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Advances in Natural Language Processing (NLP) over the past decade have largely been
driven by the scale of data and computation used to train large neural network-based
models. However, these techniques are inapplicable to the vast majority of the world’s
languages, which lack the vast digitized text datasets available for English and a few
other very high-resource languages. In this dissertation, we present three case studies
for extending NLP applications to under-resourced languages. These case studies include
conducting unsupervised morphological segmentation for extremely low-resource languages
via multilingual training and transfer, optimizing the vocabulary of a pre-trained cross-lingual
model for specific target language(s), and specializing a pre-trained model for a low-resource
language family (Uralic). Based on these case studies, we argue for three broad, guiding
principles in extending NLP applications to under-resourced languages. First: where possible,
robustly pre-trained models and representations should be leveraged. Second: components
of pre-trained models that are not optimized for new languages should be substituted or
substantially adapted. Third: targeted multilingual training provides a middle ground
between the lack of adequate data to train models for individual under-resourced languages

on one hand, and the diminishing returns of “massively multilingual” training on the other.
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Chapter 1

INTRODUCTION

1.1 Background

The current dominant approach for building Natural Language Processing (NLP) systems
is to train large neural networks on very high-resource languages like English, Chinese, or
German, for which vast amounts of textual data are available (i.e. hundreds of gigabytes or
more: Brown et al., 2020; Touvron et al., 2023, i.a.). These techniques are inapplicable to the
majority of the world’s languages, which lack the large requisite text datasets. Joshi et al.
(2020b) quantify language-wise data availability (Figure 1.1) and introduce a classification
system ranging from 0 to 5. Even languages spoken by many millions of speakers such
as Urdu, Indonesian, and Tamil fall into level 3 or below, and are typically considered
“low /under-resourced” in NLP research. This methodological gap undermines the potentially
vital role machine learning can play in creating critical NLP services such as machine
translation, automatic speech recognition, and assisted writing. In the face of large-scale
language endangerment and loss in the 21st Century (Brenzinger et al., 2003), development
of these tools can aid the effort to ensure that a diversity of world languages can thrive in

the digital era.

This gulf in data availability obviously cannot be overcome by techniques that rely on
data scale. It is also generally accepted that large-scale models cannot be robustly trained
without large-scale data (Hoffmann et al., 2022). However, several machine learning-based
techniques may offer hope for bridging the data divide and extending NLP to a wider range
of the world’s languages. Specifically, unsupervised/self-supervised learning enables training
with smaller amounts of specialized data than supervised paradigms require; multilingual
modeling allows language data to be pooled by training on more than one language at once;
and transfer learning leverages existing models trained in higher-resource languages for use

with new, low-resource languages.
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Figure 1.1: Language data “taxonomy” from Joshi et al. (2020b), categorizing languages by
their availability of labeled and unlabeled data. English is visible as an outlier in the top

right-hand corner.

Unsupervised learning is named in opposition to supervised learning, in which a system
is trained to predict a label, classification, or decision over some instance of raw data
(e.g. a sentence; see Figure 1.2). This training paradigm requires pairings of raw data with
annotated labels (“labeled data”, Figure 1.1 Y-axis), to train a mapping from the former
to the latter. Unsupervised learning, in contrast, learns patterns from raw data alone.
Self-supervised learning — a type of unsupervised learning in which a missing portion of
raw data is predicted based on the remainder — is ubiquitous in NLP (Figure 1.2). For text,
this is typically referred to as “language modeling”: either predicting the next word/unit in
a sequence (traditional language modeling), or predicting a missing word (masked language
modeling: Devlin et al., 2019).

One advantage of self-supervised modeling is that it does not rely on the availability
of labeled data, which is much more scarce and hard to curate than unlabeled (raw)

data. However, it is not straightforward to design systems that accomplish a traditionally
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Figure 1.2: Top: an example supervised learning task, mapping raw text data to a label
(topic). Bottom: examples of self-supervised learning, in which missing parts of the raw data

are predicted.

supervised task with purely self-supervised training. Instead, self-supervised modeling is
usually employed in NLP as a foundation on which to build more robust systems that require
less supervised training data (Peters et al., 2018, i.a.). Yann LeCun famously described
the relationship between these paradigms through the metaphor of a cake, in which self-
supervised learning forms the body of the cake, while supervised learning is the icing.! This
refers both to the fact that unlabeled data is much more plentiful, and that it provides a
richer signal for learning useful data representations (LeCun, 2016).

In this dissertation, self-supervised learning will be used both to leverage unlabeled data
for under-resourced languages by training general-purpose language models (Chapters 3

and 4), as well as to accomplish morphological segmentation (Chapter 2). However, the

!Reinforcement learning is beyond the scope of this work, but LeCun describes it as the cherry on top of
the cake. It has become an important component in successful language model-based chatbots such as
ChatGPT and GPT-4 (OpenAl et al., 2024).



models still rely on large amounts of unlabeled data, which most languages lack. Thus, self-
supervised learning on its own is not enough to bridge the data disparity with under-resourced
languages.

Multilingual modeling is a relatively recent approach in NLP, in which a single model
(usually an self-supervised language model) is trained on a set of languages, rather than
a single one (Ha et al., 2016; Conneau and Lample, 2019, i.a.). The advantage of this
technique is that data can be pooled across languages, allowing a model to be trained
on much more data in total than would be possible for any of the languages individually.
This capability seems to be enabled by the flexibility of vector representations in modern
neural network-based language models, which can learn language-general patterns, as well as
language-specific ones (Conneau et al., 2020b). These properties have led large multilingual
models to become the foundation for most modern NLP applications in languages outside of
English (Devlin, 2019; Conneau and Lample, 2019; Conneau et al., 2020a; Liu et al., 2020;
Scao et al., 2023; Ustiin et al., 2024, i.a.).

An unresolved question in multilingual modeling revolves around the so-called “curse
of multilinguality” — the observation that overall model performance decreases as more
languages are added during training (Conneau et al., 2020a; Wang et al., 2020b). However,
it is generally accepted that under-resourced languages benefit from some multilinguality
during training, especially when added languages are similar in some way (Conneau et al.,
2020a; Ogunremi et al., 2023; Chang et al., 2023). Multilingual modeling is employed in
each chapter of this dissertation, though we in general argue for an approach of targeted
multilinguality, rather than the “massively multilingual” approach common in modern NLP.?

Finally, as applied in the multilingual setting, transfer learning is the ability to either 1)
directly apply a model trained on a high-resource language to a new (usually low-resource)
language, or 2) transfer the model via some limited adaptive training, or by replacing model
components with ones specialized for the new language. Transferring a pre-trained model

directly to a new language (with no adaptation) is usually referred to as “zero-shot” transfer,

2Because the main chapters of this dissertation are multi-authored works, we adopt the first-person plural
pronoun we throughout. The content of the Introduction and Conclusion are authored by the dissertation
author alone (C.M. Downey).



and is an incredibly powerful tool for extending NLP applications to low-resource languages
(Conneau et al., 2020a, i.a.). However, a more realistic scenario is one in which there is a
small amount of data available for a low-resource language of interest, in which “few-shot”
transfer (Lin et al., 2022) or “language-adaptive training” (Chau et al., 2020) can be used to
shift the model towards better performance in the new language.

Despite the success of cross-lingual transfer learning, it is still widely debated which lan-
guages facilitate the best transfer to which others. Common explanations for transfer success
include typological or genealogical relatedness between “source” and “target” languages (Lin
et al., 2019; Chang et al., 2023), overlap in the script (orthography) used for each (Muller
et al., 2021), multilinguality of the training set (Conneau et al., 2020a), or language-general
patterns that make even monolingual models converge on similar representations (Artetxe
et al., 2020).

Transfer learning, including zero-shot transfer, is a core component of each study in this
dissertation. In particular, we will examine the ways in which multilingual training interacts
with typological and genealogical language relatedness to facilitate the better transfer to

low-resource languages.
1.2 Outline of Chapters

Each chapter in this dissertation presents an experimental study of methodologies for
improving NLP performance in under-resourced languages. As highlighted in the previous
section, self-supervised learning, multilingual modeling, and transfer learning form the core
of our approach in this area. More specifically, we find that the optimal approaches to this
problem involve adapting existing (“pre-trained”) models where possible, and employing
targeted multilingual training to specialize models for a set of related or otherwise similar
languages. The former leverages the fact that models trained at large scale have revolutionized
the state of NLP over the past 6 years (so-called “foundation models” or “Large Language
Models / LLMs”; Bommasani et al., 2022; Devlin et al., 2019; Conneau et al., 2020a; OpenAl
et al., 2024, i.a.). The latter takes advantage of a middle ground between the “curse of
multilinguality” encountered in massively multilingual settings on one hand, and the fact

that low-resource languages seem to benefit from multilinguality, on the other.



In Chapter 2, we first introduce a novel modeling architecture for conducting unsupervised
morphological segmentation, and then test its utility in multilingual and transfer-learning set-
tings, applied to extremely low-resource languages. The model, termed a Masked Segmental
Language Model (MSLM), can be trained on any language and learns to segment sentences
into morphemes (the smallest meaning-bearing unit of language) without requiring segmen-
tations provided by a human annotator. This is accomplished by treating a morphological
segmentation as a latent path through a graph representing the sentence. The model then
optimizes the marginal probability of all paths, and the output segmentation corresponds to
the path with the highest probability. The ability to segment text into morphemes represents
a critical first step to building useful tools for under-resourced languages, many of which are

characterized by complex morphological systems not present in languages like English.

We demonstrate that a trained MSLM can be transferred to new languages with few
or no training examples. When trained jointly on ten languages of Central and South
America, the model achieves strong morpheme segmentation performance when transferred
to K’iche’ (Mayan), even with few or no training sentences in the new language. This
demonstrates that multilingual training and transfer learning can be powerful techniques to
bootstrap computational tools for critically under-resourced languages. It also underscores
that neither the large model sizes nor large training sets typically employed to conduct
multilingual machine learning are always necessary. The work in this chapter is published in
Proceedings of the 19th SIGMORPHON Workshop on Computational Phonetics, Phonology,
and Morphology (Downey et al., 2022b)3 as well as Proceedings of the 60th Meeting of

Association for Computational Linguistics (Downey et al., 2022a).*

Chapter 3 compares a range of methods for specializing the vocabulary of a multilingual
“foundation” model for a specific language or languages. Such models are often pre-trained on
~50-100 languages, and feature a vocabulary that is optimized for wide language coverage,
which tends to ineffectively tokenize (segment) under-resourced languages (ACS, 2019; Rust

et al., 2021). While it is common to adapt such models by simply continuing language

3Authors: C.M. Downey, Fei Xia, Gina-Anne Levow, Shane Steinert-Threlkeld

4Authors: C.M. Downey, Shannon Drizin, Levon Haroutunian, Shivin Thukral



model training on the language(s) of interest, retaining a vocabulary that covers unused
languages incurs significant computational waste, and does not solve the problem of ineffective
tokenization, since the vocabulary remains unchanged. For these reasons, it is desirable to

replace the wide-coverage vocabulary with one that only covers the target language(s).

Vocabulary replacement hinges on formulating vector representations (embeddings) for
any new vocabulary items that are introduced. We compare a range of new and previously
proposed methods, from the simple baseline of randomly initializing new embeddings, to
techniques that leverage vector-space similarity between tokens in the new and old vocabu-
laries. Our experiments show that simple heuristics we propose based on the distribution
of script (orthography) and word-internal position in the original vector space rival more
complicated methods like the Focus algorithm, proposed elsewhere in the literature (Dobler
and de Melo, 2023). Perhaps more importantly, we show that models adapted with a compact,
specialized vocabulary perform as well or better than the original foundation model, while
reducing model size and computational training cost by about 60%. This work is published
in Proceedings of the 3rd Workshop on Multilingual Representation Learning (Downey et al.,
2023).5

Finally, in Chapter 4, we systematically analyze the best approach for adapting a
multilingual foundation model to a language family. We use the Uralic family as a test case,
since it consists of many under-resourced languages that are not well-covered by current
models, as well as a few relatively high-resource languages that may buoy performance for
the rest by virtue of linguistic similarity. Importantly, it also has high-quality task evaluation
data for a wide range of languages, allowing us to robustly test the utility of the adapted
model. Adapting to a family follows the principle of targeted multilinguality by allowing
very low-resource languages to pool data into a single model, while not incurring the “curse
of multilinguality” — associated with covering too many languages or languages that are
too dissimilar. Indeed, we show that Uralic-adapted models soundly outperform both the
original “massively multilingual” model and models that are adapted to individual Uralic

languages.

5Authors: C.M. Downey, Terra Blevins, Nora Goldfine, Shane Steinert-Threlkeld



In addition to showing that our family-wise adaptation presents significant advantages
over multilingual and monolingual baselines, we conduct a statistical analysis of adaptation
parameters and their resulting effect on model performance. This analysis reveals that
although both training time (number of steps) and size of the adapted vocabulary positively
contribute to model performance, training for longer is significantly more effective than
choosing a larger vocabulary. We also show that low-resource languages can be aggressively
over-sampled (i.e. repeated) during adaptation to the significant benefit of these languages,
without significantly degrading performance in high-resource languages. This goes against
conventional wisdom in multilingual modeling that over-sampling some languages will
necessarily come at the cost of performance in the languages that are under-sampled to
compensate.6

To conclude, we will briefly overview the most significant results from these studies and
discuss their implications for the future of low-resource and multilingual NLP as a whole.
We argue that the most promising avenues for rapidly expanding NLP advances to the
world’s languages include 1) leveraging useful, language-general components of pre-trained
foundation models, rather than training “from scratch” for each new language, 2) substituting
or substantially adapting components of pre-trained models that are not optimized for the
language(s) in question, and 3) employing targeted multilingual modeling to leverage the
advantages of data pooling and model-sharing for under-resourced languages, while avoiding
the model capacity problems and language interference inherent in “massively multilingual”

paradigms.

5This work is currently in preparation for submission to Empirical Methods in Natural Language Processing.
Authors: C.M. Downey, Terra Blevins, Dhwani Serai, Dwija Parikh, Shane Steinert-Threlkeld



Chapter 2

UNSUPERVISED MULTILINGUAL PRE-TRAINING AND TRANSFER
FOR MORPHOLOGICAL SEGMENTATION

Overview

This chapter first introduces a novel unsupervised model for conducting morphological
segmentation, and then tests how this model can be used in tandem with multilingual
training to facilitate transfer to extremely data-scarce languages. Significantly, we find that
even relatively small models trained on a collection of languages that are low-resource but
typologically similar to the target show non-trivial segmentation performance, even with few
or no examples of the target language to train on. This goes against conventional wisdom
that multilingual training necessarily involves large models or high-resource languages to

anchor performance.

2.1 Introduction

Unsupervised sequence segmentation (at the word, morpheme, and phone level) has long
been an area of interest in languages without whitespace-delimited orthography (e.g. Chinese,
Uchiumi et al., 2015; Sun and Deng, 2018), morphologically complex languages without
rule-based morphological analyzers (Creutz and Lagus, 2002), and automatically phone-
transcribed speech data (Goldwater et al., 2009; Lane et al., 2021). It has been particularly
important for lower-resource languages in which there is little or no gold-standard data on
which to train supervised models (Joshi et al., 2020b).

In modern neural end-to-end systems, unsupervised segmentation is usually performed via
information-theoretic algorithms such as BPE (Sennrich et al., 2016) and SentencePiece (Kudo
and Richardson, 2018). However, the segmentations they produce are largely non-sensical to
humans (Park et al., 2021). The motivating tasks listed above instead require unsupervised

approaches that correlate more closely with human judgements of the boundaries of linguistic
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units. For example, in a human-in-the-loop framework such as the sparse transcription
proposed by Bird (2020), lexical items are automatically proposed to native speakers for
confirmation, and it is important that these candidates be (close to) sensical, recognizable
pieces of language.

In this work, we investigate the utility of recent models that have been developed to
conduct unsupervised surface morpheme segmentation as a byproduct of a language modeling
objective (Segmental Language Models, Kawakami et al., 2019, i.a.). The key idea is that
recent breakthroughs in crosslingual language modeling and transfer learning (Conneau
and Lample, 2019; Artetxe et al., 2020, i.a.) can be leveraged to facilitate transferring
unsupervised segmentation performance to a new target language, using these types of
language models.

First, we build upon a recent series of models termed Segmental Language Models (SLMs)
by introducing a novel architecture variant: the Masked SLM (MSLM). This architecture
is designed to leverage an entire sentence as context with which to make segmentation
choices. In addition, its Transformer-based encoder allows scaling to deeper networks with
less computational latency than its RNN-based predecessors. Secondly, we investigate the
effectiveness of multilingual pre-training for a MSLM when applied to a low-resource target.
We pre-train our model on the ten Indigenous languages of the 2021 AmericasNLP shared
task dataset (Mager et al., 2021), and apply it to another low-resource, Indigenous, and
morphologically complex language of Central America: K’iche’ (quc), which is genealogically
unrelated to the pre-training languages (Campbell et al., 1986).

We hypothesize that multilingual pre-training on similar, possibly contact-related lan-
guages, will outperform both a monolingual baseline trained from scratch as well as a model
pre-trained on a single language (Quechua) with the same amount of pre-training data. We
also expect that the pre-trained models will perform increasingly better than the monolingual
baseline the smaller the target corpus is.

Indeed, our experiments show that a pre-trained multilingual model provides stable
performance across all dataset sizes and far exceeds the monolingual baseline at low-to-
medium target sizes. We additionally show that the multilingual model achieves a zero-shot

segmentation performance of 20.6 F1 on the K’iche’ data, where the monolingual baseline



11

has a score of zero. These results suggest that transferring from a multilingual model can
greatly assist unsupervised segmentation in very low-resource languages, even those that
are morphologically rich. The results also provide evidence for the idea that transfer from
multilingual models works at a more moderate scale than is typical for recent crosslingual
models (3.15 million parameters for our models).

In the following section, we overview work relating to unsupervised segmentation, crosslin-
gual pre-training, and transfer-learning (§ 2.2). We then introduce the multilingual data
used in our experiments, and the additional pre-processing we performed to prepare the data
for pre-training (§ 2.3). Next we provide a brief overview of the type of Segmental Language
Model used in our experiments, as well as our multilingual pre-training process (§ 2.4). After
this, we describe our experimental process applying the pre-trained and from-scratch models
to varying target data sizes (§ 2.5). Finally, we discuss the results of our experiments and
their significance for low-resource pipelines, both within unsupervised segmentation and for

other NLP tasks more generally (§ 2.6 and 2.7).

2.2 Related Work

2.2.1 Unsupervised Segmentation

Segmentation Techniques and SLM Precursors An early application of machine
learning to unsupervised segmentation is Elman (1990), who shows that temporal surprisal
peaks in RNNs provide a heuristic for inferring word boundaries. Subsequently, Minimum
Description Length (MDL: Rissanen, 1989) was widely used. The MDL model family
underlies well-known segmentation tools such as Morfessor (Creutz and Lagus, 2002) and
other notable works (de Marcken, 1996; Goldsmith, 2001).

More recently, Bayesian models have proved some of the most accurate in their ability
to model word boundaries. Some of the best examples are Hierarchical Dirichlet Processes
(Teh et al., 2006), e.g. those applied to natural language by Goldwater et al. (2009), as well
as Nested Pitman-Yor (Mochihashi et al., 2009; Uchiumi et al., 2015). However, Kawakami
et al. (2019) note most of these do not adequately account for long-range dependencies in

the same capacity as modern neural LMs.
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Segmental Language Models follow a variety of recurrent models proposed for finding
hierarchical structure in sequential data. Influential among these are Connectionist Temporal
Classification (Graves et al., 2006), Sleep-Wake Networks (Wang et al., 2017), Segmental
RNNs (Kong et al., 2016), and Hierarchical Multiscale Recurrent Neural Networks (Chung
et al., 2017).

