding new lan-

guages to a multilingual setting.

Furthermore, we investigate the impact of typological variables associated with

morphology on machine translation. Morphology examines how words are formed, a

process that varies across languages and is related to subword segmentation, a criti-

cal aspect of current machine translation systems. Specifically, we demonstrate that

a higher degree of morphological fusion and synthesis usually corresponds to lower

translation quality. We perform this analysis at the word level and obtain consistent

results at the segment level for several language pairs. Finally, we study the extreme

case of high synthesis (polysynthesis) and low-resource scenarios, which are typically

present in endangered languages from the Americas. We build machine translation re-

sources for Amerindian languages, find that unsupervised segmentation methods per-

form comparably or better than morphologically supervised ones, and propose a less

data-dependent segmentation strategy based on syllable units with promising results in

our case study.

Overall, our work sheds light on the impact of linguistic typology on machine

translation, specifically on the relevance of syntax and morphological variables in low-

resource and structurally diverse languages.

iii



Lay Summary

Machine translation, which allows computers to automatically translate text from one

language to another, is a difficult task, especially when dealing with languages that

are very different from each other or have few resources available. In this research,

the author uses knowledge from the field of linguistic typology, which describes the

structural diversity and common properties of the world’s languages, to investigate

how they impact machine translation performance for these challenging scenarios.

The author proposes a new method to represent languages that combines informa-

tion from typology databases with pre-trained language embeddings, which leads to

better performance on tasks related to understanding the properties of languages. The

study also shows that this new method can be used to improve multilingual machine

translation and reduce negative transfer caused by differences between languages. The

thesis then focuses on the impact of morphology, which studies word formation pro-

cesses, on machine translation. The author finds that, morphological complexity, mea-

sured in the variables of synthesis and fusion, is related to machine translation per-

formance. Finally, the thesis evaluates the extreme case of high-synthesis and low-

resource languages, such as those found in endangered languages from the Americas,

by developing machine translation resources for Amerindian languages and proposing

a less data-dependent segmentation approach with promising results for a case study.

Overall, this research highlights the importance of understanding the structural di-

versity of languages and the impact of linguistic typology on machine translation.
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Chapter 1

Introduction

1.1 Motivation

While low-resource languages have historically faced challenges in benefiting from

Neural Machine Translation (NMT) due to a lack of training data and resources, re-

cent advancements in transfer learning (Zoph et al., 2016) and multilingual learning

(Bapna et al., 2022) have significantly improved NMT’s ability to translate many low-

resource languages (Haddow et al., 2022). However, given that there are thousands

of languages spoken worldwide, according to Glottolog (Nordhoff and Hammarström,

2012), only a tiny fraction of all possible language pairs can currently be translated

effectively by machine translation systems. Although the lack of resources is the most

pressing and widely discussed limitation (Joshi et al., 2020), there is another far less

studied challenge: the vast structural diversity in languages worldwide. This presents a

severe problem for developing robust natural language processing (NLP) applications

for multiple languages, including machine translation (Ponti et al., 2019).

Languages exhibit significant variations in their grammar, syntax, morphology, or

vocabulary (Sapir, 1921; Comrie, 1989). For example, some languages have complex

case systems that determine the grammatical roles of nouns and pronouns in a sentence,

while others have simpler case systems or rely more on word order or prepositions.

In Spanish, for instance, a noun’s gender and number can change its form, and the

adjective that modifies it must also agree in gender and number. In Chinese, however,

word order is much more important than inflection, and the same word can be used as

a noun or a verb without changing its form. This illustrates how different languages

convey meaning differently, and these challenges are particularly pronounced when

working with low-resource languages. Due to the limited availability of training data

1
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for many of these languages, it is often difficult to obtain sufficient examples to account

for every possible variation.

While multilingual machine translation for dozens of languages is currently the

most common approach to address the language diversity issue (Aharoni et al., 2019;

Zhang et al., 2020), it is not necessarily a full solution. Rather, it is a pragmatic ap-

proach given the limited availability of data for many languages and the lack of ex-

plicit knowledge about their structural differences. Nonetheless, by leveraging data

for multiple languages, massive multilingual NMT systems can offer significant ben-

efits in terms of transfer capabilities and shared vocabulary representation space for

all languages involved, particularly when translating between high-resource and low-

resource languages (Haddow et al., 2022), and works particularly well for languages

that are similar (Bapna et al., 2022).

However, what does language similarity mean in this context? Different corpus-

based metrics and language family relationships have been applied in several approaches,

such as ranking models for choosing a suitable language candidate for transfer learn-

ing (Lin et al., 2019) or clustering similar languages in smaller groups for training

multilingual models (Tan et al., 2019). Nonetheless, corpus-based similarity metrics

rely on the availability of data, which is severely restricted for underrepresented or

endangered languages, such as those spoken in the Americas (Mager et al., 2021) or

Africa (Nekoto et al., 2020). Additionally, while language family relationships provide

a means of categorising languages into groups, they only offer surface-level informa-

tion and split groups of contrasting sizes. For example, in two widely used multilingual

datasets for machine translation, TED Talks (Qi et al., 2018) and OPUS-100 (Zhang

et al., 2020), the number of Indo-European languages significantly surpasses that of

other language families (33 out of 53 in TED Talks and 49 out of 100 in OPUS-100).

In contrast, different language families contain only a handful of entries; for instance,

TED Talks includes only three languages from the Turkic and Uralic families, and

they are the language families with more members, included in the dataset, after the

Indo-European group.

To fully address the challenge of language diversity, it is necessary to gain insights

into the shared and distinct features across languages that are not necessarily family-

related, as well as to distinguish between differences within a language family. Lin-

guistic typology presents an opportunity to address this challenge, as it is a field that

describes and studies the structural diversity, common properties, and patterns of the

world’s languages (Comrie, 1989). However, computational research often demands
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concrete data rather than abstract concepts. Fortunately, machine-readable typology

databases such as the World Atlas of Language Structure (WALS; Dryer and Haspel-

math, 2013) offer a wealth of language-level variables that expert linguists in different

linguistic fields have crafted. Linguistic typology databases store, for example, vari-

ables about the word order in languages, including whether a language is head-initial

or head-final, which refers to whether the head of a phrase appears first or last, re-

spectively. They also store data on morphological typology, such as the level of fusion

present in a language and whether affixation or compounding are used to build new

words.

These kinds of features can be used as a valuable source of knowledge to support

multilingual NLP tasks, as previous surveys have highlighted (O’Horan et al., 2016;

Ponti et al., 2019). For instance, Daiber et al. (2016) used WALS typological features

of word order to develop a universal reordering, a relevant task in the statistical ma-

chine translation era, prior to the predominance of neural models. Such insights can be

particularly beneficial in developing more accurate and effective machine translation

models for underrepresented and endangered languages, which often lack sufficient

training data. However, it is important to note that not all typological features or con-

cepts might be relevant for machine translation applications, and additional research

is needed to determine which features are most useful. Therefore, we raise our main

research question: which variables or concepts of linguistic typology impact neural
machine translation performance?

To address this, we need to look at the details. Table 1.1 provides examples of ty-

pological features sourced from WALS. Notably, word order features related to syntax

may hold significant relevance for expanding machine translation to languages with

limited resources (Daiber et al., 2016). This is because more accurate translations

require a precise ordering of words in the output sequence, and different approaches

have been developed to pre-order or re-order data to enhance low-resource machine

translation (Zhou et al., 2019; Murthy et al., 2019), especially for translating between

distant languages. Moreover, the typological features from morphology, which stud-

ies the word formation processes, may also hold relevance in this context. This is

particularly important in machine translation, which relies on subword segmentation1

for limiting the vocabulary size of a model, and needs to compound subword elements

into meaningful words at the decoding step, including the ability to generate rare words

1A subword is a smaller textual unit than a word, often a character fragment or character sequence
based on their frequency. See more details in §2.1.2 of Chapter 2.
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Area Feature Values #langs.

Word Order

Order of Subject (S),

Order (O) and Verb (V)

SOV 564

SVO 488

VSO 95

VOS 25

OVS 11

OSV 4

No dominant order 189

Order of Adjective (A)

and Noun (N)

A-N 373

N-A 879

No dominant order 110

Internally-headed relative clauses 5

Morphology

Inflectional Synthesis

of the Verb

Categories per word: 0-1 5

2-3 24

4-5 52

6-7 31

8-9 24

10-11 7

12-13 2

Fusion of Selected

Inflectional Formatives

Exclusively concatenative 125

Exclusively isolating 16

Exclusively tonal 3

Tonal/isolating 1

Tonal/concatenative 2

Ablaut/concatenative 5

Isolating/concatenative 13

Lexicon

Finger and Hand
Identical 72

Different 521

Number of Basic

Colour Categories

3-4 20

4.5-5.5 26

6-6.5 34

7-7.5 14

8-8.5 6

9-10 8

11 11

Table 1.1: Samples of features from WALS (Dryer and Haspelmath, 2013), including

their area, values, and number of annotated languages per feature-value.
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not seen during training (Sennrich et al., 2016b). However, while the morphological

features may be helpful, the number of annotations related to them is often limited,

and their division into categories instead of a continuous variable may be inadequate

from a computational perspective. Conversely, features from the lexicon area, such as

whether a language uses a single word for both “finger” and “hand” or different words

for each, may not be as significant in enhancing machine translation performance.

Although linguistic typology-based representations offer extensive knowledge about

thousands of human languages, integrating this information into NMT research lacks

a clear and general approach (Ponti et al., 2019). Not all the features are grounded in a

specific behaviour, and in practice, they would merely group languages together when

they share a particular property. For this reason, we first investigate typological fea-

tures as a group rather than individually. To this end, we focus on developing a vector

space representation of languages that incorporates typological information. Previous

computational approaches to WALS and other linguistic databases have extracted sim-

ilar language vectors based on multiple features, with a particular emphasis on syntax,

by reducing redundancy and dropping variables with highly sparse annotations (Lit-

tell et al., 2017). However, data-driven methods such as the embedding matrix of a

multilingual model can also produce similar representations (Malaviya et al., 2017;

Östling and Tiedemann, 2017), which may contain different and significant informa-

tion (Bjerva et al., 2019b). Therefore, we pose the question: is it possible to build
a combined language representation that incorporates complementary sources of
information from the typological databases and NMT-learned representations? A

vector space of languages that is aware of typological information has the potential to

measure language similarity. As we previously noted, language similarity is an impor-

tant factor for multilingual machine translation, as we can identify pairs of languages

that are more related by different criteria beyond family relationships, and may bene-

fit from being trained together. We then further ask: can we leverage the combined
language space to improve multilingual machine translation applications?

Ponti et al. (2019) surveyed that previous studies that leverage typological knowl-

edge to improve machine translation have primarily focused on syntax, especially word

order features (Daiber et al., 2016; Ponti et al., 2018). Likewise, the language repre-

sentation space developed by Littell et al. (2017) that we used in our previous analysis

is syntax-focused. However, it is important to note that linguistic diversity extends be-

yond syntax to other domains, particularly morphology. For example, gender and verb

conjugation patterns are morphological phenomena that exhibit significant variation
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across languages. In Spanish, for instance, verbs can have up to 50 forms depend-

ing on the tense, aspect, and mood, while in English, verbs have approximately 12

forms. In contrast, verbs are not conjugated in Mandarin Chinese. Additionally, gen-

der marking is another aspect of morphology that differs across languages. Spanish

distinguishes between two grammatical genders, masculine and feminine, while Za-

potec and other languages that are spoken in Mexico distinguish two more: animate,

and inanimate. Similarly, Swahili has more than 20 noun classes, each with its own set

of gender markers.

Given the rich morphological diversity in languages, it must be significant to study

the impact of different morphological phenomena on machine translation performance,

but also on subword segmentation, which is an essential prior step for the task (Am-

rhein and Sennrich, 2021). Although several approaches have been proposed, such as

training character or segmentation-free machine translation models (Gao et al., 2020;

Libovický et al., 2022) or proposing morphologically-aware subword segmentation

methods (Creutz and Lagus, 2002; Ataman et al., 2017), the relationship between mor-

phological complexity and translation performance has shown mixed results. Further-

more, none of these studies has considered typological knowledge as a source for mea-

suring morphological complexity and diversity in different languages. More precisely,

Payne (2017) characterises the morphological typology of a language through two phe-

nomena: synthesis, which refers to the number of morphemes2 that make up a single

word, and fusion, which refers to the number of inflections and meanings that can be

combined within specific morphemes. In light of these considerations, we raise the

question of whether morphological typology variables are relevant in the context
of machine translation.

After analysing the morphological variable of synthesis, we observed that a higher

degree of these phenomena, known as polysynthesis, hinders the performance of ma-

chine translation systems. For this reason, we adopt a pragmatic approach and inves-

tigate the performance of machine translation systems in an extreme scenario, where

highly synthetic and low-resource languages are used. Our final research question thus

becomes: how can we improve machine translation performance for such chal-
lenging languages? To answer this question, we focus our efforts on understudied and

endangered languages of the Americas, which often exhibit the aforementioned traits

of high synthesis and scarce resources (Mager et al., 2018b), thereby contributing to the

2A morpheme is the smallest meaningful linguistic unit within a word, often carrying semantic or
grammatical significance. For more details, refer to §2.3 in Chapter 2.
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diversity of machine translation research. We collect and develop new datasets, analyse

the impact of unsupervised and morphologically supervised segmentation methods,

and propose a new segmentation approach that is less dependent on data. Through

these efforts, we aim to broaden the scope of attention given to such languages and

advance the field of machine translation from different angles.

1.2 Thesis Structure

This thesis demonstrates that we can leverage linguistic typology variables and knowl-

edge to analyse and improve the quality of neural machine translation models.

In summary, we first show that we can fuse language representations extracted

from a typological knowledge base, syntactic features specifically, and embeddings

from multilingual machine translation models, and evaluate the encoded information

from each source. Then, we show that our language representations can leverage the

positive transfer of multilingual machine translation models by providing a better and

more efficient measurement of language similarity. Going further, we focus on mor-

phological typology and analyse the variables of synthesis and fusion, to study how

they impact machine translation quality at the word and phrase levels for different lan-

guage pairs. Finally, we test an extreme case of machine translation with languages of

high synthesis, or polysynthesis, and extremely low-resource. To do so, we focus on

endangered languages of the Americas by building training and evaluation resources,

and we finally propose a less data-driven segmentation approach.

Linguistic Typology

Syntax Morphology

Synthesis

Polysynthesis

Fusion

...

Figure 1.1: Our approach towards the impact of linguistic typology on machine trans-

lation. At the first level, we use syntactic variables crafted from typological databases

such as WALS (Dryer and Haspelmath, 2013). Afterwards, we focus on Payne (2017)’s

variables of morphological typology. Finally, we go deeper into polysynthesis.
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Figure 1.1 shows the overview of the linguistic typology’s domains that we focused

on. Furthermore, a summary of the chapters that constitute this thesis is as follows:

Chapter 2 provides a theoretical framework that introduces the neural machine trans-

lation task, multilingual and transfer learning, subword segmentation, automatic evalu-

ation metrics for machine translation, linguistic typology and morphological typology.

The chapter offers a foundation for subsequent analyses in the thesis.

Chapter 3 proposes a method for measuring language differences through the use of

typological features, specifically syntax, combined with pre-trained language embed-

dings. The chapter evaluates the effectiveness of this method in two computational ty-

pology tasks and a correlation analysis with genetic similarity, showing that the shared

space of languages leads to better results.

Chapter 4 examines the usefulness of the proposed language representations in mul-

tilingual NMT, specifically in clustering related languages and ranking candidate lan-

guages for creating multilingual models. The findings reveal that the language repre-

sentations perform as well as robust baselines for both low-resource and high-resource

languages, and across different language families.

Chapter 5 focuses on morphology and examines whether the morphological vari-

ables of fusion and synthesis affect machine translation performance. The chapter

proposes methods to quantify these variables in different languages and analyses their

impact on translation quality using English-Turkish and English-Spanish as case stud-

ies. The study finds that Turkish nouns and verbs with higher synthesis and Spanish

verbs with higher fusion are more challenging to translate, as supported by a human

evaluation. The analysis is extended to the phrase level, with consistent results.

Chapter 6 takes a pragmatic approach and examines translation performance in ex-

treme scenarios of high synthesis and low-resource languages, using understudied and

endangered languages of the Americas as case studies. The chapter compiles and de-

velops NMT resources and finds that morphologically-aware segmentation methods

are not significantly better than standard unsupervised segmentation. Additionally, a

less-data-dependent segmentation approach using syllables is proposed with effective

results for our case study.
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Chapter 7 concludes the thesis and presents ideas for future work.

1.3 Contributions

We make the following contributions:

• A method to compute language representations, which have higher quality than

using only linguistic typology vectors or pre-trained language embeddings in

computational tasks such as typological feature prediction and phylogenetic in-

ference for languages.

• A tool, based on the aforementioned language representations, to retrieve related

languages to build clusters for multilingual machine translation models that ben-

efit low-resource language pairs and isolated languages.

• Methods that perform the first computational quantification of synthesis and fu-

sion using standard NLP evaluation sets for Turkish and Spanish, plus experi-

ments that analyse the relationship between the two indices and machine trans-

lation quality at word and phrase-level.

• Annotations of synthesis and fusion in machine translation evaluation sets for

English–Turkish and English–Spanish language pairs.

• Human evaluation data for synthesis and fusion in machine translation experi-

ments for English–Turkish and English–Spanish.

• A compilation and development of machine translation resources for highly syn-

thetic and extremely low-resource languages of the Americas, including multi-

lingual machine translation baselines.

• A new morphological segmentation dataset for Shipibo-Konibo, an endangered

language spoken in the Americas

• A less data-dependent segmentation method based on syllables to support the

translation into a highly synthetic and extremely low-resource language.

• Human evaluation of machine translation models for Spanish–Shipibo-Konibo.
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1.3.1 Publications

The main articles that are described in this thesis are as follows:

• Oncevay et al. (2020) presents the research on language representations and their

application on multilingual machine translation, which are included in Chapters

3 and 4.

• Oncevay et al. (2022a) quantifies the morphological variables of synthesis and

fusion and analyses their impact on machine translation performance. This is

included in Chapter 5.

• Oncevay (2021) describes the multilingual machine translation experiments for

four highly synthetic and extremely low-resource languages of the Americas.

This is the first part of Chapter 6.

• Oncevay et al. (2022b) introduces a syllable-based segmentation method that

is less-data dependent and effective for language with high synthesis and low

resource traits. This is the last part of Chapter 6.

Finally, we contributed to further research that is related to this thesis:

• In Mager et al. (2021), we contributed to a larger effort to build machine trans-

lation resources for ten indigenous languages of the Americas.

• In Mager et al. (2022), as second author, we compared several unsupervised

and morphologically-supervised segmentation methods for highly synthetic and

low-resource languages. My specific contribution is the development of a new

morphological segmentation dataset for Shipibo-Konibo, and the execution plus

statistical significance analysis of the machine translation experiments. This is

partially added in Chapter 6.

• In Zariquiey et al. (2022), we argued about the importance of bridging the fields

of language documentation and NLP, in order to support revitalisation efforts

of endangered languages. This article further represents our motivation to con-

tribute, with our machine translation research, to understudied languages, espe-

cially indigenous languages of the Americas.



Chapter 2

Background

This chapter briefly describes essential concepts and methods for the development of

the thesis. First, we introduce the machine translation task, including neural network

architectures, subword segmentation methods, transfer and multilingual learning, and

automatic metrics used for evaluation. Then, we introduce linguistic-related concepts,

such as the areas of linguistic typology and morphology, including morphemes and

morphological segmentation. Finally, we delve into morphological typology and the

degrees of synthesis and fusion.

2.1 Machine translation

In the field of NLP, Machine Translation (MT) refers to the task of automatically trans-

lating text from one language to another. The MT process consists of various stages,

including text preprocessing and translation model training. Two main types of MT

systems exist: rule-based and data-driven. Rule-based MT relies on manually designed

grammars and dictionaries to translate text, but these approaches have limitations when

handling the complexity and ambiguity of natural language. Data-driven MT, on the

other hand, trains models on large parallel corpora to learn translation patterns. Re-

cently, neural machine translation models have gained popularity due to their success

in achieving state-of-the-art performance on several language pairs.

Despite significant progress in MT, the task still poses several challenges, such as

dealing with low-resource languages and maintaining translation quality for rare or

out-of-vocabulary words (Koehn and Knowles, 2017; Sennrich et al., 2016b). Conse-

quently, researchers continue to explore various techniques to improve MT systems,

including multilingual and transfer learning.

11
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2.1.1 Neural machine translation

Neural Machine Translation (NMT) is a type of sequence-to-sequence (seq2seq) model

(Sutskever et al., 2014), which is a deep learning-based approach for machine trans-

lation that has achieved state-of-the-art results in recent years. NMT models typically

consist of an encoder and a decoder, both of which are neural networks. In a general

perspective, the encoder processes the input sentence and produces a fixed-length vec-

tor, which is then used by the decoder to generate the output sentence word-by-word.

2.1.1.1 Recurrent Neural Networks

One of the early and successful architectures for NMT is based on Recurrent Neural

Networks or RNNs. RNNs are a type of neural network that can process variable-

length input sequences by maintaining an internal state, or “memory”, that is updated

at each step. The internal state captures information about the entire input sequence up

to the current step, and is used to generate the output sequence (Jurafsky and Martin,

2019).

Formally, an RNN can be defined as follows:

ht = σ(Wihxt +Whhht−1 +bh) (2.1)

where xt is the input at time step t, ht−1 is the internal state at the previous time step,

Wih and Whh are weight matrices, bh is a bias vector, and σ is a non-linear activation

function, such as the hyperbolic tangent function.

The output at each time step is then computed as:

yt = softmax(Wohht +bo) (2.2)

where Woh and bo are the weight matrix and bias vector for the output layer, respec-

tively, and softmax is a normalisation function that ensures the output probabilities

sum to one.

2.1.1.2 Recurrent Neural Networks with Gated Mechanisms

Although RNNs have been successful in many sequence-to-sequence tasks, including

NMT, they can struggle to handle long sequences and may suffer from the vanishing

gradient problem, meaning that the gradients become too small to be effective during
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training. To address these issues, researchers have introduced gated network architec-

tures, such as Long Short-Term Memory (LSTM; Hochreiter and Schmidhuber, 1997)

and Gated Recurrent Unit (GRU; Cho et al., 2014).

LSTM and GRU incorporate specialised gating mechanisms that enable them to

control the flow of information within the network’s internal state. These mechanisms

selectively retain and update information over longer sequences, mitigating the vanish-

ing gradient issue and enhancing the model’s ability to capture context.

2.1.1.3 Recurrent Neural Networks with Attention

In addition to gated networks, which aid in handling long-range dependencies, Bah-

danau et al. (2015) introduced the concept of attention, further improving the alignment

and translation of source and target sequences.

The attention mechanism allows the model to selectively focus on different parts of

the input sequence, depending on the context of the output sequence being generated.

This can improve the model’s ability to capture relevant information from the input,

especially for long input sequences.

Formally, the attention mechanism can be defined as follows:

eti = score(ht−1, h̃i) = v⊤a tanh(Waht−1 +Uah̃i) (2.3)

where ht−1 is the hidden state of the decoder RNN at the previous time step, h̃i is the

i-th hidden state of the encoder RNN, Wa and Ua are learnable weight matrices, and

va is a learnable weight vector. The score function computes a scalar score for each

encoder hidden state, indicating how relevant it is to the decoder’s current state.

The attention scores are then used to compute a weighted sum of the encoder hid-

den states:

ct =
Tx

∑
i=1

αtih̃i (2.4)

where αti is the attention weight assigned to the i-th hidden state, defined as:

αti =
exp(eti)

∑
Tx
j=1 exp(et j)

(2.5)

The context vector ct represents a summary of the relevant parts of the input se-

quence at the current time step, which can be used to generate the output sequence.
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2.1.1.4 Transformers

A more recent and robust architecture for NMT is the Transformer (Vaswani et al.,

2017). The Transformer eliminates the need for recurrence by using a self-attention

mechanism that directly connects all the positions in the input and output sequences,

allowing the model to attend to different parts of the input and output at each position.

The Transformer consists of an encoder and a decoder, each composed of multiple

layers of self-attention and position-wise feedforward networks. During training, the

Transformer uses teacher forcing, where the decoder inputs the ground truth tokens for

each time step, rather than its own predicted tokens.

The self-attention mechanism in the Transformer can be defined as follows:

MultiHead(Q,K,V ) = Concat(head1, . . . ,headh)W O

headi = Attention(QW Q
i ,KW K

i ,VWV
i )

Attention(Q,K,V ) = softmax
(

QKT
√

dk

)
V

(2.6)

where Q, K, and V are query, key, and value matrices, respectively. MultiHead com-

putes multiple sets of attention heads in parallel, which are concatenated and projected

back to the model’s original dimensionality with the matrix W O. The Attention func-

tion computes the dot product between the query and key matrices, and scales the result

by
√

dk, where dk is the dimensionality of the key vectors. The softmax function is then

applied to obtain the attention weights, which are used to compute a weighted sum of

the value matrix.

During decoding, the Transformer uses an autoregressive strategy, where the output

sequence is generated one symbol at a time, conditioned on the previously generated

symbols. Specifically, the output at time step t is computed as:

yt = softmax(Woutht +bout)

ht = TransformerDecoder(y<t ,X)
(2.7)

where y<t represents the previously generated symbols, Wout and bout are the weight

matrix and bias vector for the output layer, respectively, and TransformerDecoder is a

modified Transformer that takes as input the entire source sequence X and the previ-

ously generated symbols, and outputs the internal state ht at time step t. The decoding

process continues until a special end-of-sequence symbol is generated.
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2.1.2 Subword units in NMT

Another challenge that NMT faces is the handling of rare and out-of-vocabulary (OOV)

words (Sennrich et al., 2016b). These words are infrequent in the training data and

may not be properly learned by the model, leading to translation difficulties. To ad-

dress this issue, researchers have introduced subword units, which break down words

into smaller units that are more frequent and allow the model to handle rare words

more effectively. These units, stripped of inherent linguistic meaning, offer a workable

solution. For example, “unhappiness” could be segmented into more frequent “un”,

“happ” and “iness” subwords.

Subword segmentation is applied to the parallel data before training, as the sub-

words serve as input to the NMT model. During training, the model learns to translate

between languages by processing the subword representations and generating target

translations. For NMT, two of the most prominent subword segmentation methods are

Byte Pair Encoding (BPE) and Unigram Language Model (UnigramLM):

BPE (Sennrich et al., 2016b) is a data compression algorithm that works by itera-

tively merging the most frequent pairs of bytes in a corpus until a predefined number

of merge operations has been reached. This process creates a dictionary of subword

units, which can then be used to encode and decode text.

UnigramLM or uniLM (Kudo, 2018) is a language model that uses a unigram distri-

bution to segment words into subword units. The algorithm first counts the frequency

of each character in the corpus, then greedily selects the most frequent character n-

grams until a specified number of subword units has been reached. This process creates

a vocabulary of subword units, which can then be used to segment text.

2.1.3 Transfer learning in NMT

While NMT has shown promising results, it still suffers from a significant limitation:

the need for large amounts of parallel data to train high-quality models. This is par-

ticularly challenging for low-resource languages, for which there is limited parallel

data available. To address this challenge, transfer learning has been explored for NMT

(Zoph et al., 2016). Transfer learning involves the pretraining of a model on a large

amount of source data, followed by fine-tuning on the target task with a smaller amount

of data.
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Concerning the factors for choosing the parent language pair, Kocmi and Bojar

(2018) argued that the corpus size is more relevant than the similarity of the parent and

child languages. This is consistent with Lin et al. (2019), as they investigated several

metrics (corpus-based, typological, geographical) and identified that the corpus-based

heuristics are more significant for ranking a candidate parent language pair for transfer

learning.