In addition, SLMs draw heavily from character and open-vocabulary language models.
For example, Kawakami et al. (2017) and Mielke and Eisner (2019) present open-vocabulary
language models in which words are represented either as atomic lexical units, or built out of
characters. While the hierarchical nature and dual-generation strategy of these models did
influence SLMs (Kawakami et al., 2019), both assume that word boundaries are available
during training, and use them to form word embeddings from characters on-line. In contrast,

SLMs usually assume no word boundary information is available in training.

Segmental Language Models § 2.4 has a more technical description of SLMs; here we
give a short overview of related work. The term Segmental Language Model seems to be
jointly due to Sun and Deng (2018) and Kawakami et al. (2019). Sun and Deng (2018)
demonstrate strong results for Chinese Word Segmentation using an LSTM-based SLM and

greedy decoding, competitive with and sometimes exceeding state of the art for the time.

Kawakami et al. (2019) use LSTM-based SLMs in a strictly unsupervised setting in
which the model is only tuned to optimize language-modeling performance on the validation
set, and is not tuned on segmentation quality. Here they report that “vanilla” SLMs give
sub-par segmentations unless combined with one or more regularization techniques, including

a character n-gram “lexicon” and length regularization.

Finally, Wang et al. (2021) introduce a bidirectional SLM based on a Bi-LSTM. They
show improved results over the unidirectional SLM of Sun and Deng (2018), test over more
supervision settings, and include novel methods for combining decoding decisions over the
forward and backward directions. This proposed model is most similar to our own, though
our transformer-based SLMs utilize a bidirectional context in a qualitatively different way,

and do not require an additional layer to capture the reverse context.
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2.2.2 Crosslingual and Transfer Learning

Crosslingual modeling and training has been an especially active area of research following
the introduction of language-general encoder-decoders in neural machine translation, offering
the possibility of zero-shot translation (i.e. translation for language pairs not seen during

training; Ha et al., 2016; Johnson et al., 2017).

The arrival of crosslingual language model pre-training (XLM, Conneau and Lample,
2019) further demonstrates that large models pre-trained on multiple languages yield state-
of-the-art performance across an abundance of multilingual tasks including zero-shot text
classification (e.g. XNLI, Conneau et al., 2018), and that pre-trained transformer encoders
provide great initializations for MT systems and language models in very low-resource

languages.

Since XLM, numerous studies have attempted to single out which components of crosslin-
gual training contribute to transferability from one language to another (e.g. Conneau et al.,
2020b). Others have questioned the importance of multilingual training, and have instead
proposed that even monolingual pre-training can provide effective transfer to new languages
(Artetxe et al., 2020). Though some like Lin et al. (2019) have tried to systematically study
which aspects of pre-training languages/corpora enable effective transfer, in practice the

choice is often driven by availability of data and other ad-hoc factors.

Currently, large crosslingual successors to XLM such as XLM-R (Conneau et al., 2020a),
MASS (Song et al., 2019), mBART (Liu et al., 2020), and mT5 (Xue et al., 2021) have
achieved major success, and are the starting point for a large portion of multilingual NLP
systems. These models all rely on an enormous amount of parameters and pre-training data,
the bulk of which comes from very high-resource languages. In contrast, in this work we
assess whether multilingual pre-training on a suite of very low-resource languages, which
combine to yield a moderate amount of unlabeled data, can provide good transfer to similar

languages which are also very low-resource.
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2.3 Data and Pre-processing

We draw data from three main datasets. We use the AmericasNLP 2021 open task dataset
(Mager et al., 2021) to pre-train our multilingual models. The multilingual dataset from
Kann et al. (2018) serves as segmentation validation data for our pre-training process in
these languages. Finally, data from Tyers and Henderson (2021) is used as the training set
for our experiments transferring to K’iche’, and Richardson and Tyers (2021) provides the

validation and test data for these experiments.

AmericasNLP 2021 The AmericasNLP data consists of train and validation files for ten
low-resource Indigenous languages of Central and South America: Ashdninka (cni), Aymara
(aym), Bribri (bzd), Guarani (gug), Hndhniu (oto), Nahuatl (nah), Quechua (quy), Rardmuri
(tar), Shipibo Konibo (shp), and Wixarika (hch). For each language, AmericasNLP also
includes parallel Spanish sets, which we do not use. The data was originally curated for the
AmericasNLP 2021 shared task on low-resource machine translation. (Mager et al., 2021).

We augment the Ashéninka and Shipibo-Konibo training sets with additional available
monolingual data from Bustamante et al. (2020),2 which is linked in the official AmericasNLP
repository. We add both the training and validation data from this corpus to the training
set of our splits.

To pre-process for a multilingual language modeling setting, we first remove lines that
contain urls, copyright boilerplate, or that contain no alphabetic characters. We also split
lines that are longer than 2000 characters into sentences/clauses where evident. Because we
use the Nahuatl and Wixarika data from Kann et al. (2018) as validation data, we remove
any overlapping lines from the AmericasNLP set. We create a combined train file as the
concatenation of the training data from each of the ten languages, as well as a combined
validation file likewise. All pre-processing scripts are found in our project repository.

Because the original ratio of Quechua training data is so high compared to all other

215

languages (Figure 2.1), we downsample it to examples, the closest order of magnitude to

"https://github. com/AmericasNLP/americasnlp2021

*https://github.com/iapucp/multilingual-data-peru
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the next-largest training set. A plot of the balanced (final) composition of our AmericasNLP
train and validation sets is seen in Figure 2.2.

To compare the effect of multilingual and monolingual pre-training, we also pre-train
a model on Quechua alone, since it has by far the most data (Figure 2.1). However, the
full Quechua training set has about 50k fewer lines than our balanced AmericasNLP set
(Figure 2.2). To create a fair comparison between multilingual and monolingual pre-training,
we additionally create a downsampled version of the AmericasNLP set of equal size to
the Quechua data (120,145 lines). The detailed composition of our data is available in
Appendix A.1.

Original AmericasNLP Training Data Composition
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Figure 2.1: Original (imbalanced) language composition of the AmericasNLP training set

Kann et al (2018) The data from Kann et al. (2018) — originally curated for a segmen-
tation task on polysynthetic low-resource languages — contains morphologically segmented
sentences for Nahuatl and Wixarika. We use these examples as validation data for segmenta-
tion quality during the pre-training process. We clean this data in the same manner as the

AmericasNLP sets.



16

AmericasNLP Data Composition

30000~
[72]
[0]
C
= 20000-
£
o
+ 10000-
| | _—
g £ 5 3 T 9 5 38 ¢
c = — .C > ey E = =
2 o €] 4 _g =
=
e
%]
1000-
2
.E750
C
O 500-
o
©
S
© 250-
>
0-
§ £ 5 3 T § 5 g8 ¢
E = — _C ) < E E =
< © a 4 _g =
=
e
%]

Figure 2.2: Final language composition of our AmericasNLP splits after downsampling

Quechua

K’iche’ data The K’iche’ data used in our study was curated by Tyers and Henderson
(2021). The raw (non-gold-segmented) data, used as the training set in our transfer experi-
ments, comes from a section of this data web-scraped by the Cribadan project (Scannell,
2007). This data is relatively noisy, so we clean it by removing lines with urls or lines where
more than half of the characters are non-alphabetic. We also remove duplicate lines. The
final data consists of 47,729 examples and is used as our full-size training set for K’iche’.
Our experiments involve testing transfer at different resource levels, so we also create smaller

training sets by downsampling the original to lower orders of magnitude.
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For evaluating segmentation performance on K’iche’, we use the segmented sentences
from Richardson and Tyers (2021),% which were created for a shared task on morphological
segmentation. These segmentations were created by a hand-crafted FST, then manually
disambiguated. Because gold-segmented sentences are so rare, we concatenate the original

train/validation/test splits and then split them in half into final validation and test sets.

2.4 DModel and Pre-training

Recurrent SLMs A schematic of the original Recurrent SLM can be found in Figure 2.3.
Within an SLM, a sequence of symbols or time-steps x can further be modeled as a sequence
of segments y, which are themselves sequences of the input time-steps, such that the
concatenation of segments 7(y) = x.

SLMs are broken into two levels: a context encoder and a segment decoder. The segment
decoder estimates the probability of the j% character in the segment starting at index i, y;-,
as:

]

P(y;"yé;ja%:i) = DeCOder(hjflvy;'fl)
where the indices for x;.; are [i,j). The context encoder encodes information about the input
sequence up to index ¢. The hidden encoding h; is

h; = Encoder(hi—1,x;)

Finally, the context encoder “feeds” the segment decoder: the initial character of a
segment beginning at i is decoded using (transformations of) the encoded context as initial

states (gn(x) and gsiare(z) are single feed-forward layers):

p(yp|zo:i) = Decoder(hy, start”)
hi = gn(hi-1)
Starti = gstart(hi—l)

For inference, the probability of a segment y;.;,, (starting at index ¢ and of length k) is

modeled as the log probability of generating y;.;,, with the segment decoder given the left

®https://github.com/ftyers/global-classroom
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context W(oni) = x¢;. Note that the probability of a segment is not conditioned on other
segments / segmentation choice, but only on the unsegmented input timeseries. Thus, the
probability of the segment is
k
p(yb| g, start’) T [ p(wilhi—1, vi-1)
j=1

where y,ﬁ: is the end-of-segment symbol.

Sequence FST

i || o [ o |

LSTM

Ho H1 H2 H3
‘ Encoder

o
oo cNcNo

Figure 2.3: Recurrent Segmental Language Model

The probability of a sentence is thus modeled as the marginal probability over all possible

segmentations of the input, as in equation (2.1) below (where Z(|x|) is the set of all possible

segmentations of an input x). However, since there are 21xI=1 possible segmentations, directly

marginalizing is intractable. Instead, dynamic programming over a forward-pass lattice can
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be used to recursively compute the marginal as in (2.2) given the base condition that ap = 1.
The maximum-probability segmentation can then be read off of the backpointer-augmented
lattice through Viterbi decoding. Though a linguistic interpretation of this formulation
is not straightforward, Kawakami et al. (2019) and Sun and Deng (2018) demonstrate an

empirical correlation with human judgements of word boundaries in Chinese and English.

p(x) = Z Hp(yi:i—i-zi) (2.1)
zeZ(|x[) i

P(x0:) = @i = Y PV il Xo:i— k)i (2.2)
k=1

New Model: Masked SLM We propose a Masked Segmental Language Model, which
leverages a non-directional transformer as the context encoder. This reflects recent advances
in bidirectional (Schuster and Paliwal, 1997; Graves and Schmidhuber, 2005; Peters et al.,
2018) and adirectional language modeling (Devlin et al., 2019). Such modeling contexts are
also psychologically plausible: Luce (1986) shows that in acoustic perception, most words
need some following context to be recognizable.

A key difference between our model and standard Masked LMs like BERT is that the latter
predict single tokens based on the rest, while for SLMs we must predict a segment of tokens
based on all other tokens outside the segment. For instance, to predict the three-character
segment starting at x;, the modeled distribution is p(Xs.¢43|X<t, X>143).

Some recent pre-training techniques for transformers, such as SpanBERT (Joshi et al.,
2020a), MASS (Song et al., 2019), and BART (Lewis et al., 2020) mask out spans to be
predicted. A key difference between our model and these approaches is that the pre-training
data for large transformer models is usually large enough that only about 15% of training
tokens are masked, while we need to estimate the generation probability for every possible
segment of x. Since the usual method for masking is to replace the masked token(s) with
a special symbol, only one span can be predicted with each forward pass. However, each
sequence contains O(|x|) possible segments, so replacing each one with a mask token and

recovering it would require as many forward passes.
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These design considerations motivate our Segmental Transformer Encoder, and the
Segmental Attention Mask around which it is based. Each forward pass of the encoder
generates an encoding for every possible start-position in x, for a segment of up to length k.
The encoding at timestep ¢ — 1 corresponds to every possible segment whose first timestep
is at index t. Thus with maximum segment length of k& and total sequence length n, the

representation at each index ¢ — 1 encodes

P(Xt:t+1, Xt:t425 - Xtit+-k \X<t, X2t+k)

This encoder leverages an attention mask that conditions predictions only on indices
outside the predicted segment. An example of this mask with & = 3 is shown in Figure 2.4.

For max segment length k, the mask is given by:

—0 if0<j—i<k
aZJ:
0 else

This solution is similar to that of Shin et al. (2020), developed independently and
concurrently with our work, which uses a custom attention mask to “autoencode” each
position without needing a special mask token. One key difference is that their masking
scheme is used to predict single tokens, rather than spans. In addition, their mask runs
directly along the diagonal of the attention matrix, rather than being offset. This means that
to preserve self-masking in the first layer, the Queries are the “pure” positional embeddings.

To prevent information leaking “from under the mask”, our encoder uses a different
configuration in its first layer than in subsequent layers. In the first layer, Queries, Keys, and
Values are all learned from the original input embeddings. In subsequent layers, the Queries
come from the hidden encodings output by the previous layer, while Keys and Values are
learned directly from the original embeddings. If Queries and either Keys or Values both
come from the previous layer, information can leak from positions that are supposed to
be masked for a particular query position. Shin et al. (2020) come to a similar solution to
preserve their auto-encoder masking. The encodings learned by the segmental encoder are
then input to an SLM decoder in exactly the same way as previous models (Figure 2.5).

Finally, to add positional information to the encoder, we use static sinusoidal encodings

(Vaswani et al., 2017) and additionally apply a linear mapping f to the concatenation of the
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Queries

Keys

Figure 2.4: Segmental Attention Mask with segment-length (k) of 3. Blue squares are equal
to 0, orange squares are equal to —co. This mask blocks the position encoding the segment

in the Queries from attending to segment-internal positions in the Keys.

original and positional embeddings to learn the ratio at which to add the two together.

g = 1.0+ ReLU(f([embedding, position]))

embedding < g * embedding + position

Pre-training Procedure In our experiments, we test the transferability of multilingual
and monolingual pre-trained MSLMs. The multilingual models are trained on the Ameri-
casNLP 2021 data (see § 2.3). Since SLMs operate on plain text, we can train the model
directly on the multilingual concatenation of this data, and evaluate it by its language
modeling performance on the concatenated validation data. As mentioned in § 2.3, we create
two versions of the multilingual pre-trained model: one trained on the full AmericasNLP
set (~172k lines) and the other trained on the downsampled set, which is the same size
as the Quechua training set (~120k lines). We designate these models MULTI-PT fun and

MULTI-PTgoun, respectively. Our pre-trained monolingual model is trained on the full
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Figure 2.5: Masked Segmental Language Model, k = 2.

Quechua set (QUECHUA-PT).

Each model is an MSLM with four encoder layers, hidden size 256, feedforward size 512,
and four attention heads. Character embeddings are initialized using Word2Vec (Mikolov
et al., 2013) over the training data. The maximum segment size is set to 10. The best model
is chosen as the one that minimizes the Bits Per Character (bpc) loss on the validation set.
For further pre-training details, see Appendix A.2.

To evaluate the effect of pre-training on the segmentation quality for languages within
the pre-training set, we also log Matthews Correlation Coefficient between the model output
and gold-segmented secondary validation sets available in Nahuatl and Wixarika (Kann
et al., 2018, see § 2.3). Figure 2.6 shows the unsupervised segmentation quality for Nahuatl

and Wixarika almost monotonically increases during pre-training (MULTI-PT fy;).
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Figure 2.6: Plot of segmentation quality for Nahuatl and Wixarika during multilingual

pre-training (measured by Matthews Correlation Coefficient with gold segmentation)

2.5 Experiments

We evaluate whether multilingual pre-training facilitates effective low-resource transfer
learning for unsupervised segmentation. To do this, we pre-train SLMs on one or all of the
AmericasNLP 2021 languages (Mager et al., 2021) and transfer it to a new target language:
K’iche’ (Tyers and Henderson, 2021). K’iche’ is a morphologically rich Mayan language
with several classes of inflectional prefixes and suffixes (Txchajchal Batz et al., 1996). An
example sentence can be found in Table 2.1, which also shows our model’s input and target

output format.

As a baseline, we train a monolingual K’iche’ model from scratch. We evaluate per-

formance with respect to the size of the target training set, simulating varying degrees of
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low-resource setting. To do this, we downsample the K’iche’ training set to 8 smaller sizes,
for 9 total: {256, 512, ... 2% 47.7k (full)}. For each size, we both train a monolingual

baseline and fine-tune the pre-trained models we describe in § 2.4.4

Orthography kinch’aw ruk’ le nunan

Linguistic Segmentation k-in-ch’aw r-uk’ le nu-nan

Translation “I speak with my mother”
Model Input kinch’awruk’lenunan
Target Output k in ch’aw r uk’ le nu nan

Table 2.1: Example K’iche’ sentence from Tyers and Henderson (2021). This sentence
consists of multiple words, some of which consist of multiple morphemes. The model receives
the sentence as an unsegmented stream of characters. The gold-standard (target) output is
a sequence of morphemes (word and morpheme boundaries are treated the same, since the

former is a subtype of the latter)

Architecture and Modeling All models are Masked Segmental Language Models
(MSLMs) with the architecture described in § 2.4. The only difference is that the baseline
model is initialized with a character vocabulary only covering the particular K’iche’ training
set (size-specific). The character vocabulary of the K’iche’ data is a subset of the Americas-
NLP vocabulary, so we are able to transfer the multilingual models without changing the
embedding and output layers. The Quechua vocabulary is not a superset of the K’iche’, so
we add the missing characters to the Quechua model’s embedding block before pre-training
(these are randomly initialized). The character embeddings for the baseline are initialized

using Word2Vec (Mikolov et al., 2013) on the training set (again, size-specific).

4All of the data and software required to run these experiments can be found at https://github.com/
cmdowney88/XLSLM
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Evaluation Metrics SLMs can be trained in either a fully unsupervised or “lightly”
supervised manner (Downey et al., 2022b). In the former case, only the language modeling
loss (Bits Per Character, bpc) is used to pick parameters and checkpoints. In the latter,
the segmentation quality on gold-segmented validation data can be considered. Though our
validation set is gold-segmented, we pick the best parameters and checkpoints based on bpc
only, simulating the unsupervised case. However, to monitor the change in segmentation
quality during training, we also use Matthews Correlation Coefficient (MCC). This measure
frames segmentation as a character-wise binary classification task (i.e. boundary vs. no
boundary), and measures correlation with the gold segmentation.

To make our results comparable with the wider word-segmentation literature, we use the
scoring script from the SIGHAN Chinese Word Segmentation Bakeoff (Emerson, 2005) for
our final segmentation F1. For each model and target size, we choose the best checkpoint
(by bpc), apply the model to the combined validation and test set, and use the SIGHAN
script to score the output.

For comparison to the Chinese Word Segmentation and speech literature, any whitespace
segmentation in the validation/test data is discarded before it is fed to the model. However,
SLMs can also be trained to treat spaces like any other character, and thus could be able to

take advantage of existing segmentation in the input. We leave this for future work.

Parameters and Trials For our training procedure (both training the baseline from
scratch and fine-tuning the pre-trained models) we tune hyperparameters on three of the
nine dataset sizes (256, 2048, and full) and choose the optimal parameters by bpc. For each
of the other sizes, we directly apply the chosen parameters from the tuned dataset of the
closest size (on a log scale). We tune over five learning rates and three encoder dropout
values. As in pre-training, we set the maximum segment length to 10. For more details on

our training procedure, see Appendix A.2.
2.6 Results

The results of our K’iche’ transfer experiments at various target sizes can be found in

Table 2.2. In general, the (full) pre-trained multilingual model (MULTI-PT,;) demonstrates
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good performance across dataset sizes, with the lowest segmentation performance (20.6 F1)
being in the zero-shot case and the highest (40.7) achieved on 24 examples. The monolingual
baseline outperforms MULTI-PT,;; at the two largest target sizes, as well as at size 4096
(achieving the best overall F1 of 44.8), but performs very poorly under 2048 examples, and
has no zero-shot ability (unsurprisingly, since it is a random initialization).

Interestingly, other than in the zero-shot case, QUECHUA-PT and the comparable MULTI-
PTgyown Perform very similarly to each other. However, the zero-shot transferability of
MULTI-PT gown is almost twice that of the model trained on Quechua only. MULTI-PT
exceeds both MULTI-PT44,,, and QUECHUA-PT by a wide margin in every setting. Finally, all
models show increasing performance until about size 4096, after which more target examples

don’t provide a large increase in segmentation quality.

Target Language Segmentation F1

Model

0  256* 512 1024 2048* 4096 8192 214 215 47729 (full)*
MULTI-PTf,; — 20.6 34.0 37.4 37.4 382 405 38.6 40.7 389 38.2
MULTI-PTgown 15.0 25.1 25.7 293 325 332 333 315 336 31.9
QUECHUA-PT 76 299 31.0 304 307 31.0 299 336 318 33.3
MONOLINGUAL  0.002 4.0 3.3 103 39.2* 44.8 294 39.5 44.1 43.2

Table 2.2: Segmentation quality on the combined validation and test set for each model, at
each target training set size. Star indicates size at which hyperparameter tuning is conducted.
For tuned sizes, showing only the performance of the model with the best bpc. *See Table
2.3: the best baseline trial achieved slightly better performance than MULTI-PT ., but the

former is far more sensitive to variation due to hyperparameters at this size

Interpretation These results show that MULTI-PT,;; provides consistent performance
across target sizes as small as 512 examples. Even for size 256, there is only a 9% (relative)
drop in quality from the next-largest size. Further, the pre-trained model’s zero-shot

performance is impressive given the baseline is effectively 0 F1.
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Target Language Segmentation F1
Model

256* 2048* 47,729 (full)*

MULTI-PTf,;  34.2 & 0.6 (1.8%) 38.1 + 0.4 (1.0%) 39.4 + 1.1 (2.8%)
MULTI-PTgoyn,  25.7 + 0.6 (2.3%)  30.5 + 2.3 (7.5%)  31.7 £ 0.6 (1.9%)
QUECHUA-PT 30.1 + 0.2 (0.7%) 31.4 £ 0.6 (1.9%) 32.7 £ 0.7 (2.1%)
MONOLINGUAL 4.2 + 0.5 (11.9%) 36.5 + 6.8 (18.6%) 44.7 + 2.0 (4.5%)

Table 2.3: Variation of segmentation quality across the best four hyperparameter combina-
tions for a single size (by bpc; mean + standard deviation (stdev + mean); models ranked

by mean minus stdev)

On the other hand, the performance of the monolingual baseline at larger sizes seems to
suggest that given enough target data, it is better to train a model devoted to the target
language only. This is consistent with previous results on general language modeling (Wu and
Dredze, 2020; Conneau et al., 2020a). However, it should also be noted that MULTI-PT f,;
never trails the baseline by more than 5.2 F1.

One less-intuitive result is the dip in the baseline’s performance at sizes 8192 and 2!4.
We believe this discrepancy may be partly explainable by sensitivity to hyperparameters in
the baseline. Though the best baseline trial at size 2048 exceeds MULTI-PT f,;; by a small
margin, the baseline shows large variation in performance across the top-four hyperparameter
settings at this size, where MULTI-PT,;; actually performs better on average and much
more consistently (Table 2.3). We thus believe the dip in performance for the baseline at
sizes 8192 and 2'* may be due to an inability to extrapolate hyperparameters from other

experimental settings.

2.7 Discussion

Standing of Hypotheses Within the framework of unsupervised segmentation, these

results provide strong evidence that relevant linguistic patterns can be learned over a
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collection of low-resource languages, and then transferred to a new language without much
(or any) target training data. Further, it is shown that the target language need not
be (phylogenetically) related to any of the pre-training languages, even though details of
morphological structure are ultimately language-specific.

The hypothesis that multilingual pre-training yields increasing advantage over a from-
scratch baseline at smaller target sizes is also strongly supported. This result is consistent
with related work showing this to be a key advantage of the multilingual approach (Wu and
Dredze, 2020).

The hypothesis that multilingual pre-training also yields better performance than mono-
lingual pre-training given the same amount of data seems to receive mixed support from our
experiments. On one hand, the comparable multilingual model has a clear advantage over
the Quechua model in the zero-shot setting, and outperforms the latter in 5/10 settings more
generally. However, because the Quechua data lacks several frequent K’iche’ characters (and
these embeddings remain randomly initialized), it is unclear how much of this advantage
comes from the multilingual training per-se. Instead, the advantage may be due to the
multilingual model’s full coverage of the target vocabulary— an advantage which may
disappear at larger target sizes. Further analysis of this hypothesis will require additional

investigation.

Significance The above results, especially the strong zero-shot transferability of segmen-
tation performance, suggest that the type of language model used here learns some abstract
linguistic pattern(s) that are generalizable across languages, and even to new ones. It is
possible that these generalizations could take the form of abstract stem/affix or word-order
patterns, corresponding roughly to the lengths and order of morphosyntactic units. Because
MSLMs operate on the character level (and in these languages orthographic characters mostly
correspond to phones), it is also possible the model could recognize syllable structure in the
data (the ordering of consonants and vowels in human languages is relatively constrained),
and learn to segment on syllable boundaries.

It is also helpful to remember that we select the training suite and target language to

have some characteristics in common that may help facilitate transfer. The AmericasNLP
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languages are almost all morphologically rich, with many considered polysynthetic (Mager
et al., 2021), a feature that K’iche’ shares (Sudrez, 1983). Further, all of the languages,
including K’iche’, are spoken in countries where either Spanish or Portuguese is the official
language, and have very likely had close contact with these Iberian languages and borrowed
lexical items. Finally, the target language family (Mayan) has also been shown to have close
historical contact with the families of several of the AmericasNLP set (Nahuatl, Raramuri,
Wixarika, Hndhnu), forming a Linguistic Area or Sprachbund (Campbell et al., 1986).

It is possible that one or several of these shared characteristics facilitates the strong
transfer shown here, in both our multilingual and monolingual pre-trained models. However,
our current study does not conclusively show this to be the case. Lin et al. (2019) show that
factors like linguistic similarity and geographic contact are often not as important for transfer
success as non-linguistic features such as the raw size of the source dataset. Indeed, the
fact that our Quechua pre-trained model performs similarly to the comparable multilingual
model (at least at larger target sizes) suggests that the benefit to using MULTI-PTf,; could
be interpreted as a combined advantage of pre-training data size and target vocabulary
coverage.

The nuanced question of whether multilingual pre-training itself enables better transfer
than monolingual pre-training requires more study. However, taking a more pragmatic point
of view, multilingual training can be seen as a methodology to 1) acquire more data than is
available from any one language and 2) ensure broader vocabulary overlap with the target
language. Our character-based model is of course different from more common word- or
subword-based approaches, but with these too, attaining pre-trained embeddings that cover
a novel target language is an important step in cross-lingual transfer (Garcia et al., 2021;

Conneau et al., 2020a; Artetxe et al., 2020, inter alia)

Future Work We believe some future studies would shed light on the nuances of seg-
mentation transfer-learning. First, pre-training either multilingually or monolingually on
languages that are not linguistically similar to the target language could help isolate the
advantage given by pre-training on any language data (vs. similar language data).

Second, we have noted that monolingual pre-training on a language that does not have
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near-full vocabulary coverage of the target language leaves some embeddings randomly
initialized, yielding worse performance at small target sizes. Pre-training a model on a single
language that happens to have near-complete vocabulary coverage of the target could give
a better view of whether multilingual training intrinsically yields advantages, or whether
monolingual training is disadvantaged mainly due to this lack of vocabulary coverage.
Finally, because no authors of this work have any training in the K’iche’ language,
we are unable to perform a linguistically-informed error analysis of our model’s output
(e.g. examining the types of words and morphemes which are erroneously (un)segmented,
rather than calculating an overall precision and recall for the predicted and true morpheme
boundaries, as we do in this study). However, we make all of our model outputs available in
our public repository, so that future work may provide a more nuanced analysis of the types

of errors unsupervised segmentation models are prone to make.
2.8 Conclusion

This study has shown that unsupervised sequence segmentation ability can be transferred via
multilingual pre-training to a novel target language with little or no target data. The target
language also need not be from the same family as a pre-training language for successful
transfer. While training a monolingual model from scratch on large amounts of target
data results in good segmentation quality, our experiments show that pre-trained models,
especially multilingual ones, far exceed the baseline at small target sizes (<1024), and seem
to be much more robust to hyperparameter variation at medium sizes (2048, 8192, 2!4).

One finding that may have broader implications is that pre-training can be conducted
over a set of low-resource languages with some typological or geographic connection to the
target, rather than over a crosslingual suite centered around high-resource languages like
English and other European languages. Most modern crosslingual models have huge numbers
of parameters (XLM has 570 million, mT5 has up to 13 billion, Xue et al., 2021), and are
trained on enormous amounts of data, usually bolstered by hundreds of gigabytes in the
highest-resource languages (Conneau et al., 2020a).

In contrast, our results suggest that effective transfer may be possible at smaller scales, by

combining the data of low-resource languages and training moderately-sized, more targeted
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pre-trained multilingual models (our model has 3.15 million parameters). Of course, this
study can only support this possibility within the unsupervised segmentation task, so future
work will be needed to investigate whether transfer to and from low-resource languages can

be extended to other tasks.
Relation to Remaining Work

The following two chapters will focus on adaptation techniques for large, “massively multilin-
gual” foundation models, rather than the compact models pre-trained in this chapter. Where
the small multilingual model trained in this chapter lent itself to rapid adaptation to new
languages, more sophisticated techniques will be introduced to specialize large multilingual
models for specific target language(s). In particular, Chapter 3 will introduce methods
to replace a massively multilingual vocabulary with one specialized for a narrower set of
languages, and Chapter 4 will investigate important dynamics for adapting to a language
family. However, both these chapters will follow the principles introduced in Chapter 2 of
leveraging pre-trained models as a starting point for under-resourced languages, and of using

targeted multilingual training to counter data sparsity in very under-resourced languages.
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Chapter 3

COMPARING METHODS TO ADAPT MULTILINGUAL
VOCABULARIES TO NEW LANGUAGES

Overview

This chapter compares a range of techniques for specializing the vocabulary of a pre-trained
cross-lingual model for specific target languages. Unlike Chapter 2, the pre-trained model
we leverage here is large and extensively pre-trained in a “massively multilingual” setting. It
is also a general-purpose language model, rather than one specialized for segmentation. The
vocabulary specialization investigated here is designed to mitigate the fact that the original
massively multilingual vocabulary and tokenizer are usually inefficient and ineffective for
under-resourced languages. In addition, retaining vocabulary representations for languages
that go unused during adaptation incurs significant computational waste. The specialized
vocabularies we initialize here are compact enough to reduce overall computation and
model size by 60%. Our comparison of specialization techniques reveals that even simple
heuristic-based techniques — leveraging relevant representations from the original model —

are adequate to yield large modeling performance gains for under-resourced languages.

3.1 Introduction

For languages other than English and a handful of other very high-resource languages,
pre-trained multilingual language models form the backbone of most current NLP systems.
These models address the relative data scarcity in most non-English languages by pooling
text data across many languages to train a single model that (in theory) covers all training
languages (Devlin, 2019; Conneau and Lample, 2019; Conneau et al., 2020a; Liu et al., 2020;
Scao et al., 2023, i.a.). These models often include language-agnostic tokenization and an
increased vocabulary capacity over monolingual models (Conneau et al., 2020a).

However, Wu and Dredze (2020) show that these massively multilingual models still
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underperform on lower-resource languages. Recent efforts to cover these languages instead
pre-train models that are specialized to specific languages or language families (Ogueji et al.,
2021; Ogunremi et al., 2023). These approaches nonetheless require training a new model
from scratch and do not leverage transferable information in existing models.

Our study builds on a line of work which instead adapts a pre-trained cross-lingual model
(such as XLM-R; Conneau et al., 2020a) to a single language, or a smaller set of languages.
Language-Adaptive Pre-Training (LAPT)—continuing the MLM or CLM pre-training task
on only the target language(s)—is a simple and strong baseline in this regard (Chau et al.,
2020).

However, LAPT with no change to the cross-lingual vocabulary comes with consider-
able excess computational cost: when adapting to a single language or small subset of
languages, only a small fraction of the cross-lingual vocabulary is used. The excess vo-
cabulary still contributes to the computational cost on both the forward and backward
pass, and embedding/output matrices often constitute a large fraction of the total trainable
model parameters (for XLM-R-base, 192M / 278M = 69% of parameters). Additionally,
the information-theoretic tokenization modules for cross-lingual models are usually under-
optimized for any given language, and especially low-resource languages (Acs, 2019; Conneau
and Lample, 2019, i.a.)

For this reason, we propose several simple techniques to replace the large cross-lingual
vocabulary of a pre-trained model with a compact, language-specific one during model
specialization. Training a new SentencePiece or BPE tokenizer poses no special difficulties.
However, re-initializing the embedding matrix for a new vocabulary, which will almost
certainly introduce many new tokens lacking pre-trained embeddings, poses significant
challenges. We compare several methods for such embedding re-initialization.

After reviewing related literature in § 3.2, we conduct a qualitative exploration of
the pre-trained embedding space for a standard multilingual model: XLM-R (§ 3.3.1).
This exploration informs our formalization of simple techniques to align new vocabulary
embeddings with the pre-trained embedding distribution of our base model (§ 3.3.2). We then
provide a systematic experimental comparison of the embedding re-initialization techniques

we propose, plus the recently proposed FOCUS re-initialization method (Dobler and de Melo,
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2023, § 3.4). Our experiments cover a wide selection of low- and mid-resource target languages
(i.e. those that have the most to gain from language specialization).!

The results of our experiments (§ 3.5, 3.6) demonstrate the following: 1) Embedding-
replacement techniques proposed in the monolingual model adaptation literature are in-
adequate for adapting multilingual models. 2) Replacing large cross-lingual vocabularies
with smaller language-specific ones provides a computationally-efficient method to improve
task performance in low-resource languages. 3) The simple re-initialization techniques we

propose here, based on script-wise embedding sub-distributions, rival techniques such as

Focus, which rely on model-driven semantic similarity.
3.2 Related Work

Pre-trained Model Adaptation Extensive work has proposed re-using and modifying
pre-trained models for new settings in order to retain existing model knowledge and reduce
pre-training costs. Gururangan et al. (2020) show that continued training on domain-specific
data effectively adapts pre-trained models to new domains in both high- and low-resource
settings. This approach is also used to adapt models to new languages (i.e. Language-
Adaptive Pre-Training / LAPT; Chau et al., 2020).

Other approaches involve training new, language-specific adapter layers to augment
a frozen monolingual (Artetxe et al., 2020) or multilingual encoder (Pfeiffer et al., 2020;
Ustiin et al., 2020; Faisal and Anastasopoulos, 2022). A comparison of these cross-lingual
adaptation approaches (Ebrahimi and Kann, 2021) found that continued pre-training often
outperforms more complex setups, even in low-resource settings. With this in mind, our
experiments evaluate the success of models tuned for target languages with LAPT, starting

from variable initializations depending on a choice of embedding adaptation technique.

Cross-lingual Vocabulary Adaptation A major limitation in adapting pre-trained
models to new languages is the subword vocabulary, which often fails to cover an unseen

script (Pfeiffer et al., 2021) or tokenizes target text inefficiently (Acs, 2019). Muller et al.

!The software used to run all experiments may be found at https://github.com/cmdowney88/
EmbeddingStructure
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(2021) demonstrate that script is an extremely important factor in predicting transfer success.
Specifically, the pre-trained coverage of closely-related languages improves transfer, but only
if the target language is written in the same script as its pre-trained relative.

One adaptation technique is to initialize new subword embeddings that cover the target
language, e.g. by expanding the existing vocabulary with new tokens as necessary, then
training the new (randomly initialized) embeddings (Chau et al., 2020; Wang et al., 2020a).
When transferring a monolingual model to a new language, Artetxe et al. (2020) and de Vries
and Nissim (2021) instead completely re-initialize the embedding matrix, corresponding to
a new subword vocabulary. These embeddings are then trained into alignment with the
pre-trained, frozen transformer encoder. We show that this technique is not successful when
adapting a multilingual model (§ 3.5).

Other work reuses information in pre-trained embeddings rather than initializing new
ones at random. This may include scaling up smaller embedding spaces from models trained
on the target language (de Vries and Nissim, 2021; Ostendorff and Rehm, 2023) or copying
embeddings from the original vocabulary where there is exact vocabulary overlap (Pfeiffer
et al., 2021). When transferring to a target language written in a poorly-covered script,
Muller et al. (2021) show that transliterating the target to the script of a well-covered relative
can lead to significant performance gains, a result also noted in the low-resource machine
translation literature (Neubig and Hu, 2018; Amrhein and Sennrich, 2020).

Finally, recent work has proposed more complex methods for mapping source embeddings
onto semantically similar ones in the target space either through cross-lingually aligned
static word embeddings (e.g. the WESCHEL method; Minixhofer et al., 2022) or with
bilingual lexicons (Zeng et al., 2023). In concurrent work to ours, Dobler and de Melo (2023)
extend WECHSEL with the Focus method to specialize multilingual vocabularies to a
single language. Ostendorff and Rehm (2023) use a cross-lingual progressive transfer learning
approach to combine information from the source embeddings and a smaller target language
model to initialize higher-dimension target embeddings. Unlike earlier initialization methods
and our proposed setup, these methods all require additional information outside the source
model and often require significant additional compute. We compare one method from this

family (Focus) to our proposed heuristic-based initialization schemes.
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3.3 Vocabulary Replacement & Embedding Re-initialization

Research transferring monolingual models from one language to another (e.g. Artetxe et al.,
2020; de Vries and Nissim, 2021), has shown that random re-initialization of embeddings
+LAPT is sufficient. However, our experiments show that this technique performs poorly
when transferring from a multilingual model (§ 3.5). For this reason, we propose several
simple techniques for initializing new embeddings based on a qualitative exploration of the
embedding space for XLM-R (§ 3.3.1), and include the more complex Focus technique,

developed concurrently with our work, for comparison (Dobler and de Melo, 2023).

3.3.1 XLM-R Embedding-Space Analysis

To better understand the task of initializing new embeddings for a multilingual model, we
explore the token-embedding space of XLM-R through PCA projection. Our hypothesis
is that multilingual models do not process all languages homogeneously. This seems to be
demonstrated in Figures 3.1a and 3.1b, where word embeddings are colored by their respective
Unicode script block. We see that the highest-resource scripts in XLM-R (Common, Latin,
and Cyrillic) have relatively divergent distributions, while others cluster closer together.
This heterogeneity may help explain the finding from Muller et al. (2021) that pre-trained
models do not transfer well to even closely-related target languages if the target script does
not match that of the pre-trained relative.