2.1.4 Multilingual machine translation

Another approach to address the challenge of limited parallel data is multilingual NMT,

which involves training a single model on multiple languages. Multilingual NMT has

been shown to be effective in improving translation quality for low-resource languages

(Johnson et al., 2017).

Multilingual NMT can be formulated as a joint optimisation problem that aims

to minimise the negative log-likelihood of all available parallel data across multiple

languages. Formally, the objective function can be defined as:

n

∑
i=1

mi

∑
j=1

− log p(yi, j|xi, j, li) (2.8)

where n is the number of languages, mi is the number of parallel sentences for language

li, xi, j and yi, j are the source and target sentences for the j-th parallel sentence in

language li, respectively. The objective function can be optimised using gradient-based

optimisation techniques such as stochastic gradient descent.

Furthermore, Johnson et al. (2017) proposed a simple approach to enable multi-

lingual NMT, without modifying the neural network architecture, by introducing an

artificial (language identity or language-specific) token at the beginning of the input

sentence. For instance, consider a scenario where the model translates from one source

language to multiple target languages. In this setting, a special token like < 2es >

(where es stands for Spanish) could be used to indicate the target language. Conversely,

in a many-to-one setting where a model translates from various source languages to a

single target language, a language-specific token such as < es > can be introduced.

We will focus on the language identity token when developing our language represen-

tations in Chapter 3.

It’s important to note that while these language-specific tokens can effectively han-

dle multilingual translation, they are just one approach among several to achieve better

performance. For instance, a shared vocabulary is another key aspect that enhances the
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efficiency of multilingual models by sharing the model’s parameters in a shared vector

space representation of words. In a traditional NMT model, each word (or subword)

in the source and target languages has its own separate vector space representation.

In a shared vocabulary setup, words from all languages are mapped into a common

representation space. This means that words with similar meanings or translations in

different languages could be closer together in the shared space, allowing the model

to capture cross-lingual relationships. We will focus on more strategies for improving

multilingual NMT models in Chapter 4.

2.1.5 Evaluation in Machine Translation

While human evaluation remains the gold standard for assessing translation perfor-

mance, it is often time-consuming and expensive. In this context, automatic metrics

play a pivotal role in MT evaluation. Typically, automatic metrics analyse the degree

of overlap between reference translations and system-generated translations, enabling

a quantitative assessment of translation quality. These evaluation metrics provide a

quicker and more scalable alternative for researchers to make informed decisions about

model adjustments and other strategies.

In this thesis, we present results using three automatic evaluation metrics for MT:

Bilingual Evaluation Understudy (BLEU) (Papineni et al., 2002): BLEU measures

the overlap between a machine-generated sentence and one or more reference sen-

tences using n-gram precision. BLEU considers both precision (how many words in

the generated sentence match a reference) and brevity (how concise the generated sen-

tence is compared to references). One advantage of BLEU is its simplicity and ef-

ficiency, making it easy to compute. However, BLEU’s reliance on n-gram matches

might lead to high scores for sentences with surface-level similarities but lacking ad-

equacy (semantic correctness) or fluency. Besides, BLEU doesn’t account for word

order and might not be well-suited for languages with flexible word order or complex

syntactic structures.

Character n-gram F-score (chrF) (Popović, 2015): chrF measures the similarity be-

tween a reference sentence and a machine output based on character-level n-grams. In

contrast to BLEU, chrF provides a more holistic view of translation quality by consid-

ering not only word-level but also character-level correspondences. However, a metric

like chrF may not fully capture semantic and syntactic nuances in translations, and its
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use of character-level n-grams might penalise sentences that are structurally similar but

differ in character representation.

Crosslingual Optimized Metric for Evaluation of Translation (COMET) (Rei et al.,

2020): COMET aims to address the limitations of semantic correctness in traditional

metrics. COMET uses pretrained, Transformer-based multilingual language models,

such as multilingual BERT (Pires et al., 2019) or XLM-ROBERTa (Conneau et al.,

2020). These models are typically trained to reconstruct masked tokens by uncovering

the relationship between those tokens and their neighbours. For this reason, COMET

can capture semantic similarity and assess whether a translation maintains the meaning

of the original. Furthermore, COMET strongly correlates with human judgement for

several language pairs. Nevertheless, its reliance on pretrained models may introduce

biases and limits their application for evaluating the translations of low-resource and

under-represented languages.

While we use BLEU, the most widespread metric in the MT field, to assess the

results of our experiments in Chapter 4, we consider that reporting different metrics

can provide a more comprehensive assessment of machine-generated text. For this

reason, we present outcomes measured by the chrF metric in Chapters 5 and 6, as well

as the application of COMET in Chapter 5, wherein we explore the quality of machine-

generated text in terms of linguistic variables (as discussed in §2.4) and low-resource

and morphologically-complex languages.

2.2 Linguistic typology

Linguistic typology is the study of patterns and variability in the structure and use of

human languages (Comrie, 1989). It aims to identify cross-linguistic generalisations

and variations in different language features, such as word order, grammatical cate-

gories, phonology, and morphosyntax. Linguistic typology seeks to provide insights

into the ways that languages differ from one another and how they reflect and shape

human cognition and communication.

2.2.1 Typology databases

Linguistic typology databases are large-scale collections of cross-linguistic data that

enable researchers to compare and analyse linguistic features across languages. These
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databases typically contain information on various aspects of language structure, in-

cluding phonetics, morphology, syntax, and semantics. The data in these databases

are often coded based on standardised criteria and can be searched, filtered, and anal-

ysed using computational tools (O’Horan et al., 2016). The most relevant typological

database used in NLP research is the Word Atlas of Languages Structures, which is

described as follows.

2.2.1.1 Word Atlas of Languages Structures

The World Atlas of Language Structures (WALS) (Dryer and Haspelmath, 2013) is

one of the most widely used linguistic typology databases. WALS contains informa-

tion on over 2,600 languages, covering 143 linguistic features. The database includes

interactive maps, tables, and visualisations that enable researchers to explore the dis-

tribution and diversity of linguistic features across languages and regions. WALS has

been used in a wide range of linguistic research, including studies on language evo-

lution, language contact, language acquisition, and in multilingual NLP applications

(Ponti et al., 2019).

More specifically, WALS stores typological variables in the following domains:

Word Order, Morphology, Lexicon, Phonology, Nominal Categories, Nominal Syntax,

Verbal Categories, Simple Clauses, Complex Sentences, Sign Languages and Others.

Table 1.1 shows an example of features stored in the database.

Before delving into morphological typology, we first describe the field of morphol-

ogy and the morphological segmentation task in the following section.

2.3 Morphology and morphemes

In linguistics, the study of morphology and morphemes holds significant importance as

it delves into the foundational elements of language structure. Morphology examines

the structure and formation of words, while morphemes are the smallest meaningful

units that constitute these words, playing a vital role in conveying semantic and gram-

matical information (Payne, 2017).

Morphemes can exist independently as free morphemes or be attached to others,

resulting in bound or joint morphemes. Morphological typology investigates various

processes that bind morphemes and analyses the diverse mechanisms languages em-

ploy to create and modify words (see more details in §2.4).
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2.3.1 Morphological segmentation

Morphological segmentation refers to the process of dividing a word into its individ-

ual morphemes (Harris, 1951). This segmentation involves identifying and isolating

prefixes, suffixes, roots, and other morphological elements within a word.

In recent NLP literature, machine learning methods are extensively applied to

the task of morphological segmentation using both unsupervised and supervised ap-

proaches. In the case of unsupervised methods, algorithms do not require any labeled

data to learn from. One widely used method in this category is called Morfessor.

Morfessor is a family of unsupervised segmentation algorithms, developed by Creutz

and Lagus (2002). The key idea behind Morfessor is to segment words into meaningful

character sequences based on the statistical properties of the language. Morfessor al-

gorithms operate by iteratively splitting and merging the most frequent character units

until a desired number is reached. This makes Morfessor suitable for morphologically

rich languages where words can have a large number of inflections and derivations.

Other popular methods that are based on Morfessor are FlatCat (Grönroos et al., 2014)

and LMVR (Ataman et al., 2017).

One of the disadvantages of unsupervised learning methods for morpheme segmen-

tation is that they can sometimes result in ambiguity and variability in segmentation

outcomes. These methods lack access to external linguistic resources or specific lan-

guage rules during segmentation, which may lead to struggles in accurately identifying

certain morpheme boundaries, particularly in cases where morphemes are less trans-

parent, context is crucial for accurate segmentation, or due to irregularities present in

some languages.

In contrast, supervised morphological segmentation methods are trained on labeled

data (e.g., unsegmented words as inputs and their segmented morphemes as outputs).

A popular method applies Pointer Generator Networks, described as follows:

Pointer Generator Networks are a type of neural network architecture that can be

used for morphological segmentation (See et al., 2017; Mager et al., 2020). These

networks combine a seq2seq model with a pointer network, allowing the model to

generate output sequences by copying or generating tokens from a source sequence. In

the context of morphological segmentation, the source sequence is typically a sentence

or text in an unsegmented form, and the output sequence is a segmented form, where
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the morphemes have been separated. The seq2seq component of the model learns to

encode the input sequence and generate the output sequence, while the pointer network

helps the model to select appropriate morphemes from the input sequence to generate

the output.

Despite outperforming unsupervised methods in morphological segmentation (see

§6.5 in Chapter 6), supervised approaches rely on the availability of annotated seg-

mented data, which is scarce for most languages and requires specialised knowledge

to create.

2.4 Morphological typology

Morphological typology is a subfield of linguistics that aims to classify and com-

pare languages based on their morphological structures and word-formation processes

(Payne, 2017), such as agglutination or fusion.

In the field of NLP, researchers often label languages as agglutinative or fusional

based on the explicit boundaries between morphemes. For example, Turkish is consid-

ered a highly agglutinative language (e.g. in Ataman et al. (2017)) because the mor-

pheme boundaries tend to be clear, and each morpheme typically expresses its own

lexical or grammatical meaning. In contrast, Spanish is often labelled as fusional (e.g.

in Mager et al. (2018b)) because many meanings or grammatical information could

be fused in a single morpheme. However, holistic types for languages fail to capture

the full complexity of morphological typology. Early typological studies attempted

to quantify these variables (e.g. fusion) and avoided characterising languages with a

single type (Sapir, 1921; Greenberg, 1960; Comrie, 1989).

Based on this earlier research, recent work by Payne (2017) highlights the impor-

tance of the indices of synthesis and fusion. These indices provide a more pragmatic

and comprehensive approach to characterising morphological typology. Before delv-

ing into their definition, we first describe more details about morphemes.

2.4.1 Synthesis

The index of synthesis is calculated as the average number of morphemes per word

(Payne, 2017), as we can see in Figure 2.1. Highly isolating languages, such as Man-

darin or, to a lesser extent, English, have a synthesis value that is closer to 1. In con-
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trast, synthetic languages, like Turkish and Inuktitut, have higher synthesis values1.

M/W = [1,2) M/W = [2,3) M/W = [3,∞)

isolating synthetic polysynthetic

Figure 2.1: Index of Synthesis. M: morphemes, W: words. Adapted from Payne (2017).

To illustrate the case of synthesis, we present two examples from Mandarin Chi-

nese, a Sino-Tibetan isolating language, and Asháninka, an Arawak synthetic language

spoken in South America:

(1) 他再有他想要去鹿。

tā méi zài yǒu shuō tā xiăng yào qù liè lù

3SG NEG again EXIST say 3SG want comp go hunt deer

‘He did not say again that he wanted to go hunt deer.’

(Payne, 2017)

(2) nonkotsitasanomempebentajeibetamanakero

no-n-kotsi-t-asano-mempe-bent-a-jei-be-t-aman-ak-e-ro

1-IRR-cook-EP-INTENS-pretend-EP-PL-frust-EP-early-PRF-IRR-3F

‘We will really pretend to cook for her early in the morning without success’

(Jaime Montoya Samamé, fieldnotes)

In the Mandarin Chinese example (1), provided by Payne (2017), we observe that

each word corresponds to a discrete meaningful unit, as is typical in a strictly isolating

language. Furthermore, the translated English gloss also demonstrates low synthe-

sis, with a close one-to-one correspondence between words and annotated lexical or

grammatical units. In contrast, the Asháninka example (2) shows a verb with a highly

synthetic structure, encompassing several morphemes. This morphological complexity

is most pronounced within the verb in many highly synthetic languages.

When the degree of synthesis surpasses three, some scholars argue that the lan-

guage exhibits polysynthesis (as is evident in the Asháninka example). However, the
1Sapir (1921) classified synthesis as an index distinguishing analytic from synthetic language types.

Sapir’s framework associated the term “isolating” with agglutinative, fusional, and symbolic types,
encompassing various techniques for encoding grammatical information. While linguistic typology lit-
erature presents varying perspectives on these indexes, we adopt Payne’s definition for our experiments
in Chapter 5.
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boundary remains debatable, as other factors such as discourse or topic considerations

can impact the index calculation (Payne, 2017).

2.4.1.1 Polysynthetic languages.

Polysynthesis is a term used to describe highly synthetic languages, in which multiple

morphemes can be combined to form a single word. However, linguists have defined

polysynthesis in different ways, leading to some debate about the exact criteria that

a language must meet to be considered polysynthetic. For example, some definitions

require that the language allows for the incorporation of nouns or other words into the

complex verb morphology, as well as having agreement morphemes and pronominal

affixes (Baker, 1996; Mithun, 1986).

While there are various definitions of synthesis and polysynthesis in linguistics,

for the purposes of our experiments in Chapter 5, we will focus on Payne’s defini-

tion, which takes into account the number of morphemes per word, a definition that is

particularly useful from a pragmatic standpoint.

2.4.2 Fusion

Fusion refers to the degree to which morphemes in a language carry multiple gram-

matical or semantic features, with the ratio of fusional morphemes to the total number

of morphemes being used as an index of this phenomenon. Figure 2.2 illustrates the

concept of the index of fusion, according to Payne (2017). This index ranges from 0

to 1, with languages that are highly agglutinative (e.g., Turkish) scoring low and those

that are highly fusional (e.g., Spanish) scoring high.

F/J = 0 F/J = 1

agglutinative fusional

Figure 2.2: Index of Fusion: Number of fusional junctures (F) per all junctures (J).

Adapted from Payne (2017).

For instance, we can analyse two words in Turkish and Spanish as follows:
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(3) Yaramaz-laş-tırıl-a-mıy-abilen-ler-den-miş-siniz

useless-act-like-E-NEG-able-PL-of-doubt-2.be

‘It seems that you are one of those who are incapable of being useless’

(Payne, 2017)

(4) Conden-ó

condemn-3.SG.PAST.IND.PFV

‘Condemned (verb)’

We observe that, in the example in Turkish (3), each grammatical category or lex-

ical meaning corresponds to a single morpheme. This is a clear example of a highly

agglutinative word, where the boundaries of the morphemes are transparent. The only

exception is the last morpheme ‘-siniz’, which fuses the meaning of the 2nd person

and the verb “to be.” In contrast, the example in Spanish (4) demonstrates that the last

morpheme ‘-ó’ fuses five grammatical categories, including the 3rd person, singular

number, past tense, indicative mood, and perfective aspect.

To compute the index of fusion, one needs to determine the number of fusional

junctures (F) among all junctures (J) in a given language. A fusional juncture is a

morpheme that fuses multiple grammatical or semantic features into a single unit, such

as a morpheme that carries both tense and aspect. By contrast, a non-fusional juncture

is a morpheme that carries a single feature or is composed of multiple morphemes that

each carry only one feature, such as a separate morpheme for tense and a separate

morpheme for aspect.

However, computing the fusion index can be challenging to automate. For exam-

ple, Payne (2017) has suggested various types of morphemes that can potentially be

considered as fusional joints, including prefixes, suffixes, infixes, circumfixes, com-

pounding, and non-concatenative processes such as reduplication, apophony, and sub-

tractive morphology. Additionally, there are autosegmental morphemes that may also

count as fusional. Nevertheless, current automatic tools are not yet capable of identi-

fying these cases for most languages.

2.4.3 Interaction of Synthesis and Fusion

Payne (2017) discusses how the index of synthesis interacts with the index of fu-

sion. Highly synthetic languages have a greater number of morpheme junctures, which
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Figure 2.3: Interaction between Synthesis and Fusion: the triangle of reliability. Adapted

from Payne (2017).

makes it more reliable to calculate the index of fusion. However, in highly isolating

languages with no morpheme junctures, the index of fusion would always be irrele-

vant. This relationship between synthesis and fusion can be illustrated as a “triangle of

reliability” in a two-dimensional graph, as shown in Figure 2.3.

Finally, it is important to note that the indices of synthesis and fusion are orthogo-

nal and can be used together to characterise a language. For example, a language like

Turkish is highly synthetic, with many morphemes per word, but it is also agglutina-

tive and has a low fusion index. On the other hand, a language like Spanish is highly

fusional but has a lower degree of synthesis. In our experiments (see Chapter 5), we

will focus on Turkish for synthesis and Spanish for fusion, as they represent approxi-

mately extreme points along these axes and are well-studied examples in the literature

(Ataman et al., 2017; Mager et al., 2018b).





Chapter 3

Multi-view Language Representations

To investigate the impact of linguistic typology variables and knowledge on machine

translation, we first construct a typologically-aware vector space representation of lan-

guages by fusing language embeddings extracted from multilingual NMT models with

linguistic variables of syntax from typology databases. Our ultimate objective is to

determine whether these typologically-informed language representations effectively

leverage multilingual NMT applications (as discussed in the following chapter, Chap-

ter 4). However, before delving into their impact on machine translation, we first

examine whether the proposed method for combining typology data and NMT em-

beddings effectively enhances the vector space representation of languages itself, and

whether it successfully preserves both the typology knowledge and data-driven learned

information in a single representation. The content of this chapter is based on the work

of Oncevay et al. (2020).

3.1 Introduction

A vector space representation of languages enables the measurement of language sim-

ilarity, which is a crucial factor in analysing the benefits of transfer learning and lever-

aging NMT models, particularly multilingual ones (Kudugunta et al., 2019; Malaviya

et al., 2017; Tan et al., 2019). For example, Kudugunta et al. (2019) demonstrated how

the representations learned in the encoder of a multilingual machine translation model

are related to a language similarity factor. However, their approach only utilised lan-

guage family relationships as the basis for measuring similarity. Likewise, Malaviya

et al. (2017) learned a dense vector space of languages by training a multilingual NMT

model with a language identification token at the beginning of each sentence. They

27
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then predicted linguistic typology features using the language vectors in a classifica-

tion task, showing that these vectors encode knowledge of language similarity. Ad-

ditionally, Lin et al. (2019) developed ranking models to retrieve candidate languages

for transfer learning applications and obtained positive results. They utilised a diverse

set of similarity metrics beyond language family relationships, including corpus-based

statistics and language features extracted from typological databases, such as WALS

(Dryer and Haspelmath, 2013).

In this context, it is essential to understand that there are different ways to build a

vector space representation of languages, and each approach can offer potential bene-

fits to multilingual machine translation research. This leads us to ask a key question:

is it possible to build a combined language representation that incorporates com-
plementary sources of information? To investigate this, we focus on two types of

language representations: data-driven representations learned by multilingual neural

models (Malaviya et al., 2017; Östling and Tiedemann, 2017; Bjerva et al., 2019b) and

linguistic variables extracted from typological databases (Littell et al., 2017; Dryer and

Haspelmath, 2013).

To achieve our goal of studying the application of language representations in mul-

tilingual machine translation models (see next chapter, Chapter 4), we must focus on

data-driven language representations. These are dense vectors in high-dimensional

spaces that can be learned during the training processes of multilingual language mod-

elling (Östling and Tiedemann, 2017; Bjerva et al., 2019b) or machine translation sys-

tems (Malaviya et al., 2017). The primary aim of these studies is to uncover and

analyse what kind of information can be encoded from large collections of monolin-

gual and parallel corpora about languages. Such information is valuable for transfer

learning, as Lin et al. (2019) found that corpus-based metrics are one of the most sig-

nificant factors in their study. However, the language diversity in the corpus-based

representations is limited.

On the other hand, linguistic typology databases store information about languages

that are under-represented in machine translation or NLP repositories. For example,

WALS (Dryer and Haspelmath, 2013) encodes 143 language-level features for 2,679

languages. This surpasses any multilingual machine translation dataset, which typi-

cally contains only hundreds of languages, such as the OPUS-100 with 100 languages

(Zhang et al., 2020). As surveyed by Ponti et al. (2019), linguistic typology variables,

such as the word order features shown in Table 1.1, have the potential to enhance ma-

chine translation applications (Daiber et al., 2016; Ponti et al., 2018). However, they
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are categorical or discrete features with sparse values, and the mean coverage of vari-

ables per language is barely around 14%. Therefore, combining these sparse variables

with a dense vector space of languages could enrich them and be beneficial for further

applications.

For these reasons, we propose to compute language representations using the best

of both views, typological knowledge bases and data-learned vectors, with minimal in-

formation loss, and we name them multi-view language representations. Therefore,

we compute a shared space of discrete and continuous features, where each source

embeds specialised knowledge about language similarity. The linguistic vectors can

measure typological similarity, whereas data-learned embeddings correlate with other

kinds of language relationships (e.g., genetic or cognate sharing, according to Bjerva

et al. (2019b)). To analyse whether each kind of information is induced in our new

representations, we inspect how much typological knowledge is present by predict-

ing features for new languages (typological feature prediction in §3.5), and we infer

language phylogenies to inspect whether specific relationships are induced from the

data-learned vectors (§3.6).

3.2 Related work

To build vector space representations of languages, several works have focused on

extracting language features from either typological knowledge bases or data-driven

tasks. On the typological side, Littell et al. (2017) developed the URIEL knowledge

base and the lang2vec tool, which provide a straightforward extraction of binary fea-

tures from typological, geographical, and phylogenetic databases. Using this approach,

they constructed a language representation of 103 syntax binary features by one-hot-

encoding categorical variables from the World Atlas of Language Structures (WALS)

(Dryer and Haspelmath, 2013), adding binary features from the Syntactic Structures of

World Languages (SSWL) (Collins and Kayne, 2011), and processing short descrip-

tions on syntactic typological features from Ethnologue (Simons and Fenning, 2019).

Likewise, in a series of related work, Murawaki (2015, 2017, 2018) built latent lan-

guage representations by leveraging typological linguistic variables from WALS.

On the other hand, language representations are also encoded from data-driven

tasks such as multilingual NMT or language modelling. For example, Östling and

Tiedemann (2017) learned dense language representations using a character-based neu-

ral language modelling, where a language identification token is concatenated to char
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embeddings in each time step. A similar procedure is illustrated later in Figure 3.1. Re-

lated approaches are followed by Bjerva and Augenstein (2018b); Bjerva et al. (2019b),

where they further explored what kind of language relationships are represented in the

learned embeddings. Language modelling has also been complemented with other

linguistic-related target tasks to extract more specialised embeddings, for instance, in

phonetics (Tsvetkov et al., 2016) and phonology (Bjerva and Augenstein, 2018a). In

the case of NMT, Malaviya et al. (2017) trained a many-to-English model using Bible

translations with a language identity token at the beginning of each input sentence.

They further identified that the language vectors are robust for predicting typological

features. Likewise, Tan et al. (2019) obtained NMT-learned language embeddings to

cluster the languages and train multilingual NMT models.

Our goal of combining typological variables and data-learned representations is

closer to Bjerva et al. (2019a). They built a generative model from typological fea-

tures and use language embeddings, extracted from factored language modelling at

character-level, as a prior of the model to extend the language coverage. However,

their main goal is to develop a generative model to infer typological variables and

complete empty typological database entries from the information in the data-learned

embeddings.

3.3 Multi-view language representations

We chose canonical correlation analysis (CCA) as our method for obtaining a shared

representation of languages for several reasons. First and foremost, our goal is to fuse

parallel representations of the same language into a single shared space, and CCA is

specifically designed for finding a projection of two views for a given set of data with

related parallel entries. Moreover, CCA is a well-established method with a long his-

tory of successful applications in various fields, including NLP, where it has been used

to match word translations from bilingual lexicons (Haghighi et al., 2008) and to de-

rive word embeddings (Faruqui and Dyer, 2014; Dhillon et al., 2015; Osborne et al.,

2016). Additionally, CCA-based methods are popular choices for inspecting represen-

tations extracted from neural models (Raghu et al., 2017), including multilingual NMT

models (Kudugunta et al., 2019).

Using CCA, we can find linear combinations that maximise the correlation of the

two sources in each coordinate iteratively, as described by Hardoon et al. (2004). In our

case, the two sources are linguistic typological features and data-learned embeddings.
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Represented by two random vectors X ∈ Rd and Y ∈ Rd′
, the views are projected in

a shared space with m dimensions, by maximising their correlation in each coordinate

and retaining as little redundancy as possible. CCA solves a sequence of optimisation

problems for j ∈ {1..m} where a j ∈ R1×d and b j ∈ R1×d′
:

argmax
a j,b j

corr
(

a jX⊤,b jY⊤
)

such that

corr
(
a jX⊤,akX⊤)= 0, k < j

corr
(
b jY⊤,bkY⊤)= 0, k < j

where the corr function returns the Pearson correlation between two vectors (pair-

wise element). We only retain j-th dimension if corr(a j,b j) ≥ 0.5, as we look for

moderate to strong uphill correlation scores between the transformed views.

CCA considers all dimensions of the two views as equally important. This ap-

proach is particularly useful because we want to identify the shared structure between

two potentially redundant sets of data: knowledge base features that are mostly one-

hot-encoded, and task-learned features that inherit the high dimensionality of the em-

bedding layer. However, few samples and sparsity can make the convergence harder,

so we also consider singular value decomposition (SVD) as an appealing alternative

to address the redundancy issue. SVD factorises the data matrix, composed of lan-

guage vectors in our case, to compute the principal components and singular values.

Furthermore, to deal even more with sparsity in the one-hot-encoded vectors, we adopt

a truncated SVD approximation, which is also known as latent semantic analysis in the

context of linear dimensionality reduction for term-count matrices (Dumais, 2004).

The two-step transformation of SVD followed by CCA is called singular vector
canonical correlation analysis (SVCCA; Raghu et al., 2017), and it is particularly

useful for understanding the representation learning throughout neural network layers.

SVCCA is a powerful tool for analysing the redundancy and distinctiveness of different

features, and can help us identify to what extent two representations capture the same

information about language properties.

3.3.1 Representation of unseen languages

Once the CCA-based model has been trained, it can be used to generate representations

of new languages that were not seen during training. Given a new language represented

as a typological feature vector x or an embedding y, we can obtain its CCA-based

representation z as follows:
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x′ = Uxx and y′ = Uyy

where Ux and Uy are the left singular vectors obtained from the SVD of the training

data matrices X and Y, respectively. Then, the CCA-based representation z is given

by:

z = wx
T x′ = wy

T y′

where wx and wy are the projection matrices obtained during the CCA training

phase. This allows us to represent unseen languages in the same vector space as the

trained languages, facilitating comparison and analysis. Therefore, we can take ad-

vantage of the large language coverage of typological language vectors in contrast to

data-learned language embeddings from multilingual models.

3.3.2 SVD optimisation

While performing SVD on the input views to reduce their dimensionality, we can select

an appropriate threshold that determines the variance we aim to preserve from each

view after the dimensionality reduction. Specifically, we consider a range of threshold

values in the range of 0.5 to 1.0, with incremental steps of 0.05, and select the threshold

that achieves the best performance in the specific task.