Secondly, each script can be further divided into two sub-distributions, roughly corre-
sponding to a shift in the second principal component. Figure 3.1c shows that this division
corresponds to whether a token is word-initial or word-medial. To preserve whitespace
information, SentencePiece tokens include a leading underscore to indicate tokens that
should be preceded by a space (word-initial tokens).? Although the model does not have
access to the internal makeup of its tokens, we hypothesize that it learns to discern which
tokens can begin a word and which cannot.

Thus when proposing methods to initialize new embeddings for XLM-R, we hypothesize

that initializing according script- and position-wise sub-distributions will help to align new

’E.g., “_the” and “the” are word-initial and word-medial tokens of the same character sequence.
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Figure 3.1: PCA visualizations of the embedding space for XLM-R. Subplots: (a) Distribution
of embeddings for the 12 most common Unicode scripts. (b) Plot reduced to only Common,
Latin, and Cyrillic scripts for simplicity. (c) Embeddings colored by whether the token

begins a word (initial) or occurs in the middle of one (medial)

vocabulary items with the pre-trained embedding distribution.

3.3.2 Embedding Re-initialization Techniques

We now formalize simple techniques for embedding re-initialization based on our exploration

of XLM-R’s embedding space, as well as one recently proposed technique based on an



38

auxiliary embedding model (Focus). Figure 3.2 provides PCA visualizations of the re-
initialized embeddings from each technique on a subword vocabulary specialized for languages
of the Uralic family (we experiment with these languages in § 3.4). The visualization for
these languages’ respective scripts (Common, Latin, Cyrillic) in the base model can be found

in Figure 3.1b for comparison.

4 e Common 4 e Common
Latin e Latin
Cyrillic e Cyrillic
2 ‘ 2
0 0
-2 -2
-4 -4
-6 -4 -2 0 2 -6 -4 -2 0 2
(a) IDENT (b) SCRIPT
4 e Common 4 e Common
Latin e Latin
e Cyrillic e Cyrillic
2 2
0 0
-2 -2
-4 -4
-6 -4 -2 0 2 -6 -4
(¢c) SCRIPT4POSN (d) SCRIPT4POSN+IDENT

Figure 3.2: PCA visualizations embedding re-initialized using the heuristic techniques

introduced in § 3.3.2

Re-initialization by Identity REINIT-IDENT first identifies tokens in the new vocabulary

that exactly match a token in the original vocabulary, then sets the new embeddings of
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shared tokens to be identical to those in the original embedding table (Figure 3.2a). This
is a common approach to preserve information from the original model, even when the
other embeddings are randomly re-initialized (e.g., Pfeiffer et al., 2021). When identity
re-initialization is applied in conjunction with another technique (such as REINIT-SCRIPT),

identity takes precedence.

Re-initialization by Script For REINIT-SCRIPT, all base XLM-R tokens are first catego-
rized by Unicode block, as a stand-in for identifying the script/orthography. We then calculate
the mean and standard deviation for each script in the original embedding space. Finally,
new token embeddings for each script are distributed according to a Normal distribution

with the corresponding mean and standard deviation (Figure 3.2b).

Re-initialization by Position REINIT-POSN is based on the observation that within
each script, embeddings seem to cluster according their word-initial vs. word-medial status
(Figure 3.1c). Similarly to REINIT-SCRIPT, we identify the mean and standard deviation of
embeddings that belong to each category. Because positional status seems to be a sub-cluster
within script clusters, we only use REINIT-POSN in combination with REINIT-SCRIPT. The
mean and standard deviation for each (script, position) combination is calculated and new

embeddings are initialized accordingly (Figure 3.2c).

Focus Re-initialization In addition to the heuristic-based methods introduced above,
we investigate a pre-existing method for embedding transfer, termed Focus (Dobler and
de Melo, 2023). Focus works by extrapolating from the embedding space of an existing
model, like our heuristic methods, but further introduces an auxiliary embedding model
trained on the new language(s). This auxiliary model (based on FastText; Bojanowski et al.,
2017) is used to obtain similarity measures between the new vocabulary items. Embeddings
corresponding to overlapping tokens in the new vocabulary keep their values from the source
model (REINIT-IDENT). Completely new tokens are initialized as a weighted combination of

the overlapping items, with weights obtained according to similarity in the auxiliary model.
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Figure 3.3: PCA visualization of re-initialized embeddings with word-initial vs word-
medial tokens highlighted. For REINIT-SCRIPT, position-wise clustering seen in the base
XLM-R embeddings (Figure 3.3a) is not captured. REINIT-SCRIPT+POSN and REINIT-
SCRIPT+POSN+IDENT show expected positional clustering. REINIT-FOCUS seems to allow

slightly more positional overlap

Random Re-initialization Embeddings not initialized through the above methods are
initialized according to a Standard Normal Distribution about the origin. This includes the
non-overlapping tokens when REINIT-IDENT is applied on its own, and REINIT-RANDOM,

where all embeddings are initialized this way.
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Figure 3.4: PCA: REINIT-FOCUS embeddings

Inspection of re-initialized embeddings Figures 3.2 and 3.4 show PCA visualizations
for the re-initialization techniques described here. Figure 3.2a shows that while REINIT-IDENT
captures some of the pre-trained embedding structure, a large number also remain randomly
scattered throughout the space. REINIT-SCRIPT (3.2b) initializes all embeddings in a Normal
distribution about the centroid for each script, but misses key embedding structure, such
as the fact that each script has two position-wise sub-distributions. REINIT-SCRIPT+POSN
(3.2¢) takes these sub-distributions into account, forming six Normal clusters instead of
three. Figure 3.3b verifies that these clusters capture the initial vs. medial token distinction.
Finally, REINIT-SCRIPT4POSN+IDENT (3.2d) and Focus (3.4) give the closest emulation of

the original XLM-R embedding structure (3.1b).

3.4 Experiments

In our experiments, we replace the large cross-lingual embedding matrix of XLM-R and re-
initialize it for a new, language-specific vocabulary. We then conduct LAPT to specialize the
model for the new language(s), and evaluate performance on downstream tasks. We consider
both multilingual—+monolingual and multilingual —»multilingual transfer scenarios, the latter
being transfer to a much smaller set of languages than the original cross-lingual training

set. We compare our vocabulary-replacement techniques against the baseline performance of
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XLM-R off-the-shelf, as well as LAPT while retaining the original, full-sized vocabulary.
Another manipulation we consider is whether the transformer-specific parameters are
frozen during LAPT. This follows from the literature on transferring monolingual models,
which proposes freezing the encoder parameters and only training the new embedding
matrix to mitigate catastrophic forgetting during transfer learning (Artetxe et al., 2020;
de Vries and Nissim, 2021). In our tables, we denote LAPT with trainable transformer layers
as LAPT-FULL, and training with the transformer frozen (but trainable embeddings) as

LAPT-EMB.

Target Languages We select our target languages for a wide selection of language
families, scripts, typological characteristics, and resource availability, while still having
standard evaluation sets for comparison. Training data for all languages is obtained from
OSCAR v.22.01 (Abadji et al., 2022). For our lowest-resource languages, supplemental
data is obtained from monolingual splits of the OPUS translation corpus (Tiedemann and
Nygaard, 2004) and the Johns Hopkins University Bible Corpus (McCarthy et al., 2020).
More data curation details may be found in Appendix B.1.

Our multilingual—+monolingual transfer languages can be found in Table 3.1. In these
experiments, the replacement vocabulary and LAPT training are constrained to a single
target language. In addition, we include two multilingual—multilingual experiments. In the
first, we simply transfer to the set of languages used in our monolingual experiments. Most of
these languages are unrelated and cover a variety of scripts and levels of resource-availability.
In the second, we transfer to a set of languages belonging to a single language family —
Uralic. These languages come from the same ancestor language, and share broad grammatical
features, but also use both Cyrillic and Latin scripts. These differing settings are designed
to demonstrate whether language relatedness has an effect on the success of multilingual

vocabulary-replacement techniques.

Vocabulary Replacement / Re-initialization When replacing model vocabulary, we
train new SentencePiece models on a subset of the training data. For targets with less than

1GB of data, we use the entire dataset. For those with more, we use a random subset of
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about 250MB. For multilingual models, we sample 5 million lines according to the same
distribution as the training data. All new SentencePiece models have a total vocabulary size
of 32,770 including special tokens. We then initialize the embedding matrix for each new

vocabulary according to one or a combination of the techniques described in § 3.3.2

Training All of our experiments use XLM-R as a starting point (base size; Conneau et al.,
2020a). We conduct LAPT for 100k training steps, with evaluation checkpoints every 1000
steps. For LAPT-FULL experiments, the transformer blocks are frozen for the first 10k steps,
then unfrozen for the last 90k, so that the model does not overfit to initial (possibly poor)
embedding initializations. For LAPT-EMB experiments, transformer blocks remain frozen
throughout training. The checkpoint obtaining the best MLM loss on a development set is
selected for task fine-tuning and evaluation.

For multilingual training, we sample languages according to a multinomial distribution
parameterized by a = 0.2, following Conneau and Lample (2019), Conneau et al. (2020a),

i.a. Languages are sampled sentence-wise rather than batch-wise.

Evaluation We evaluate model quality with POS-tagging and NER tasks. For each task
and each language, the trained model is fine-tuned on task training data until evaluation set
convergence or the maximum number of epochs is reached, across four random seeds. POS
performance is evaluated on Universal Dependencies (UD) treebanks (de Marneffe et al.,

2021), and NER is measured on the WikiAnn benchmark (Pan et al., 2017).

3.5 Results

The results for monolingual adaptation can be found in Tables 3.1-3.2 and general multilingual
adaptation in Tables 3.3-3.4. Because the results for multilingual adaptation to the Uralic

family mostly echo overall trends, we provide these results in Appendix B.3.* In order

3The auxiliary FastText model for FOCUS initialization is trained on the same set as the vocabulary

“While training on related languages may be beneficial for low-resource Uralic languages like Erzya,
family-based training vs. general multilingual training does not seem to alter the relative ranking of
embedding initialization techniques, which is our primary research interest
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LapT REINIT Armenian Basque Erzya Estonian Hebrew Russian North Sami Telugu Avg
* * 93.4+£22 951407 563+53 95.6 + 0.1 97.5 £ 0.1 98.6 £ 0.1 712+18 838+0.1 864
FULL * - - 85.1 £ 1.8 - 97.5 £ 0.1 - - 914 £4.3 -

FULL  FOCUS-+IDENT 923+ 1.9 96.0+ 0.6 76.1 %20 95.1 £ 0.3 97.2+0.1 984+0.1 92.1+ 0.8 86.9+ 3.5 1.7

FULL  SCRIPT+POSN-+IDENT 93.1 £ 1.7 938+ 0.5 79.0 £0.7 940+ 0.2 96.7 £ 0.1 98.2 £+ 0.04 86.9 + 0.7 88.5+ 3.2 913

FULL  SCRIPT+IDENT 91.7£19 936 £03 708128 940+£0.1 96.7 £ 0.1 98.1 £ 0.1 83413 87.1+34 894
FULL  SCRIPT+POSN 90.9 £2.0 921 +£0.7 746 £22 90.4 &+ 0.6 9544+ 0.1 972+£0.02 787405 87.5+f1.4 883
FULL  SCRIPT 89.6 £1.5 909+£02 T715£21 89.44+09 95.0£0.05 969+003 77.9+£02 84.0%+15 869
FULL IDENT 81.6 £04 836+£06 59.1=+31 86.4 + 0.4 9.1+ 0.1 962+£0.04 70705 78025 809
FULL  RANDOM 674+20 727+06 533 %28 72.0 £ 0.1 81.0 £ 0.6 86.5 & 0.6 64.7+09 T764+1.0 724
EMB  FOCUS-+IDENT 92.3 £ 1.7 95.1 £0.6 48.6+0.1 94.5 £ 0.05 96.9 + 0.3 98.3 +£0.04 73.6 + 1.6 86.2 + 3.8 84.8

EMB  SCRIPT+POSN+IDENT 87.6 £ 1.3 882+ 0.7 55.6 + 4.8 89.6 £ 0.1 95.3 £ 0.1 97.1 + 0.05 698+ 14 81.8+1.2 825

EMB SCRIPT+IDENT 87.7+ 1.8 879+ 04 53.8+ 5.4 89.2 +£ 0.5 95.2 £ 0.1 97.0 £ 0.1 68.6 + 1.8 82.0+ 1.3 820
EMB  SCRIPT+POSN 56.5+ 7.6 61.3+120 48.7+0.1 714+ 14 82.5 + 0.3 92.1+ 0.4 598 1.5 70.1+74 694
EMB  SCRIPT 476 £64 59.6 £81 48.6 £0.1 65.7 + 5.2 80.4 + 2.2 89.7+ 1.0 5554+ 5.0 734+55 67.6
EMB  IDENT 80.3+1.1 801+06 479=£15 82.5 + 1.8 88.7+£ 0.2 95.2 + 0.4 606 +£12 766=+14 759
EMB  RANDOM 476 £ 1.8 55.2+28 463+ 0.2 63.5 + 1.8 67.6 + 2.5 80.2 + 0.6 44.7+£40 56.7£6.7 59.2

Table 3.1: Monolingual Language-Adaptive Pre-Training (LAPT): POS tagging accuracy
after fine-tuning. * indicates XLM-R off-the-shelf. Within each division, best result and
results within 1 standard deviation are bolded; overall best result indicated with added
underline. Best result determined by mean - stdev. LAPT with full XLM-R vocab only

conducted for three languages due to prohibitive computational cost

to adhere to our overall computational budget, we only conduct full-vocabulary LAPT
experiments for three languages in the monolingual setting.®

We first note that across re-initialization methods, LAPT-FULL always outperforms
LAapPT-EMB. Le. training with trainable transformer layers outperforms training with frozen
ones, despite the risk of catastrophic forgetting with the former. This trend persists across
monolingual and multilingual experiments. For example, REINIT-FOCUS+IDENT shows a 6.9
average POS accuracy drop between LAPT-FULL and LAPT-EMB (Table 3.1).

Second, although Focus is the best performing re-initialization method when averaged
across languages, for individual languages, it does not perform significantly differently than

script-based methods. For instance, Armenian and Telugu POS tagging with script-based

5We select Erzya, Telugu, and Hebrew for these full-size experiments, spanning very-low, low, and medium
resource-availability levels
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LapT REINIT Armenian Basque Erzya Estonian Hebrew Russian Telugu Avg
* * 9414+01 943+£01 895+06 93.3+02 8.9+01 90.9+02 8.4+05 90.5
FULL ¥ - - 91.8 + 0.5 - 86.9 + 0.1 - 86.6 + 1.9 -

FULL  FOCUS+IDENT 95.1 + 0.9 94.9 + 0.4 89.9 + 0.8 92.6 + 0.2 86.2 +0.3 90.6 +£0.1 87.7+ 0.5 91.0

FULL  SCRIPT+POSN+IDENT 939+ 0.1 943+02 90.2+ 0.7 920+03 832+04 89.8+02 835+18 89.6

FULL  SCRIPT-+IDENT 938 £03 943+01 89.8+0.2 893+02 834+£03 894+£02 840+05 895
FULL  SCRIPT+POSN 920+ 06 921+£004 891+£05 883+04 787£01 865+01 81L.0+09 868
FULL  SCRIPT 914+04 91.1£01 87.7+£05 875+02 785£02 8.7£01 79.6+11 859
FULL IDENT 862+ 04 90.7£02 79.0+06 893+02 720£04 86.7+£01 693+04 819
FULL RANDOM 741+14 815+03 726+33 458+272 544+£09 T703+07 472+£82 63.7
EMB  FOCUS-+IDENT 93.5 £ 0.5 94.2 +0.2 81.7+22 92.0+ 0.2 849+ 0.1 90.3 +£0.1 86.1 +0.3 89.0

EMB SCRIPT+POSN+IDENT  91.5 + 0.2 923+ 0.1 87.2+ 0.3 89.8+0.2 79.1 £ 0.2 88.9 + 0.1 741 +£12 86.1

EMB  SCRIPT-IDENT 909 +03 920+£03 8.1+1.0 896+03 787+£03 8.6+01 79.1+05 86.4
EMB  SCRIPT-+POSN 86.5 04 873+£03 84.1+12 818+08 71.0£09 81.0+£02 643+19 794
EMB  SCRIPT 83904 730+08 84.0x£12 795+09 678+£06 T74£02 568+*32 746
EMB  IDENT 809 £08 879+04 61.8+£38 8.3+03 648+14 848+04 549+15 743
EMB  RANDOM 59.6 £ 2.5 0.0 £0.0 51.8 £2.7 00£00 171 £172 475£69 224+£55 283

Table 3.2: Monolingual LAPT: entity-wise NER F1 score after fine-tuning. A score of 0.0
results from the model learning to output only class 0 (not a named entity) which is the

majority class. Sami does not have enough NER data for fine-tuning

initialization performs on-par with or better than Focus (Tables 3.1, 3.3).6 In the case of
the very low-resource language Erzya, script-based methods mostly outperform Focus.”

Third, for the languages with the largest amount of data in XLM-R (Estonian, Hebrew,
and Russian), the off-the-shelf performance of XLM-R (top row) is slightly better than any
re-initialization method. This is not unexpected, since we can expect the highest-resource
languages in XLM-R to receive adequate vocabulary coverage, and their embeddings are
likely the most robustly trained.

Finally, LAPT with the full, original XLM-R vocabulary, results in marginally better

performance than other techniques. On one hand, this might be surprising given the

50verall performance/ranking of SCRIPT+POSN+IDENT vs. SCRIPT+IDENT remains uncertain. For LAPT-
FULL averaged across languages, the former performs better in 2/3 POS settings, but only 1/3 NER
settings

"However, script-based methods show significant variation on Erzya POS after multilingual training
(Table 3.3)
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LAPT REINIT Armenian Basque Erzya Estonian Hebrew Russian North Sami Telugu Avg
* * 93.4+22 95.1=£07 56.3 + 5.3 95.6 + 0.1 97.5+ 0.1 98.6 + 0.1 71.2+18 838=+0.1 864
FULL * 91.3 £ 0.1 959 £+ 0.6 71.7+ 5.3 95.5 + 0.2 974+ 0.2 98.6 +0.04 80.6+14 89.7+£36 90.1
FULL  FOCUS-+IDENT 91.0+0.1 958+ 0.1 725+13 955+0.2 97.1+0.1 984 +0.03 80.4+1.2 89.4 + 3.2 90.0
FULL  SCRIPTH+POSN+IDENT 92.9 £ 2.1  95.0 £ 0.6 63.6 £ 9.8 94.8 £ 0.3 97.0 £ 0.1 98.4 +£ 0.04 80.4 +1.1 89.6 £ 2.6 89.0
FULL  SCRIPT+IDENT 93.8 £ 1.8 95.3 +£0.03 66.1 £ 10.2 94.7+0.2 97.1 £ 0.1 98.4 + 0.03 80.1 +£1.2 91.7 + 0.8 89.7
FULL  SCRIPT+POSN 853 +£3.5 879 +35 70.5 £ 1.5 89.0 £ 0.8 93.7 + 0.6 9724+ 0.01 728+21 81.6+04 847
FULL  SCRIPT 833+ 19 85.8+27 66.6 + 1.9 85.4 + 1.7 90.5 + 0.8 96.8 £ 0.03 686+ 1.1 81.0+03 822
FULL IDENT 93.2 +£ 0.7 93.0+ 0.5 58.1 £ 0.9 93.6 = 0.2 96.6 + 0.1 98.3+0.03 715+12 89.0+£41 86.7
FULL  RANDOM 64.5 £ 2.9 674+ 0.4 50.0 £+ 4.6 71.9 £ 0.3 80.0 £ 0.8 84.6 £ 0.9 62.7 £ 0.5 75.0+£6.2 70.2
EMB FOCUS+IDENT 93.1 £ 2.2 95.2+ 0.7 63.7+20 94.7+ 0.1 97.1 +0.04 98.5+0.03 71.2+21 87.5+29 86.8

EMB  SCRIPT+POSN+IDENT 91.3 + 1.6 93.5 £ 0.6 5724+ 7.0 93.5 £ 0.1 96.7 £+ 0.03 98.3 +£ 0.1 74.5 £ 1.1 85.6 + 2.9 85.6

EMB  SCRIPT+IDENT 92.2 +£ 2.0 9324+ 0.7 58.5 £+ 6.9 93.3 £0.1 96.9 £+ 0.1 98.3 £ 0.02 72.0 + 3.0 86.5 + 2.4 855
EMB  SCRIPT+POSN 61.5+19 76.0+ 1.3 51.9 £ 3.1 75.7 £ 0.2 872 £ 1.2 95.3 £ 0.3 65.3 £ 0.2 773 +£03 755
EMB SCRIPT 44.7 £ 0.0 71.0 £ 1.0 48.5 + 0.2 73.5+£22 83.6 £ 0.3 93.5 £ 0.5 63.8 £14 71T +£05 731
EMB IDENT 89.4 4+ 0.8 90.5 + 0.6 49.3 + 4.6 91.8 £ 0.5 96.2 £ 0.1 98.1 +£ 0.1 65.6 £ 1.1 84.0 £ 1.7 822
EMB  RANDOM 487+ 24 61.2£56 46.0 + 0.3 66.3 + 3.9 73.7+£34 85.1+ 1.2 447+ 46 67550 635

Table 3.3: Multilingual LapT: POS tagging accuracy after fine-tuning

inefficiency with which cross-lingual vocabularies often tokenize low-resource languages (Acs,
2019). On the other hand, these original pre-trained embeddings are also likely robustly
aligned with the transformer encoder, which might contribute to slightly better performance.

Part of the motivation for this work, however, is to investigate efficient ways to specialize
multilingual models. LAPT with the full XLM-R, vocabulary is much more computationally
costly than training new vocabulary. Figure 3.5 shows the tradeoff between computation (in
FLOPs) and performance gain in our experiments: the (often) small gains in performance
we see from fine-tuning with the original vocabulary come at the cost of two to three times
more FLOPs during adaptation.

Erzya POS performance provides one exception to the pattern of full-vocab LAPT
providing only marginal benefits (85.1 accuracy with the full vocabulary vs. 79.0 with the
reduced vocabulary). This seems surprising, given Erzya is not included in XLM-R’s pre-
training data, and intuitively should benefit the most from a specialized vocabulary. It could
be that the reduced vocabulary size of 32k is sub-optimal for this particular target language,
and/or that the new vocabulary does not overlap enough with the original (full-size) one to

inherit useful Cyrillic-script embeddings. Investigating the dynamics of target vocabulary
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LapT REINIT Armenian Basque Erzya Estonian Hebrew Russian Telugu Avg
* * 9414+01 943+£01 895+06 933+02 8.9+01 90.9+02 8.4+05 90.5
FULL ¥ 94.0+05 945+02 905+03 93.7+02 8.2+01 91.1+02 8.9+0.7 90.9
FULL FOCUS+IDENT 94.2 £ 0.3 94.0+ 0.2 89.6 +1.0 92.0 £ 0.5 85.2+0.1 90.0+ 0.5 85.4+ 0.4 90.1
FULL  SCRIPT+POSN-IDENT 94.1 + 0.2 94.0 £ 0.1 838 +£0.9 923+ 0.1 85.0+0.2 90.4+ 0.1 84.8+04 899
FULL  SCRIPT+IDENT 94.2 + 0.2 94.1 £0.2 90.1 £+ 0.6 92.4+ 0.1 849+03 903+01 845+02 90.0
FULL  SCRIPT-+POSN 91.24+05 91.5+01 89+05 84+04 773+£04 86.3+01 762404 857
FULL  SCRIPT 909+01 91.3+03 86.4+19 87.7+02 758+£03 8.7+0.1 751409 84.7
FULL IDENT 932+01 934+£02 809+24 915+04 835+£03 89.8+01 8.2+05 879
FULL RANDOM 69.9+44 809+£05 T752+15 705+21 37.7+21.8 686+07 421+16 63.6
EMB FOCUS+IDENT 93.9 £0.3 93.7+0.2 89.7+04 91.9+ 04 84.8 £+ 0.2 89.9 +0.3 852+0.5 89.9

EMB SCRIPT+POSN+IDENT  93.7 £ 0.2 93.5 £ 0.1 872 +10 91.9+0.2 84.0+02 899+0.2 84.0+05 892

EMB  SCRIPT+HIDENT 933+£05 934+02 8.8+14 91.9+03 83.7+02 89.9+01 825+13 887
EMB  SCRIPT-+POSN 87.5+03 888+03 81.0+31 848+04 728+01 827+03 671+13 80.7
EMB  SCRIPT 85.2+03 81.3+71 80.0+11 843+03 683+09 806+10 59.7+35 77.1
EMB  IDENT 91.2+03 923+02 767+13 908+03 81.6+02 89.3+02 786+18 858
EMB  RANDOM 628 +09 749+16 66.1+11 627+19 239+182 53.1+47 37.7+26 544

Table 3.4: Multilingual LAPT: entity-wise NER F'1 score after fine-tuning

size during vocabulary specialization would be a fruitful direction for future work.

3.6 Discussion

Embedding-only training is inadequate for multilingual model transfer Our
experiments show that language transfer methods developed for monolingual models, which
freeze the transformer blocks and re-train only the embedding matrix (Artetxe et al., 2020;
de Vries and Nissim, 2021), yield poor results when transferring a multilingual model. This
work in the monolingual literature not only keeps transformer layers frozen, but initializes
new embeddings randomly. This setup (LAPT-EMB, REINIT-RANDOM) performs much worse
than the off-the-shelf baseline in all of our experiments.

It is worth noting that Artetxe et al. (2020) do not necessarily suggest that freezing
the main model is the optimal language transfer method. However, it does demonstrate
that for monolingual—+monolingual adaptation, embedding-only training is competitive with

an off-the-shelf multilingual model. We see no such comparability in our experiments. We
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Figure 3.5: Evaluation scores plotted against total floating point operations of LAPT
(computational cost). Left point represents cost of LAPT with reduced vocabulary, right

point with full vocabulary

believe this is partly caused by the heterogeneity of the XLM-R embeddings, where different
languages (or at least scripts) are encoded in different spaces. When new embeddings are
randomly and homogeneously initialized, they fail to align with the pre-trained subspaces

expected by the frozen transformer.

Vocab replacement efficiently specializes models We demonstrate that for languages
inadequately covered by a pre-trained multilingual model, replacing and re-training the
cross-lingual model vocabulary with a language-specific one is a computationally efficient
way to create a compact model specialized for the target language(s). In our monolingual
adaptation experiments, vocabulary replacement performs better than off-the-shelf XLM-R

in 5/8 languages for POS tagging and 5/7 languages for NER. Only the high-resource
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languages of Estonian, Hebrew, and Russian seem to be adequately covered in XLM-R to
outperform our specialization techniques. Language-Adaptive Pre-Training with the full
(cross-lingual) XLM-R vocabulary often produces marginally better results overall, but at
a much greater computational cost, and without making the model more compact in size.
Further training and inference after LAPT will continue to suffer from the memory and
compute wasted on unused vocabulary items, which constitute a large percentage of the

total model parameters.

Script-distribution initialization rivals semantic similarity methods We introduced
several methods for embedding re-initialization in § 3.3, namely using the insight that token
embeddings for XLM-R cluster by script and position within a word, then distributing new
vocabulary items according to these pre-trained sub-distributions. We compare this to the
Focus re-initialization method, which initializes new embeddings as a weighted combination
of existing ones according to similarity scores from an auxiliary model.

Averaged across languages, FOCUS yields the best performance in downstream tasks by
a slight margin. Within languages, it often overlaps significantly with the performance of
our script-distribution methods. For very low-resource languages like Erzya, script-based
methods even show a slight advantage. This seems to show that, at least in combination
with LAPT, the majority of the benefit in re-initialization can be achieved by a method that
takes the structure of the pre-trained embedding distribution into account, whether or not it
uses advanced methods to precisely initialize the representations of new vocabulary items.

We do note that the advantage of FOCUs is more clear-cut when LAPT is conducted
with transformer blocks frozen. This lends credence to the idea that Focus more precisely
mimics the embedding distribution expected by the pre-trained transformer. However, the

overall best results come when the transformer blocks are unfrozen/trainable.

Fully random initialization performs poorly Finally, our experiments demonstrate
that fully random re-initialization of embeddings during vocabulary replacement leads to
overall poor performance. Across LAPT-FULL experiments, random initialization performs

an average of 19.4 points worse than the next-best re-initialization method, and 24.7 points
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worse than the off-the-shelf baseline. The poor performance of random initialization has
been noted in other works such as Dobler and de Melo (2023), but we emphasize that even
incredibly simple methods such as REINIT-IDENT and REINIT-SCRIPT work far better than

the random baseline.

3.7 Limitations

One limitation of our work is the relatively narrow set of evaluation tasks available for our
languages of interest. The model-adaptation techniques we compare here are most applicable
to low- and medium-resource languages that are not optimally covered by pre-existing
multilingual models. For most of these languages, the only standard evaluation datasets
that exist are for relatively low-level tasks like Part of Speech tagging and Named Entity
Recognition. Evaluation of embedding-reinitialization techniques could be improved in future
work if datasets for higher-level tasks like Natural Language Inference, question answering,
and paraphrase detection were curated for these under-resourced languages.

We also make several simplifying choices to maintain a feasible scope for our work. First,
we conduct model adaptation from only a single base model: XLM-R. A valuable addition
in future work would be to determine whether the trends we observe here generalize to other
model types (i.e. causal and seq2seq language models) and to larger model scales. Secondly,
we consider only one size for newly-initialized target vocabularies (32k). Because effective
per-language vocabulary allocation has been shown to be an important factor in multilingual
modeling (Conneau et al., 2020a, i.a.), investigating the dynamics of target vocabulary size

during vocabulary re-initialization will be important for future work on this topic.
3.8 Conclusion

This work presents a systematic comparison of methods to specialize the subword vocabularies
and embeddings of multilingual models for new languages. We propose simple methods for
re-initializing embeddings, motivated by a qualitative exploration of the XLM-R embedding
space. Our experiments show that (1) updating the encoder layers during LAPT is crucial for
downstream performance, (2) vocabulary replacement provides a computationally-efficient

method to improve task performance in low-resource languages, and (3) our re-initialization
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techniques employing script-wise sub-distributions perform on par with more involved
similarity-based methods. We hope these findings can be built upon in future work on
multilingual model specialization, with the goal of providing the best performance for under-
resourced languages while also making language modeling more accessible through more

manageable compute cost and model sizes.
Relation to Remaining Work

Chapter 4 will directly follow up on the results of this chapter by applying vocabulary special-
ization to the process of adapting a cross-lingual model to a specific language family. It will
also address the outstanding question of how much the size of the adapted vocabulary affects
downstream model performance. Instead of further comparing techniques for embedding
re-initialization, we settle on the Focus algorithm as the overall best performing, and turn
our attention to other adaptation dynamics such as multilingual vs. monolingual adaptation,
number of training steps, and language sampling proportions during training. Similar to the
current chapter, Chapter 4 will contribute both to optimizing model performance in a set of

target languages, and to reducing model size by cutting unnecessary parameters.
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Chapter 4

TARGETED MULTILINGUAL ADAPTATION FOR LOW-RESOURCE
LANGUAGE FAMILIES

Overview

This chapter presents a systematic analysis of the best methodology for adapting a pre-trained
cross-lingual model to a language family. Family-wise adaptation is one instantiation of our
broader principle of targeted multilingual training — providing a middle-ground between
the largely intractable option of training a separate model for each individual language,
and a “massively multilingual” setting, which is known to lead to poor performance in
under-resourced languages. Our models — adapted to the Uralic family via unsupervised
training and vocabulary specialization — significantly outperform both monolingual and
massively multilingual baselines. While vocabulary specialization was explored in Chapter 3,
we here address the unanswered question of how much the size of the adapted vocabulary
matters for downstream performance. A statistical analysis of adaptation parameters reveals
that though both the number of adaptation steps and specialized vocabulary size positively
contribute to model performance, training for longer is significantly more effective than
choosing a larger vocabulary. We also show that low-resource languages can be aggressively
up-sampled during adaptation, without significantly hurting performance in the high-resource

languages that are down-sampled to compensate.

4.1 Introduction

Pre-trained multilingual language models act as the foundation for most current NLP systems
outside of English and a few other very high-resource languages. While most languages of
the world are relatively data-scarce in comparison to English, multilingual models take the
approach of pooling text data across many languages to train a single model that (in theory)

covers all training languages (Devlin, 2019; Conneau and Lample, 2019; Conneau et al.,
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2020a; Liu et al., 2020; Scao et al., 2023, i.a.). In practice, however, massively-multilingual
models often perform poorly on low-resource languages (Wu and Dredze, 2020).

While multilingual models are susceptible to the so-called “curse of multilinguality” —
the observation that overall model performance decreases as more languages are added in
pre-training (Conneau et al., 2020a; Wang et al., 2020b) — it is generally accepted that
low-resource languages benefit from some multilinguality during training, especially when
added languages are similar in some way (Conneau et al., 2020a; Ogunremi et al., 2023;
Chang et al., 2023). Nonetheless, “massively multilingual” or “cross-lingual” models have
remained a central focus of multilingual LLM research (e.g. Ustiin et al., 2024).

This paper joins a growing line of research studying targeted multilingualism as a more
practical approach to building robust models for mid- and low-resource languages (Chang
et al., 2023; Ogueji et al., 2021; Ogunremi et al., 2023; Ljubesic¢ et al., 2024). While studies like
Ogunremi et al. (2023) take the approach of training from scratch on a linguistically-informed
grouping like a language family, we instead seek to determine the best way to leverage existing
multilingual models, using their parameters as a starting point for specialization to a more
moderate set of languages.

In this work, we systematically evaluate the best technique for adapting a pre-trained
multilingual model (XLM-R) to a language family. We use the Uralic family as a case study —
like many families, it includes a few mid-resource languages (e.g. Hungarian, Finnish) as well
endangered and Indigneous languages like Simi and Erzya, which are extremely data-scarce.
Our primary techniques for conducting adaptation are multilingual Language-Adaptive
Pre-Training (LAPT; Chau et al., 2020) and vocabulary replacement /specialization (Dobler
and de Melo, 2023; Downey et al., 2023, i.a.). Our experiments show that both techniques
are necessary for robust adapation to the Uralic family.

Importantly, we demonstrate not only that adaptation to a language family is as effective
or better than training individual models, but also that it is more efficient than monolingual
adaptation. We also statistically analyze important factors in multilingual adaptation in
order to recommend best practices for adapting models to new language families, as measured
by down-stream task performance. In particular, we use a regression analysis to assess the

impact of LAPT steps, adapted vocabulary size, and language sampling alpha on model
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performance. Notable results include the fact that specialized vocabularies as small at 16k
tokens outperform the cross-lingual XLM-R vocabulary (with 250k tokens), and low-resource
languages can be aggressively up-sampled during training without significant degradation of
high-resource performance (see § 4.4,4.5 for more details).

Our contributions are as follows: 1) We train models adapted for the Uralic family that
significantly outperform monolingual and multilingual baselines for almost all languages.
2) We conduct a large-scale statistical analysis of important parameters for multilingual
adaptation to test their relative effects on downstream task performance. 3) We make
best-practice recommendations for adapting cross-lingual models to targeted groupings like
language families. 4) We provide an error analysis for Skolt Sdmi, which is consistently
difficult to model, and discuss the implications and challenges of these results for future work.
5) We make all of our adaptation code, configurations, analysis results, and best-performing

Uralic model(s) publicly available at https://github.com/CLMBRs/targeted-x1lms.

4.2 Related Work

Pre-trained model adaptation Extensive work has proposed re-using and modifying
pre-trained models for new settings in order to retain existing model knowledge and reduce
pre-training costs. Gururangan et al. (2020) show that continued training on domain-specific
data effectively adapts pre-trained models to new domains in both high- and low-resource
settings. This approach is also used to adapt models to new languages (i.e. Language-
Adaptive Pre-Training / LAPT; Chau et al., 2020).

Other approaches involve training new, language-specific adapter layers to augment
a frozen monolingual Artetxe et al. (2020) or multilingual encoder Pfeiffer et al. (2020);
Ustiin et al. (2020); Faisal and Anastasopoulos (2022). A comparison of these cross-lingual
adaptation approaches Ebrahimi and Kann (2021) found that continued pre-training often
outperforms more complex setups, even in low-resource settings.

Acs et al. (2021) investigate the transferability of monolingual BERT models for Uralic
languages specifically. They find that vocabulary overlap and coverage is extremely important
for transfer success, and also that the importance of language-relatedness is questionable,

since English and Russian BERT transfer well to Uralic languages written in Latin and
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Cyrillic script, respectively.

Model vocabulary and script A major limitation to adapting pre-trained models to
new languages is the subword vocabulary, which often fails to cover unseen scripts Pfeiffer
et al. (2021) or tokenizes target text inefficiently Acs (2019); Ahia et al. (2023). Muller et al.
(2021) demonstrate that script is another important factor in predicting transfer success:
pre-trained coverage of closely-related languages improves transfer, but only if the target

language is written in the same script as its pre-trained relative.

A range of adaptation techniques have been proposed to overcome this tokenization issue,
such as extending the vocabulary with new tokens (Chau et al., 2020; Wang et al., 2020a;
Liang et al., 2023) or completely replacing and re-training the vocabulary and embedding
matrix from a random initialization (Artetxe et al., 2020; de Vries and Nissim, 2021). Other
work reuses information in pre-trained embeddings rather than initializing new ones at
random. This may include scaling up smaller embedding spaces from models trained on
the target language de Vries and Nissim (2021); Ostendorff and Rehm (2023) or copying
embeddings from the original vocabulary where there is exact vocabulary overlap Pfeiffer

et al. (2021).

In this study, we follow a line of recent work that re-initializes vocabulary and embeddings
based on the structure of the embedding space for the original model (Minixhofer et al., 2022;
Ostendorff and Rehm, 2023, i.a.). Dobler and de Melo (2023) introduce the Focus algorithm,
which like Pfeiffer et al. (2021) carries over original embeddings where there is an exact
match with the new vocabulary. For new tokens however, it initializes embeddings as a linear
combination of the old embeddings for the most semantically similar tokens, as computed
by an auxiliary embedding model. As an alternative, Downey et al. (2023) propose three
simple heuristics for initializing a new embedding matrix, one being the familiar strategy of
carrying over the embeddings of overlapping tokens, and the others involving initializing
new tokens based on script-wise distributions in the original space. They compare these
methods to the Focus algorithm and find the latter has only a small advantage over the

heuristic-based techniques.
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Targeted multilingualism A recent line of work has proposed models trained with
targeted or linguistically-informed multilingualism, as opposed to the “massively-multilingual”
approach covering as many languages as feasible (e.g. Conneau et al., 2020a; Scao et al.,
2023). Notably, Chang et al. (2023) show that while massively-multilingual models hurt
individual language performance, low-resource languages in particular benefit from limited
multilinguality, especially when the added languages are syntactically similar (e.g. similar
word order).