It’s worth noting that setting the threshold to 1.0 bypasses SVD altogether, resulting

in CCA being computed on the full feature vectors or embeddings. However, this may

not always be desirable, as it can lead to overfitting or computational issues for high-

dimensional input views.

In the experiments conducted in this chapter, we did not utilise a separate validation

set for hyperparameter fine-tuning. This decision was driven by the specific character-

istics of our dataset and research objectives. Firstly, our study involves a one-leave-out

cross-validation approach for the classification task of typological features (see §3.5),

where each data point serves as its own validation set during training and testing. This

methodology allows us to effectively evaluate the performance of different threshold

values on all available data points, providing a comprehensive assessment and insights

into the model’s generalisation capacity. Furthermore, the size of our language typo-

logical dataset is limited, making it challenging to reserve a portion of the data for

validation without significantly reducing the available training samples.
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Secondly, for the inference task of language phylogenies (see §3.6), the evaluation

criteria primarily focus on structural properties and the overall accuracy of the inferred

tree. The selection of the optimal threshold value for SVD dimensionality reduction

is crucial for this task. Instead of using a separate validation set, we conducted an in-

depth analysis of various SVD settings and selected the configuration that yielded the

best results based on a transparent evaluation metric.

In summary, our primary objective is to maximise performance within the con-

straints of our dataset and research goals for our proposed method and all the baselines

in each task.

3.4 Sources for language representations

After introducing SVCCA, we turn our attention to the sources or views from which

we build our SVCCA shared space. The quality and representativeness of these sources

are crucial for the effectiveness of the fused language representation.

3.4.1 Linguistic typology view

As we consistently noted, one popular source of linguistic features is WALS, which

provides a comprehensive database of structural features of languages. However,

working directly with WALS features can be challenging due to the categorical and

redundant nature of the variables, as well as incomplete data entries for many lan-

guages (Murawaki, 2015; Bjerva et al., 2019a). As an example, two redundant word

order features of WALS are “Order of Subject, Object and Verb” and “Order of Sub-

ject and Object”. To overcome these challenges, we shift our attention to URIEL, a

compilation of linguistic knowledge bases provided by Littell et al. (2017).

URIEL includes a Python library called lang2vec that has processed not only WALS,

but also the SSWL (Collins and Kayne, 2011) database and language documentation

resources from Ethnologue (Simons and Fenning, 2019). They encoded 103 linguistic

typology features from the syntax domain. These features are represented as binary

vectors, which we refer to as URIEL Syntax or US. Although many redundant fea-

tures are reduced, some binary features have a strong correlation between them, such

as S SUBJECT AFTER VERB and S SUBJECT BEFORE VERB.

In the following experiments, we will use US as one of the views to build our

SVCCA-based shared space.
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3.4.2 NMT-learned view

Following with the next view, we worked with three sets of data-learned language

embeddings extracted from different multilingual NMT models. The first two are taken

from previous studies, while the third one is developed by us.

Firstly, we exploit the NMT-learned embeddings obtained by Malaviya et al. (2017)

using Bible translations. We look for all the entries that intersect with the language

entries in US, summing up to 731 languages. They trained a many-to-English NMT

model with a recurrent neural network (Sutskever et al., 2014). To learn the language

embeddings, they added a pseudo-token identifying the source language at the begin-

ning of every input sentence, as it is shown in Figure 3.1. After the training is finished,

the vector of the language identity token is extracted from the embedding matrix. We

refer to these 512-dimensional vectors as LB.

Secondly, we use the language embeddings learned in a multilingual many-to-

English NMT model by Tan et al. (2019). They trained a small Transformer model

(Vaswani et al., 2017) (only two encoder and decoder layers) using 23 languages of

the WIT3 corpus (Cettolo et al., 2012). A significant difference from the first set of

vectors (LB) is the use of factors in the architecture, meaning that the embedding of

every input token was concatenated with the embedded pseudo-token that identifies

the source language. Figure 3.1 compares the two approaches. We refer to these em-

beddings as LW , and they have only 256 dimensions.

Finally, we train a new set of embeddings using the approach of Tan et al. (2019).

We trained a multilingual many-to-English Transformer model with factored inputs1.

However, in our case, we use 53 languages of the TED corpus processed by Qi et al.

(2018). For representing the language identification token, we prefer factored embed-

dings over initial pseudo-tokens as we identified a difference for encoding information

about language similarity. This is discussed further in the next chapter (see Chapter 4,

§4.6), where we applied our SVCCA-based language representations on multilingual

machine translation tasks.

In the following part, we introduce the 23 and 53 languages that are part of the

WIT3 and TED corpora, which are used to train the multilingual NMT models to ex-

tract the LW and LT language embeddings, respectively.

1More details about the model and training are described in Chapter 4, §4.4.1.
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(a) Initial pseudo-token

(b) Factored embeddings

Figure 3.1: Two approaches to introduce a language identity token (< lang >): (a)

Initial pseudo-token at the beginning of the input sentence; and (b) factored embeddings

concatenated to every input token. ⊕ is a concatenation operation.

3.4.3 Languages and parallel corpora

Both WIT3 (Cettolo et al., 2012) and TED (Qi et al., 2018) corpora are built upon TED

talk translations. The 23 languages processed by Cettolo et al. (2012) are included

in the URIEL database and the US vectors. However, from all the languages pre-

processed by Qi et al. (2018), we needed to manually correct the mapping of some

language ISO codes to identify the correct language vector in URIEL:

• zh (zho , Chinese macro-language) mapped to cmn (Mandarin Chinese).

• fa (fas , Persian inclusive code for 11 dialects) mapped to pes (Western/Iranian

Persian).

• ar (ara , Arabic) mapped to arb (Standard Arabic).

We also disregard working with artificial languages like Esperanto (eo) or variants like

Brazilian Portuguese (pt-br) and Canadian French (fr-ca). Therefore, we work with 53

languages in TED.

In table 3.1, we present the list of all the languages for the TED and WIT3 corpora,

alongside the following details: ISO 693-2 code, language family and the size of the
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training set in thousands of sentences. Furthermore, Figure 3.2 shows the size of each

language (paired with English) for both datasets. Language are sorted in descending

order by language family size (sum up of the each language size) and by their language-

pair size.

We observed that, besides Indo-European sub-families, language family groups

are not well-represented in either corpus, and many of these groups consist of only

one language (8 in WIT3 and 11 in TED). This emphasises the need to incorporate

additional sources of information, such as typological vectors, into the mix to achieve

more diverse representation of languages.

3.5 Analysis of typological knowledge

After introducing the SVCCA method and the views of language representation we

are fusing together, we ask whether we are preserving or enhancing the knowledge

encoded from each source in the new shared space, such as the typological knowledge

encoded in US. For this purpose, we investigate the computational typology task of

feature prediction as follows.

3.5.1 Prediction of typological features

As we explained earlier, a typological feature can be a word order specification, such

as whether the adjective is predominantly placed before or after the noun (features #24

and #25 of US). In our task, we aim to predict syntactic features (US) using various

combinations of multi-view language representations. To control phylogenetic rela-

tionships, we consider two validation settings: “one-language-out” and “one-language-

family-out” (Bjerva et al., 2019a). In the “one-language-family-out” setting, for exam-

ple, we remove an entire language family from the training set, and use it as a test

set. This setting helps us evaluate the generalisation capabilities of our models across

different languages and language families.

Previous work has shown that task-learned embeddings are potential candidates to

predict features of a linguistic typology database (Malaviya et al., 2017). Therefore,

data-learned embeddings serve as a strong baseline for our task of predicting syntactic

features. However, we aim to go beyond the baseline and enhance the NMT-learned

language embeddings with typological knowledge from their linguistic typology par-

allel view using the SVCCA method.
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Lang. family ISO Language TED WIT3 Lang. family ISO Language TED WIT3

Afroasiatic
heb Hebrew 208 184 IE/Hellenic ell Greek 132 221

arb Arabic 211 233

IE/Indo-Iranian

ben Bengali 4

Austroasiatic vie Vietnamese 169 131 urd Urdu 5

Austronesian
zlm Malay 5 mar Marathi 9

ind Indonesian 85 kur Kurdish 10

Dravidian tam Tamil 6 hin Hindi 18

IE/Albanian sqi Albanian 43 fas Persian 148 108

IE/Armenian hye Armenian 21

IE/Italic

glg Galician 9

IE/Balto-Slavic

bel Belarusian 4 por Portuguese 50 169

bos Bosnian 5 ron Romanian 178 221

slv Slovenian 19 17 fra French 189 233

mkd Macedonian 24 spa Spanish 193 220

lit Lithuanian 41 ita Italian 201 232

slk Slovak 60 93 Japonic jpn Japanese 201 224

ces Czech 101 114 Kartvelian kat Georgian 13

ukr Ukrainian 106 Koreanic kor Korean 202

hrv Croatian 120 Kra-Dai tha Thai 96 83

srp Serbian 134 Mongolic mon Mongolian 7

bul Bulgarian 172 223
Sino-Tibetan

mya Burmese 20

pol Polish 173 176 cmn Chinese 197 232

rus Russian 205 178

Turkic

kaz Kazakh 3

IE/Germanic

nob Nor. Bokmal 15 aze Azerbaijani 5

dan Danish 44 tur Turkish 179 154

swe Swedish 55

Uralic

est Estonian 10

deu German 165 207 fin Finnish 23

nld Dutch 181 238 hun Hungarian 145 240

eus Basque 5

Table 3.1: Languages included in the TED and WIT3 corpora, along with their respective

training sizes (in thousands of sentences). All languages are part of the TED corpus,

while only the languages with a size in the WIT3 column are part of that dataset. The

languages are grouped by language family (IE = Indo-European) and sorted in ascend-

ing order by their training size in the TED corpus. Basque is an isolated language

without an associated language family.

3.5.1.1 Experimental setup

Training Following previous work (Malaviya et al., 2017), we use a Logistic Re-

gression classifier per US feature, which is trained with the NMT-learned or SVCCA
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(a) Languages and sizes of the WIT3 dataset

fra ita ro
n

sp
a

po
r

bu
l

ru
s

po
l

ce
s

slk slv nl
d

de
u

ar
b

he
b

hu
n

cm
n

jp
n el
l

tu
r

vi
e

fa
s

th
a

Language

0

50

100

150

200

250
Si

ze
 (t

ho
us

an
ds

)

(b) Languages and sizes of the TED dataset
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Figure 3.2: Languages and sizes of (a) WIT3 and (b) TED corpora. The languages are

grouped and sorted by family size, and colours are only used to distinguish between

consecutive language family groups.
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one-language-out one-family-out

Single SVCCA Single SVCCA

LB (Bible) 72.77 71.68 72.15 70.62

LW (WIT-23) 81.27 84.83 79.49 79.68
LT (TED-53) 77.96 85.37 76.36 81.06

Table 3.2: Avg. % accuracy (↑) of typological feature prediction per NMT-learned and

SVCCA(US,L∗) setting.

representations in both “one-language-out” and “one-language-family-out” settings,

and we average the results.

Given that most of the languages in LW and LT are from the Indo-European lan-

guage family, we decided to split it into subgroups: Albanian, Armenian, Balto-Slavic,

Germanic, Hellenic, Indo-Iraninan and Italic/Romance, as shown in Table 3.1.

SVD parameter selection As we noted previously 3.3.2, in the SVD step, we ex-

haustively search for a threshold of accumulated explained variance of the original

dataset that achieves the best performance in the classification task. For a fair compar-

ison, we also transform the data-learned embeddings (LB, LW and LT ) with SVD and

look for their optimal variance threshold.

Inference For prediction, we use the original NMT-learned embedding or its SVCCA

projection as inputs.

3.5.1.2 Results

In Table 3.2, we observe that SVCCA outperformed their NMT-learned counterparts

for LW and LT , where the performance is significantly better for the one-language-

out setting. However, the case for the LB vectors is different, as we observed that the

SVCCA transformation did not improve their performance. One potential explana-

tion for this result is that LB has been previously trained on a large translated dataset

of more than a thousand languages from the Bible, providing it already with a strong

sense of language structures for classification tasks (Malaviya et al., 2017). In contrast,

LW and LT have only been trained on 23 and 53 languages corpora, respectively, mak-

ing it more challenging for them to capture the complexities of typological features.

Nonetheless, another interesting point to note is that the Bible data used to train LB is
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not often used in machine translation research due to its restrictive domain of religious

text.

Regarding the SVD parameter selection (see 3.3.2), we use a 0.5 threshold for the

NMT-learned vectors of LB and LW , and 0.7 for LT . In case of the SVCCA representa-

tion, SVCCA(US,LT ) uses [0.75,0.70], whereas SVCCA(US,LB) and SVCCA(US,LW )

employ [0.95,0.50] values. The parameter values are the same for both one-language-

out and one-family-out settings. We can argue that there is redundancy in the NMT-

learned embeddings, as the prediction of typological features with Logistic Regression

always prefers a dimensionality-reduced version instead of the original data (threshold

at 1.0) in every setting that we are using them.

In conclusion, the results reveal that acquiring specific typological knowledge in

language embeddings extracted from multilingual NMT models can be challenging if

the training corpora lacks sufficient diversity in terms of the number of languages (LB

versus LW or LT ). Solely relying on textual corpora to encode linguistic information

may prove disadvantageous when dealing with a limited number of languages. How-

ever, incorporating typological vectors through the use of SVCCA presents a viable

solution for inducing linguistic typology in such scenarios. These results are partic-

ularly promising for machine translation research, which frequently employs multi-

lingual datasets encompassing up to a hundred languages, such as OPUS-100 (Zhang

et al., 2020).

3.6 Language phylogeny analysis

After analysing the typological knowledge encoded in the SVCCA-based shared space

of languages, we turn our attention to another factor for measuring the encoded struc-

tural information between languages: phylogenetics. A phylogenetic tree, or phy-

logeny, is a tree-based structure that represents the evolutionary relationships between

nodes, in this case, languages. According to Bjerva et al. (2019b), there is a positive

correlation between the language distances in a phylogenetic language tree and a pair-

wise distance matrix of data-learned representations. Our goal is to investigate whether

fusing linguistic typology with SVCCA can preserve or enhance the embedded rela-

tionship information. To that end, we examine how well a language phylogeny can

be reconstructed from language representations (see §3.6.1), as well as studying the

correlation (see §3.6.2).
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3.6.1 Inference of a phylogenetic tree

Östling and Tiedemann (2017) were among the first to build a phylogenetic tree using

language embeddings extracted from a char-based language model trained on Bible

translations, and as a downstream analysis, they conducted a qualitative evaluation

of a language tree of the Germanic branch. In contrast, Rabinovich et al. (2017) pro-

posed the task of reconstructing or inferring a language phylogeny from textual corpora

by extracting feature vectors from a collection of translated texts. Although they did

not use data-learned language embeddings, they systematically compared the resulting

trees with a gold standard phylogenetic tree built by Serva and Petroni (2008), which

included 17 languages from Germanic, Italic, and Balto-Slavic groups. Building on

these previous works, our study aims to reconstruct a phylogeny from various lan-

guage representations and compare it with an established phylogenetic tree to further

investigate the relationship information that is encoded.

3.6.1.1 Experimental design

Following previous work (Rabinovich et al., 2017), we choose the tree of 17 Indo-

European languages proposed by Serva and Petroni (2008) as the Gold Standard, which

is shown in Figure 3.3a. It is worth noting that we do not generalise the analysis for

more languages, as the inferred tree of Serva and Petroni (2008) is only an approxima-

tion by lexicostatistic methods (see §3.6.2). Likewise, for the dendrogram inference,

we employ agglomerative clustering with variance minimization (Ward Jr, 1963) as

the linkage method and cosine similarity as proposed by Bjerva et al. (2019b)2.

In order to evaluate the effectiveness of different language representations, we have

generated a phylogeny from each individual view, including the typological and NMT-

learned views, as well as their SVCCA composition. Additionally, we have taken a

concatenation (⊕) of the typological and NMT-learned views as a baseline. To ensure

the consistency and reliability of our results, we have performed a SVD parameter

selection for all vectors, including the concatenation baseline, as described in §3.3.2.

It is worth noting that neither the NMT-learned nor the concatenated vectors con-

tain all 17 language entries of the Gold Standard. This highlights one of the significant

advantages of the SVCCA vectors, as they are capable of representing “unknown” or

unseen languages using one of the views, as discussed in §3.3.1. For instance, from

2More details about the agglomeration clustering algorithm are described in Chapter 4, §4.3.1, where
we focus on the language clustering task in multilingual NMT.
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the 17 entries in the LW embeddings of Tan et al. (2019), we lack five language vectors

(English, Swedish, Danish, Latvian, Lithuanian), and for our LT embeddings, there are

no entries for English and Latvian.

3.6.1.2 Evaluation metric

Previous studies (Rabinovich et al., 2017) evaluated the task by calculating the distance

between the hypothesised tree and the GS tree. This distance was computed as the

sum of squared differences between the leaf-pair distances of the two trees. However,

interpreting the results solely based on these values, which are between 0 and 1, can

be challenging.

In contrast, we propose using a tree edit-distance metric to achieve more easily

interpretable results. This type of metric measures the minimum cost of transforming

one tree into another by inserting, deleting or modifying (the label of) a node. To this

end, we used the All Path Tree Edit Distance algorithm (APTED; Pawlik and Augsten,

2015, 2016), a novel one for the phylogenetic inference task. By using an edit-distance

method, we are able to assess the degree of impact of a single change of linkage in the

Gold Standard more transparently.

Complementary, as we need to compare inferred pruned trees with different num-

ber of nodes, we provide a normalised version given by: nAPTED=APTED/(|GS |+
|τ|), where τ is the inferred tree and the operator |.| indicates the number of nodes. The

denominator then is the maximum cost possible of deleting all nodes of τ and inserting

each Gold Standard node. By using the normalised metric, we are able to account for

the fact that a tree with fewer nodes may require fewer edit operations to transform it

into the Gold Standard tree.

3.6.1.3 Results

Table 3.3 shows the results for all settings, and it can be observed that the single-view

(US, LB, LW , and LT ) scores are generally poor. For example, the US inferred tree

(Fig.3.3c) requires 30 edits to match the Gold Standard. However, the LT (Fig.3.3d)

tree requires half the number of edits to match the Gold Standard.

The best absolute and normalised scores were obtained by fusing the typological

vectors (US) and the data-learned embeddings (LT ) with SVCCA (Fig. 3.3b). In the

resulting tree, English is projected in the Germanic branch, and Latvian is separated

from the Balto-Slavic group. Although Bulgarian is misplaced in the SVCCA-based
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(a) Gold Standard
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Figure 3.3: Gold Standard phylogeny (a) and reconstructed trees (b-d). LT is smaller.
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KB-view

US (Syntax) 30 (0.45)

NMT-learned US ⊕L∗ SVCCA(US,L∗)

LB (Bible) 35 (0.54) 27 (0.42) 23 (0.34)

LW (WIT-23) 35 (0.62) 23 (0.41) 27 (0.48)

LT (TED-53) 15 (0.26) 18 (0.29) 10 (0.15)

Table 3.3: APTED (and nAPTED) scores (↓) between the GS and inferred trees from

all scenarios. APTED ranges from 0 (no difference) and the size of the tree at most.

NMT-learned and concatenation (⊕) can only reconstruct pruned trees of 16 (LB), 12

(LW ) and 15 (LT ) languages.

tree, it appears to be an issue inherited from the original LT representation (Fig. 3.3d).

Nevertheless, the inferred tree by SVCCA(US,LT ) required only ten edits to match the

Gold Standard, which is significantly lower than the maximum possible cost of 66.

This confirms that our approach is a robust alternative for completing language entries

and inferring a language phylogeny.

In conclusion, the use of typological knowledge with SVCCA enhances the lan-

guage relationships encoded in the NMT-learned embeddings. Moreover, the SVCCA

approach generates trees with complete nodes (17), while LW or LT (and the concate-

nation baselines that use them) can only generate 11 or 12 nodes, respectively. In

the following section (§3.6.2), we will further discuss the kind of relationships we are

representing in the NMT-learned embeddings and SVCCA and study their correlation.

3.6.2 Correlation of SVCCA with genetic similarity

Previous research by Bjerva et al. (2019b) has suggested that raw language embed-

dings from language modelling can correlate with genetic and structural similarity.

They investigated this by correlating a distance matrix with pairwise-leaf-distances of

the Gold Standard tree. However, Serva and Petroni (2008) originally inferred the

phylogeny by comparing the translated Swadesh list of 200-words with Levenshtein

(edit) distances (Dyen et al., 1992). This list is a crafted set of concepts (e.g. “I”,

“eye”, “sleep”) for comparative linguistics and is usually processed by lexicostatistics

methods to study language relationships through time. Therefore, it is more accurate

to argue that corpus-based embeddings could partially encode lexical similarity of lan-

guages.
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To further investigate the language representations, we correlated the Gold Stan-

dard’s cophenetic matrix and the pairwise cosine-distance matrices of US, LT , and

SVCCA(US,LT ) language representations. The cophenetic matrix is a distance matrix

that represents the pairwise distances of the hierarchy’s leaves (languages) in a tree.

Similar to Bjerva et al. (2019b), we used the Spearman correlation coefficient, which

is non-parametric, to measure the association between the matrices. Table 3.4 shows

the correlation coefficients with p-values < 0.001, where we observe that SVCCA has

enhanced the correlation of US and LT .

Our conclusion is that typological knowledge strengthens the representation of

lexical similarity within NMT-learned embeddings. However, further investigation

is needed to explore the relationship between corpus-based embeddings and struc-

tural similarity, which can be done by computing a distance matrix using syntax-

dependency-tag counts per language from annotated treebanks (Bjerva et al., 2019b).

Lang. representation Corr. coeff.

US 0.48

LT 0.68

SVCCA(US,LT ) 0.80

Table 3.4: Spearman correlation coefficients between the Gold Standard tree’s cophe-

netic matrix and each language representation’s pairwise cosine-distance matrix (p-

values<0.001).

3.7 Conclusion

In this chapter, we have presented a method, based on SVCCA, for constructing a

typologically-aware vector space representation of languages by fusing language em-

beddings extracted from multilingual NMT models with linguistic variables of syntax

from typology databases. Our goal was to investigate whether the proposed method

for combining typology data and NMT embeddings effectively enhances the vector

space representation of languages itself, and whether it successfully preserves both the

typology knowledge and data-driven learned information in a single representation.

We tested the effectiveness of our method on a task of typological feature predic-

tion, and found that acquiring specific typological knowledge in language embeddings

extracted from multilingual NMT models can be challenging if the training corpora
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lacks sufficient diversity in terms of the number of languages. However, incorporating

typological vectors through the use of SVCCA presents a viable solution for induc-

ing linguistic typology in such scenarios. These results are particularly promising for

machine translation research, which frequently employs multilingual datasets encom-

passing up to a hundred languages.

Furthermore, we applied our method to the task of phylogenetic tree inference

from language representations and found that the use of typological knowledge with

SVCCA enhances the language relationships encoded in the NMT-learned embed-

dings. Additionally, the SVCCA approach generates trees with complete nodes, while

other baselines can only generate incomplete trees. Finally, we investigated a further

correlation of genetic relationships and found that typological knowledge strengthens

the genetic or lexical similarity within NMT-learned embeddings.

Overall, our findings demonstrate that incorporating typological knowledge into

multilingual NMT models can effectively enhance the representation of languages and

language relationships. However, further research is needed to fully explore the impact

of typology on multilingual NMT models (see Chapter 4) and to extend the datasets to

a more diverse set of languages (see Chapter 6).



Chapter 4

Language Representations in

Multilingual NMT

Our primary objective is to explore the impact of linguistic typology variables and

knowledge on machine translation. In the preceding chapter (Chapter 3), we success-

fully constructed a vector space of languages that integrates typological language rep-

resentations and NMT-learned embeddings. In this chapter, we investigate the potential

of utilizing the language similarity captured in the vector space of the multi-view lan-

guage representations to improve multilingual NMT applications. To achieve this goal,

we focus on a language clustering task in multilingual NMT Tan et al. (2019) and ex-

tend the analysis by adapting the ranking approach of Lin et al. (2019) for multilingual

models. The content of this chapter is based on Oncevay et al. (2020).

4.1 Introduction

Our question is: can we leverage a combined language space of typological lan-
guage vectors and NMT-learned embeddings to improve multilingual machine
translation? Language similarity or relationships between languages have been essen-

tial factors for studying transfer learning and multilingual learning approaches in ma-

chine translation. For example, some researchers argue for the relevance of language

family relationships for selecting parent language-pairs in transfer learning (Zoph et al.,

2016), while others suggest that more data or data-based factors are preferable for ef-

fective transfer (Kocmi and Bojar, 2018). Likewise, Lin et al. (2019), determined

that corpus-based metrics are more relevant than typological similarity or geographi-

cal proximity for choosing candidate languages for transfer learning.

47
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Furthermore, in the context of multilingual settings, qualitative analyses of the

encoded representations in multilingual NMT models have also shown evidence of

capturing traits of language family relationships (Kudugunta et al., 2019). Therefore,

identifying pairs of languages that are more related by different factors has been a

widely-used approach in these kinds of applications.

To take advantage of our vector space of languages in multilingual NMT, we must

consider different approaches that have been taken to improve it. Deepening the model

(Zhang et al., 2020), adding language-specific modules (Bapna and Firat, 2019), or di-

viding the model into shared and language-specific parameters (Lin et al., 2021) have

been some of the attempts that have shown overall positive outcomes. However, our fo-

cus is on reducing negative interference by creating smaller multilingual models rather

than a large one, as proposed by Tan et al. (2019). Specifically, they introduced the lan-

guage clustering task for multilingual NMT, using data-learned language embeddings

to measure similarity and group languages accordingly.

Therefore, we consider that our combined language representation, which inte-

grates NMT-learned language embeddings with typological vectors, and enhances their

genetic or lexical relationships as demonstrated in §3.6.2, could have a significant im-

pact on multilingual NMT. In the following section, §4.2, we outline our approach for

language clustering, and further argue about the benefits of clustering new languages

for a multilingual model using our multi-view language representations in §4.5.4. Af-

terwards, in §4.6, we discuss that using factored embeddings is the preferred setting

for training language representations for clustering tasks. Finally, as a complementary

analysis in §4.7, we adapt the ranking approach of Lin et al. (2019) and leverage the

distance in our language space to select candidate languages for training multilingual

models.

4.2 Language clustering in multilingual NMT

Clustering can be a midway point between managing individual pairwise systems and

training large multilingual models, as illustrated in Figure 4.1. Large multilingual

NMT models have the potential to improve translations for low-resource languages

and enable zero-shot translation, making them a popular approach in the field. Al-

though their training process is simpler, they can be resource-intensive (Johnson et al.,

2017). On the other hand, pairwise systems have historically performed better for

high-resource language pairs, although the gap has been drastically reduced recently
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Figure 4.1: Language clustering aims to reduce negative interference by grouping sim-

ilar languages.

(Bapna et al., 2022). However, in low-resource settings, bilingual systems typically

exhibit suboptimal performance due to the limited amount of training data available

(Haddow et al., 2022).

In this context, the language clustering task aims to find an optimal group of lan-

guages that maximises positive transfer and minimises negative interference in multi-

lingual NMT (Tan et al., 2019). Clustering is a class of unsupervised machine learning

algorithms that groups related objects together to discover patterns and structures in

data that are difficult to detect manually. In the context of multilingual NMT, cluster-

ing algorithms can group languages based on their similarities in a vector space.

Building on the work of Tan et al. (2019), we propose a new approach for clustering

related languages in multilingual NMT. While their approach required a new model to

be trained for any new language added to the cluster, our multi-view representations

can easily handle unseen languages, as explained in §3.3.1. In the following section,

§4.3, we elaborate on our methodology for clustering. Then, §4.4 describes the exper-

imental setup used to evaluate our approach, and finally, §4.5 presents and discusses

the results of our experiments.

4.3 Methodology for clustering

First, we present the clustering method that we used in our experiments (see §4.3.1)

and we detail the criterion that we used to determine the optimal number of clusters

(see §4.3.2). Then, we introduce the datasets and languages we worked with (see

§4.3.3). Finally, we describe the baselines that we used for comparison and evaluation

(see §4.3.4).
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4.3.1 Clustering method

Similar to Tan et al. (2019), we use hierarchical agglomeration with average linkage

and cosine similarity, which is described in Algorithm 1. Average linkage, also known

as UPGMA (Unweighted Pair Group Method with Arithmetic Mean), computes the

distance between two clusters as the average distance between all pairs of points in the

two clusters.

Algorithm 1: Hierarchical agglomerative clustering with average linkage and

cosine similarity
Input: List of language represented as feature vectors

Output: Dendrogram of languages

1 for each language representation do
2 Initialize a cluster containing only this language;

3 end
4 while number of clusters is greater than 1 do
5 Compute the cosine similarity between all pairs of clusters;

6 Merge the two clusters with the highest similarity using average linkage:

davg(Ci,C j) =
1

nin j
∑

x∈Ci

∑
y∈C j

d(x,y),

where d is the cosine similarity and ni,n j are the number of elements in

clusters Ci,C j, respectively;

7 end

The output is a dendrogram, and we must select a level to define the final number

of clusters and their respective languages. See Figure 4.2 for a graphic example. How-

ever, we differ from Tan et al. (2019) in the criterion for choosing the optimal number

of clusters, as we explain in the following part.

4.3.2 Selection of number of clusters

The elbow method (Thorndike, 1953), used by Tan et al. (2019), aims to identify an

optimal number of clusters. This is done by plotting the sum of squared distances from

the cluster centres of each data point, languages in our case, to the number of clusters.

As the number of clusters increases, the sum of squared distances typically decreases;

however, this sum will eventually become marginal as the number of clusters increases.
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Figure 4.2: Dendrogram of the Gold Standard language phylogeny from Serva and

Petroni (2008). To define the number of clusters, threshold A splits the dataset into

three clusters (the three Indo-European language branches of Balto-Slavic, Italic and

Germanic), whereas threshold B splits more granulated groups (12).

The ‘elbow’ point on the graph is where the number of clusters is optimal, as this is

where we can see a significant decrease in the sum of squared distances from the cluster

centres. However, as we can see in Figure 4.3, the heuristic is shallow and might be

ambiguous.

Instead, we propose applying the silhouette analysis to determine the optimal num-

ber of clusters (Rousseeuw, 1987). It is based on the idea of comparing how similar

each element is to its assigned cluster versus how similar it is to the other clusters, and

the following formula explains it:

silhouette(i) =
b(i)−a(i)

max{a(i),b(i)}
(4.1)

where i is the index of a language feature vector; a(i) is the average cosine distance

between i and all other languages in its cluster; and b(i) is the average cosine distance

between i and all languages in the nearest neighbouring cluster.

This method produces a score for each language point in the [-1,1] range that can

be used to assess the overall clustering quality. A sample cluster with a silhouette close

to 1 indicates that it is cohesive and well-separated. With the average silhouette of all

language points, we inspect the different numbers of clusters and look for the peak

value above two.

In Figure 4.3, we compare the Elbow method with the silhouette score for cluster-

ing the 53 TED languages using our multi-view language representations that combine

typological vectors (US) and learned embeddings (LT ). The Elbow criterion is ambigu-
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Figure 4.3: Elbow method (left) versus Silhouette analysis (right) for clustering the 53

languages of TED using SVCCA(US,LT ).

ous, whereas the silhouette score peaks at 10 clusters, which is the number we select.

We later present the dendrogram and the language clusters in the results section (§4.5)

and display them in Figure 4.5a.

4.3.3 Dataset and languages

For our dataset and languages, we used the corpus that was processed and tokenised

by Qi et al. (2018). This corpus includes 53 languages (TED-53) paired with English

and is the same dataset from which we previously learned our LT embeddings (refer

to Chapter 3 for more information). We selected TED-53 instead of the 23 languages

used by Tan et al. (2019) to allow for an analysis of how to extend the clusters of

languages when we lack data-learned embeddings for some of them.

Regarding processing the dataset, we drop any sentences from the training sets that

overlap with any of the test sets. Since we are building many-to-English multilingual

systems, this is important, as any such overlap will bias the results.

4.3.4 Clustering baselines and approaches

Continuing with the methodology, we list the baselines and clustering approaches as

follows:

1. Individual: A pairwise model per language paired with English, which serves as

a significant baseline for high-resource language pairs.

2. Massive: A single model for all languages, which is a relevant baseline for eval-

uating low-resource language pair performance.
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3. Language families or Family: As we mentioned earlier, several studies have

focused on language families to analyze transfer learning approaches and multi-

lingual models (Zoph et al., 2016; Lin et al., 2019; Kudugunta et al., 2019). We

divide the 33 Indo-European languages from the TED dataset into 7 branches.

4. Syntax or US: If we want to assess the impact of our multi-view language repre-

sentations, we also need to compare the performance of the clusters obtained by

each source, in this case, the typological Syntax vectors.

5. Learned or LT : Similar to Syntax, we compare the performance of the NMT-

learned view as a significant baseline. These language embeddings are trained

from the same TED-53 dataset. Details about how we extracted them are in

§3.4.2.

6. Concatenation or ConCAT or US ⊕ LT : Based on our previous experiments in

language phylogeny (see §3.6), we consider this a strong and straightforward

baseline for combining two views.

7. SVCCA-53: Our multi-view representation with SVCCA, which composes both

US and LT (53 languages) vectors.

8. SVCCA-23: Similar to the previous setting, but we use the set of 23 language

embeddings of LW instead (Tan et al., 2019) and project the 30 unseen languages

using their typological view, according to §3.3.1.

With the last approach, we are interrogating whether SVCCA is a useful method

for rapidly increasing the number of languages in a multilingual setting without re-

training massive models. In contrast, new languages would require their NMT-learned

embeddings for clustering using the LT and concatenation baselines.

4.4 Experimental setup

To evaluate the performance of the clustering approaches, we focus on a many-to-

English multilingual NMT task. This setting is commonly used to simplify the eval-

uation process, but similar experiments could be conducted in other settings, such as

one-to-many multilingual NMT.
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Afterwards, we delve into the specifics of our model and training settings in §4.4.1.

We then describe the process of fine-tuning the SVD parameter, which is an important

step in building our SVCCA representations, in §4.4.2.

4.4.1 Model, training and evaluation

In this part, we list all the configurations used for training the NMT models:

Subword segmentation model We jointly learn 90k shared sub-words with the byte

pair encoding (Sennrich et al., 2016b) algorithm built in SentencePiece (Kudo and

Richardson, 2018).

NMT architecture Similar to Tan et al. (2019), we train small Transformer models

(Vaswani et al., 2017) with 2 encoder and decoder layers.

NMT toolkit We opted to use two different NMT toolkits for our experiments. First,

we used Nematus (Sennrich et al., 2017) to train a 53-multilingual NMT model with

the TED-53 corpus and extract the factored language embeddings (LT ). Nematus al-

lowed us to configure the factors, which was not possible with other toolkits. For the

remaining experiments, we chose the Marian NMT (Junczys-Dowmunt et al., 2018)

toolkit as it is efficient in training multiple models due to its optimised code, making it

ideal for our large-scale experimental setup1. To identify the source language in Mar-

ian NMT, we used the initial pseudo-token setting. We did not need to retrieve new

language embeddings after training each model, as we only required the NMT-learned

embeddings from the large model of 53 language-pairs.

Data sampling and batches Following Tan et al. (2019), we up-sample the training

data per language and maintain language-wise proportionality within each batch. Ad-

ditionally, we let Marian NMT automatically determine the mini-batch size based on

the sentence-length and available memory (using the mini-batch-fit parameter).

GPUs and training We train our models with up to four NVIDIA P100 GPUs us-

ing Adam optimiser (Kingma and Ba, 2015) with default parameters (β1 = 0.9,β2 =

0.98,ε = 10−9). We chose these default optimiser settings as they have been widely

1In the results section, we report all results, including the large model, from training with Marian-
NMT.
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used in previous works (Tan et al., 2019) and have shown good performance. Addi-

tionally, using multiple GPUs for training large models is a common practice in the

literature (Johnson et al., 2017; Bapna et al., 2022), as it can significantly reduce the

training time without sacrificing performance.

Validation and evaluation metric Finally, we used early stopping at 5 validation

steps for the cross-entropy metric, and for evaluating the translations, we used sacre-

BLEU (Post, 2018) which the following evaluation string:

BLEU+case.mixed+numrefs.1+smooth.exp+tok.13a+version.1.3.7.

4.4.2 SVD explained variance for SVCCA

As we discussed in the previous chapter (Chapter 3, §3.3.2), we fine-tune the threshold

of the explained variance ratio for the SVD step to avoid redundancy from the typo-

logical vectors or NMT-learned embeddings while computing our multi-view language

representation. Particularly for this task, different values of the variance threshold may

result in different clustering settings for each representation. However, we cannot per-

form an exhaustive analysis, as was done in the previous computational typology tasks

where we exhaustively searched for the best-performing parameter, since training dif-

ferent cluster-based multilingual NMT models is prohibitively expensive in terms of

resources.

To fine-tune the threshold of the explained variance ratio for the SVD step, we take

inspiration from the bootstrap clustering methodology (Nerbonne et al., 2008). This

approach involves repeatedly sampling a dataset with replacement and calculating a

statistic of interest for each sample to estimate its variability. In our case, we use it to

assess the stability of our number of clusters given by the peak silhouette score (see

§4.3.2 and Eq. 4.1).

For example, we start by obtaining all possible transformations of the 53 NMT-

learned language embeddings (US) using a range of SVD thresholds from 0.5 to 1.0

with a step of 0.05. Then, we iteratively compute the cluster using 10 to 53 languages,

and perform resampling bootstrapping for each iteration (e.g. first we select, 100 times,

10 random languages from the pool of 53). At each step, we calculate the peak silhou-

ette score to determine the optimal number of clusters and plot the number of clusters

against the number of languages (see Figure 4.4). Finally, we select the SVD threshold

value that shows a steady increase in the number of clusters, or in other words, the
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Figure 4.4: Analysis of the number of clusters per total languages using bootstrap clus-

tering and the specific SVD thresholds of explained variance ratio: 0.65 for US and 0.60

for LT . We show the confidence interval computed from the bootstrapping, and we ob-

serve that the number of clusters is stable since 36 and 35 languages for US and LT

vectors, respectively.

least variability throughout the incremental bootstrapping.

Figure 4.4 shows the selected SVD threshold for US and LT , which are 0.65 and

0.60, respectively. In both cases, we observe that the number of clusters stops in-

creasing after reaching a specific number of languages. Other configurations for the

SVD parameter do not exhibit this pattern. These parameter values are applied to the

concatenation baseline, single-view vectors, and the SVCCA approaches (see 4.3.4).

4.5 Language clustering results

In this section, we present the results of our language clustering task for multilin-

gual NMT, following the methodology and experimental setup described in the pre-

vious parts. We begin by discussing the composition of the clusters obtained using

the SVCCA method in §4.5.1, providing insight into the relationships captured by our

approach. Next, in §4.5.2, we analyse the clustering results grouped by training size

bins, allowing us to explore the effects of dataset size on the quality and consistency

of the clusters. To further investigate the patterns and dynamics of the language rela-

tionships in the clustering, we also discuss the results by language families in §4.5.3.

Finally, as a reference, we provide the translation results per language and baseline in

Table 4.2 at the end of the section. Our goal is to provide a comprehensive evaluation
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(b) SVCCA-23(US,LW ): SVCCA representations of Syntax and WIT-23
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(c) US: Syntax
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(d) LT : NMT-learned from TED-53 (using factors)
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(e) US ⊕LT : Concatenation of Syntax and TED-53
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Figure 4.5: Silhouette analysis and dendrograms for (a) SVCCA-53(US,LT ); (b)

SVCCA-23(US,LW ); (c) US or Syntax; (d) LT or NMT-learned embeddings; (e) US ⊕LT

or concatenation. Using the silhouette score, we automatically select the highest peak

(greater than 2) and represent the language clusters with different consecutive colours.

For instance, there are 10 clusters in (a) and (b).
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of the effectiveness and potential of our approach, as well as to offer insights into the

linguistic diversity and language relationships captured by our methodology.

4.5.1 Cluster composition

In Figure 4.5, we can observe that the silhouette score for SVCCA-53 (Fig. 4.5a)

indicates that ten clusters are the optimal setting for achieving more cohesive and

better-separated groups, which are shown in the dendrogram by consecutively different

colours. It is also notable that the sizes of the clusters do not exhibit high variance, with

the smallest one containing only 3 languages (Greek-Arabic-Hebrew) and the largest

one having seven entries. In contrast, the concatenation baseline (Fig. 4.5e) is split

into 18 clusters by the silhouette analysis, with an average of 2.9 languages per cluster.

This is not a practical choice for maintaining NMT systems in production. Arabic, for

instance, is left alone in a cluster, whereas neither SVCCA-53 nor SVCCA-23 has a

cluster with only one member.

Furthermore, we can observe, in SVCCA-53, that some of the languages are grouped

by phylogenetic (e.g., the Spanish-Galician-Italian-Portuguese subgroup) or geograph-

ical criteria (e.g., Japanese-Korean or Thai-Vietnamese subgroups). These agglomera-

tion patterns are evident in both the typological view (Fig. 4.5c) and the NMT-learned

(Fig. 4.5d) embeddings. This is an encouraging result as it indicates that both sources

of information about language relationships are preserved in the combined representa-

tion, each with specific language properties and encoded relationships.

Regarding the typological view or US (Fig. 4.5c), we observe that it only splits three

clusters by its silhouette analysis, with one of them being a large group. This suggests

that using only typological information, it is difficult to split highly related languages,

such as the large Indo-European group. In contrast, with the NMT-learned embed-

dings or LT (Fig. 4.5d), we observe good cohesion in small groups of languages (for

sub-families), but high-level connections are missed, with the Indo-European groups

segregated and mixed with other language families. However, this is not necessarily

a negative outcome, as the NMT-learned embeddings encode a different type of rela-

tionship from the corpus, which could be more related to shared vocabulary (or lexical

similarity, as we studied in §3.6.2) or even the domain of the texts for each language-

pair. However, it is noteworthy that the combined SVCCA-53 representation retains

and combines all of these sources of information.

Upon closer inspection, we observe that some entries do not correspond to their
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respective family branches. Such observations are not surprising, since they can be

attributed to the encoded information from the single-view sources. For instance, the

LT phylogenetic tree (Fig. 3.3d) “misplaced” Bulgarian within Italic languages. How-

ever, these unexpected agglomerations may uncover surprising clusters that could help

avoid isolating languages without close relatives, such as Basque or even Japanese,

which is the only Japonic member in the set of languages. Therefore, the cluster

composition of the SVCCA-53 representation can help identify hidden relationships

between languages that may not be immediately apparent using traditional typological

or NMT-learned embeddings.

Similar patterns emerge in the clustering with the SVCCA-23 language represen-

tations, which will be discussed with more detail in a specific section (see §4.5.4).

4.5.2 Training size bins

Next, our aim is to assess the impact of different clustering settings on language pairs

of varying sizes, ranging from low to high. To this end, we segregate the language pairs
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Train-size bins for TED53
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Figure 4.6: Box plots of BLEU scores per training-size bins. Each bin is represented

by the range of minimum and maximum training size, and they group 14, 14, 13, and

12 languages, respectively. The box in each plot corresponds to the interquartile range

(IQR), covering the middle 50% of the data. The whiskers extend up to 1.5 times the

IQR above the third quartile (Q3) and down to 1.5 times the IQR below the first quartile

(Q1). Outliers, shown as diamonds, are individual data points that fall beyond this range.
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based on the number of training sentences they have, and group them into bins with

similar sizes. The upper bounds of the bins are manually defined as [10,75,175,215]

thousands of training sentences, resulting in groups of [14,14,13,12] languages, re-

spectively. Figure 4.6 displays the box plots of BLEU scores, allowing us to analyse

the mean and variance of each distribution. Complementary, Table 4.2, at the end of

the results section, shows the languages per bin and their scores for all the baselines.

In all bins, we observe that both SVCCA-53 and SVCCA-23 consistently achieve

competitive performance compared to the best baseline in each group. In other words,

their clusters provide stable performance for both low and high-resource languages.

When considering the first two bins, which represents the extremely low-resource

and low-resource scenarios, the Massive baseline and Syntax or US (with its large

cluster of 36 languages) outperformed the rest of the approaches as expected. However,

our analysis reveals that the SVCCA-53 aand SVCCA-23 approaches, with smaller

clusters of at most 7 or 13 languages, respectively, perform almost as well than US in

the first bin, and achieve a comparable performance to the two baselines in the second

bin. It is worth noting that the other baselines underperformed in the extremely low-

resource setting, with exception of Family, which achieved a comparable performance

to SVCCA-53. The reason is that most of the languages that belong to the first bin

are paired with 2 or more extra languages by their family relationships. The only

exceptions are Basque, Tamil and Mongolian, which are unique family members, and

Malay which is paired with Indonesian only.

On the other end of the spectrum, in the rightmost bin representing the highest

resource languages, Massive and US perform as expected by achieving worse results

than the SVCCA and other baselines. It is worth noting that the SVCCA approach still

demonstrates competitive accuracy compared to the Individual and Family approaches

in this bin, despite the expectation that these approaches would perform better for

higher-resource languages due to their large number of clusters with only one language,

which favours high-resource settings.

Moreover, the family-based clusters maintain steady performance across most bins

but the lowest setting, appearing as a robust alternative. However, it is essential to

note that the linguistic diversity of multilingual machine translation datasets may not

always support this approach. Out of 53 languages, only 20 do not belong to the

Indo-European family, and these 20 languages are spread across 12 different language

families. This indicates that very few families with more than two languages are repre-

sented in the dataset. Additionally, there is one isolated language, Basque, that cannot
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be paired with any other language, even if the dataset is extended.

Other approaches, like using the NMT-learned embeddings (LT ) as proposed by

Tan et al. (2019) or the concatenation baseline (ConCAT), obtain similar translation

results in the last three bins. However, obtaining the NMT-learned embeddings (for

LT and ConCAT) requires training a massive model on all 53 languages first, whereas

using SVCCA and a pre-trained smaller set of language embeddings is sufficient for

projecting new representations, as we show with our SVCCA-23 approach and will

discuss further in §4.5.4. This highlights the practical advantages of SVCCA in terms

of efficiency.

4.5.3 Results by language families

Following the guidelines of Anastasopoulos (2019) for evaluating multilingual bench-

marks, we have grouped the scores by language families, as shown in Table 4.1. It is

worth noting that most of the approaches have obtained clusters with similar overall

translation family-weighted accuracy, except for the individual models, which signif-

icantly underperform. The poor performance is transferred to the Family baseline, as

most of the groups contain only one language, given the low language diversity of the

dataset. We note again that having single-language clusters is inefficient for deploy-

ment purposes.

The US vectors achieve the highest overall accuracy, mainly due to its large cluster

of 36 languages covering different language family groups (see Fig. 4.5c). Meanwhile,

SVCCA-53 achieves the second-best overall result, by a small margin, with 3 to 7

languages per cluster, which are usually faster to train. Similarly, SVCCA-23 achieves

competitive performance. Besides, the Massive model, the LT embeddings, and the

concatenation baseline present competitive scores as well. However, we note again

that the first requires more resources to train until convergence, whereas the last two

require the 53 pre-trained embeddings from a previously trained massive system.

Upon closer inspection, we can see that for the isolated language Basque, the best-

performing cluster for the language, besides the massive model and the large cluster of

US, is SVCCA-23, followed by SVCCA-53. The former groups Basque with Arabic

and Hebrew (see Fig. 4.5b), which are part of the Afroasiatic group and are not geneti-

cally related to Basque, although they share some typological similarities, particularly

in terms of their rich inflectional morphology. Interestingly, Basque is closer to the

Afroasiatic pair in the US dendrogram than in the LT one, for instance (see Fig. 4.5c
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Lang. families # L Size(k) Ind. Mass. Fam. US LT ConCAT SVCCA-53 SVCCA-23

Isolate (Basque) 1 5 2.20 11.10 2.20 10.90 5.60 3.90 6.40 ∆-4.7 10.10 ∆-1.0

Dravidian 1 6 1.40 5.10 1.40 4.00 2.80 2.60 2.70 ∆-2.4 2.30 ∆-2.8

Mongolic 1 7 2.70 6.90 2.70 5.70 3.90 3.50 5.20 ∆-1.7 6.10 ∆-0.8

Kartvelian 1 13 5.80 14.30 5.80 14.50 8.80 4.60 5.60 ∆-8.9 5.50 ∆-9.0

IE/Armenian 1 21 9.00 16.30 9.00 16.90 9.80 13.20 13.30 ∆-3.6 12.20 ∆-4.7

IE/Albanian 1 44 20.80 27.80 20.80 29.10 28.60 31.60 26.30 ∆-5.3 25.80 ∆-5.8

Kra-Dai 1 97 15.40 16.80 15.40 16.90 19.00 17.60 17.70 ∆-1.3 17.70 ∆-1.3

IE/Hellenic 1 132 31.90 29.90 31.90 30.90 32.20 33.40 34.20 32.70 ∆-1.5

Austroasiatic 1 170 22.70 20.30 22.70 21.60 23.60 22.20 22.30 ∆-1.3 22.30 ∆-1.3

Japonic 1 201 9.80 8.50 9.80 8.60 10.80 10.80 9.80 ∆-1.0 9.70 ∆-1.1

Koreanic 1 203 14.40 12.20 14.40 11.90 15.10 15.00 13.30 ∆-1.8 5.80 ∆-9.3

Austronesian 2 91 13.95 22.20 18.50 22.85 17.25 15.55 23.05 23.05

Sino-Tibetan 2 218 9.90 11.90 10.75 9.95 10.90 9.95 11.20 ∆-0.7 9.05 ∆-2.8

Afroasiatic 2 420 29.45 22.45 30.20 23.70 27.65 28.40 29.70 ∆-0.5 29.10 ∆-1.1

Uralic 3 180 11.13 15.03 13.00 15.63 12.57 11.37 13.93 ∆-1.7 15.20 ∆-0.4

Turkic 3 189 8.27 9.33 8.87 8.87 9.40 8.73 9.23 ∆-0.2 9.43

IE/Germanic 5 462 27.70 30.74 34.18 31.90 32.60 32.76 34.68 34.56 ∆-0.1

IE/Indo-Iranian 6 198 7.20 12.32 7.18 10.07 8.45 7.70 6.30 ∆-6.0 8.63 ∆-3.7

IE/Italic 6 823 28.67 29.15 34.02 30.32 33.50 33.65 33.65 ∆-0.4 32.90 ∆-1.1

IE/Balto-Slavic 13 1,171 17.74 22.26 23.88 23.24 22.05 21.30 22.39 ∆-1.5 21.71 ∆-2.2

Weighted average → 16.70 19.76 19.79 20.03 19.60 19.16 19.97 ∆-0.1 19.82 ∆-0.2

Number of clusters/models → 53 1 20 3 11 18 10 10

Table 4.1: BLEU score average per language family (IE=Indo-European). Every method

includes the weighted BLEU average per number of languages (#L) and the number of

clusters/models. Bold and italic represent first and second best results per family. ∆ for

SVCCA indicates the difference with respect to the highest score.

and Fig. 4.5d). In any case, they compose a cluster with 420k sentences for training,

which definitely helps the low-resource and isolated language.

In a similar vein, we can examine the case of Mongolian, a unique language be-

longing to the Mongolic family and a low-resource one. After the Massive setting,

the best-performing cluster is obtained by SVCCA-23, which groups Mongolian along

with Japanese, Azerbaijani, Turkish and Hungarian (refer to Fig. 4.5b). Although

Mongolian and Japanese are grouped together in the typological vectors (as seen in Fig.

4.5c), Mongolian is closer to two Turkic languages, namely Azerbaijani and Kazakh, in

the NMT-learned embeddings (Fig. 4.5d). In addition, Hungarian is closer to Turkish

in the same setting, which could be a possible reason why they are all grouped to-
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Figure 4.7: Dendrogram computed from SVCCA-23, or SVCCA(US,LW ). The red dots

indicate the 30 languages that are projected using their typological vector view.

gether by SVCCA-23. This close connection to Turkic languages might be attributed

to historical contact and some loanwords or just the similarity in the topics of their

respective datasets, which is a confounder in our study.

Furthermore, SVCCA-23 presents itself as a fast and competitive alternative if our

aim is to target specific new languages, a topic we delve into in the following section.

4.5.4 Clustering unseen languages

As we have consistently noted in our discussion of the results, the SVCCA represen-

tations, particularly the SVCCA-23 setting, offer significant benefits. We should note

once again that SVCCA-23, or SVCCA(US,LW ), is a combination of 23 languages,

combining the typological vectors or US with the NMT-learned language embeddings

or LW , which were trained using the WIT3 dataset of 23 languages paired with English.

In this context, if we want to cluster 53 languages using SVCCA-23, we first need to

project the 30 languages that were not included in the creation of the shared vector

space. We do this by following the steps introduced in §3.3.1, using the typological

vectors of the additional 30 languages to project them onto the shared space. The den-

drogram obtained by clustering the SVCCA-23 representations with marks in the 30

extra languages projected after the vector space computation is shown in Figure 4.7.

This approach is a fast and efficient way to add a new language to the original set.

For example, if we want to add Malay or Indonesian to the 23 language dataset, we only

need to retrain the multilingual model of Chinese, Thai, and Vietnamese with either or

both of them. Similarly, if we decide to add Galician, we only need to include it in the

cluster of Portuguese, French, Italian, Spanish, Greek, and Romanian. Furthermore,

if we need to deploy a translation model for Basque, the SVCCA-23 chosen cluster

of only three languages (including Arabic and Hebrew) could achieve comparable or
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even better accuracy than a massive model.

4.5.5 Overall conclusions

In summary, our study has shown that SVCCA provides reliable performance across

various resource settings and outperforms existing baselines. Additionally, the unex-

pected agglomerations in the resulting clusters may reveal previously unknown lin-

guistic relationships, helping to avoid isolating languages without close relatives. Fur-

thermore, SVCCA is an efficient approach when clustering a new language without the

need to extract its NMT-learned embedding from a previously trained large multilin-

gual model.

In the following section, §4.6, we explore how the different approaches for extract-

ing NMT-learned embeddings (factored embeddings or initial pseudo-token, that are

previously shown in Figure 3.1) have an impact on the clustering process. Afterwards,

we explore the complementary task of language ranking in §4.7. Finally, in §4.8, we

briefly describe a tool to facilitate the computation of language representations.

4.6 Factored embeddings for language clustering

In this section, we focus on the configuration for extracting the NMT-learned embed-

dings, which is a crucial setting for the LT baseline in the clustering experiments. As

discussed in the previous chapter (Chapter 3, §3.2 and §3.4.2, and Figure 3.1), there

are two different ways to extract data-learned embeddings: (i) factored embeddings,

which were used by Tan et al. (2019) in multilingual NMT and by Östling and Tiede-

mann (2017) in a char-based neural model, and (ii) adding the language identity vector

as an initial pseudo-token, which was used by Malaviya et al. (2017) in NMT for Bible

translations. Our question is whether there is a preferred setting for the language em-

bedding configuration in the context of language clustering.