Examples of targeted multilingual approaches include Ogueji et al. (2021), who train
a multilingual model from scratch on 11 African languages and show performance that is
as good or better than XLM-R. Ogunremi et al. (2023) refine this approach by showing
that multilingual training on languages from individual African language families is more
data-efficient than using a mixture of unrelated African languages. Snaebjarnarson et al.
(2023) also show success for the low-resource language Faroese by training a multilingual
model on its close Germanic relatives.

Other work investigates using multilingual training with related languages as an adaptation
process, starting from a pre-trained cross-lingual model rather than training from scratch.
Alabi et al. (2022) adapt XLM-R to the 17 highest-resource African languages via LAPT,
while also removing XLM-R vocabulary items that are unused for the target languages.
Ljubesi¢ et al. (2024) use LAPT to adapt XLM-R to the very closely related Slavic languages
of Bosnian, Croatian, Montenegrin, and Serbian. Senel et al. (2024) adapt XLM-R separately
to five low-resource Turkic languages, showing that including the high-resource Turkish
language during training improves this adaptation.

The present work systematically analyzes which factors are responsible for the success of
targeted multilingual adaptation. We focus on the model adaptation paradigm since cross-
lingual models learn useful language-general patterns that can be leveraged for a “warm-start”
to training (Conneau et al., 2020b). Unlike Ljubesié¢ et al. (2024); Senel et al. (2024), we
specialize model vocabulary for the target language(s), since cross-lingual tokenizers typically
perform poorly for low-resource languages (Rust et al., 2021). We follow Dobler and de Melo
(2023) and Downey et al. (2023) in using a vocabulary specialization technique that leverages

the structure of the original model embedding space, while creating a new vocabulary that
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is directly optimized for the target languages, in contrast to Alabi et al. (2022), which
simply uses a subset of the original model vocabulary. Finally, we follow Ogunremi et al.
(2023) in conducting adaptation for a language family, while keeping in mind the observation
from Senel et al. (2024) that including a high-resource language during adaptation can be
advantageous. This comes naturally with our chosen testbed of the Uralic family, which

contains both high- and low-resource languages.
4.3 Experiments

Our experiments are designed to assess the best method for adapting a pre-trained cross-
lingual model to a specific language family (in our case, Uralic). We are especially interested
in identifying conditions that produce the best model(s) for low-resource family members.
Our primary approach employs Language-Adaptive Pre-Training (LAPT, Chau et al., 2020)
on a dataset of Uralic languages, as well as vocabulary specialization (Downey et al., 2023,
i.a.). Adapted models are compared to both multilingual and monolingual baselines.
Within our multilingual experiments, we search a range of important hyper-parameters
and explicitly model their influence on downstream performance using a linear mixed-effects
regression. Namely, we test the effect of number of LAPT steps, size of the language-
specialized vocabulary, and the a parameter controlling multinomial language sampling

distribution during LAPT (Conneau and Lample, 2019; Conneau et al., 2020a).

Languages The first step of our adaptation process is to obtain raw-text LAPT data for
as many Uralic languages as possible. For the high-resource languages (Estonian, Finnish,
Hungarian, and Russian), we obtain all training data from the multilingual OSCAR corpus
v.22.01 (Abadji et al., 2022). This corpus also contains a small amount of raw text for the
low-resource languages Komi (koi) and Mari (mhr/mrj). We further source low-resource
language data from monolingual splits of the OPUS translation corpus (Tiedemann and
Nygaard, 2004) and the Johns Hopkins University Bible Corpus (McCarthy et al., 2020).
An inventory of LAPT text data is found in Table 4.1. This represents the total amount
of data after combining all corpora for each language. We cover 6/8 Uralic branches, lacking

only Ob-Ugric and Samoyedic (Austerlitz, 2008). The resource gap between the high-
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Language Code Branch Script  XLM-R Data (GB) LAPT Data (GB) LAPT Data (lines) Sources
Russian ru n/a Cyrillic 278.0 9.1 32.7 x 106 O
Hungarian hu Hungarian  Latin 58.4 12.8 64.8 x 10° (0]
Finnish fi Finnic Latin 54.3 9.3 50.2 x 100 6]
Estonian et Finnic Latin 6.1 2.8 15.8 x 106 (0]
Komi koi Permic  Cyrillic 0 6.8 x 1073 48.5 x 103 OPJ
Mari mhr/mrj Mari Ciyrillic 0 6.5 x 1073 25.3 x 10° 0J
Erzya myv Mordvinic ~ Cyrillic 0 6.0 x 1073 32.6 x 10° PJ
Veps vep Finnic Latin 0 5.3 x 1073 35.7 x 103 P
Udmurt udm Permic Chyrillic 0 4.3 %1073 28.1 x 10° PJ
Sémi se/sme Sémi Latin 0 3.9x 1073 34.5 x 10° PJ
Karelian krl Finnic Latin 0 2.4 x 1073 17.4 x 103 PJ
Moksha mdf Mordvinic  Cyrillic 0 1.2x 1073 9.3 x 103 P
Livonian liv Finnic Latin 0 0.5x 1073 14.2 x 103 P
Votic vot Finnic Latin 0 <01x1073 474 P
Ingrian izh Finnic Latin 0 <0.1x1073 21 P

Table 4.1: Listing of available training data by language (after cleaning, de-duplicating, and
reserving 10% for eval and test sets). XLM-R data is the amount of data used to pre-train
that model. LAPT data is the amount of data available for adaptive training on Uralic
languages in our experiments. Codes for language data sources: O = OSCAR, P = OPUS,
J = JHUBC.

and low-resource languages is stark: Estonian (the fourth-highest-resource language) has
approximately 1000x more data than the next highest (Komi). These four highest-resource
languages were also included in the training data for XLM-R, while the remainder were not.
We treat this as the cutoff point between the “high-resource” and “low-resource” Uralic
languages for the remainder of this work.

We include Russian as a high-resource language, though it is not Uralic. Many Uralic
languages are spoken by ethnic minorities within Russia and the former Soviet Union, and
use modified forms of the Russian Cyrillic alphabet. The lack of a high-resource Uralic
language written in Cyrillic could be a problem for low-resource language performance, since

script overlap has been shown to be a vital ingredient in cross-lingual transfer (Muller et al.,
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2021; Downey et al., 2023). Further, Russian is a major source of loan-words for Uralic
languages, as well as an official language throughout Russian territory (Austerlitz, 2008).
During our experiments, we sample languages according to a multinomial distribution
parameterized by the hyper-parameter o (Conneau and Lample, 2019; Conneau et al., 2020a,
i.a.; see Figure 4.1). Languages are sampled sentence-wise rather than batch-wise, meaning

multiple languages can be sampled in each batch.

Vocabulary replacement To specialize the model’s vocabulary for target languages,
we first train a new SentencePiece model (Kudo and Richardson, 2018) on 5 million lines
sampled from the training set.! For simplicity, we train multilingual tokenizers with a
consistent sampling parameter of a = 0.2.2 Once a new vocabulary is formed, we re-initialize
the model’s embedding matrix using the Focus algorithm introduced by Dobler and de Melo
(2023). We test the effect of vocabulary size by training specialized vocabularies with 16k,
32k, and 64k tokens.?

Training All experiments use XLM-R base as a starting point (Conneau et al., 2020a).
We conduct LAPT on the multilingual Uralic dataset for 100k, 200k, or 400k steps. Following
Downey et al. (2023), for experiments with vocabulary specialization, the transformer blocks
are frozen for the first 10k steps, then unfrozen for the remainder, to prevent model overfitting
on the initial (possibly poor) embedding initializations. The checkpoint with the best MLM
loss on a development set is selected for task fine-tuning and evaluation.

For our shortest experiments (100k steps) we test four values of a: {0.1,0.2,0.3,0.4}. For
longer experiments, we test only the two most promising values: {0.1,0.2}. Because the data
ratio between our high and low-resource languages is so extreme (Table 4.1), we cap the four

high-resource languages at approximately 2 GB of text each.? Because several languages of

'When adapting to single languages with < 5 million lines, the vocabulary is trained on the entire training
set.

2Pilot experiments suggest the choice of « during vocabulary initialization is not as important as the
value picked during multilingual training.

3Throughout this paper, 16k, 32k, and 64k are shorthand for 2'4, 215 and 2'° respectively.

4This is in addition to alpha sampling, reflected in Figure 4.1.
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Figure 4.1: Uralic data composition by number of lines, on a log scale. The actual data
quantities are shown with bars, while sampling distributions with several values of the «

parameter are plotted as lines

the Finnic branch have less than 1 MB of text, we also sample the 5 low-resource Finnic
languages as if they are a single language (“Finnic” in Figure 4.1). This is to prevent extreme

over-sampling of tiny datasets such as Ingrian.

Task evaluation We evaluate model performance with Part Of Speech (POS) tagging
accuracy as well as Unlabeled Attachment Score (UAS), a metric for syntactic dependency
parsing. Both of these evaluations are conducted on Universal Dependencies (UD) treebanks
de Marneffe et al. (2021).° Treebanks are available for all high-resource languages plus
Erzya, North Sdmi (sme), Komi, Karelian, Livvi, Moksha, and Skolt Sdmi (sms). Models

are fine-tuned for each task over four random seeds.

Because the available amount of fine-tuning data varies considerably over languages, we

5Currently, UD appears to be the only source for high-quality NLP evaluation data in low-resource Uralic
languages.
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consider three evaluation settings: few-shot, full-finetune, and zero-shot. In the few-shot
setting, models are fine-tuned on 512 sampled sentences per language. For full-finetune,
models are fine-tuned on the entirety of the fine-tuning data for each language (ranging
from 896 sentences for Erzya to 32,768 for Russian). We additionally employ the zero-shot
setting because, with the exception of Erzya and North Sdmi, the low-resource languages
we consider only have small test sets, with no standard training data. For this setting, we
fine-tune the model on the full collection of languages with training sets, and then evaluate
directly on the target test set. An inventory of Uralic UD evaluation data can be found in

Table C.2 of Appendix C.2, along with more details on our evaluation methodology.

Baselines Our simplest baseline is “off-the-shelf” XLM-R, — the pre-trained model from
Conneau et al. (2020a) with no modifications. We also test XLM-R adapted with LAPT, but
without vocabulary specialization. LAPT alone is a strong baseline. However, as Downey
et al. (2023) note, keeping a large “cross-lingual” vocabulary during LAPT incurs considerable
extra computational cost compared to training a smaller, specialized vocabulary. Given
the observation that cross-lingual tokenizers are inefficient and ineffective for low-resource
languages (Acs, 2019; Rust et al., 2021), we hypothesize a specialized vocabulary will show

a performance advantage in addition to the reduction in computational cost.

We also compare our multilingual models to baselines adapted to single languages. While
multilingualism is known to help low-resource languages to some degree, it is also an open
question in what circumstances multilingualism becomes a “curse” (Conneau et al., 2020a;
Chang et al., 2023). To make this comparison, we adapt XLM-R with LAPT on individual
languages, with a vocab size of 16k per language, and assuming a shared computational
“budget” of 400k training steps. The steps are allocated across languages according to the
multinomial distribution with a = 0.1 , similar to the data sampling technique for multilingual
training. We thus design this baseline to be roughly comparable to our multilingual model

trained with 400k steps, vocab size 16k, and o = 0.1.
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Task Type Erzya North Sami  Estonian Finnish Hungarian Russian Avg

UAS monolingual 49.7 +£0.7 420+22 524+10 69.2+21 632+34 69.1+18 576
UAS multilingual 58.8 £ 2.3 51.3 £ 0.5 56.9 £2.5 71.2 +2.1 69.9+ 1.2 71.7+2.6 633

POS monolingual 620+ 1.3 60.8+20 84.0+ 0.6 79.1 £23 859+22 865+18 764
POS multilingual 76.1 £3.3 73.2+1.2 77.7+39 79.7+26 89.3+1.3 87.5+0.5 80.6

Table 4.2: Few-shot comparisons with monolingual baselines (both tasks). All models
have vocabulary size 16k. Multilingual models are trained for 400k steps with a = 0.1.
Monolingual models trained for a total of 400k steps “budgeted” across the languages,

according to a = 0.1, as described in § 4.3.

4.4 Results

We present our results in two main sections. First, we compare our best-performing Uralic-
adapted multilingual models to both multilingual and monolingual baselines. We show
that our chosen method of layering LAPT and vocabulary specialization on a pre-trained
multilingual model largely outperforms alternatives on downstream tasks and is more
computationally efficient.

We then analyze the dynamics of important factors during multilingual adaptation such
as number of LAPT steps, adapted vocabulary size, and sampling alpha. Our grid search
of hyper-parameters for multilingual LAPT yields 72 evaluation data-points per language,
per task, per setting.5 We first visualize and discuss the overall trends observed for each
parameter; then, we present a regression analysis of the combined effect of these parameters

on task performance.

4.4.1 Baselines

Monolingual baselines Tables 4.2 and 4.3 compare our best-performing, fully-adapted

multilingual models to the comparable monolingual baselines described in §4.3. With a few

53 training lengths x 3 vocabulary sizes x 2 alpha values x 4 random seeds (during fine-tuning) = 72.
Only 2 alpha values are tested over all training lengths.
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Task Type Karelian Komi Livvi Moksha Skolt Sdmi  Avg

UAS monolingual 61.7+04 284 +46 61.1 08 400=£3.1 289+21 44.0
UAS multilingual 65.9 £ 0.3 73.8 £ 0.6 659+ 0.3 70.2+0.2 414+ 1.6 634

POS monolingual 84.5+£0.1 446+31 816=£0.2 49.7+20 526+05 626
POS multilingual 87.7 + 0.2 80.1 £ 0.3 85.0 + 0.2 78.3 +0.2 554 +0.3 77.3

Table 4.3: Zero-shot comparisons with monolingual baselines (both tasks) with the same
models as Table 4.2. Monolingual models are fine-tuned on the most similar language with a
UD training set: Finnish — Karelian, Livvi; Erzya — Komi, Moksha; North Sdmi — Skolt

Sami.

exceptions for high-resource languages like Estonian and Finnish, the multilingual models
substantially outperform the baselines. This is especially salient for the UAS task (first two

rows of each table), the zero-shot setting (Table 4.3), and low-resource languages.

Multilingual baselines Tables 4.4 and 4.5 show a comparison of our fully-adapted
multilingual models to multilingual baselines for the dependency parsing task. The first row
in each represents XLM-R “off-the-shelf” — the original model without LAPT or adjustments
to the vocabulary. The second row is the XLM-R adapted with LAPT, but without vocabulary
specialization. It retains the large “cross-lingual” vocabulary inherited from XLM-R, which
is almost 4x larger than our largest adapted vocabulary (64k tokens).

Table 4.4 shows that in few-shot evaluations, our smallest model with vocabulary
specialization significantly outperforms the best baseline model without. Creating an
adapted vocabulary of 16k tokens results in an average performance gain of 1.6 over the
baseline, and increasing to 64k tokens yields an improvement of 4.7 points. We also note
that conducting LAPT on XLM-R with its original vocabulary incurs approximately 2-3x
more computational cost than training a version with a specialized vocabulary of size 32k

(Downey et al., 2023).

In contrast, the zero-shot evaluations do not reflect this consistent improvement with
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Lapr Alpha Vocab Erzya North Sdmi  Estonian Finnish Hungarian Russian Avg

0 * 250k (orig) 29.0+21 262+10 374+54 51.5+£31 453+10.0 476 +3.5 395
400k 0.1 250k (orig) 54.0+09 51.0+13 54.7+23 71.24+10 691+14 701+34 617

400k 0.1 16k 588 +£23 51.3+£05 569+£25 T712£21 699+£12 TL.7+£26 633
400k 0.1 32k 56.6 £ 0.8 520+£08 56.7+19 720+18 70.1+08 T71.9+£20 632
400k 0.1 64k 61.5 £ 2.8 53.8 +£0.8 60.7+ 0.9 73.0+ 1.0 75.2 4+ 0.5 74.2 + 2.2 66.4

Table 4.4: Few-shot UAS — comparison with multilingual baselines. First row is XLM-R
“off-the-shelf” (without LAPT or vocabulary specialization). Second row is XLM-R with

original cross-lingual vocabulary, but fine-tuned on Uralic languages with LAPT

LapT Alpha Vocab Karelian Komi Livvi Moksha Skolt Sami  Avg

0 * 250k (orig) 59.0+04 41.1+14 56.0+09 52.7+0.03 444+14 50.6
400k 0.1 250k (orig) 65.2+0.3 739+04 634+£04 704+06 44.8+ 1.2 63.6

400k 0.1 16k 65.9+03 738+£06 659=+02 7024+02 414+16 634
400k 0.1 32k 66.4 + 0.4 749+£03 65407 71707 433+15 64.3
400k 0.1 64k 66.0+ 04 75.0+ 0.1 656+05 73.3£0.5 408+13 641

Table 4.5: Zero-shot UAS — comparison with multilingual baselines. First row is XLM-R
“off-the-shelf” (without LAPT or vocabulary specialization). Second row is XLM-R with

original cross-lingual vocabulary, but fine-tuned on Uralic languages with LAPT

increasing adapted vocabulary size (Table 4.5; this is also reflected in our statistical analysis
later in this section). 4 of the 5 zero-shot languages still see their best results when modeled
with a specialized vocabulary. The exception is Skolt Sami, which is modeled best by the
+LAPT/-vocab-adaptation baseline. However, as we will note several times, our results for
Skolt Sami go against overall trends in our experiments, and we delve into this finding

further with an error analysis in §4.5.

For space and clarity, we have focused only on the UAS results in this section. The

comparable tables for POS can be found in Appendix C.3. For POS, we observe similar
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Figure 4.2: Few-shot UAS — effect of hyper-parameters on task performance, by language.
Plots for each individual parameter are marginalized across values of the remaining parame-

ters. We test the following values: LAPT steps: {100k, 200k, 400k}, vocabulary size: {16k,
32k, 64k}, LAPT alpha: {0.1, 0.2, 0.3, 0.4}.

trends to UAS, though the LAPT baseline with the original vocabulary is more on par
with the specialized vocabulary settings. We hypothesize that this is reflective of POS
tagging being an overall simpler task than dependency parsing, since the latter requires
more advanced knowledge of linguistic structure. We believe it is telling, therefore, that the

advantage of specialized-vocabulary models is clearer in the more complicated UAS task.

4.4.2 Qualitative trends

Figure 4.2 shows visualizations of the per-language effect of each hyper-parameter (marginal-

ized across other parameters) in the few-shot setting. These plots show the UAS experiments,
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Figure 4.3: Zero-shot UAS — effect of hyper-parameters on task performance, by language.
Plots for each individual parameter are marginalized across values of the remaining parame-
ters. We test the following values: LAPT steps: {100k, 200k, 400k}, vocabulary size: {16k,
32k, 64k}, LAPT alpha: {0.1, 0.2, 0.3, 0.4}.

but they reflect overall trends seen in our statistical data analysis across both tasks.” First,
the number of LAPT (training) steps unsurprisingly has a large effect on performance across
languages; this reflects that the adapted model may take a long time to properly converge on
new languages. This may be supported by the slope being steeper for languages that are new
to XLM-R such as Erzya (myv). Second, adapted vocabulary size seems to have an overall
positive effect on performance. However, this effect is not as strong as adding more LAPT
steps and not as clear for the low-resource languages Erzya (myv) and North Sdmi (sme).
Finally, the effect of sampling alpha diverges between high- and low-resource languages, as

lower alpha values up-sample low-resource languages and down-sample high-resource ones.