To answer this question, we compute the silhouette score and plot the dendrograms

for additional settings in Figure 4.8. Specifically, we examine (a) the LB embeddings

trained with Bible translations and initial pseudo-token, (b) an alternative set of 53

language embeddings (LT∗) from TED-53 but using the initial pseudo-token instead

of factored embeddings, and (c) the SVCCA-53* representations using LT∗ and US.

For the first two cases (a-b), we observe that the silhouette score never exceeds 0.2 (1

is best), and the curve keeps degrading as we examine a higher number of clusters,
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Table 4.2: List of languages sorted by training size (in thousands), with their BLEU

scores per clustering approach. The total average is shown in the last row.

ISO Size Bin Individual Massive Family US LT ⊕ SVCCA-53 SVCCA-23

kaz 3 1 2.5 5.3 4 4.3 3.3 2.7 3.3 3

bel 4 1 3.1 13 14.3 13.7 4.3 2.8 12.4 10.1

ben 4 1 3.1 10.5 5.9 6.2 4.3 4.6 4.4 5.7

eus 5 1 2.2 11.1 2.2 10.9 5.6 3.9 6.4 10.1

zlm 5 1 4.1 20.1 15.6 19.7 6.5 4.1 19.6 19.6

bos 5 1 4.2 26.6 28 28.3 6.5 4.1 26.1 23.6

urd 5 1 3.9 11.8 7.5 8 5.5 5.6 7.1 6.8

aze 5 1 2.8 8.1 6.4 6.7 4.2 3.2 7.3 7.4

tam 6 1 1.4 5.1 1.4 4 2.8 2.6 2.7 2.3

mon 7 1 2.7 6.9 2.7 5.7 3.9 3.5 5.2 6.1

mar 9 1 3.2 7 5.1 5.2 4.1 4 3.3 4.7

glg 9 1 8.4 24.9 29.1 26.1 29 28.7 28.9 28.2

kur 10 1 4 10.1 6.8 10.8 4.9 3.6 6.3 8.1

est 10 1 5.8 13.5 10.5 14.1 8.1 8.1 11.7 11.9

kat 13 2 5.8 14.3 5.8 14.5 8.8 4.6 5.6 5.5

nob 15 2 19 35.2 38.8 36.4 35 35 39.1 39.1

hin 18 2 8.1 16 8.8 10.5 9.5 6.2 8.3 8.6

slv 19 2 8.7 19.5 19.8 20.2 21.8 19.3 18.1 19.7

mya 20 2 4.9 10.3 7.6 7.3 6 4.1 7.7 3.4

hye 21 2 9 16.3 9 16.9 9.8 13.2 13.3 12.2

fin 23 2 8.5 14.4 11.5 14.9 8.3 8.3 12.1 15

mkd 24 2 15.7 26.8 27.3 27.4 27.2 28 25.1 22.6

lit 41 2 12.2 17.9 19.4 18.4 20 19 17.9 18.6

sqi 43 2 20.8 27.8 20.8 29.1 28.6 31.6 26.3 25.8

dan 44 2 30.7 35.6 38.4 36.7 34.4 34.4 38.9 39

por 50 2 27.2 32.8 36.9 33.7 36.6 36 36.7 36.5

swe 55 2 27 30.8 33.6 31.8 29.7 29.7 34.3 34.6

slk 60 2 18.1 24.1 26 24.7 26.8 25.5 23.7 22.2

ind 85 3 23.8 24.3 21.4 26 28 27 26.5 26.5

tha 96 3 15.4 16.8 15.4 16.9 19 17.6 17.7 17.7

ces 101 3 20.7 22.1 23.9 22.8 24.2 23.3 21.2 22.1
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Table 4.2, continued from previous page

ISO Size Bin Individual Massive Family US LT ⊕ SVCCA-53 SVCCA-23

ukr 106 3 19.8 20.9 22.6 22 23.5 22.5 21.2 21.7

hrv 120 3 28.5 27.5 30.4 28.9 30.8 31.5 28.3 26.7

ell 132 3 31.9 29.9 31.9 30.9 32.2 33.4 34.2 32.7

srp 134 3 26.4 25.6 28.3 27.1 28.8 29.4 26.3 25.4

hun 145 3 19.1 17.2 17 17.9 21.3 17.7 18 18.7

fas 148 3 20.9 18.5 9 19.7 22.4 22.2 8.4 17.9

deu 165 3 30.1 25.5 29.5 26.9 31.4 31.7 29.9 29.6

vie 169 3 22.7 20.3 22.7 21.6 23.6 22.2 22.3 22.3

bul 172 3 33.9 29.9 31.9 31.4 33.3 33.1 34.2 33.8

pol 173 3 18.9 17.4 19.1 18.2 19.3 18.9 18.3 16.9

ron 178 4 30 25.8 30.7 27 28.1 30.8 30.8 29.6

tur 179 4 19.5 14.6 16.2 15.6 20.7 20.3 17.1 17.9

nld 181 4 31.7 26.6 30.6 27.7 32.5 33 31.2 30.5

fra 189 4 35.6 30.6 35.9 32 35.9 36.1 34.3 34.5

spa 193 4 37.2 32.2 37.4 33.5 37.5 37 37.5 36.2

cmn 197 4 14.9 13.5 13.9 12.6 15.8 15.8 14.7 14.7

jpn 201 4 9.8 8.5 9.8 8.6 10.8 10.8 9.8 9.7

ita 201 4 33.6 28.6 34.1 29.6 33.9 33.3 33.7 32.4

kor 202 4 14.4 12.2 14.4 11.9 15.1 15 13.3 5.8

rus 205 4 20.4 18.1 19.4 19 20.1 19.5 18.3 18.8

heb 208 4 32.4 24.4 32.9 25.8 29.9 30.3 31.9 31.6

arb 211 4 26.5 20.5 27.5 21.6 25.4 26.5 27.5 26.6

Avg. 16.7 19.8 19.8 20.0 19.6 19.2 20.0 19.8

which contrasts the trend shown in Figure 4.5 and in the silhouette from (c), where the

LT∗ are fused with typological vectors.

Upon closer inspection of the dendrograms, we observe that the hierarchies in sub-

figures (a) and (b) do not define cohesive groups for the languages. They are usually

very separated (the right vertical axis shows the distance between the points in the

dendrogram), especially in the LB embeddings, where the distance indicates that the

first cluster links are above the 0.5 threshold, unlike SVCCA or other baselines. Fur-

thermore, in sub-figure (c), we note that the SVCCA(US,LT∗) is adversely affected by

the noisy agglomeration of the original NMT-learned embeddings with initial pseudo-
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tokens. This noisy agglomeration results in only a few preserved linguistic relation-

ships from the typological vectors, such as the small cluster of Danish-Swedish-Dutch,

although it is unexpectedly associated with Portuguese.

These patterns in the silhouette analysis and the dendrograms suggest that the lan-

guage points cannot be clustered in a cohesive way. However, this does not imply

that the LB or LT∗ language representations are irrelevant. As we have previously

demonstrated in §3.5.1, these representations can be used to perform a classification

task such as typological feature prediction, which aligns with the findings of Malaviya

et al. (2017). We, therefore, argue that a many-to-one multilingual NMT model en-

codes just enough information in the initial pseudo-token to identify or classify the

input sentence by language, but not enough to establish clear distances or relationships

between the languages involved.

Therefore, we consider it crucial to use factored language embeddings for extract-

ing language relationships and to apply them in language clustering. This finding is

consistent with the work of Tan et al. (2019) for multilingual NMT and also for the case

of language modelling, as Östling and Tiedemann (2017) could obtain a hierarchy of

Germanic languages from their factored embeddings.

4.7 Language ranking for multilingual NMT

After examining the language clustering task, we now turn our attention to a comple-

mentary task proposed by Lin et al. (2019), which involves ranking language candi-

dates for transfer learning. Unlike clustering, we aim to identify the best candidates

for building a multilingual NMT model around an initial language seed. This is par-

ticularly relevant in cases where we need to work with a new language pair. The idea

is to construct a multilingual cluster around the new language that can reduce neg-

ative transfer and improve the model’s performance. This approach will enable us

to continue evaluating the capacity of our language vector space to encode similarity

information.

LANGRANK Lin et al. (2019) proposed a method called LANGRANK, which deter-

mines the languages that should be transferred to a specific low-resource language for

a given NLP task, including NMT. They trained their models by performing exhaus-

tive searches through the potential transfer languages, which were computationally

and resource-intensive. They also used a diverse set of crafted features, including
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(b) LT∗: NMT-learned from TED-53 but with initial pseudo-tokens
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(c) SVCCA-53*(US,LT∗): SVCCA representations of Syntax and TED-53 but with initial pseudo-

tokens
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Figure 4.8: Silhouette analysis and dendrograms for clustering the 53 languages of

TED-53 using different language representations. In (a) and (b), we note that the sil-

houette score is below 0.2 (1 is best).

linguistically-informed vectors from lang2vec (Littell et al., 2017) and corpus-based

statistics such as word/sub-word overlapping and the ratio of token types or data size

between the target child and potential parent candidates. At test time, their model can

rapidly predict optimal transfer languages based only on the defined features. One lim-

itation of LANGRANK is that it is only able to rank languages that were included in the

training data, which are the languages from the TED corpus (Qi et al., 2018).

Our approach We propose an adapted task of choosing k-related languages for mul-

tilingual transfer from a ranked list of candidates. We clarify our proposal for a mul-

tilingual approach in Figure 4.9. In our experimental design, k is set to a fixed value.

For future work, we encourage the development or testing of automatic selection tech-
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niques for this value, such as a silhouette-based heuristic.

Figure 4.9: From a dataset of N language-pairs, LANGRANK returns a ranked list of

N −1 language-pairs we should transfer from, given a language-pair as input. Instead

of choosing only the top language-pair as in Lin et al. (2019) for training a parent model

and fine-tune with the lowest-resource language-pair, we opt to choose k-related lan-

guages for multilingual training.

To develop a ranking model for NMT, analogous to LANGRANK, for a dataset of

N languages aligned with English, we would need to collect performance scores for

N ∗ (N − 1) pairwise NMT systems. Additionally, the application of such a model is

limited to the original set of N languages. To overcome these limitations, we sug-

gest utilizing our multi-view representations to rank related languages from the vector

space using a straightforward similarity metric such as cosine similarity. Our language

representations encode typological and lexical relationships, similar to the features

considered by Lin et al. (2019). However, we do not need to train a ranking model

based on pairwise NMT systems scores, and we can utilize the projection capabili-

ties of SVCCA to generate representations for new languages outside the initial set, as

explained in §3.3.1 and further demonstrated in §4.5.4.

4.7.1 Experimental setup

For the ranking experiments, we selected five low-resource languages from the TED-

53 dataset: Bosnian (Indo-European/Balto-Slavic), Galician (Indo-European/Italic),

Malay (Austronesian), Estonian (Uralic), and Georgian (Kartvelian). These languages

have between 5,000 and 13,000 translated sentences with English and were chosen

because they showed the most significant improvement from individual to massive
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training settings in the previous experiments for clustering (see Table 4.2).

We note again that LANGRANK was trained on TED (Qi et al., 2018), the same

dataset we build our multi-view language representations or SVCCA-53. Using their

released ranking model, we identified the top-3 related languages (choosing k = 3).

It should be noted that LANGRANK prefers to select candidates with larger data sizes

(Lin et al., 2019). This provides us with a multilingual training set of approximately

500,000 sentences for each case. To ensure a fair comparison regarding data size, an

essential factor for transfer learning (Kocmi and Bojar, 2018; Lin et al., 2019), we

used SVCCA and cosine similarity to select the n closest languages, which together

accounted for a similar amount of parallel sentences.

It is worth noting that our method does not explore the possibility that a single

larger dataset in one language may be more beneficial than many smaller datasets.

Exploring the possible advantages of combining LANGRANK with our method could

be a potential avenue for future work.

4.7.2 Results and discussion

We present the results of our ranking experiments in Table 4.3, which displays the

BLEU scores of translations into English for smaller multilingual models that group

each language seed with their candidates ranked by LANGRANK and our SVCCA-53

representations. In addition, we include the results of the individual and massive NMT

systems from the clustering experiments.

Although the massive system provides a significant improvement over the indi-

vidual one, we observe that many of the smaller multilingual models outperform the

translation accuracy of the massive system. This suggests that the amount of data is not

the most crucial factor for supporting multilingual transfer in a low-resource language,

which is in line with previous studies (Wang and Neubig, 2019) and with our goal of

reducing negative interference in multilingual models.

Regarding the comparison of the two ranking approaches, we observe that SVCCA

approximates the performance of LANGRANK in most cases. However, LANGRANK

prefers related languages with large datasets, as it only requires three candidates to

group around half a million training samples. In contrast, SVCCA suggests including

from three to ten languages to achieve a similar amount of parallel sentences. Never-

theless, increasing the number of languages could lead to negative interference in the

multilingual model. To mitigate this issue, we could bypass candidate languages that
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do not possess a specific amount of training samples, but we leave this analysis for

future work.

We argue that our representations provide a robust alternative to determine which

languages are suitable for multilingual transfer learning. The significant advantage is

that we do not need to pre-train NMT systems from a specific dataset. Moreover, we

can extend the coverage of languages easily without re-training the ranking model to

consider new language entries (see §3.3.1 and §4.5.4).

Language Ind. Mas. LANGRANK SVCCA-53

Bosnian 4.2 26.6 28.8 (434) 28.2 [5]

Galician 8.4 24.9 27.7 (443) 28.4 [3]

Malay 4.1 20.1 21.2 (463) 21.0 [4]

Estonian 5.8 13.5 13.5 (533) 12.1 [6]

Georgian 5.8 14.3 13.3 (499) 10.5 [10]

Table 4.3: BLEU scores (L→English) for Individual, Massive and ranking approaches.

LANGRANK shows the accumulated training size (in thousands) for the top-3 (k = 3)

candidates, whereas with SVCCA we approximate the amount of data and include the

number of languages (n) between brackets.

4.8 Tool for language representations

After analysing and discussing the potential of multi-view language representations

for multilingual NMT, we have also released a command-line interface tool at https://

github.com/aoncevay/multiview-langrep, along with our LT factored embeddings. The

tool includes the following functionalities:

• To compute multi-view language representations using the SVCCA method.

• To use other language vectors from lang2vec, such as Phonology or Phonetic

Inventory instead of Syntax, as the typological view.

• To upload and use new data-learned language embeddings from any setting or

task, such as NMT or language modelling.

• To project language vectors in the shared space given a specific list of languages.

https://github.com/aoncevay/multiview-langrep
https://github.com/aoncevay/multiview-langrep
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• To generate the dendrogram and perform the silhouette analysis for a given lan-

guage representation.

• To rank candidate languages for multilingual transfer learning given a language

seed.

We believe that this tool could potentially benefit multilingual NLP studies that

involve massive datasets of hundreds of languages, such as Named Entity Recognition,

Part-of-Speech tagging, and more.

4.9 Conclusion

In conclusion, our study has shown that SVCCA is a valuable tool for multilingual

NMT, particularly when aiming to reduce negative interference by constructing clus-

ters of multilingual models. The effectiveness of our SVCCA-based clusters is evident

from the stable performance they provide across various resource settings, outperform-

ing or matching some existing and robust baselines. Additionally, the resulting clusters

may reveal unique linguistic relationships from typology and NMT-learned embed-

dings, and help to prevent the isolation of languages without close relatives.

Furthermore, with SVCCA, we can work with unseen languages, making it possi-

ble to add new languages to the clusters without the need to retrain the entire model.

This feature makes our approach highly flexible, efficient, and adaptable for different

use cases.

We have also demonstrated that factored embeddings are more relevant for clus-

tering than using the initial pseudo-token configuration. Finally, we have shown that

SVCCA is a strong competitor to LANGRANK when attempting to build a multilingual

model given a language seed.

Overall, we consider that our SVCCA-based approach has the potential to improve

the multilingual NMT systems by reducing negative transfer, while also uncovering

new insights into the relationships between different languages.



Chapter 5

The Impact of Morphological Typology

Continuing the investigation into the impact of linguistic typology knowledge on ma-

chine translation, this chapter turns its attention to the role of morphology. We in-

troduce techniques for automatically and semi-automatically computing two key mor-

phological typology indices (fusion and synthesis) and conduct a detailed analysis of

these indices at both the word and segment level for translating English-Turkish and

English-Spanish. The findings presented in this chapter are based on Oncevay et al.

(2022a).

5.1 Introduction

Our next research question is: are morphological typology variables relevant in
the context of machine translation? Morphology refers to the study of the inter-

nal structure of words and how they are formed from smaller units called morphemes.

Morphological features are particularly important for machine translation because they

can affect the way that words are segmented into subword units, which is an essential

step in the translation process (Ataman et al., 2017; Amrhein and Sennrich, 2021). For

example, some languages, such as Turkish and Spanish, have complex verb conjuga-

tion patterns that can result in a large number of possible word forms, while languages

like English and German have fewer inflections. Similarly, some languages like French

and Arabic have complex gender systems that require agreement between nouns and

adjectives, while others like Chinese and Vietnamese have no gender distinctions at

all. These differences in morphological features can pose significant challenges for

machine translation systems, which must be able to accurately identify subword units

and understand their relationships within the larger context of the sentence.

73
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The complexity of morphology is also reflected in linguistic typology (Comrie,

1989). According to Payne (2017), the morphological typology of a language can be

characterised by two phenomena: synthesis and fusion. Synthesis refers to the number

of morphemes that make up a single word, while fusion refers to the number of in-

flections and meanings that can be fused within specific morphemes. These variables

can have a significant impact on the subword segmentation process and on machine

translation performance in general. Highly synthetic languages, such as Finnish and

Turkish, have a relatively large number of morphemes per word, which can make seg-

mentation and decoding longer sequences more challenging (Ataman et al., 2017). In

highly fusional languages, such as Russian and Spanish, a large number of inflections

can be combined within specific morphemes to convey multiple grammatical mean-

ings. This can be challenging for machine translation because the information is not

explicitly provided and needs to be inferred from context (Mager et al., 2018b).

Previous research in NLP that evaluates their studies in typologically-diverse lan-

guages has often overlooked the granularity of the indices of fusion and synthesis (see

§5.2 for more details). Understanding the dimensions of morphological diversity is

crucial in evaluating machine translation models, as it allows us, for instance, to as-

sess whether a model can generate more fusional or synthetic segments for a specific

target language. To achieve this, we attempt to quantify a continuous spectrum of

morphological diversity at a word and sentence level using the orthogonal variables of

synthesis and fusion. By characterising a language along these two dimensions, we

could gain a deeper understanding of its morphology, and quantifying the complex-

ity of morphological typology based on synthesis and fusion is the first step towards

proposing a solution.

The main contributions of this chapter are as follows:

• To the best of our knowledge, we present the first computational quantification

of the morphological typology indices of synthesis and fusion for an NLP task

(see §5.3 and §5.4, respectively). For synthesis, we propose baselines to ap-

proximate the computation of the morphological index using unsupervised and

supervised segmentation methods, and evaluate them in English and German us-

ing annotated data in morphological segmentation. For fusion, we perform a

semi-automatic annotation of the different Spanish verb forms.

• In §5.5.2 and §5.5.3, we analyze the relationship between these two indices and

machine translation quality at the word-level, and observe that a higher degree
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of synthesis or fusion usually corresponds to less accurate translations in specific

word types (we study nouns and verbs in English-Turkish and verbs in English-

Spanish).

• We complement the word-level evaluation with a manual annotation of synthesis

and fusion (see §5.5.4).

• In §5.6, we extend our analysis to the segment-level for English-Turkish and

English-Spanish in both directions, and identify consistent results.

5.2 Related work

Most studies in NLP that address morphological typology are related to either the de-

velopment of morphological analysis systems or the evaluation of typologically diverse

languages in terms of morphology (e.g. Vania and Lopez (2017); Xu et al. (2020)).

However, the typology used to distinguish languages varies across different studies.

For instance, Vania and Lopez (2017) considers four phenomena to label languages:

fusionality, agglutination, reduplication and root-pattern; whereas Xu et al. (2020) con-

siders more fine-grained elements such as affixation (prefixation, infixation and suffix-

ation) or partial reduplication. Similarly, a fine-grained analysis on non-concatenative

morphology for NMT was performed by Amrhein and Sennrich (2021). It is important

to note that none of the previous studies has addressed the morphological phenomena

of synthesis and fusion as a quantifiable variable. We consider that working with these

two indices is a pragmatic approach for quantifying complexity in morphological ty-

pology, as there are insights and guidelines grounded in linguistic knowledge (Payne,

2017) to perform this analysis.

Besides, a survey by Ponti et al. (2019), on computational typology for NLP,

pointed out that morphological knowledge is potentially helpful for analysing the diffi-

culty in generation tasks such as language modelling and NMT for both unsupervised

and supervised settings. More specifically, they suggested that the degree of fusion

(related to the index of fusion proposed by Payne (2017)) can impact the rate of less

frequent words, which is a relevant parameter for generation tasks.
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5.3 Synthesis: automatic computation

In this section, we present our methodology for automatically computing the degree

of synthesis in a given language. To achieve our goal, we must perform a reliable

morphological segmentation. While a rule-based morphological analyser and disam-

biguator is a suitable option when available (as we use later for Turkish in §5.5.2), we

compare morphologically-supervised and unsupervised segmentation methods in this

section. The former relies on texts with morpheme boundary annotations, while the

latter is trained on raw text. The methods considered are:

• Byte-Pair-Encoding (BPE) (Sennrich et al., 2016b): an unsupervised method

based on iteratively merging the most frequent pairs of consecutive bytes in the

input text until a predefined vocabulary size is reached. We use the implementa-

tion in SentencePiece (Kudo and Richardson, 2018).

• Unigram Language Model (uniLM) (Kudo, 2018): an unsupervised method that

maximises the likelihood of the input text under a unigram language model with

respect to subword units. We also use the implementation in SentencePiece

(Kudo and Richardson, 2018).

• Morfessor (Creutz and Lagus, 2002): a family of unsupervised segmentation

methods that group character sequences together based on their co-occurrence

frequencies, while considering their internal structures.

• Pointer Generator Network (PtrNet): a morphologically supervised segmenta-

tion method that leverages annotated data to predict morphological boundaries.

The method trains a neural network to predict a pointer to the position of the next

boundary in a sequence, given the previous context. We use the implementation

of Mager et al. (2020), which extends the original model (See et al., 2017) to

improve its performance on morphologically-rich languages. The training data

is described in §5.3.1.

We analysed several vocabulary sizes (4k, 8k, 16k, 32k, 64k) for BPE and uniLM

but reported only the best one, which is 64k for all cases. These segmentation methods

were chosen based on their popularity and performance in previous studies on subword

segmentation for machine translation, as well as their availability and ease of use.

Additionally, we specifically selected Morfessor and Pointer Generator Network for

their wide usage in processing morphologically rich languages (Mager et al., 2020).
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5.3.1 Datasets and evaluation

To evaluate and compare the performance of the segmentation methods, we have cho-

sen two widely studied languages in machine translation: English and German. These

languages have annotated data available, which is essential for training the supervised

segmentation methods. In this case, we use the CELEX dataset of segmented words

for English and German (Steiner, 2016, 2017). Some examples for English are shown

in Table 5.1. To ensure the reliability of the results, we randomly split the dataset into

training, development, and test sets in an 80-10-10 ratio. The supervised method was

trained on the training set and fine-tuned on the development set to achieve the best

performance.

As for the unsupervised methods, we used two corpora: the news-commentary-

v15 (Barrault et al., 2019) and EuroParl-v10 (Koehn, 2005). These corpora were cho-

sen because they are commonly used for training and evaluating NMT models. The

news-commentary-v15 corpus contains news articles in various languages, while the

EuroParl-v10 corpus consists of speeches delivered in the European Parliament.

Furthermore, we propose two metrics to evaluate the performance of the segmen-

tation methods in computing synthesis:

• Morpheme count accuracy: This metric evaluates whether the number of mor-

phemes obtained by the segmentation method matches the number of morphemes

in the reference segmentation. This is a strict measurement as synthesis is the

number of morphemes per word.

• Exact morpheme segmentation precision: This metric measures whether the

morphemes obtained by the segmentation method match those in the reference

segmentation. To compute this, we first perform an automatic alignment between

the hypothesis and reference segments using the parallel Needleman-Wunsch al-

gorithm for sequences (Naveed et al., 2005), and then calculate the exact match

at the morpheme level.

We chose these metrics as they directly relate to the synthesis variable, which is

the ratio of morphemes per word. The accuracy count assesses whether the obtained

number of morphemes matches the reference, while the exact segmentation precision

measures the similarity between split morphemes in the hypothesis and reference seg-

mentations. It is worth noting that the last metric is more suitable for evaluating mor-

phological segmentation rather than computing synthesis, but we included it as a com-

plementary score.
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Word Annotation PtrNet output

cookie cookie cookm
polysyllabically polysyllabic+ally polysyllabic+ally

polygamy polygamy polyggmy

rounders round+er+s rounders
sabre-toothed sabre+tooth+ed sabre+toothed

Table 5.1: Examples of English entries in CELEX, including the annotation of their

segmentation and the output of the best PtrNet model reported in Table 5.2. Morpheme

boundaries are marked with “+”, and errors generated by the model are in bold.

5.3.2 Results and discussion

Table 5.2 displays the morphological segmentation scores for English and German.

Our observation is that both BPE and uniLM underperform when the word is not ex-

pected to be segmented (column “1”). This pattern is in line with the findings of

Bostrom and Durrett (2020) who noted that unsupervised segmentation methods tend

to over-split the roots of words. However, both BPE and uniLM improve their accu-

English German

#morphs. 1 2 3 4 1 2 3 4

#entries 16,914 28,900 1,798 73 13,061 32,007 5,808 360

Morpheme count accuracy
uniLM64k 0.54 0.52 0.49 0.59 0.35 0.27 0.21 0.18

BPE64k 0.5 0.53 0.5 0.52 0.29 0.33 0.28 0.26
Morfessor 0.22 0.47 0.55 0.48 0.17 0.26 0.28 0.25

PtrNet 0.82 0.84 0.56 0.81 0.74 0.86 0.7 0.42

Exact morpheme segmentation precision
uniLM64k 0.54 0.52 0.6 0.8 0.29 0.38 0.32 0.22

BPE64k 0.5 0.44 0.56 0.76 0.24 0.33 0.23 0.08

Morfessor 0.21 0.58 0.7 0.78 0.17 0.45 0.44 0.36

PtrNet 0.76 0.67 0.81 0.8 0.67 0.73 0.72 0.62

Table 5.2: Accuracy count and segmentation precision for English and German using

unsupervised and supervised segmentation methods. Results are grouped by the ex-

pected number of morphemes (e.g. “1” means that the word should not be split).
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racy and precision when the expected number of morphemes is larger. Interestingly,

Morfessor also underperforms in the “1” case for both languages and only outperforms

the other unsupervised methods when we measure precision for many morphemes. On

the other hand, the PtrNet supervised method consistently outperforms the rest in al-

most all scenarios, which is an expected result. Nevertheless, it’s important to note

that methods with high generative power, such as PtrNet, may introduce issues, as il-

lustrated by the examples in Table 5.1, where potential out-of-vocabulary tokens are

generated.

Our conclusion is that, to compute synthesis, we should prioritise, besides a rule-

based morphological analyser, a supervised segmentation method like PtrNet, partic-

ularly when data is available1. For the word-level analysis in §5.5, we will focus on

Turkish, a language with a rule-based morphological analyser.

5.4 Fusion: Semi-automatic computation

Calculating fusion should be approached in a case-by-case scenario, as there are differ-

ent considerations provided by Payne (2017), such as the presence of prefixes, infixes,

suffixes, ambifixes, non-concatenative processes (reduplication, apophony, and sub-

tractive morphology), and more. Therefore, there is no automatic tool that can obtain

the fusion score directly. Even more challenging is the development of a tool that

can compute fusion scores in a language-independent manner, making it necessary to

develop specific methods for each language.

We then chose to focus on Spanish as a case study for computing fusion, as it is

a highly fusional language where verbs and auxiliary verbs are known to contain the

highest degree of fusion among all parts-of-speech (POS). For instance, the Spanish

verb “habı́a” (meaning “had” in English) is composed of the auxiliary “ha” (third per-

son singular present tense of “tener” meaning “to have”) and the imperfect past tense

marker “-ı́a”. Additionally, the availability of annotators and machine translation train-

ing and evaluation data for Spanish made it a practical choice for our study.

1Ideally we would evaluate a morphological analyser for English and German too, but it is worth
noting that the most widespread morphological analysers for these languages (e.g. spaCy, which we
use later for Spanish) outputs the morphological feature tags but does not perform a morphological
segmentation.



80 Chapter 5. The Impact of Morphological Typology

5.4.1 Procedure

To begin our study on computing fusion for Spanish verbs, we first constructed a corpus

with annotations of fusion. To ensure a balanced representation of verbs from different

paradigms, we performed an annotation per paradigm and based on the ending of the

verb (-ar, -er, -ir). This approach allowed us to assess the degree of fusion for each

verb form regardless of the lemma, with the exception of irregular verbs, which can

present limitations and potential noise. To reduce the risk of biases assessments, we

conducted a human evaluation in further machine translation experiments, in §5.5.4,

for irregular and regular verbs altogether.

Next, given any text collection in Spanish2, we take the following steps:

1. First, we performed automatic annotation of POS and morphological features

using the spaCy model es dep news trf3 which has a high accuracy rate of

0.99 for POS and morphological tagging in the UD Spanish AnCora dataset

(Taulé et al., 2008). This model was trained on news texts and has shown to

work well in a variety of Spanish language processing tasks.

2. Second, we manually reviewed the automatic annotation to correct any special

cases, such as specific verb forms that were mislabeled as adjectives.

3. Finally, we obtained a set of all unique verb paradigms and morphological fea-

tures in the corpus, taking into account the three different types of verb endings

in Spanish as separate elements. Using the Unimorph database (McCarthy et al.,

2020) is another alternative for extracting all the possible unique inflections. We

aligned and considered both tag sets for the annotation, as shown in Table 5.3.

After obtaining a list of unique verb paradigms and endings, we proceeded to an-

notate the fusion index. We followed these steps:

1. For each unique verb paradigm and ending, we segmented a verb sample into

its morphemes4. For example, the verb habló (‘talked’) is split into habl-ó, and

habláramos (‘we were to speak’) intohabl-ára-mos.

2. Then, we analysed how many morphological features are fused in each mor-

pheme. We asked ourselves if changing the value of a feature would change

2As noted later in §5.5.3, for our experiments, we use the NEWSTEST2013.EN-ES evaluation set
from WMT13 (Bojar et al., 2013).

3Available at https://spacy.io/models/es#es dep news trf
4This annotation is useful for analysing synthesis as well, but synthesis is not the goal for this part

of the study.

https://spacy.io/models/es#es_dep_news_trf
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the surface form or the morpheme. For instance, in habl-ó, -ó is involved in 5

features (mode (indicative), subject person (third person), subject number (sin-

gular), tense (past) and aspect (perfective)). For habl-ára-mos, -ára includes the

past and subjunctive, whereas -mos denotes the person and number. If any of

aforementioned features changes its value, the surface form will also change.

3. Next, we counted and aggregated the results per morpheme and obtained the

fusion for each verb form. For instance, the fusion for habl-ó is 4/5 = 0.8, and

for habl-ára-mos is 2/4 = 0.5.

Finally, with the unique list of verb inflections and endings annotated, we can now

extend the degree of fusion to all the verbs in the original Spanish corpus. This enables

us to quantify the degree of fusion for each verb form in the corpus. To illustrate the

annotation process, an example is shown in Table 5.3.

5.5 Word-level analysis in machine translation

In this section, we delve into the difficulty of machine translation based on the degree

of these phenomena. Specifically, we ask the following question: how challenging is
it to translate a word based on its index of synthesis or fusion?

For the variable of fusion, we focus on Spanish verbs as in the previous section.

However, for the case of synthesis, we prefer to work with Turkish, a language that has

an available morphological analyser (Sak et al., 2008), and more importantly, presents

a high synthesis and agglutination (or low fusion) (Zingler, 2018), which means that

words are composed of several morphemes, and the morpheme boundaries are explicit,

respectively. Then, we focus on Turkish nouns and verbs as they typically contain more

morphemes than other parts-of-speech.

In both cases, for the machine translation analysis, the source language is English,

and Turkish and Spanish are the target languages. The reasons to choose English as

the paired language are the availability of parallel corpora and the low fusion and low

synthesis degree of English. Studying the cases where the source and target language

exhibit further combinations of synthesis and fusion is left to future work.

In the upcoming sections, we outline the general experimental design for both syn-

thesis and fusion variables (see §5.5.1). Next, we delve into the specifics of the ex-

perimental setup and outcomes for synthesis in the context of machine translation for

English-Turkish (see §5.5.2) and fusion for translating English-Spanish (see §5.5.3).
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Finally, we present supplementary results from a human evaluation in §5.5.4.

5.5.1 Experimental design

To conduct the experiment, we compare a gold standard reference with machine trans-

lation system outputs at the word level, following these steps:

1. First, we automatically tag all the words using a morphological analyser (the

Boun morphological analyser and disambiguator (Sak et al., 2008) for Turkish

and a spaCy model trained on the Ancora Universal Dependency parser (Taulé

et al., 2008) for Spanish) in both the reference and system output. The part-of-

speech annotations are needed to identify the target words: verbs in Spanish and

verbs and nouns in Turkish. For synthesis in Turkish, the number of morphemes

works as a proxy as we work at the word level, while for fusion in Spanish, we

require the inflexion to determine the degree of fusion from the annotated unique

list or verb forms (see §5.4).

2. Next, we align the words between the reference and system output. For this

purpose, we use the word alignment model in the awesome-align tool (Dou and

Neubig, 2021), which is based on the multilingual BERT model (Devlin et al.,

2019). To fine-tune the model for our purposes, we train it on a parallel cor-

pus consisting of both the reference and the output generated by the machine

translation system.

3. Finally, we calculate the translation accuracy for the target part of speech. We

consider an exact match metric (0 or 1) for a strict evaluation.

After obtaining the translation results at the word level, we categorise the scores

based on the various degrees of synthesis (by the different number of morphemes)

and fusion (when the fusion is equal to or greater than 0). In addition, we take into

account different confounding factors that may affect the translation performance, such

as the frequency of the word in the training set and whether the full word is part of the

vocabulary input of the model or not. This allows us to provide a more comprehensive

analysis of the translation performance and to identify potential sources of error.

5.5.2 Synthesis analysis: English-Turkish

In this part, we introduce further details about the experimental setup for analysing the

case of synthesis in English-Turkish. Afterwards, we discuss the results.
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Total #1 #2 #3 #4 #5+

Verbs 3,834 133 2,265 1,036 308 92

Nouns 10,680 5,899 2,974 1,556 244 7

Table 5.4: Number of nouns and verbs in the Turkish reference set, and their respective

number of morphemes.

Data We use the NEWSTEST2018.EN-TR evaluation set from WMT18 (Bojar et al.,

2018), with 3,000 samples. On the Turkish side, there are 45,944 tokens and Table 5.4

shows the distribution of the number of morphemes obtained with the morphological

analyser of Sak et al. (2008).

Model We use an English-Turkish system trained with the TIL corpus of 39.9M par-

allel sentences (Mirzakhalov et al., 2021). On the NEWSTEST2018.EN-TR set, the

performance is 13.06 and 49.54 in BLEU (Papineni et al., 2002) and chrF (Popović,

2015), respectively.

5.5.2.1 Results and discussion

Figure 5.1 shows the average accuracy (exact translation, 0 or 1) of nouns (top) and

verbs (bottom) in NEWSTEST2018.EN-TR, where the number of morphemes in the

horizontal axis is a proxy for the index of synthesis (number of morphemes per word).

We observed that the average accuracy usually decreases as the number of mor-

phemes increases from 1 to more, especially for high-frequency words (rightmost sub-

plots). This pattern is more apparent in nouns than in verbs, as the latter have fewer

cases to analyse overall. The differences between 2, 3, or more than 4 morphemes

are not significant in most cases and are sometimes inconsistent, such as in verbs with

the highest frequency. Nevertheless, we can argue that isolating nouns (synthesis = 1)

are easier to decode than synthetic nouns (synthesis > 1) for the English→Turkish

language pair.

The observed pattern holds for whether the word is part of the vocabulary of the

model or not. Additionally, rare words (leftmost subplots) have generally lower trans-

lation accuracy than more frequent words (middle and rightmost subplots), which is an

expected outcome. The only exception are Nouns with one morpheme, which have

a relatively high translation accuracy. A potential reason is that most of the one-

morpheme Nouns are named entities that do not require a translation from the English
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side. Overall, the accuracy gap across words with different number of morphemes is

reduced in the leftmost subplots. However, the main reason is that the NMT model

does not have sufficient examples to learn from, regardless of the synthesis value.

5.5.3 Fusion analysis: English-Spanish

Next, we introduce more details about the experimental setup for analysing the case of

fusion in English-Spanish, followed by a discussion of the results.

Data We use the NEWSTEST2013.EN-ES evaluation set from WMT13 (Bojar et al.,

2013) with 3,000 samples. On the Spanish side, there are 62,055 tokens, with 6,317

verbs, and where 1,411 of them are more agglutinative ( f usion = 0) and 4,822 more

fusional ( f usion > 0).

Model For training the model, we use the MarianNMT toolkit (Junczys-Dowmunt

et al., 2018), a Transfomer base architecture (Vaswani et al., 2017) with default pa-

rameters, and four NVIDIA V100 GPUs. We obtained different English-Spanish mod-

els using the newscommentary-v8 (Bojar et al., 2013) and EuroParl (Koehn, 2005)

datasets with joint vocabulary sizes of 8k, 16k and 32k, which were tokenized using

the unigram-LM algorithm (Kudo, 2018) implemented in SentencePiece (Kudo and

Richardson, 2018). After experimenting with different models, we selected the best-

performing system: a combination of both datasets (2.2M sentences) with 16k pieces.

On the NEWSTEST2013.EN-ES evaluation set, this system achieved a performance of

31.6 BLEU points.

5.5.3.1 Results and discussion

Figure 5.2 shows the average translation accuracy of Spanish verbs in NEWSTEST2013.EN-

ES for verbs without and with some degree of fusion.

In the middle and rightmost subplots, where the frequency of the verbs is higher,

the average accuracy of non-fusional verbs is consistently higher than the fusional

ones. This trend holds regardless of whether the verbs are part of the model’s input

vocabulary or not.

However, in the leftmost subplot, where the verbs are the least frequent, the model’s

translation accuracy is lower overall. In this case, the effect of fusion is less clear,
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Figure 5.2: Accuracy (exact translation) for Verbs in the English→Spanish translations.

Results are grouped by the training frequency and whether the word belongs to the

vocabulary of the model (In V) or not (Not in V).

which suggests that the model does not have enough information to learn from, re-

gardless of the degree of fusion.

5.5.4 Human evaluation

Exact translation accuracy has its limitations since there can be acceptable translations

depending on the context, such as synonyms. Therefore, to complement the automated

evaluation, we conducted a human evaluation of a sample of sentences from 10% of

each evaluation set, focusing on two scores:

1. Semantic score: evaluates the meaning of the word used in the automatic trans-

lation (system output) and how it compares with the gold standard translation.

Scale goes from 1 (no relationship at all) to 4 (it is the same lemma).

2. Grammar score: evaluates the grammatical form and how it compares with the

gold standard translation. Scale goes from 1 (different inflection) to 3 (same

inflection).

Afterwards, in §5.5.4.1, we performed a correlation analysis between the automatic

translation accuracy (0 or 1) and the Semantic and Grammar scales. The annotation

protocol and information about the annotators is shown in Table 5.5.
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Table 5.5: Annotation protocol for the Semantic and Grammar scores in the analysis of

synthesis and fusion at word-level, and information about the annotators.

Annotation Protocol

This study measures the translation quality of translations generated by a translation system. You

are given a list of sentences where one column lists each word in the gold standard (correct)

translation and the corresponding column the system-generated translations. The evaluation of

the translations will rely on the two scores described below. The scores to use in the evaluation

are:

Semantic score: Please assign each word in the output one of the scores you find most appropri-

ate:

1. There is no relationship between the two lemmas
2. The lemmas are different but the translation does not fit well in the context
3. The lemmas are different but it is still an acceptable translation (e.g. synonym)
4. It is the same lemma

Grammar score: Please assign each word in the output one of the scores you find most appropri-

ate:

1. The word is inflected in a different way and it is not necessarily correct
2. The word has different inflection but it is still grammatically correct
3. The words have the same inflection, and it is correct

Please annotate all words in the translations in the file shared with you. In your evaluation try

assigning the two scores to each word independently. The inflection of the word measures the

morphological feature and should also be evaluated independently from the analyzer output which

is automated and may contain errors.

The file contains example annotations for your reference, please ask any questions related to

unresolved annotation examples by contacting the project coordinators.

About the annotators

For both Turkish and Spanish, the annotators were contacted directly due to their expertise in

morphology (both of them are PhD students in Linguistics and Computational Linguistics, re-

spectively), besides requiring that they are native speakers of the target languages. Also, they

were paid more than the minimum wage per hour of annotation of their country of residence, and

were told that the annotated data will be released upon acceptance of the study.



5.5. Word-level analysis in machine translation 89

5.5.4.1 Correlation between accuracy and human annotations

Given that translation accuracy (0-1) and either Semantic (1-4) or Grammar (1-3)

scores are categorical variables with a ranking, we investigate their correlation using

Spearman’s rank correlation coefficient. This method compares the ranking of the two

variables and returns a coefficient ranging from -1 to 1.

More specifically, we perform the correlation while categorising the results by part-

of-speech (nouns or verbs) and the number of morphemes for synthesis in Turkish (see

§5.5.4.2), as well as the fusion of verbs in Spanish (see §5.5.4.3).

5.5.4.2 Results for synthesis

Table 5.6 shows the Spearman correlation coefficients between translation accuracy

and manually annotated semantic or grammar scores for different numbers of mor-

phemes in Turkish nouns and verbs.

The results show that there is a significant and strong positive correlation between

translation accuracy and semantic score for Turkish nouns and verbs. Similarly, in

terms of grammar scores, there is a significant and moderate to strong correlation be-

tween all part-of-speech and number of morphemes. These findings suggest that the

human annotations support the automatic analysis.

Semantic score Grammar score

#morphs Nouns Verbs Nouns Verbs

1 0.7761 0.7226 0.4997 0.5911

2 0.5875 0.7069 0.4566 0.4148

3 0.5539 0.5666 0.4457 0.4188

4+ 0.5882 0.5839 0.5380 0.4060

Table 5.6: Spearman correlation coefficients between translation accuracy and anno-

tated semantic or grammar scores for the index of synthesis in Turkish nouns and verbs.

All p-values are lower than 0.05.

Additionally, we calculated the proportion of false positives, or the cases where the

annotation for either Semantic or Grammar is the highest (4 or 3, respectively), but the

automatic translation accuracy is the lowest (0), for different numbers of morphemes.

The results, presented in Table 5.7, suggest that the machine translation system faces

increasing difficulty as the number of morphemes increases, in generating a noun or
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#morphs Semantic=4 Grammar=3

1 0.1253 0.2256

2 0.3390 0.4739

3 0.4370 0.5068

4+ 0.4375 0.5714

Table 5.7: Proportion of entries with 0 accuracy and maximum Semantic (4) or Grammar

(3) score, grouped by number of morphemes.

verb with the same meaning but not the same grammatical structure (as measured by

the Semantic score), or with the same grammatical form but a different lemma (as

measured by the Grammar score).

5.5.4.3 Results for fusion

Next, Table 5.8 shows the Spearman correlation coefficients between translation accu-

racy and manually annotated semantic or grammar scores for the index of fusion (0 or

more) in Spanish verbs. The results show that there is a significant and strong positive

correlation for both semantic and grammar scores, with stronger correlations observed

for the former one.

Semantic score Grammar score

fusion= 0 0.7871 0.5833

fusion> 0 0.7156 0.6118

Table 5.8: Spearman correlation coefficients between translation accuracy and anno-

tated semantic or grammar scores for the index of fusion in Spanish verbs. All p-values

are lower than 0.05.

Finally, in Table 5.9, we analyse the ratio of false positives for the translation ac-

curacy (0) with respect to the highest semantic (4) and grammar scores (3). For the

semantic metric, we observe that a higher degree of fusion leads to a higher proportion

of false positives, or a higher ratio of translated verbs with the same lemma but not the

proper verb. On the other hand, for the grammar metric, we observe that the ratio of

false positives is similar across the two levels of fusion. This suggests that the issue of

the model generating the correct verb form but could not associate it with the correct

lemma is not affected by the degree of fusion.
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Semantic=4 Grammar=3

fusion= 0 0.1714 0.3958

fusion> 0 0.2664 0.3907

Table 5.9: Proportion of entries with 0 accuracy and maximum Semantic (4) or Grammar

(3) score, grouped by the degree of fusion.

5.5.5 Overall conclusion

In summary, our analysis of synthesis and fusion in word-level machine translation

for English-Turkish and English-Spanish revealed a relationship between the degree of

synthesis and fusion and translation difficulty, as confirmed by manual evaluation. We

observed a strong to moderate correlation between the automatic metric and the manual

scores, indicating the need for further investigation to fully understand the impact of

synthesis and fusion on translation difficulty. In the following section, we will examine

this relationship at the segment level.

5.6 Segment-level analysis in machine translation

We now turn to a segment-level analysis to further explore the relationship between

machine translation difficulty and the degree of synthesis or fusion. For this purpose,

we process a set of NMT systems for the language pair we want to evaluate. The

general steps are as follows:

1. For each system output, we compute automatic evaluation metrics, such as

chrF (Popović, 2015) and COMET (Rei et al., 2020)), with respect to the refer-

ence set on a per-sentence basis. These two metrics complement each other in

our analysis: chrF emphasises character-level overlapping, while COMET pri-

oritises semantic correctness and fluency.

2. For each sentence in the evaluation set, we compute a set of predictor variables
that may affect the performance of the automatic evaluation metrics, such as

the degree of synthesis or fusion. We also include the length of the sentence in

characters (char.count), as longer texts are generally associated with increased

translation difficulty.5

5Initially, we considered other potential predictors, including word.count, but these were omitted due
to their collinearity with char.count. Additionally, there are other potential predictors like the presence
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3. We calculate the Variance Inflation Factor (VIF) for each predictor variable. VIF

measures how much the variance of an estimated regression coefficient increases

if the predictors are correlated.6 With VIF, we confirm no colinearity between

the chosen predictors.

4. We normalise the predictor variables to reduce the impact of their magnitudes.

5. We construct a set of generalised linear models7 for each system output and

evaluation metric, where the predictors are used to explain the performance of

the automatic metric. The goal is to identify which predictors have a significant

effect on the metric’s performance. For both evaluation metrics, we assume a

Gaussian distribution.

6. After model creation, we extract the significant predictors and their coefficients

(with p-value<0.05), providing an indication of which variables are most rele-

vant for predicting the metric’s performance. The coefficient values indicate the

strength and direction of the relationship between each predictor variable and

the target variable.

5.6.1 Machine translation models

In the segment-level analysis for English-Turkish and English-Spanish (in both direc-

tions), we use various NMT models that were either trained in our previous exper-

iments or provided by other studies. Specifically, we consider models trained with

different corpus sizes to analyse different performance levels, and they are as follows:

• EnTr1: A Transformer large model trained on the TIL corpus of 39.9M parallel

sentences, which was also used in §5.5.2 for the word-level analysis of synthesis

for verbs and nouns in English-Turkish (Mirzakhalov et al., 2021)8.

• EnTr2: A smaller version of EnTr1 trained with a sample (10%) of the TIL cor-

pus. This model uses a Transformer base architecture (Vaswani et al., 2017)

of infrequent words in the sentence, which could pose translation challenges. However, for the sake of
simplicity, we focus on char.count and leave other predictors for future analysis.

6Generally, a VIF greater than 5-10 indicates a problem with collinearity.
7A generalised linear model is a statistical model that extends the ordinary linear regression model

to accommodate different types of response variables, or in this case, our predictors. It specifies a linear
relationship between the independent variables and a function of the response variable, which in our case
are the automatic evaluation metrics for machine translation outputs (Nelder and Wedderburn, 1972).

8There is no TrEn1 model in our analysis, as the previous study did not provide a similar model in
the opposite translation direction.
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with a joint vocabulary size of 8k pieces obtained through uni-LM from Senten-

cePiece (Kudo and Richardson, 2018).

• TrEn2: An NMT system similar to EnTr2, but in the opposite translation direc-

tion.

• EnEs1: An NMT system used in §5.5.3 for the word-level analysis of fusion for

verbs in English-Spanish. It is a Transformer base (Vaswani et al., 2017) model

trained on 2.2M parallel sentences with a joint vocabulary of 16k pieces using

uni-LM from SentencePiece (Kudo and Richardson, 2018).

• EsEn1: An NMT system similar to EnEs1, but in the opposite direction.

• EnEs2: Same configuration as EnEs1 (model and vocabulary), but trained on

a smaller dataset of only newscommentary-v8 data, consisting of around 300k

sentences.

• EsEn2: An NMT system similar to EnEs2, but in the opposite translation direc-

tion.

5.6.2 Synthesis on English-Turkish and Turkish-English

We first evaluate the English-Turkish (EnTr1, EnTr2) and Turkish-English (TrEn2)

models. Also, as we are studying synthesis in Turkish, both predictors (synthesis and

char.count) are computed on the Turkish side, regardless of the translation direction.

Table 5.10 shows the coefficient estimates for predicting the performance of different

English-Turkish translation models in terms of chrF and COMET.

metric model synthesis char.count

EnTr1 -1.09 ±0.27

chrF EnTr2 -1.1 ±0.27

TrEn2 -1.48 ±0.28 0.63 ±0.28

EnTr1 0.01 ±0.01 -0.20 ±0.01

COMET EnTr2 -0.03 ±0.01 -0.13 ±0.01

TrEn2 -0.03 ±0.01 -0.03 ±0.01

Table 5.10: GLM coefficient estimates with confidence intervals for significant predictors

in English-Turkish. We only show results with p-value<0.05.
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We observe that, for chrF, higher synthesis corresponds to lower scores, indicating

that increased morphological complexity in terms of morphemes per word tends to

reduce character-level F-scores. However, we note that this relationship might not be

linear and may involve other unaccounted factors in our analysis. In contrast, COMET

scores are affected by synthesis, but the effect size is relatively small. This suggests that

COMET, emphasising semantic similarity, is less sensitive to variations in synthesis.

Furthermore, the positive correspondence between chrF and char.count in TrEn2

could imply that longer Turkish sentences in the source side provide more context,

which helps in character-level matching. However, the negative correspondence be-

tween char.count and COMET in TrEn2 indicates that, despite achieving good character-

level overlap (as reflected by chrF), the translations might not effectively capture the

intended meaning or fluency. COMET, being a more holistic metric, accounts for

factors beyond character-level similarity and is sensitive to semantic correctness and

fluency.

5.6.3 Fusion on English-Spanish and Spanish-English

We also investigated the impact of fusion in English-Spanish (EnEs1, EnEs2) and

Spanish-English (EsEn1, EsEn2) models. As our focus was on Spanish, both pre-

dictors (fusion and char.count) were computed on the Spanish side, irrespective of the

translation direction. In Table 5.11, we present the coefficient estimates for the predic-

tors in the context of English-Spanish translation models, analysed through the chrF

and COMET metrics.

metric model fusion char.count

chrF

EnEs1 -1.18 ±0.37 2.45 ±0.37

EnEs2 -1.49 ±0.35 2.29 ±0.35

EsEn1 -1.33 ±0.37 2.82 ±0.37

EsEn2 -1.27 ±0.35 2.89 ±0.35

COMET

EnEs1 -0.02 ±0.01

EnEs2 -0.04 ±0.01 -0.05 ±0.01

EsEn1 -0.03 ±0.01

EsEn2 -0.05 ±0.01

Table 5.11: GLM coefficient estimates with confidence intervals for significant predictors

in English-Spanish. We only show results with p-value<0.05.
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Notably, the results reveal that fusion has a significant impact and a negative cor-

respondence with both the chrF and COMET metrics. However, the effect size on

chrF is notably larger than on COMET. This observation highlights the importance of

fusion, which measures the amount of grammatical information fused within a sin-

gle morpheme, in character-level performance (chrF) while also influencing semantic

correctness and fluency (COMET).

Regarding the unexpected effect of char.count on chrF, the positive correspondence

in all models suggests that longer sentences on the Spanish side might provide addi-

tional context, aiding character-level matching. Conversely, this effect is not observed

in COMET for most of the models, underlining the metric’s focus on semantic cor-

rectness and fluency rather than character-level measures. It’s important to note that

while a high chrF score does indicate strong character-level performance, it does not

necessarily guarantee good overall translation quality. This underscores the signifi-

cance of measuring different metrics, as noted in this study, to gain a comprehensive

understanding of translation quality and the effect of morphological variables such as

fusion.

5.6.4 Overall conclusion

In summary, our analysis emphasised the relationship between morphological typol-

ogy variables and translation performance measured by chrF and COMET. Specifi-

cally, in the English-Turkish MT models, our analysis confirms that synthesis affects

both metrics, with a stronger impact on chrF than on COMET, which focuses on se-

mantic similarity. Furthermore, fusion significantly influences both chrF and COMET

metrics, with a more substantial impact on the former, in the English-Spanish MT

models. Besides, the unexpected effect of char.count on chrF in some models suggests

a nuanced relationship between sentence length and character-level F-score. These re-

sults enhance our understanding of how diverse metrics encompass different aspects of

translation quality, and highlight the potential of variables like fusion and synthesis to

advance our insights in MT evaluation.

5.7 Limitations

It is important to note the limitations of this study. Overall results do not suggest that

translating into more isolating languages, such as Chinese, or more agglutinative ones,
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such as Turkish, is necessarily easier than their counterparts. Highly isolating lan-

guages can present significant issues related to word coverage and vocabulary size of

the model, while highly agglutinative languages are more complex in terms of mor-

phology. Furthermore, it is difficult to isolate the degree of fusion from synthesis

completely. For instance, Turkish is a highly synthetic but also highly agglutinative

language (the opposite extreme of fusion). Furthermore, some languages exhibit both

synthetic and fusional traits, such as Navajo, a Native American language. It is even

more challenging for machine translation when dealing with source and target lan-

guages that exhibit high fusion and high synthesis, such as between Spanish and other

indigenous languages of the Americas, including Asháninka or Guaranı́. As we will

discuss in the following chapter, Chapter 6, these challenges underscore the impor-

tance of ongoing research and development of machine translation systems that can

effectively handle the complex morphological typology of diverse languages.