"A corresponding visualization for POS can be found in Figure C.1 in the Appendix.
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More notable is the fact that the performance gain for low-resource languages at lower alpha

values is much greater than the corresponding degradation on high-resource languages.®

Equivalent plots for the zero-shot setting are found in Figure 4.3. The effects of training
steps and alpha are similar to the few-shot trends. However, the choice of vocabulary size
does not have an obvious effect in this setting, an observation that is corroborated by our
statistical analysis. Also of note is the fact that the performance for Skolt Sdmi remains

consistently poor across hyperparameters, which we investigate further in § 4.5.

4.4.3 Statistical analysis

Experimental Setup We conduct our regression analysis with linear mixed-effect models
in the 1me4 package for R (Bates et al., 2015). LAPT steps and vocabulary size are treated as
fixed continuous effects. Number of fine-tuning examples is also treated as a fixed continuous
effect, but for the few-shot and full-finetune settings only. Task (POS vs UAS) is treated
as a fixed categorical effect, following the observation that results for the two tasks mostly
mirror each other, modulo a fixed offset (POS accuracy is higher than UAS). We justify this
by testing a version of the regression with interaction terms between the task and other
hyper-parameters (e.g. steps), but find no significant interactions. ANOVA confirms no

significant difference from the model without task-interactions (p = 0.95).

Because the effect of a shows a different sign and magnitude between high- and low-
resource languages, we model it as an interaction with a binary categorical variable repre-
senting whether the language is high- or low-resource. We justify the binary variable by the

stark jump in resources between these two categories (see Section 4.3).

Finally, because of the complex factors leading to differing baseline performance between
languages, we include a language-wise random-effect intercept. The final formula for this
regression, as well as the full summary table with coefficients, can be found in the Appendix,

Table C.6.

8Note: these plots for alpha are only representative of experiments with 100k steps, since longer-running
experiments only tested a={0.1, 0.2}.
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Few-shot / Full-finetune Results We find highly significant effects on performance
(p < 0.001) for LAPT steps, vocabulary size, fine-tuning examples, and task.” Sampling
alpha is significant in the low-resource case (p = 0.035), but not for high-resource languages
(p = 0.36). This indicates choosing a lower alpha has a significant positive effect for low-
resource language performance, without significantly hurting high-resource performance.
The coefficient estimate for steps is 1.67, meaning an overall gain of 1.67 POS/UAS points
for each 100k steps. The estimate for vocabulary size is 0.62 points per 16k tokens. The
estimate for fine-tuning examples is 0.40 per 512 examples. In terms of our experiments,
this means that doubling the number of steps from 100k to 200k is ~ 2.7 times as effective
as doubling the vocabulary from 16k to 32k, and ~ 4.2 times as effective as doubling the
number of fine-tuning examples to 1024. The estimate for alpha in the low-resource case is
—1.36, meaning performance for low-resource languages drops about that much when alpha
is raised from 0.1 to 0.2. Finally, we also test for, but find no significant interaction between,
steps and vocabulary size; we confirm with ANOVA comparison that there is no significant

difference between models with and without this interaction (p = 0.43).

Zero-shot Results Our regression for the zero-shot setting is similar to the previous,
except that there is no variable for number of fine-tuning examples (which is not applicable
for zero-shot transfer), and there is no interaction between sampling alpha and resource
level, since all considered zero-shot languages are low-resource. The effects for steps and
task are highly significant (p < 0.001); alpha is also significant (p = 0.0027). In contrast to
the fine-tuned settings, vocabulary size is not significant (p = 0.73). The estimate for steps
is 1.35 points per 100k steps. The estimate for alpha is —0.81 per increment of 0.1. These
estimates are slightly smaller in magnitude than for the few-shot/full-train experiments;
this could be partly due to the results for Skolt Sdmi, which shows little change under any

hyper-parameter configuration.

9Effect of task simply means baseline scores of each are different — about 14 points lower for UAS.
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4.5 Discussion

Our discussion will first address the consistently poor performance seen on Skolt Sami tasks
(sms, §4.5.1). After this, we will move to the best practices suggested by our experimental

results (§4.5.2).

4.5.1 Skolt Sami error analysis

The consistently poor Skolt Sami task performance across experimental settings suggests
that the SAmi LAPT data may not be useful for this variant. We note that the datasets
used for LAPT (in the case of Sdémi, OPUS Tiedemann and Nygaard (2004) and the JHUBC
McCarthy et al. (2020)) label most text as either undifferentiated Sami (se) or as North
Sami (sme); however, Sdmi is a group of languages, not all of which are mutually intelligible.

We therefore consider multiple tests for distribution shifts between the LAPT data and
UD evaluation. The first is tokenizer efficiency, in characters per token. Our monolingual
Sami tokenizer trained on the LAPT data obtains 4.5 characters per token on that data,
but this drops to 1.9 and 1.6 on the UD North Sami and Skolt Sami datasets, respectively;
this indicates a significant domain shift between the text seen in pre-training and in the
UD datasets. We hypothesize that the model overcomes this vocabulary issue by available
fine-tuning data for North Sami, but that this does not occur for Skolt Sami, since we
evaluate it in a zero-shot setting.

In addition, the tokenizer shows a dramatic increase in OOV tokens when applied to
Skolt Sdmi — the unigram frequency for <unk> increases to 9%, from only 0.3% on the
LAPT data.!? Single-character tokens like <>, <a>, <a>, and <&> also greatly increased in
frequency, demonstrating the substantial hindrance that orthography differences can have
on transfer between otherwise closely-related languages. These findings once again highlight
importance of quality for language-modeling data, even when large web-scraped datasets
have become the norm Kreutzer et al. (2022). Consequently, a future best practice may
be to consider the intended downstream tasks (and their text distributions) when forming

the vocabulary for a specialized multilingual model in order to minimize the occurrences of

North Sami OOV frequency is only 0.003%.
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UNK tokens and facilitate better transfer learning between the language-modeling and task

domains.

4.5.2 Best practices

Multilingualism is beneficial for many languages The baselines in §4.4.1 demonstrate
that given an overall computational budget, it is more effective to adapt a multilingual
model to jointly cover a group of languages than it is to adapt models for each individual
language. This is especially true for low-resource languages, but surprisingly some high-
resource languages like Hungarian and Russian also benefit from multilingual training. This
supports the idea that multilingual training is useful for learning general patterns that
are beneficial to the performance of many languages. Table 4.3 further shows that robust
performance for low-resource languages like Komi and Moksha, which lack task fine-tuning

sets, is only feasible with the combination of multilinguality and transfer learning.

Specialized vocab is more effective and efficient Our multilingual baselines in §4.4.1
demonstrate that even models with our smallest specialized vocabulary are on par with or
outperform those retaining the large “cross-lingual” vocabulary from XLM-R, regardless
of language. Table 4.6 shows that the 16k vocabulary tokenizes Uralic data with similar
efficiency as the XLM-R vocabulary (in terms of mean sequence length), while yielding a
model that is 35% of XLM-R’s size. This reduction is significant both for the size of the

model in disk/memory and for computational cost during training.!!

Training steps vs. vocabulary size Our multi-variable regression analysis reveals
that though both training steps and vocabulary size positively contribute to downstream
performance in task fine-tuned settings, an additional 100k steps is almost three times as
effective as adding 16k additional tokens (§4.4.3). It should be noted that increasing the
vocabulary size from 16k to 32k only increases the number of floating point operations during

training about 13% per token (for XLM-R base), while doubling the training steps doubles

Per Kaplan et al. (2020), we estimate the number of operations per training step, per token as 6(N4dv-+2d),
where N is the number of non-embedding parameters, d is the hidden dimension, and v is the vocabulary
size. Note this estimate is approximately proportional to the total number of parameters.
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Vocab size Parameters Avg. length
16k 98.6M 49.9
32k 111.2M (+13%) 44.3 (-11%)
64k 136.4M (+23%) 39.7 (-10%)

128k 186.8M (+37%) 36.1 (-9%)

250k (orig) 278.3M 48.4

Table 4.6: Total number of model parameters and average sequence length for each vocabulary
size. In parentheses are percent changes from the next-smallest vocabulary. Sequence length

is computed on 100k sentences sampled from the LAPT set at a = 0.1.

the number of operations. At the same time, a larger vocabulary reduces the tokenized
sequence length, as the SentencePiece model becomes more efficient; shorter sequences lead

to reduced computation.

However, as Table 4.6 shows, every doubling of the vocabulary size only reduces the
average sequence length about 10%, so the parameter increase eventually outpaces efficiency
from shorter sequences. Extra parameters also increase the model’s memory footprint, which
might in turn require more gradient accumulation steps to maintain a constant effective
batch size on the same hardware; or it might make the model dependent on higher-tier

hardware with more memory.

Finally, our regression analysis shows that vocabulary size does not have a significant
effect on task performance in the zero-shot setting, which covers our lowest-resource languages
(see §4.4.3 and Table 4.5). A best practice for adaptation to a low-resource language family
might thus be to start with a relatively small vocabulary, and increase the size only until
the increase in parameters outpaces the decrease in sequence length. Computational budget

can then be spent on longer training rather than a larger model.
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Lower alpha is better overall A key finding from our analysis is that sampling alpha
values during multilingual training do not have a significant effect on task performance in
high-resource languages, while low alphas do significantly benefit low-resource languages
(§4.4.3). Our multilingual models thus frequently achieve their best average performance at

the lower o = 0.1, buoyed by the strong performance of low-resource languages.

This finding indicates that practitioners can aggressively up-sample lower-resource lan-
guages in multilingual datasets with little risk of degrading the performance of high-resource
“anchor” languages. Further, as low as @ = 0.1, we see no evidence of “over-sampling”
these low-resource languages harming downstream performance. However, we note that the
high-resource languages we consider are in XLM-R’s original pre-training set, which likely
affects the model’s robustness on those languages. Thus, it is an open question whether the

dynamics of multilingual sampling are different in “from-scratch” training scenarios or in

other high-resource, but previously unseen, languages.

4.6 Limitations

One limitation of our work is the small selection of evaluation tasks available for under-
resourced languages. For most, the only high-quality datasets are found in expertly curated
cross-lingual projects such as Universal Dependencies. While a few other datasets exist for
under-resourced languages, they are often of questionable quality due to being automatically
curated (Lignos et al., 2022). As such, our experiments are limited to POS tagging and UAS

for dependency parsing.

Second, to maintain a feasible scope of work, we use only XLM-R as a base model for
adaptation. Useful future work could include evaluating our adaptation techniques both in
larger models, and for “generative” models trained with a traditional language modeling
task rather than the masked language modeling employed by XLM-R. XGLM (Lin et al.,
2022), for example, would be a natural next step, since it is both larger and generative.
Evaluating multilingual generative models would also open the door to evaluations on more

contemporary prompting-based tasks.



73

4.7 Conclusion

In this work, we show that adapting a pre-trained cross-lingual model to a language family is
an effective method for greatly improving NLP task performance for languages in that family,
especially those that are under-resourced. Multilingual adaptation soundly outperforms
adaptation to single languages for all low-resource Uralic languages we test, as well as for half
of the high-resource ones. Further, we show that specializing the model vocabulary for the
Uralic family yields significant improvements over models that retain the large “cross-lingual”
vocabulary of XLM-R, while simultaneously making the model much more computationally
efficient and compact in disk/memory. Our statistical analysis of adaptation parameters
reveals that both the number of LAPT steps and specialized vocabulary size have a significant
positive effect on downstream task-finetuned performance. However, the language sampling
alpha value is only significant for our low-resource languages, indicating that low alpha
values can be chosen without significantly affecting high-resource language performance.
We therefore concur with Ogueji et al. (2021); Ogunremi et al. (2023); Chang et al.
(2023); i.a. that targeted or linguistically-informed multilingual modeling is one of the most
promising avenues for extending NLP advance to the majority of the world’s languages. This
approach both leverages the benefit of multilingualism for under-resourced languages and
avoids the “Curse of Multilinguality” seen in massively-multilingual approaches. However,
in view of the success of large pre-trained language models, and of the pre-training paradigm
more generally (Gururangan et al., 2020), we propose that it is more effective to leverage
transferable information in existing cross-lingual models, rather than training targeted
models from scratch, as in these previous works. We hope that our findings will inform best
practices for such targeted multilingual adaption when extending the benefits of pre-trained

models to under-resource languages.
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Chapter 5

CONCLUSION

We have presented three case studies for leveraging pre-trained models and targeted
multilinguality for the benefit of NLP applications in under-resourced languages. In what
remains, we summarize important points from these studies, and highlight broad, overarching
principles for successful adaptation to such languages. We then close by briefly discussing our
vision for integrating these principles into future work for under-resourced and endangered

languages.

5.1 Summary and Discussion

In Chapter 2, we show that performance on a completely unsupervised morphological
segmentation task can be transferred to a new language in few- and even zero-shot settings.
This success is enabled by pooling raw data from a collection of typologically similar
languages during pre-training, which are all under-resourced themselves. More broadly, we
demonstrate that multilingual pre-training and transfer is possible with small models, very
data-constrained settings, and a targeted selection of pre-training languages (rather than
training on a broad, “massively multilingual” set).

While not all tasks require large model and data scale, we also demonstrate success in
adapting large, pre-trained, cross-lingual models in order to leverage their useful language-
general representations for under-resourced languages. In Chapter 3, we compare a wide
selection of techniques for adapting a model’s vocabulary to new languages. We demonstrate
that completely throwing out pre-trained vocabulary representations and starting over from
random initializations severely hinders the model’s ability to adapt to a new vocabulary.
However, even simple heuristics like matching new representations to the distribution of
scripts in the pre-trained embedding space are adequate to give a “warm start” to adaptation

through unsupervised language modeling. Further, this adaptation greatly reduces the
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computational waste associated with training, using, and storing such models, significantly
improving their accessibility outside of high-performance computing labs.

Finally, in Chapter 4 we provide a systematic analysis of the optimal methodology for
adapting a pre-trained cross-lingual model to a linguistically informed set of languages such
as a language family. We demonstrate that family-wise adaptation is a promising middle-
ground between the extreme data scarcity of most individual languages on the one hand,
and the “curse of multilinguality” on the other. Our models — adapted via multilingual
language-modeling and vocabulary specialization — soundly outperform both monolingual
and massively multilingual baselines. As in Chapter 3, the adaptation techniques we propose
are far more computationally tractable than relying on large unmodified foundation models.
For instance, our adaptation technique with reduced vocabulary size takes about 3 days to
conduct 100,000 training steps on an Nvidia RTX 6000 GPU with 24GB of memory, whereas
adapting the the original foundation model (XLM-R) takes over twice as long on an Nvidia

Quadro RTX 8000, with twice as much memory (48GB).
5.2 Principles for Low-resource NLP

These findings suggest three broad principles for extending NLP applications to new, under-
resourced languages. First: existing, robustly trained models and representations should be
leveraged as a starting point where possible. Robustly training large models “from scratch”
is intractable for most practitioners (Hoffmann et al., 2022; Kaplan et al., 2020), but the
general-purpose representations from unsupervised pre-trained models are an invaluable
starting point for a huge range of downstream languages and tasks (Conneau et al., 2020b;
Peters et al., 2018, i.a.). Chapters 3 and 4 in particular demonstrate the advantage of using
relevant pre-trained models and representations during adaptation to a new language, over
alternatives trained from a random initialization. Chapter 2 also shows that where there
is no existing “foundation model” appropriate for a certain task, even a relatively small
amount of unsupervised pre-training can provide a reasonable substitute.

Second: components of pre-trained models that are not useful or optimized for new
language domains can and should be substituted, or otherwise adapted. This is most

plain from the results of our vocabulary specialization experiments in Chapters 3 and 4.
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Models with vocabulary substitution perform as well or better than those that retain the
original cross-lingual vocabulary, and do so with only 40% of the parameters of the original.
This huge reduction in size (and computational complexity) is accomplished by simply
dropping learned representations that are not useful for the language(s) of interest, while
adapting the general-purpose model body for re-use via unsupervised training. Given the
prohibitive costs of model training and inference on specialized machine learning hardware,
these size reductions are a significant step towards accessibility, replicability, and robust
experimentation for pre-trained multilingual models.

Third: targeted multilinguality constitutes a middle-ground between the intractability of
training models for each individual language — most of which are severely under-resourced —
and the diminishing returns of a massively multilingual approach, where interference between
languages and the limits of model capacity lead to generally poor performance for all but a
few languages. Multilingual modeling is a useful way to pool data and share language-general
model parameters, but selectivity in which languages to group together allows for significantly
reduced model sizes, and optimized performance for swaths of low-resource languages that
are otherwise very poorly covered by existing models. This principle allows us to bootstrap
morphological segmentation in extremely low-resource settings in Chapter 2 and to attain
significant improvements over existing multilingual baselines for under-resourced Uralic

languages in Chapter 4.
5.3 Future Work and Conclusion

The principles outlined here lead to several natural avenues for future work. For example,
there may be the opportunity to extend advances in Large Language Model (LLM) engineering
to many more languages than are currently covered. Current LLM research still tends to
focus either on monolingual models (OpenAl et al., 2024) or on massively multilingual ones
(Ustiin et al., 2024). An alternative option for under-resourced languages could be to adapt
an open-source LLM for either a linguistically or pragmatically related set of languages, such
as a language family or the official/common languages of a nation.

Second, the documentation and revitalization of extremely under-resourced and endan-

gered languages may benefit from moderately-sized, targeted multilingual models that can
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be easily pre-trained and adapted via unsupervised methods (i.e. requiring only raw text).
These models could form the core of a “toolkit” for quick adaptation to new languages,
helping field linguists accomplish time-intensive tasks such as the transcription, phonetic
alignment, and glossing of field recordings. For instance, a multilingually trained unsuper-
vised segmentation model like the one presented in Chapter 2 could be deployed in tandem
with an automatic phone recognition system to give a first-pass transcription of a language
with which the linguist has limited familiarity.

For endangered and Indigenous languages especially, we believe this work to be of high
urgency. Joshi et al. (2020b)’s survey of NLP resource availability classifies 2,460 languages
— 98.65% of those surveyed, which are spoken by three billion people — as resource level 3 or
below. In contrast, only 25 languages constitute levels 4 and 5. At the same time, UNESCO
estimates that 90% of languages spoken at the beginning of the 21st century will be lost by
the end of the century, listing “[lack of] response to new domains and media” as a key factor
in language endangerment (Brenzinger et al., 2003). Given digital fluency is increasingly
important to prosperity across the world, and that digital access is mediated by language
technology (e.g. web search, assisted typing, translation), it is natural to postulate that
this unequal access to language technology will likely drive language endangerment and loss.
It is our hope that the work and principles in this thesis can be built upon by researchers
and language advocates to close the enormous gap in language technology, bringing vital
tools like web interfaces, assisted writing, reliable translation, speech recognition, and

language-learning programs to the full diversity of the world’s languages.
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Appendix A
APPENDIX TO CHAPTER 2

A.1 AmericasNLP Datasets

Composition The detailed composition of our preparation of the AmericasNLP 2021 train-
ing and validation sets can be found in Tables A.1 and A.2 respectively. train_1.mono.cni,
train_2.mono.cni, train_1.mono.shp, and train_2.mono.shp are the additional monolin-
gual sources for Ashéninka and Shipibo-Konibo obtained from Bustamante et al. (2020).
train_downsampled.quy is the version of the Quechua training set downsampled to 2'°
lines to be more balanced with the other languages. train.anlp is the concatenation of the
training set of every language before Quechua downsampling, and train balanced.anlp is
the version after Quechua downsampling. train downsampled.anlp is the version of our
multilingual set downsampled to be the same size as train.quy. MULTI-PT,y; is pre-trained
on train balanced.anlp, MULTI-PT 4,y i pre-trained on train downsampled.anlp, and

QUECHUA-PT is pre-trained on train.quy.