While this study has provided insights into the impact of synthesis and fusion on

machine translation performance for a limited number of languages, extending the

analysis to other languages may present practical challenges. Synthesis can only be

calculated directly if the morphological analyser splits the word into morphemes, and

fusion poses several issues, as previously mentioned in §5.5.3. Additionally, Payne

(2017) have noted that the discourse can impact the computed variables due to the

diversity of the vocabulary. This study focuses on news data only, and it will be relevant

to extend it to different domains.

To address these limitations, we believe that our word-level analysis, which targets

specific parts of speech, has been essential in enabling the study of the indexes and

partially isolating them from each other. We also selected study cases that represent

different levels of synthesis/fusion, such as Spanish verbs with few morphemes and

Turkish with a more agglutinative morphology. In the future, to rapidly extend the

evaluation for new languages and domains, we could follow a less fine-grained analysis

of each index. For instance, instead of granulating per number of morphemes, we could

compare synthesis= 1 versus synthesis> 1, as we did in this work with fusion= 0

versus fusion> 0.

5.8 Conclusion and future work

In this chapter, we proposed methods for quantifying the indices of synthesis and fu-

sion in an automatic and semi-automatic way, respectively. We applied these methods
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to English and German to compute synthesis, and Spanish verbs to calculate fusion.

Furthermore, our analysis at the word level for Turkish nouns and verbs in synthe-

sis, and Spanish verbs in fusion, revealed a relationship between these variables and

machine translation performance (when translating from English), which was further

supported by human evaluation. Additionally, by using generalised linear models, we

were able to investigate the impact of these indices on machine translation performance

at segment-level, suggesting different degrees of influence on distinct evaluation met-

rics. However, further analysis is needed for more combinations of languages with

isolating-synthetic or agglutinative-fusional traits in either the source or target side of

a translation system.

Overall, our study contributes to a better understanding of the impact of synthesis

and fusion on machine translation performance, paving the way for future research in

developing more effective machine translation systems that take into account the mor-

phological properties of different languages. For instance, as future work, we can ask:

are we improving the automatic translation of highly fusional words or segments? Fol-

lowing our methodology, we could stratify evaluation sets to measure how our models

perform in different parts of the spectrum.





Chapter 6

Polysynthesis in Endangered

Languages: an Extreme Machine

Translation Challenge

The previous chapter studied how the variables of synthesis and fusion impact and

hinder machine translation performance. Based on those findings, this chapter aims to

investigate an extreme case where the challenges of limited data and highly synthetic

languages compound, and to determine if we can still improve translation performance

for morphologically-complex and extremely low-resource languages. For this purpose,

we focus on the development of machine translation corpora for understudied and en-

dangered languages, the implementation of robust machine translation baselines, the

analysis of the effect of morphologically supervised versus unsupervised segmentation

methods, and the application of a less-data-dependent segmentation approach.

6.1 Motivation

Our question is: how can we improve machine translation performance for the ex-
treme compounding challenge of highly synthetic and low-resource languages? A

high degree of synthesis, or polysynthesis, is a linguistic phenomenon characterised by

complex word structures that incorporate multiple morphemes, or according to Payne

(2017), a high ratio of morphemes per word. Languages with polysynthesis can convey

multiple meanings within a single word, as we show in the example 5:

99
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(5) nonkotsitasanomempebentajeibetamanakero

no-n-kotsi-t-asano-mempe-bent-a-jei-be-t-aman-ak-e-ro

1-IRR-cook-EP-INTENS-pretend-EP-PL-frust-EP-early-PRF-IRR-3F

‘We will really pretend to cook for her early in the morning without success’

(Jaime Montoya Samamé, fieldnotes)

where ‘kotsi’ is the root verb (‘to cook’) of the 15-morpheme word in Asháninka,

a language with polysynthetic traits spoken in Amazonia. Polysynthesis in Asháninka

poses a unique challenge for machine translation systems due to its complex mor-

phological structures. This challenge is compounded by the fact that, like many other

endangered indigenous languages of the Americas, Asháninka is severely understudied

in NLP because of the scarcity of data (Mager et al., 2018a).

To address the challenge of polysynthesis in extremely low-resource scenarios, we

first ask: can small multilingual models be beneficial for translating low-resource
polysynthetic languages? We previously demonstrated that clusters of multilingual

models are effective in low-resource machine translation, as they can still leverage the

similarities between languages to improve translation performance without needing a

massive model with several language pairs. For this purpose, we assemble training data

and build evaluation sets for polysynthetic languages spoken in South America, such as

Asháninka or Shipibo-Konibo. Additionally, we explore further strategies such as pre-

training with high resource language-pairs (Kocmi and Bojar, 2018), back-translation

(Sennrich et al., 2016a), and fine-tuning (Neubig and Hu, 2018) to enhance our base-

line multilingual systems. However, we found that the extra engineering efforts were

insufficient in improving translation performance significantly. Hence, we shift our

focus towards segmentation, a relevant step in machine translation.

The importance of segmentation in machine translation is further highlighted in

the case of polysynthetic languages. The complex word structures produced in these

languages make segmentation crucial in dealing with rare words that are composed of

several morphemes. We then ask: is morphologically-aware segmentation benefi-
cial for machine translation where one language is polysynthetic and extremely
low-resourced? To address this, we compare a wide set of segmentation methods,

morphologically-supervised and unsupervised approaches, and apply them to the in-

put of machine translation systems where either the source or the target language is

polysynthetic. For this purpose, we also introduce a new morphologically annotated

corpus for Shipibo-Konibo.
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From the comparison, we found that unsupervised segmentation remains relevant

for machine translation in the extreme high synthesis and low-resource language sce-

nario. However, such methods rely heavily on the availability of textual data. We

aim to reduce the dependency on the corpus size, so we pose the final question: can
a corpus-independent segmentation method be more effective for machine trans-
lation of polysynthetic and low-resource languages? In response, we propose a

linguistically-motivated segmentation approach that leverages syllable units, which

are corpus-independent. For this purpose, we apply syllable-based segmentation to

machine translation for Shipibo-Konibo, utilising multilingual models to enhance our

analysis.

The research presented in this chapter has been previously published in the follow-

ing academic articles:

• In Oncevay (2021), we describe the development of multilingual machine trans-

lation models for polysynthetic and endangered languages of South America.

We also contributed to the collection of training and evaluation data for indige-

nous languages of the Americas as part of a larger initiative known as Americ-

asNLP (Mager et al., 2021) (see §6.3 and §6.4).

• In Mager et al. (2022)1, we contributed to the comparison of various unsuper-

vised and morphologically-supervised segmentation methods for machine trans-

lation of languages with polysynthetic traits and limited resources (see §6.5).

• In Oncevay et al. (2022b), we propose a linguistically-motivated syllable-based

segmentation approach and evaluate its applicability in machine translation for

polysynthetic languages (see §6.6).

6.2 Related work

Studying the polysynthesis phenomenon in machine translation is not widespread in

the literature (Schwartz et al., 2020). However, there is an exception for Inuktitut, a

polysynthetic language spoken in North America, and the English-Inuktitut language

pair was included in WMT 2020 news shared task (Barrault et al., 2020). This is due

to its available corpus, and it is considered a medium-resource language pair, with

1As the second author, we note our contribution explicitly: compilation and processing of a new
morphological segmentation dataset for Shipibo-Konibo; training of part of the machine translation
experiments with several segmentation methods, including all the statistical significance analysis.
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1.3M parallel sentences (Joanis et al., 2020) and 1.4M tokens from monolingual data

extracted from CommonCrawl. For the shared task, different submited systems ap-

plied pretraining methods, morphological segmentation, or multilingual transfer with

related languages, although obtaining mixed results (Bawden et al., 2020; Kocmi,

2020; Knowles et al., 2020; Roest et al., 2020). Besides, Ortega et al. (2020b) used

morphological information, such as affixes, to guide the BPE segmentation algorithm

(Sennrich et al., 2016b) for Quechua, another highly synthetic language in the Ameri-

cas. However, their improvement is not statistically significant.

6.3 Languages and Datasets

To develop and evaluate machine translation models for the extremely high synthesis

and low-resource language case, we shift our attention toward the Americas conti-

nent. Despite the significant number of languages spoken in the Americas, most of

them receive little attention from NLP researchers, including those that are consid-

ered endangered. Glottolog (Nordhoff and Hammarström, 2012) reports that there are

86 language families and 95 language isolates in the Americas, highlighting the urgent

need for the development of language technologies that can support these communities.

Through the documentation, promotion, and revitalisation of endangered languages,

language technologies have the potential to make a significant impact (Zariquiey et al.,

2022).

My contribution is part of a bigger AmericasNLP 2021 Shared Task effort (Mager

et al., 2021), where we provided training and evaluation datasets for machine trans-

lations in 10 indigenous languages of the Americas (paired with Spanish). The work

consisted of two phases (I only note the languages I worked with):

• I collect available training data (parallel and monolingual corpora) for the fol-

lowing languages: Shipibo-Konibo2, Asháninka, Quechua, Aymara (paired with

Spanish or English). I then perform basic cleaning steps on the datasets (see

§6.4.1).

• The development and test sets were sampled from XNLI (Conneau et al., 2018).

We selected genres that we deemed relatively straightforward to translate into the

target languages, including ”face-to-face” conversations, letters, and telephone
2Throughout the last part of this chapter, we focus solely on Shipibo-Konibo due to the availability

of annotated data and access to experts and native speakers who could support the development and
evaluation of our resources and experiments.
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Figure 6.1: South America map with the approximate location of the speaker communi-

ties of five indigenous languages included in the AmericasNLP Shared Task. Adapted

from Ebrahimi et al. (2022).
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dialogues. I supervise and curate the translations for both Shipibo-Konibo and

Asháninka, and provide the translator with specific requests, such as translating

only the words and concepts that are well-known in the communities, whereas

other terms could be preserved in Spanish. There was constant communication

with the translators to keep the punctuation marks, named entities and numeric

formats. Moreover, the development and test sets were created following the

official writing convention proposed by the Peruvian Government and taught in

bilingual schools. Ebrahimi et al. (2022) and Kann et al. (2022) describe more

details about further NLI experiments with the translated sets.

By providing these resources, we hope to contribute to the visibility and preserva-

tion of these languages and support the efforts of language activists and communities,

alongside our research goal. The map in Figure 6.1, adapted from Ebrahimi et al.

(2022), displays the approximate location of the speakers of the languages we worked

with, as well as Guaranı́, another language evaluated in the AmericasNLP Shared Task.

It should be noted that the majority of the areas of the four languages we focused on

are situated within Peruvian borders. We present the details and training resources for

the four languages in Table 6.1, and in Table 6.2, we summarise the dataset sizes.

ISO Language Mono. es en

aym Aymara 8,680 5,475 5,045

cni Ashaninka 13,193 3,753

quy Quechua Ayacucho 104,101 14,465

shp Shipibo-Konibo 23,593 14,437

quz Quechua Cusco 97,836 21,760

Table 6.2: Number of sentences in monolingual and parallel corpora aligned with Span-

ish (es) or English (en). The latter are used for en→es translation and we only noted

non-duplicated sentences w.r.t. the *–es corpora. We use Quechua Cusco data as

complementary resources for multilingual training.

6.4 Multilingual Machine Translation

First, we address the extremely low-resource scenario with multilingual machine trans-

lation. Tan et al. (2019) and our prior research, in Chapter 4, have indicated that a
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massive multilingual model consisting of numerous language pairs is not totally nec-

essary to attain the benefits of improving performance for low-resource language pairs.

Instead, a smaller group of languages that are similar to some degree can suffice. Al-

though we note that each language in our case study belongs to a different language

family, that is not a hindrance for multilingual models. Typically, family-based clusters

are not the most effective ones, as we previously observed (see Chapter 4, §4.5).

Concerning the training data available, it is unsurprising that even if all the parallel

data are combined, the resulting dataset only contains 225k sentences (see Table 6.2),

which is not comparable to the size of language-pairs released in other shared tasks

like WMT, where datasets are in the millions. Data is a compounding issue for the

languages’ complex morphology and the training set’s domain disparity. To address

these challenges, we also consider further strategies to enhance our multilingual model,

such as pretraining with a high-resource language pair, back-translation and fine-tuning

to the out-of-domain evaluation set.

6.4.1 Pre-processing

The compiled datasets are potentially noisy and not cleaned. To address this, we re-

duced the number of sentences using several heuristics, such as identifying sentences

where Arabic numbers or punctuation did not match on both sides of the parallel sen-

tence, sentences where there were more symbols or numbers than words, and sentences

where the ratio of words from one side was five times larger or shorter than the other.

Table 6.3 shows the original and cleaned data size per language pair along with

some statistics. The proportion of cleaned data is smallest for the Spanish-Shipibo-

Konibo language pair, which suggests that the original datasets may have already un-

dergone some cleaning before publication. A similar case is observed for the Spanish-

Asháninka pair. However, a large amount of data was filtered out from all Quechua

datasets, which may be due to sentence alignment issues in the JW300 corpus (Agić

and Vulić, 2019) that require specialised tools to address (Kreutzer et al., 2022).

We also calculated the ratio of tokens per sentence (T /S) and the ratio of tokens in

the source compared to the target sentence. We found that the T /S value for the source

is always greater than the target sentence, which is to be expected given that Indo-

European languages, such as Spanish or English, are more isolating and tend to use

more tokens per sentence. This is confirmed by the last ratio variable, where a value

greater than one indicates that the source language (Indo-European and more isolating)
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Lang. pair S (raw) S (clean) % clean T /S (src) T /S (tgt) ratio T src/tgt

es-aym 6,453 5,475 -15.16% 19.27 13.37 1.44

es-cni 3,860 3,753 -2.77% 12.29 6.52 1.89

es-quy 128,583 104,101 -19.04% 14.2 8.17 1.74

es-shp 14,511 14,437 -0.51% 6.05 4.31 1.4

es-quz 130,757 97,836 -25.18% 15.23 8.62 1.77

en-quy 128,330 91,151 -28.97% 15.03 8.68 1.73

en-quz 144,867 100,126 -30.88% 14.84 8.42 1.76

en-aym 8,886 7,689 -13.47% 19.36 13.32 1.45

Table 6.3: Statistics and cleaning for all parallel corpora. We observe that the Shipibo-

Konibo and Ashaninka corpora are the least noisy ones. S = number of sentences, T =

number of tokens.

has more tokens than the target language (Amerindian and more synthetic). The case of

Asháninka is particularly noteworthy, as the factor is almost two, indicating that there

are, on average, almost twice as many tokens in a Spanish sentence as in an Asháninka

translation.

6.4.2 Evaluation

The training data have been extracted from different domains and sources, which are

not necessarily the same as the evaluation sets that we developed for the AmericasNLP

shared task. Therefore, we integrated a portion of the development set (995 sentences

per language) into the training data. For this purpose, we split the development set into

three parts: 25%-25%-50%. The first two parts are our custom dev and devtest sets

(which were used prior to testing on the official test set), while the last 50% section

is added to the training data to reduce the domain gap. Additionally, we extracted

a sample from the training data to double the size of the development set. It was

important to avoid any overlapping of the Spanish side with the training set, as we were

evaluating multilingual models. We used the same multi-text sentences for evaluation

and ensured that the mixed data in the validation set allowed us to evaluate how the

model fit with all the domains. The performance of all models was evaluated using

BLEU (Papineni et al., 2002) and chrF (Popović, 2015) metrics, and the results on the

official test sets (with 1k sentences) are reported as well.
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6.4.3 Experimental procedure

For the experiments, we used a Transformer-base model (Vaswani et al., 2017) with

the default configuration in Marian NMT (Junczys-Dowmunt et al., 2018). The steps

are as follows:

Joint subword segmentation To take advantage of the potential lexical sharing of

the languages (e.g. loanwords), we train a unique multilingual segmentation model by

sampling all languages with a uniform distribution (including Spanish and English, as

Spanish–English is our high-resource language pair for pre-training). We used the uni-

gram language model implementation in SentencePiece (Kudo and Richardson, 2018)

with a vocabulary size of 32,000. For simplification purposes, we are overlooking the

polysynthetic nature of the Amerindian languages for the segmentation process until

the following sections.

Pre-training We chose the Spanish–English language pair and trained MT systems in

both directions. English is not related to any of the studied languages but is Spanish’s

largest paired language corpus. For this purpose, we consider the EuroParl (1.7M

sentences) (Koehn, 2005) and the NewsCommentary-v8 (174k sentences) (Bojar et al.,

2013) corpora. The en→es and es→en models achieved 34.4 and 32.3 BLEU points,

respectively, in the newsdev2013 set (Bojar et al., 2013), which is competitive with

state-of-the-art models.

Multilingual fine-tuning Using the pre-trained en→es model, we fine-tuned the first

multilingual model many-to-Spanish. Following established practices, we used a uni-

form sampling for all the language pairs (quz–es included) to avoid under-fitting the

low-resource language pairs. Temperature-based sampling (Aharoni et al., 2019) or

automatically learned data scorers are more advanced strategies (Wang et al., 2020).

However, we left that analysis for further work. Results are in Table 6.4, row (a). Using

the es→many direction (row (e)), we replicated this to the es→en model.

Back-translation We attempted to improve the training of models (b) and (f) for

polysynthetic languages by back-translating the monolingual data using model (a).

However, the resulting models trained on the back-translated data underperformed or

failed to converge. This could be due to the noisy nature of the translations produced

by model (a).
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BLEU Aymara Ashaninka Quechua Shipibo-Konibo

→Spanish dev devtest test dev devtest test dev devtest test dev devtest test

(a) Multilingual 11.11 9.95 3.70 8.40 9.37 5.21 12.46 11.03 8.04 10.34 12.72 10.07
(b) Multi+BT 10.76 8.39 2.87 7.30 5.34 3.44 11.48 8.85 7.51 9.13 10.77 7.58

(c) Multi+BT[t] 10.72 8.42 2.86 7.45 5.69 3.15 11.37 10.02 7.12 8.81 10.73 7.18

(d) Pairwise 9.46 7.66 2.04 4.23 3.96 2.38 15.21 14.00 8.20 7.72 9.48 4.44

Spanish→ dev devtest test dev devtest test dev devtest test dev devtest test

(e) Multilingual 8.67 6.28 2.19 6.74 11.72 5.54 10.04 5.37 4.51 10.82 10.44 6.69

(f) Multi+BT 3.31 2.59 0.79 1.29 3.38 2.82 1.36 2.02 1.73 1.63 3.76 2.98

(g) Multi+BT[t] 10.55 6.54 2.31 7.36 13.17 5.40 10.77 5.29 4.23 11.98 11.12 7.45
(h) Pairwise 7.08 4.96 1.65 4.12 8.40 3.82 10.67 6.11 3.96 8.76 7.89 6.15

Table 6.4: BLEU scores for the dev and devtest custom partitions and the official test

set, including all the multilingual and pairwise MT systems into and from Spanish. BT =

Back-translation. BT[t] = Tagged back-translation.

chrF Aymara Ashaninka Quechua Shipibo-Konibo

→Spanish dev devtest test dev devtest test dev devtest test dev devtest test

(a) Multilingual 31.73 28.82 22.01 26.78 26.82 22.27 32.92 32.99 29.45 31.41 33.49 31.26
(d) Pairwise 28.77 25.03 19.79 20.43 20.40 18.83 36.01 36.06 30.90 27.25 29.91 25.31

Spanish→ dev devtest test dev devtest test dev devtest test dev devtest test

(g) Multi+BT[t] 37.32 35.17 26.70 38.94 38.44 30.81 44.60 38.94 37.80 40.67 39.47 33.43
(h) Pairwise 28.89 28.23 21.13 32.55 32.29 27.10 45.77 39.68 36.86 34.97 34.96 27.09

Table 6.5: chrF scores for the dev and devtest custom partitions and the official test

sets for the best multilingual setting and the pairwise baseline in each direction.

Tagged back-translation (BT[t]) To address these challenges, we incorporated a spe-

cial tag for the back-translated data, following the approach proposed by Caswell et al.

(2019). With BT[t], we signal to the model the synthetic data, which is potentially less

reliable than the original sentences. We report the results of this approach in Table 6.4,

rows (c) and (g).

Pairwise baselines We obtained pairwise systems by fine-tuning the same pre-trained

models (without any back-translated data). For a straightforward comparison, they

used the same multilingual SentencePiece model.

6.4.4 Analysis and discussion

Table 6.4 shows the BLEU scores for all the machine translation systems, and as a

reference, we also report the chrF scores in Table 6.5 for the best multilingual setting
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and the pairwise baseline.

Additionally, we found that for the translation models into Spanish, the multilin-

gual model without back-translated data consistently outperformed the other models in

all languages except Quechua, where the pairwise system achieved the highest transla-

tion accuracy. This is likely due to Quechua being the highest-resource language pair

in our experiment, as its performance was also negatively impacted in the multilingual

setting. This behaviour is commonly observed in multilingual training, and additional

approaches such as adapter layers (Bapna and Firat, 2019) or temperature-based sam-

pling (Aharoni et al., 2019) may help mitigate the issue. We observe a similar scenario

in the other translation direction from Spanish, where the best multilingual setting with

back-translated data could not surpass the performance of the Spanish-Quechua model

on the devtest set. Nevertheless, the gains for Aymara, Ashaninka and Shipibo-Konibo

by using the multilingual approach are significant in the dev and devtest sets.

Furthermore, we note that the models are not totally overfitted to any of the evalu-

ation sets in both translation directions. Exceptions are Spanish-Aymara and Spanish-

Quechua, with a significant performance dropping from dev to devtest in their best

settings, meaning that it started to overfit to the training data.

Concerning the results on the official test set, the performance is lower than the

results with the custom evaluation sets or devtest. The main potential reason is the

different domain of the test set in comparison to the training sets. Another point to

highlight, in the official test results, is that the best result in the Spanish–Quechua

language-pair is obtained by a multilingual model (the scores between the model (e)

and (g) are not significantly different) instead of the pairwise baseline, as in the dev or

devtest sets.

Using back-translated data can be useful for providing the model with additional

real text in the polysynthetic language. However, this is not the case when translating

into Spanish, where the multilingual model without back-translated data performs bet-

ter in most cases. Nonetheless, decoding a polysynthetic and low-resource language

remains a challenging task, and the relatively low BLEU scores do not necessarily in-

dicate proper adequacy or fluency in translation. Similarly, while the best chrF scores

we obtained are competitive, they still do not outperform the state-of-the-art reported

in the AmericasNLP shared task (Mager et al., 2021). Even in the SOTA systems, the

human evaluation results were poor. The results of this study indicate that, despite the

use of all available data, machine learning and engineering perspectives alone are in-

sufficient for addressing the challenges of low-resource polysynthetic languages. Thus,
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we redirect our focus towards an alternative approach to improve machine translation

performance in this context: subword segmentation.

6.5 Unsupervised versus Morphologically-Supervised

Segmentation

The previous experiments aimed to address the challenge of low-resource and high syn-

thesis languages in machine translation through engineering efforts. In this section, we

focus solely on the segmentation aspect, as the complex morphology of polysynthetic

languages may benefit from morphologically-aware segmentation methods. Thus, we

compare several segmentation methods, including unsupervised and morphologically-

supervised approaches, as follows:

BPEs (Sennrich et al., 2016b) is our baseline segmentation method, and we use the

SentencePiece implementation (Kudo and Richardson, 2018).

Morfessor (Smit et al., 2014) is an unsupervised method that uses a statistical model

for the discovery of morphemes using minimum description length optimisation. For

this analysis, we use Morfessor 2.0.

FlatCat (Grönroos et al., 2014) is a variant of Morfessor. It consists of a category-

based hidden Markov model and a flat lexicon structure for segmentation.

LMVR (Ataman et al., 2017) modifies the FlatCat implementation by adding a lexi-

con size restriction and increasing the tendency of the model to increase the segmenta-

tion of commonly seen words.

Seq2seq and s2s+multi are vanilla RNN sequence-to-sequence model with atten-

tion. The first variant (seq2seq) employs a supervised neural model, whereas the sec-

ond method (s2s+multi) uses the most promising extension proposed by Kann et al.

(2018) adding random generated strings in an auto-encoding fashion (s2s+multi).

Pointer Generator Networks (PtrNet) (See et al., 2017) is a supervised model that

we previously used in Chapter 5, §5.3, for computing the index of synthesis.
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Additionally, to isolate the effect of different segmentations, and to facilitate the

analysis, we ablate some aspects, such as the out-of-domain evaluation sets. We also

choose not to test multilingual models, for two reasons. Firstly, we require data to

train morphologically-supervised segmentation models, which is only available for the

Shipibo-Konibo language (we describe this new dataset in the following section). Sec-

ondly, we use different segmentation approaches for the source and target languages,

and therefore need to separate the analysis. In this part of the study, Spanish will be

segmented with BPE only.

6.5.1 Datasets

Morphological segmentation To train the supervised methods, we introduce a new

morphologically annotated dataset for Shipibo-Konibo. For this purpose, we adapted

annotated sentences for lemmatization and part-of-speech tagging (Pereira-Noriega

et al., 2017), and from a treebank (Vasquez et al., 2018), which was segmented in

morphemes due to a particular phenomenon for clitics in the dependencies annotation.

The sources of the annotations are Governmental educational books that follow the of-

ficial writing standard. Table 6.6 shows some annotated samples of the corpus, while

6.7 contains details and statistics about the new dataset.

In the training set, we noticed that a significant number of words were segmentable,

with a proportion of 72% consisting of more than one morpheme. The maximum

number of morphemes in a word was found to be 5, and the synthesis variable reached

a relatively high value of 2, considering the high proportion of single-morpheme words

(28%). If the synthesis value of the whole dataset is not higher, it is because some of

the indivisible (one-morpheme) words in the dataset are Spanish loanwords, especially

nouns and names.

Input Output Notation

kachiokea kachio-kea mountain-FROM

jakonmatani jakon-ma-tani good.person-NEG-ALMOST

tetebo tete-bo hawk-PL

Table 6.6: Annotation samples of the morphological segmentation dataset for Shipibo-

Konibo. The notation in English is added for clarity.
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train dev test

Words 604 163 329

Segmentable words 437 114 228

Morphemes 1215 321 642

Unique Morphemes 476 181 319

Words+1 0.72 0.69 0.69

Synthesis 2.01 1.97 1.95

Max-Morph 5 5 5

OOV-Morph 93 179

Table 6.7: Statistics of the Shipibo-Konibo dataset for morphological segmentation.

Words+1: proportion of words consisting of more than one morpheme; Max-Morph:

maximum number of morphemes found in one word; OOV-Morph: morphemes in eval-

uation not seen in training.

Machine translation We use the collected datasets for Shipibo-Konibo–Spanish for

the machine translation experiments. However, we split the training set into develop-

ment and test sets (587 and 1030 sentences, respectively) to simplify the out-of-domain

analysis. The split was stratified according to the different sources of the parallel cor-

pora.

6.5.2 Experimental setup

Metrics For evaluating machine translation, we use the standard BLEU (Papineni

et al., 2002) and chrF (Popović, 2015) metrics from the SacreBLEU implementation

(Post, 2018), whereas for morphological segmentation, we compare all outputs against

the gold annotated test sets using the EMMA F1 metric (Spiegler and Monson, 2010).

Model We use a Transformer model (Vaswani et al., 2017) with the hyperparameters

proposed by Guzmán et al. (2019) as a baseline for low-resource languages. After

searching for the best vocabulary size using 2k, 4k, 5k, 6k and 8k, we use a 5k vo-

cabulary size for all sides using BPE. Besides, we use the fairseq toolkit (Ott et al.,

2019) for all translation experiments. The polysynthetic languages are segmented with

the different investigated segmentation methods and Spanish always uses BPE in both

translation directions.
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6.5.3 Results and discussion

Morph. Seg. es-shp shp-es

EMMA F1 BLEU chrF BLEU chrF

BPE 71.41 10.84 36.54 11.85 32.59

Morfessor 59.45 5.00* 33.24* 9.65* 30.69*

FlatCat 67.95 11.68 37.58 12.29 33.38
LMVR 67.58 12.84 38.99* 11.14 32.60

Seq2seq 82.25 0.77* 25.21* 10.27* 31.10*

s2s+multi 85.99 0.13* 22.06* 9.51* 27.79*

PtrNet 78.22 0.06* 22.78* 8.91* 27.97*

Table 6.8: Morphological segmentation results for Shipibo-Konibo (left) and machine

translation performance for Spanish–Shipibo-Konibo (right) with different segmentation

methods. Maximum scores are in bold. For MT, we run a paired approximation test with

10000 trials using the BPE-based system output as the baseline, and “*” indicates a

p-value < 0.05.

Table 6.8 presents contrasting results. While BPE is the best-performing unsuper-

vised approach for morphological segmentation, it is outperformed by the more mor-

phologically supervised segmentation models. However, the supervised segmentation

models perform poorly in the machine translation task compared to the unsupervised

ones in both directions. We argue that the supervised segmentation methods often

innovate new subwords in their output, which only adds noise to the input of the ma-

chine translation model.3 For instance, in Table 5.1 from Chapter 5, we included some

PtrNet outputs of English words, such as cookm (from cookie) and polyggmy (from

polygamy).

Regarding the unsupervised segmentation methods for machine translation, LMVR

is the best method for translating into the polysynthetic Shipibo-Konibo, while FlatCat

is the best for the opposite direction. In both cases, most outcomes are comparable to

the BPE results, with only one case (es-shp with chrF) being statistically superior.

Apart from the numerical results, we observe that most unsupervised segmentation

3In Mager et al. (2022), we analysed the occurrence of out-of-vocabulary (UNK) tokens within the
machine translation test set for four photosynthetic languages, including Shipibo-Konibo. Our findings
revealed that supervised models, such as s2s+multi, exhibited the highest count of UNK tokens, whereas
unsupervised methods like LMVR demonstrated a slightly lower count. Notably, the BPE approach
demonstrated the most comprehensive token coverage among the studied methods.
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methods are still relevant for handling languages with high synthesis and limited data.

However, these methods rely on the size of textual data to extract patterns and take

advantage of frequent subwords. In an extremely low-resource scenario, it is desirable

to reduce the dependence of the segmentation method on the available textual data. For

this reason, in the following section, we propose a less data-dependent segmentation

approach.

6.6 Syllable-based segmentation

In machine translation, we rely on subword segmentation as a widespread approach to

generate rare subword units (Sennrich et al., 2016b). However, lacking large textual

collections can constrain the learning of unsupervised segmentation methods. Alterna-

tively, we could use character-level modelling since they also have access to subword

information (Kim et al., 2016), but further issues can arise, such as long-term depen-

dencies, longer training time to converge, as well as the need to deepen the model (Gao

et al., 2020).

For this reason, syllables are introduced as an alternative since they are speech units

(“A syl-la-ble con-tains a sin-gle vow-el u-nit”) and behave as a mapping function to

reduce the length of the sequence with a larger ”alphabet” or syllabary. Syllables are

fundamental phonological units that participate in important word prosodic patterns,

such as stress assignment, and are more linguistically relevant units than characters.

Their extraction can be rule-based and corpus-independent, but data-driven methods

or hyphenation using dictionaries can approximate them as well.

Therefore, this section evaluates whether syllables are useful for encoding or de-

coding a highly synthetic and extremely low-resource language, and we choose Shipibo-

Konibo (paired with Spanish) as our case study because the language exhibits high syn-

thesis and low-resource traits, but also presents a shallow (or transparent) orthography,

a property that could be beneficial to syllabification.

Orthographic depth, which is the degree of grapheme-phoneme correspondence

(Borgwaldt et al., 2005), can increase complexity to syllabification (Marjou, 2021).

For example, English has a deep orthography (weak correspondence), whereas Finnish

is more transparent (Ziegler et al., 2010). In the case of Shipibo-Konibo, as with any

other language that is going through a process of revitalisation, the alphabet has been

recently standardised, and the grapheme-phoneme ambiguity has been reduced (Alva

and Oncevay, 2017). For example, in Spanish, there is ambiguity in the sounds for ‘ca’
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and ‘ka’, whereas for Shipibo-Konibo, it has been simplified into ‘ka’ only.

Since Spanish does not exhibit a transparent orthography as Shipibo-Konibo, syl-

lables are considered alongside state-of-the-art segmentation methods such as BPE

to segment Spanish and other languages, such as English. Additionally, multilingual

NMT systems are used to provide robust baselines, as they outperformed pairwise sys-

tems for the chosen language pair, as noted in §6.4.

6.6.1 Related work

For syllable-based machine translation, there are mostly studies for related paired

languages, such as Indic languages (in statistical MT without subword-based base-

lines: Kunchukuttan and Bhattacharyya (2016)), Tibetan–Chinese (Lai et al., 2018),

and Myanmar–Rakhine (Myint Oo et al., 2019). Instead, Spanish–Shipibo-Konibo is

a non-related language-pair. The only distant pair was English–Myanmar (ShweSin

et al., 2019), but they did not compare it with unsupervised subword segmentation

approaches. Furthermore, neither of these studies analysed multilingual scenarios.

6.6.2 Syllabification in Shipibo-Konibo

For Shipibo-Konibo, we adapt the rule-based syllabification tool developed by Alva

and Oncevay (2017), which follows the standardised orthographic patterns of the lan-

guage. The original method employs syllabification to validate whether a word is com-

posed of orthographically consistent syllables, primarily for spell-checking purposes.

In simpler terms, if a word cannot be segmented according to these orthographic pat-

terns, it may potentially be a misspelling, a loanword, or a named entity from another

language. To illustrate this concept, we provide the following examples:

1. The Shipibo-Konibo word atipana, meaning “can”, is syllabified as a-ti-pa-na.

2. The Spanish word pasaporte, meaning “passport”, cannot be properly syllabi-

fied.

3. The name John, originating from English, also defies syllabification.

In the context of machine translation, we apply the syllabification tool as a seg-

mentation method for Shipibo-Konibo texts. However, there could be a presence of

loanwords and named entities from diverse languages that lack direct counterparts in

the Shipibo-Konibo language. In cases where a word cannot be segmented, we resort
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to either splitting it into individual characters (e.g. pasaporte into p-a-s-a-p-o-r-t-e) or

employing an alternative segmentation method. For example, we can employ a joint

BPE segmentation model trained with the whole parallel corpus (e.g. pasaporte into

pasa-porte or pas-a-porte). It’s important to note that the parallel texts from the paired

languages are segmented not by syllables, but rather by standard segmentation methods

like BPE.4

For our experiments in the following sections, we complement syllables with BPE,

creating an approach referred to as SYL+BPE. Additionally, we compare this approach

against using BPE alone, which serves as a baseline referred to as BPE-ALL. We

provide more details about the baselines and segmentation approaches in the following

section and Table 6.9.

6.6.3 Machine translation systems with syllables

In contrast to prior work (see §6.6.1), we (i) study syllable-based NMT for a distant

and low-resource language-pair, Spanish–Shipibo-Konibo, and where one language

(Shipibo-Konibo) exhibits polysynthetic traits; (ii) compare syllables against the most

widespread unsupervised segmentation method (BPE, Sennrich et al., 2016b) with au-

tomatic metrics and human evaluation; and (iii) analyse the applicability of syllables

on multilingual NMT systems. The last element is significant, as multilingual mod-

els are a significant approach for leveraging low-resource language-pairs performance

(Siddhant et al., 2022). For the multilingual setting, we include Spanish-English as it

is the highest-resource language pair available that includes Spanish.

For these reasons, we focus on MT settings and segmentation approaches that com-

pare syllables with BPE, using either SYL+BPE or BPE-ALL. We enumerate the set-

tings as follows and show details of their segmentation in Table 6.9.

1. MONO-SYSTEM: a pairwise NMT model where each source and target is seg-

mented with a different method.

2. JOINT-SYSTEM: another pairwise NMT model where the BPE-ALL baseline is

jointly trained with the source and target data.

3. O2M-SYSTEM: a multilingual one-to-many NMT model where the BPE-ALL

baseline is jointly trained with all the languages. We add Spanish–English for
4We attempted to use syllables in other languages as well, such as Spanish and English, but with neg-

ative results. With large data, unsupervised segmentation methods like BPE can obtain more significant
and overlapping subwords from source and target.
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system segmentation Shipibo-Konibo Spanish English

MONO-SYSTEM SYL+BPE Syllables (+characters) BPEes

BPE-ALL BPEshp BPEes

JOINT-SYSTEM SYL+BPE Syllables (+BPEshp,es) BPEshp,es

BPE-ALL BPEshp,es BPEshp,es

O2M-SYSTEM SYL+BPE Syllables (+BPEshp,es,en) BPEshp,es,en BPEshp,es,en

BPE-ALL BPEshp,es,en BPEshp,es,en BPEshp,es,en

Table 6.9: Description of the segmentation method used for each language in all MT

systems and baselines. BPElanguage(s) is a (joint) BPE segmentation model that is

trained with the data of the specified language(s).

multilingual training to leverage the overall performance of the low-resource

language pair.5

To better illustrate the segmentation achieved with SYL+BPE in the three MT set-

tings, we show some examples in Table 6.10. Specifically, we can observe how the

term pasaporte (“passport” in Spanish) is split in distinct ways on the Shipibo-Konibo

side. In the MONO-SYSTEM, the word is segmented into individual characters, while

in the other two systems, it is processed through a joint BPE model. Additionally, all

other words on the Shipibo-Konibo side maintain consistent syllable-based segmenta-

tion across all settings.

system Spanish Shipibo-Konibo

MONO-SYSTEM ¿ puedo ver su pasa por te ? ¿ min p a s a p o r t e en o in ti a ti pa na ?

JOINT-SYSTEM ¿ puedo ver su pas a por te ? ¿ min pas a por te en o in ti a ti pa na ?

O2M-SYSTEM ¿ p uedo ver su pasa porte ? ¿ min pasa porte en o in ti a ti pa na ?

Table 6.10: Segmentation examples with the SYL+BPE approach for the three MT set-

tings. The English translation is: “Can I see your passport?”

6.6.4 Experimental setup

Data For Spanish–Shipibo-Konibo (es–shp), we use the dataset compiled in the pre-

vious section (see §6.3), and perform the same split as in the morphological segmen-

5We do not consider the many-to-one direction due to resource constraints and because we observed
that the improvements by syllables are noted when translating into Shipibo-Konibo only.
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tation experiments (see §6.5) for the development and test subsets, to make the results

comparable. For the multilingual models, we use the Spanish–English (es–en) train

set from EuroParl (Koehn, 2005) and newscommentary-v8 (2.2M parallel sentences in

total), and the NEWSTEST2013.ES-EN (Bojar et al., 2013) evaluation sets.

BPE settings We use the implementation of SentencePiece (Kudo and Richardson,

2018). Following our experiments in §6.5, we fix the best vocabulary size at 5000

pieces for the MONO-SYSTEM, after trying different values from 1k to 10k. The seg-

mentation for JOINT-SYSTEM and O2M-SYSTEM use 5000 and 16000 pieces, respec-

tively.

Model and training We reproduce the settings of our experiments in the previous

section (see §6.5) by using the fairseq toolkit (Ott et al., 2019), and a Transfomer

model (Vaswani et al., 2017) with smaller dimensions. For the pairwise systems, we

train up to 100 epochs with an early stopping policy of 5 (validating every 5 epochs),

whereas for the multilingual systems we train up to 30 epochs. For all the experiments,

we use 4 NVIDIA GeForce GTX 1080 Ti GPUs. For the multilingual O2M-SYSTEM,

we use a sampling approach with temperature of 5 (Aharoni et al., 2019).

Automatic evaluation We use chrF (Popović, 2015) from SACREBLEU (Post, 2018).6

In summary, we will compare three different system approaches: MONO-SYSTEM,

JOINT-SYSTEM and O2M-SYSTEM. And for each of them, we will apply a differ-

ent segmentation methodology: BPE-ALL and SYL+BPE. Our goal is to understand

whether a syllable-based segmentation approach is effective and compatible with the

widespread BPE method.

6.6.5 Results and discussion

Table 6.11 shows the translation performance in all settings with two different segmen-

tation methods. We observe that SYL+BPE are statistically better than the BPE-ALL

baseline when translating from Spanish into Shipibo-Konibo, but not in the other di-

rection. This fact indicates that syllables support the decoding more than the encoding

step of a language with a transparent orthography. One possible reason is that, like

characters, syllables do not carry semantic or grammatical information. We argue that

6chrF2+numchars.6+space.false+v.1.5.0.
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Model Segmentation method

BPE-ALL SYL+BPE BPE-ALL SYL+BPE

es→shp es→en

MONO-SYSTEM 37.62±1.87 41.27*±0.54

JOINT-SYSTEM 40.41±0.82 41.74*±0.95

O2M-SYSTEM 48.30 51.25* 53.99 53.85

shp→es
MONO-SYSTEM 33.37±0.79 32.85*±1.22

JOINT-SYSTEM 34.55±0.56 33.13*±0.75

Table 6.11: chrF scores in the test subsets. For the first two settings, we run three

experiments and present the mean and standard deviation. The latter only has one run

due to resource constraints, and we report es–en scores as a reference. Syllabification

(in SYL+BPE) is only applied on the Shipibo-Konibo side. (*) indicates a p-value ≤ 0.05

against the BPE baseline.

adding more encoder layers, as is done in character-models (Gao et al., 2020), may

address this limitation, but we leave further investigation for future work.

Concerning the NMT systems trained with joint vocabulary models, we observe

that using the JOINT-SYSTEM setting reduces the gap between BPE-ALL and SYL+BPE,

probably due to the shared roots between the two languages (i.e., loanwords from Span-

ish into Shipibo-Konibo). Furthermore, we note that the impact of syllables is not min-

imised in a multilingual system (O2M-SYSTEM), where the performance for es→shp

has drastically improved, and the other language-pair (es→en) retains a comparable

result between BPE-ALL and SYL+BPE. These findings suggest that syllable-based

subwords can be effectively combined with BPE pieces in larger multilingual NMT

models

Regarding the experiments with MONO-SYSTEM, we note that they are comparable

with the study of our previous section (see §6.5), where we tested several unsupervised

and supervised morphological segmentation methods against BPE for machine trans-

lation. Our result with syllables in es→shp outperforms all other approaches, such as

LMVR (Ataman et al., 2017), with a 38.99 chrF score. This indicates that syllables

are a robust alternative to morphologically-aware methods when we are dealing with

limited data and translating into a polysynthetic language.
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Figure 6.2: Adequacy and fluency scores (1-5) for 200 outputs of two approaches:

BPE-ALL (dashed blue) and SYL+BPE (solid orange), from the best es→shp given by

O2M-SYSTEM.

6.6.6 Human evaluation

We also conducted a small human evaluation of system outputs to compare the segmen-

tation approaches (BPE-ALL versus SYL+BPE) for the best performing model (O2M-

SYSTEM) using a 5-points scale for the adequacy and fluency of the Spanish→Shipibo-

Konibo translation, which is the translation direction that benefited from the syllable

segmentation. The annotation protocol and annotator’s information are provided in

Table 6.12.

6.6.6.1 Results

Figure 6.2 shows the scores annotated for adequacy and fluency, where we compare

BPE-ALL and SYL+BPE for O2M-SYSTEM, which obtained the best performance for

both segmentation approaches in es→shp. We observe that the adequacy is very poor

for both systems (1-2), but there is an advantage for SYL+BPE in the smaller batch

of highest adequacy (5), with 3% more of the total samples. Regarding fluency, both

systems mostly obtain a low score (2), but there is a consistent advantage for SYL+BPE

over BPE-ALL in the highest value (5), with 6.5% more of the total samples. The

differences are very small to determine whether a segmentation works better than the

other from human judgement, but they are consistent with the automatic evaluation

provided previously. A larger sample, an extra annotator, or more robust systems could

aid in clarifying other potential benefits.
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Table 6.12: Annotation protocol and details about the annotator.

Annotation protocol

The expert received the source sentence in Spanish, the reference in Shipibo-Konibo, and an

anonymized system output, which includes the baseline (BPE-ALL) and our syllable-based system

(SYL+BPE). The expert received only 200 samples (per system, same entries) that were randomly

selected and shuffled. They were asked to annotate Adequacy (Does the output sentence express

the meaning of the reference?) from 1 to 5 (extremely bad to excellent), and Fluency (Is the

output sentence easily readable and looks like a human-produced text?) from 1 to 5 as well.

The following were the descriptions of the ratings as provided to the expert annotator in Spanish

(translated into English here for convenience):

Adequacy The output sentence expresses the meaning of the reference.

1. Extremely bad: The original meaning is not contained at all.
2. Bad: Some words or phrases allow to guess the content.
3. Neutral.
4. Sufficiently good: The original meaning is understandable, but some parts are unclear or

incorrect.
5. Excellent: The meaning of the output is the same as that of the reference.

Fluency The output sentence is easily readable and looks like a human-produced text.

1. Extremely bad: The output text does not belong to the target language.
2. Bad: The output sentence is hardly readable.
3. Neutral.
4. Sufficiently good: The output seems like a human-produced text in the target language,

but contains weird mistakes.
5. Excellent: The output seems like a human-produced text in the target language, and is

readable without issues.

About the annotator The annotator is a native speaker of Shipibo-Konibo, a certified and

professional translator, and a bilingual teacher in Peru. The annotator has experience translating

corpus for MT research and performing human evaluation for Spanish–Shipibo-Konibo. This

expertise is almost unique for Shipibo-Konibo, and we could not identify a second annotator with

the same expertise to obtain inter-annotation agreement.
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6.6.7 Open-vocabulary language modelling with syllables

We also performed experiments with syllable-based segmentation on 21 languages for

an open-vocabulary language modelling task. We compared the segmentation against

characters, BPE subwords, Morfessor-based pieces, and annotated morphemes from

Universal Dependency treebanks, and we found that syllables consistently outperform

other baselines (measuring with a comparable character-level perplexity). As language

modelling is not a relevant task in this thesis, we refer the reader to Oncevay et al.

(2022b) for more details.

6.6.8 Limitations and opportunities

Syllables only cannot offer a universal solution to the subword segmentation problem

for all languages, as the syllabification tools are language-dependent. Besides, the

analysis should be extended to more scripts and morphological types. Furthermore,

we do not encode any semantics in the syllable-vector space, with a few exceptions

like in Korean (Choi et al., 2017).

Nevertheless, building a syllable splitter might require less effort than annotating

morphemes to train a robust supervised tool. For instance, we can build a syllabifica-

tion tool for English following five general rules from: https://www.howmanysyllables.

com/divideintosyllables. Their implementation should take less effort than annotating

morphological segmentation datasets or building a Finite-State-Transducer for mor-

phological analysis. Although it is worth noting that the benefits of using syllables

were only observed in languages with transparent orthography, which is not the case

of English.

Specifically for machine translation, syllables could be useful when: (i) we are

dealing with extremely low-resource data, which affects unsupervised word segmen-

tation, (ii) we are translating into a language with a high synthesis, which has been

observed as a factor that impacts on NMT performance, and (iii) we are working with

a language with a transparent orthography. This is the scenario for several languages

from the Americas, where their writing systems have been recently standardised for

documentation and revitalisation purposes (Mager et al., 2018a), and some resources

for machine translation have been compiled (Mager et al., 2021).

https://www.howmanysyllables.com/divideintosyllables
https://www.howmanysyllables.com/divideintosyllables
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6.7 Conclusion

In this chapter, we have explored the extreme challenge of machine translation for

languages with high synthesis and low resources. We have focused on endangered lan-

guages of the Americas, which often exhibit these traits, and aimed to develop machine

translation resources for them. Through our experimentation, we have explored the ef-

ficacy of multilingual approaches, which have outperformed pairwise baselines, but are

still constrained by the availability of parallel or monolingual data. Furthermore, while

focusing on the subword segmentation methods, we identified that unsupervised meth-

ods like BPE are effective in these cases, in contrast to morphologically-supervised

methods.

Our analysis has led us to propose a new syllable-based segmentation approach that

is less data-dependent, which is an essential feature for these extremely low-resource

languages, given that other unsupervised methods rely heavily on the availability of

textual data. This new approach has shown positive outcomes in our case study, specif-

ically for the translation direction into the polysynthetic and low-resource language,

and including multilingual settings.



Chapter 7

Conclusions

In conclusion, this thesis aimed to investigate the impact of linguistic typology on neu-

ral machine translation performance. The research questions addressed in this study

were: (1) whether a combined language representation can incorporate complementary

sources of information from typological databases and NMT-learned representations,

(2) whether the combined language space can improve multilingual machine transla-

tion tasks, (3) whether morphological typology variables of synthesis and fusion are

relevant for machine translation performance, and (4) how machine translation perfor-

mance can be improved for high-synthesis and low-resource languages.

To answer these questions, we proposed a method to compute language represen-

tations that encode typological features, specifically syntax variables, and showed that

the combination of linguistic typology databases and pre-trained language embeddings

leads to better results in computational typology tasks such as typological feature pre-

diction and phylogenetic tree inference. The proposed language representations were

also evaluated in multilingual machine translation tasks and demonstrated to perform

as well as strong baselines across low-resource or high-resource languages, identifying

relevant related languages to train a multilingual model and reduce negative transfer.

Furthermore, we observed that they are an efficient alternative when we need to add

new languages to a multilingual setting.

We then investigated the impact of morphological typology variables of fusion and

synthesis on machine translation performance. We proposed methods to automatically

and semi-automatically quantify these variables, and then analyse that there is a rela-

tionship between words with higher synthesis or fusion and translation performance

in our case studies of Turkish and Spanish, respectively. This was consistent with a

further analysis at the segment level. After identifying that a high value of synthesis

125
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can hinder translation performance, we examined the extreme case of high-synthesis

and low-resource languages for machine translation, and proposed a new segmenta-

tion approach using syllable units that improved translation performance against strong

baselines and offered promising results in our case study.

Finally, in addition to our technical contributions, our work aimed to broaden the

scope of attention given to understudied and endangered languages of the Americas,

contributing towards the diversity of machine translation research. By developing new

datasets and conducting experiments on them, we hope to advance the field of machine

translation from different angles and expand the understanding of machine translation

in such languages.

Overall, the thesis has demonstrated the importance of linguistic typology in ma-

chine translation and proposed various methods and analyses to incorporate typological

knowledge into machine translation research.

7.1 Future work

While this thesis has made significant contributions to studying the impact of linguistic

typology on machine translation, there are still many avenues for further research that

could broaden and deepen our understanding of this field. Therefore, we describe some

possible directions for future work:

• Our methodology for analysing the impact of morphological typology on ma-

chine translation, specifically the variables of synthesis and fusion, could be

valuable to explore other important linguistic typological features. For example,

it would be interesting to quantify word order features on a continuous scale, as

some approaches have previously attempted (Futrell et al., 2015; Guzmán Naranjo

and Becker, 2018), and analyse how much the word order divergence between

the source and target language impacts NMT performance.

• The indices of synthesis and fusion could also be used as parameters for sam-

pling in multilingual NMT models or curriculum learning (Platanios et al., 2019),

where different measurements of complexity sort training samples. These vari-

ables could also be used for evaluating NMT performance in automatic metrics

or quality estimation.

• We have shown that a less data-dependent segmentation approach based on sylla-

ble units is relevant in our low-resource and high-synthesis language case study.
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It would be interesting to investigate adapting widespread unsupervised segmen-

tation methods, such as BPE (Sennrich et al., 2016b) or unigram language mod-

elling (Kudo, 2018), to include specific subwords, such as syllables or crafted

affixes from lexicons.

• We also suggest focusing on highly fusional languages, where more morpholog-

ical information is encoded in fewer morphemes. Making this encoded informa-

tion explicit, such as in pseudo-tokens for the input sentence, as Goldwater and

McClosky (2005) have done for statistical MT, or trying factored-based archi-

tectures (Sennrich and Haddow, 2016; Armengol-Estapé et al., 2021), could be

a way to deal with this challenge.

Finally, we encourage the research community to continue developing machine

translation resources for understudied and endangered languages. Diversity is crucial

to extending our research in machine translation and ensuring that these languages are

not left behind.
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O’Horan, H., Berzak, Y., Vulić, I., Reichart, R., and Korhonen, A. (2016). Survey on

the use of typological information in natural language processing. In Proceedings

of COLING 2016, the 26th International Conference on Computational Linguistics:

Technical Papers, pages 1297–1308, Osaka, Japan. The COLING 2016 Organizing

Committee.

Oncevay, A. (2021). Peru is multilingual, its machine translation should be too? In

Proceedings of the First Workshop on Natural Language Processing for Indigenous

Languages of the Americas, pages 194–201, Online. Association for Computational

Linguistics.



Bibliography 143

Oncevay, A., Ataman, D., Van Berkel, N., Haddow, B., Birch, A., and Bjerva, J.

(2022a). Quantifying synthesis and fusion and their impact on machine transla-

tion. In Proceedings of the 2022 Conference of the North American Chapter of the

Association for Computational Linguistics: Human Language Technologies, pages

1308–1321, Seattle, United States. Association for Computational Linguistics.

Oncevay, A., Haddow, B., and Birch, A. (2020). Bridging linguistic typology and mul-

tilingual machine translation with multi-view language representations. In Proceed-

ings of the 2020 Conference on Empirical Methods in Natural Language Processing

(EMNLP), pages 2391–2406, Online. Association for Computational Linguistics.

Oncevay, A., Rivas Rojas, K. D., Chavez Sanchez, L. K., and Zariquiey, R. (2022b).

Revisiting syllables in language modelling and their application on low-resource

machine translation. In Proceedings of the 29th International Conference on Com-

putational Linguistics, pages 4258–4267, Gyeongju, Republic of Korea. Interna-

tional Committee on Computational Linguistics.

Ortega, J., Castro-Mamani, R. A., and Montoya Samame, J. R. (2020a). Overcoming

resistance: The normalization of an Amazonian tribal language. In Proceedings of

the 3rd Workshop on Technologies for MT of Low Resource Languages, pages 1–13,

Suzhou, China. Association for Computational Linguistics.

Ortega, J. E., Mamani, R. C., and Cho, K. (2020b). Neural machine translation with a

polysynthetic low resource language. Machine Translation, 34(4):325–346.

Osborne, D., Narayan, S., and Cohen, S. B. (2016). Encoding prior knowledge with

eigenword embeddings. Transactions of the Association for Computational Linguis-

tics, 4:417–430.
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Dialogue, pages 473–481, Cham. Springer International Publishing.

Pires, T., Schlinger, E., and Garrette, D. (2019). How multilingual is multilingual

BERT? In Proceedings of the 57th Annual Meeting of the Association for Computa-

tional Linguistics, pages 4996–5001, Florence, Italy. Association for Computational

Linguistics.

Platanios, E. A., Stretcu, O., Neubig, G., Poczos, B., and Mitchell, T. (2019).

Competence-based curriculum learning for neural machine translation. In Proceed-

ings of the 2019 Conference of the North American Chapter of the Association for

Computational Linguistics: Human Language Technologies, Volume 1 (Long and

Short Papers), pages 1162–1172, Minneapolis, Minnesota. Association for Compu-

tational Linguistics.
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