Citations A more detailed description of the sources and citations for the AmericasNLP
set can be found in the original shared task paper (Mager et al., 2021). Here, we attempt to
give a brief listing of the proper citations.

All of the validation data originates from AmericasNLI (Ebrahimi et al., 2022) which is
a translation of the Spanish XNLI set (Conneau et al., 2018) into the 10 languages of the
AmericasNLP 2021 open task.

The training data for each of the languages comes from a variety of different sources.
The Ashdninka training data is sourced from Ortega et al. (2020); Cushimariano Romano
and Sebastian Q. (2008); Mihas (2011) and consists of stories, educational texts, and
environmental laws. The Aymara training data consists mainly of news text from the

GlobalVoices corpus (Prokopidis et al., 2016) as available through OPUS (Tiedemann and
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Nygaard, 2004). The Bribri training data is from six sources (Feldman and Coto-Solano,
2020; Margery, 2005; Jara Murillo, 2018a; Constenla et al., 2004; Jara Murillo and Segura,
2013; Jara Murillo, 2018b; Flores Solérzano, 2017) ranging from dictionaries and textbooks
to story books. The Guarani training data consists of blogs and web news sources collected
by Chiruzzo et al. (2020). The Nahuatl training data comes from the Axolotl parallel corpus
(Gutierrez-Vasques et al., 2016). The Quechua training data was created from the JW300
Corpus (Agi¢ and Vuli¢, 2019), including Jehovah’s Witnesses text and dictionary entries
collected by Huarcaya Taquiri (2020). The Rardmuri training data consists of phrases from
the Rardmuri dictionary (Brambila, 1976). The Shipibo-Konibo training data consists of
translations of a subset of the Tatoeba dataset (Montoya et al., 2019), translations from
bilingual education books (Galarreta et al., 2017), and dictionary entries (Loriot et al., 1993).
The Wixarika training data consists of translated Hans Christian Andersen fairy tales from
Mager et al. (2018).

No formal citation was given for the source of the Hndhnu training data (see Mager

et al., 2021).
A.2 Hyperparameter Details

Pre-training The character embeddings for our multilingual model are initialized by
training CBOW (Mikolov et al., 2013) on the AmericasNLP training set for 32 epochs, with
a window size of 5. Special tokens like <bos> that do not appear in the training corpus are
randomly initialized. These pre-trained embeddings are not frozen during training.

We pre-train for 16,768 steps, using the Adam optimizer (Kingma and Ba, 2015). We
apply a linear warmup for 1024 steps, and a linear decay afterward. We sweep eight learning
rates on a grid of the interval [0.0005,0.0009] and encoder dropout values {12.5%,25%}. A
dropout rate of 6.25% is applied both to the embeddings before being passed to the encoder,
and to the hidden-state and start-symbol encodings input to the decoder (see Downey et al.,

2022b). Checkpoints are taken every 128 steps.

K’iche’ Transfer Experiments Similar to the pre-trained model, character embeddings

are initialized using CBOW on the given training set for 32 epochs with a window size of 5,



107

and these embeddings are not frozen during training.

All models are trained using the Adam optimizer (Kingma and Ba, 2015) for 8192 steps
on all but the two smallest sizes, which are trained for 4096 steps. A linear warmup is used
for the first 1024 steps (512 for the smallest sets), followed by linear decay. We set the
maximum segment length to 10. A dropout rate of 6.25% is applied to the input embeddings,
plus h and the start-symbol for the decoder. Checkpoints are taken every 64 steps for sizes
256 and 512, and every 128 steps for every other size.

For all training set sizes, we sweep 5 learning rates and 3 encoder dropout rates, but
the swept set is different for each. For size 256, we sweep learning rates {5e-5, 7.5e-5, le-4,
2.5e-4, 5e-4} and (encoder) dropout rates {12.5%, 25%, 50%}. For size 2048, we sweep
learning rates {le-4, 2.5e-4, 5e-4, 7.5e-4, 1e-3} and dropouts {12.5%, 25%, 50%}. For the
full training size, we sweep learning rates {le-4, 2.5e-4, 5e-4, 7.5e-4, le-3} and dropouts

{6.5%, 12.5%, 25%}.



Language File Lines  Total Tokens Unique Tokens Total Characters Unique Characters Mean Token Length
All train.anlp 259,207 2,682,609 400,830 18,982,453 253 7.08
All train_balanced.anlp 171,830 1,839,631 320,331 11,981,011 241 6.51
All train_downsampled.anlp 120,145 1,284,440 255,392 8,365,710 221 6.51
Ashéninka train.cni 3,883 26,096 12,490 232,494 65 8.91
Ashéaninka train_1.mono.cni 12,010 99,329 27,963 919,897 48 9.26
Ashéninka train_2.mono.cni 593 4,515 2,325 42,093 41 9.32
Aymara train.aym 6,424 96,075 33,590 624,608 156 6.50
Bribri train.bzd 7,508 41,141 7,858 167,531 65 4.07
Guarani train.gug 26,002 405,449 44,763 2,718,442 120 6.70
Hnéhnu train.oto 4,889 72,280 8,664 275,696 90 3.81
Nahuatl train.nah 16,684 351,702 53,743 1,984,685 102 5.64
Quechua train.quy 120,145 1,158,273 145,899 9,621,816 114 8.31
Quechua train_downsampled.quy 32,768 315,295 64,148 2,620,374 95 8.31
Raramuri train.tar 14,720 103,745 15,691 398,898 74 3.84
Shipibo Konibo train.shp 14,592 62,850 17,642 397,510 56 6.32
Shipibo Konibo train_1.mono.shp 22,029 205,866 29,534 1,226,760 61 5.96
Shipibo Konibo train_2.mono.shp 780 6,424 2,618 39,894 39 6.21
Wixarika train.hch 8,948 48,864 17,357 332,129 67 6.80
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Table A.1: Composition of the AmericasNLP 2021 training sets
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Appendix B
APPENDIX TO CHAPTER 3

B.1 Data Details

General information about the language data used in this study can be found in Table B.1.
All training data used in our experiments is cleaned and deduplicated using the OpusFilter
package (Aulamo et al., 2020). For the lowest-resource languages (Erzya and Sami) we
additionally filter out lines that are identified as English with a probability of 90% or higher,
since positive automatic language-identification for low-resource languages is likely not robust
(Kreutzer et al., 2022). We additionally filter out lines composed of less than 2 tokens, lines
with an average token length of greater than 16 characters, lines with tokens longer than 32
characters, and lines composed of fewer than 50% alphabetic characters.

For POS tagging evaluation, most languages have a standard train/dev/test split curated
the original Universal Dependencies dataset (de Marneffe et al., 2021). Erzya, however, only
has a standard train/test split. To form a dev split, we randomly sample 300 sentences
from the train split. The WikiAnn dataset (Pan et al., 2017) does not ship with standard
train/dev/test splits, so we create random 85/5/10% splits of each language for this purpose,

with a minimum dev/test size of 256 and 512 sentences respectively.

B.2 Training Details

The main details of our experimental process can be found in § 3.4. Here we provide our
choice of hyperparameters and other details relevant to reproducibility. The code used to
run all experiments can be found at github.com/cmdowney88/EmbeddingStructure. All
models are trained and fine-tuned on Nvidia Quadro RTX 6000 GPUs using the Adam
optimizer (Kingma and Ba, 2015).

Hyperparameters for Language-Adaptive Pre-Training (LAPT) can be found in Table B.2.

If NaN losses were encountered during training, max_gradient norm was reduced to 0.5.
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Language Code Family Script XLM-R Data (GB) LapT Data (GB)
Armenian hy  Indo-European Armenian 5.5 1.2
Basque eu isolate Latin 2.0 0.35
Erzya myv Uralic Cyrillic 0 0.006
Estonian et Uralic Latin 6.1 3.0
Finnish fi Uralic Latin 54.3 9.1
Hebrew he Afro-Asiatic Hebrew 31.6 7.7
Hungarian  hu Uralic Latin 58.4 13.0
Russian ru  Indo-European  Cyrillic 278.0 10.0
Sami sme Uralic Latin 0 0.004
Telugu te Dravidian Telugu 4.7 0.9

Table B.1: Training data breakdown by language. XLM-R data is the amount of data used
in the pre-training of that model. LAPT data is the amount used for training in our current

experiments, after cleaning/deduplicating.

For multilingual sampling during training, each language’s training data is capped at
approximately 2GB.

Hyperparameters for task fine-tuning on POS and NER are in Table B.3. For NER, the
reported evaluation metric is entity-wise F1, meaning tokens with label 0 are ignored. In
order to prevent models from learning to output only the majority class 0 during training,
the loss for the 0 tokens in each batch is down-weighted to have the same influence as the
tokens that actually correspond to a named entity. We cap fine-tuning training data at

32,768 sequences.

B.3 Uralic Results

The results for multilingual adaptation to the Uralic family can be found in Tables B.4
and B.5. These results mostly follow the trends discussed in § 3.5 (LAPT-EMB consistently

underperforms LAPT-FULL, off-the-shelf performance is best for high-resource languages,
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Hyperparameter Value

mlm masking_prob 0.15

max_sequence_length 256

learning rate le-5
1lr_schedule linear
batch_size 200
max_gradient_norm 1.0

Table B.2: Hyperparameters for model training (LAPT)

LapT with full cross-lingual vocab performs marginally better than other methods). It
should be noted that for both Erzya and Hungarian, the best POS accuracy is achieved
with SCRIPT+POSN-+IDENT initialization (better even than LAPT with the fully cross-lingual
vocabulary). Results for the very low-resource language Erzya are generally higher than with
multilingual training on unrelated languages, which could suggest a benefit to training with
closely-related languages. This observation does not clearly hold for Sami (the other very
low-resource language), however. Note that Russian is not a Uralic language — we include
it for multilingual training in order to robustly train embeddings for the Cyrillic script,
in which Erzya is written. Erzya is also spoken primarily within the Russian Federation,

making loan-words likely.



Hyperparameter Value
max_sequence_length 256
learning rate oe-6
lr_schedule constant
max_epochs 64
eval_interval (epochs) 2

patience (epochs)

batch_size

max_gradient_norm

8 (POS) / 4 (NER)

72
1.0

Table B.3: Hyperparameters for model task fine-tuning
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LApT REINIT Erzya Estonian Finnish Hungarian  North Sami Russian Avg
* * 56.3 £5.3 956 £0.1 97.5 £ 0.1 93.7 £ 1.5 712 £ 18 98.6 £ 0.1 85.9
FULL * 725 £26 95.8+0.1 97.7+02 941+19 829+04 98.6 £ 0.04  90.3
FULL FOCUS-IDENT 73.8 £ 2.7 953 +0.2 97.2+0.1 925+16 80.1 +1.4 98.4 + 0.04 89.6
FULL  SCRIPT+POSN-+IDENT 73.0 £ 1.4 947+0.3 966+ 0.1 94.8 £+ 0.7 78.0+ 2.3 98.4 +£ 0.01 89.3
FULL  SCRIPT+HIDENT 67.7£11.0 943+03 964+0.1 94.7+ 0.7 788 + 2.2 98.4 + 0.03 884
FULL  SCRIPT+POSN 71.2+£27 8.7+£04 906+01 88+£04 T729+20 97.2£0.02 84.7
FULL  SCRIPT 65.9£46 8.6+13 89.1+03 85202 73.5 £ 1.6 96.9 £ 0.05 82.7
FULL IDENT 59.8 £1.2 922+0.03 952+0.04 91.8+28 689+09 982+0.03 843
FULL RANDOM 53.7+£32 71906 731+02 59616 63909 84.9 £ 1.9 67.8
EMB  FOCUS-IDENT 66.3 £ 1.2 94.7 £0.1 96.8+ 0.2 94.2+0.8 73.3+1.6 984 + 0.05 87.3
EMB  SCRIPT+POSN+IDENT 64.2 +£28 93.0+£0.1 955+0.03 93.6+ 0.8 727+ 2.6 983+005 86.2
EMB  SCRIPT+IDENT 55.8 £41 928+ 0.2 954+£0.04 923+£16 698=+1.6 98.3=£0.04 84.1
EMB  SCRIPT+POSN 545 +43 742+08 79507 621+26 65.2=+20 94.8 £ 0.4 1.7
EMB SCRIPT 48.7 £0.04 569 £ 156 71.6 + 3.2 54.3 £ 4.4 58.0 + 1.7 91.4 £ 1.8 63.5
EMB  IDENT 492 £1.7 906 £04 944 +0.03 848+29 64.7+1.3 979+ 0.1  80.3
EMB  RANDOM 48.6 £0.2 645+ 4.1 66.4 £1.2 43.6 £0.1 45.8 £ 4.2 84.0 £ 14 58.8

Table B.4: Uralic family multilingual LAPT: POS tagging accuracy after fine-tuning
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LApT REINIT Erzya Estonian Finnish Hungarian Russian Avg
* * 89.5+0.6 93.3+£02 90.7£01 924+0.1 9094+0.2 914
FULL * 9054+ 05 93.8+£02 91.0£02 924+03 91.0+0.2 918
FULL FOCUS+IDENT 89.4 £ 1.7 925 £ 0.1 89.8+ 0.2 91.2 + 0.4 90.4 + 0.1 90.7

FULL SCRIPT+POSN+IDENT 88.7 & 0.5 92.2 £ 0.4 89.2 £ 0.2 90.9 £ 0.2 90.1 £0.1 90.2

FULL SCRIPT-IDENT 89.3 £ 04 927+03 892+04 91.3+0.1 900=+02 905
FULL SCRIPTHPOSN 89.5 £ 1.0 879+02 842+£03 8.3£03 86202 868
FULL  SCRIPT 88.9 £ 08 875+03 8.3+01 86.3+£02 8.5+01 863
FULL IDENT 81.1+0.8 91.6+£01 882£02 90.7+03 89.6+01 88.2
FULL RANDOM 73.7 £ 2.7 53.1 + 30.7 0.0 £ 0.0 329+ 33.0 651+£22 45.0
EMB FOCUS+IDENT 88.6 + 0.6 924 + 0.3 89.6 £0.1 91.1 £0.1 90.0 £ 0.1 90.3

EMB SCRIPTHPOSN-+IDENT  86.6 + 1.1 91.4 £ 0.2 88.8 £ 0.3 90.5 £ 0.2 899 £0.1 894

EMB  SCRIPT-+IDENT 8§7.0+13 91.8+£01 886=*x03 91.0+ 0.2 89.6+02 89.6
EMB  SCRIPT+POSN 8.0+ 12 842+04 781£03 819+05 82102 823
EMB  SCRIPT 829 +26 824+13 T725£13 80704 79.0+02 795
EMB  IDENT 71.0+44 901+£03 870£04 89.9+02 8.7+01 853
EMB RANDOM 64.9 + 1.9 0.0 £ 0.0 13.6 £ 23.5 0.0 £ 0.0 544 +£ 2.2  26.6

Table B.5: Uralic family multilingual LAPT: entity-wise NER F1 score after fine-tuning. A
score of 0.0 results from the model learning to output only class 0 (not a named entity)

which is the majority class. Sami does not have enough NER data for fine-tuning
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Appendix C
APPENDIX TO CHAPTER 4

C.1 Training Details

The main details of our experimental process can be found in § 4.3. Here we provide our

choice of hyperparameters and other details relevant to reproducibility.

C.1.1 Data

All LAPT data used in our experiments is cleaned and de-duplicated with the OpusFilter
package (Aulamo et al., 2020). For low-resource languages, we additionally filter out lines
that are identified as English with a probability of 90% or higher, since positive automatic
language-identification for low-resource languages is likely not robust (Kreutzer et al., 2022).
We additionally filter out lines composed of less than 2 tokens, lines with an average token
length of greater than 16 characters, lines with tokens longer than 32 characters, and lines
composed of fewer than 50% alphabetic characters. We reserve 5% of the total LAPT data

in each language for a development set, and 5% for a test set.

C.1.2 Parameters

All models are trained and fine-tuned on Nvidia Quadro RTX 6000 GPUs using the Adam
optimizer (Kingma and Ba, 2015). Hyperparameters for Language-Adaptive Pre-Training
(LAPT) can be found in Table C.1.

C.2 Evaluation Details

C.2.1 Data

Most language have a standard train/dev/test split curated the original Universal Dependen-

cies dataset (de Marneffe et al., 2021). Erzya, however, only has a standard train/test split.
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Hyperparameter Value

mlm masking_prob 0.15

max_sequence_length 256

learning rate le-5
1lr_schedule linear
batch_size 200
max_gradient_norm 1.0

Table C.1: Hyperparameters for model training (LAPT)

To form a dev split, we randomly sample 300 sentences from the train split. The inventory

of UD evaluation data can be found in Table C.2.

C.2.2 Parameters

Hyperparameters for task fine-tuning on POS and UAS are in Table C.3. We cap fine-tuning

training data at 32,768 sequences (only relevant for Russian).

C.2.3 Unlabeled Attachment Score

Unlabeled Attachment Score (UAS) is the accuracy with which a model assigns each word
its proper dependency head. Our implementation uses the graph biaffine algorithm defined
in Dozat and Manning (2017). The contextual embedding representation for each token r; is
passed through each of two feed-forward layers, to produce a representation of this token as

a head and as a dependent, respectively:
h?ead — FFNhead(T,i)
d
hiP = FEN"P (1))

The score of a directed edge i — j, is then assigned according to a biaffine scoring

function:

Biaffine(h?**?, h{?) = Unre + Warc + b
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Language Code Branch Script  Train  Dev  Test

Russian ru n/a Cyrillic 69,630 8,906 8,800
Finnish fi Finnic Latin 14,981 1,875 1,867
Estonian et Finnic Latin 5,444 833 913
North Sami  sme Sami Latin 2,001 256 865

Hungarian hu  Hungarian Latin 910 441 449

Erzya myv  Mordvinic Cyrillic 896 300 921
Komi koi Permic Cyrillic 0 0 663
Moksha mdf  Mordvinic Cyrillic 0 0 446
Skolt Sami sms Sami Latin 0 0 244
Karelian krl Finnic Latin 0 0 228
Livvi olo Finnic Latin 0 0 106

Table C.2: Universal Dependencies evaluation set sizes, by number of examples (sentences)

Une = WP . UL
arc i

arc_head

head
Uarc,head =U- hz e
Ware =W - h?ead

where U, W, and b are weights learned by the model. A probability distribution over
possible heads is then computed by passing score(i — j) through a softmax layer. Our
implementation is based on Jurafsky and Martin (2024) and https://www.cse.chalmers.

se/~richajo/nlp2019/17/Biaffine%20dependency’,20parsing.html.

C.3 Additional results

Results and visualizations for the POS task can be found in this appendix. For POS, the
multilingual baseline without vocabulary specialization performs more on-par with models

with specialized vocabulary (Tables C.4, C.5). This is possibly due to the relative simplicity
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Hyperparameter Value
max_sequence_length 256
learning rate 5e-6
lr_schedule constant
max_epochs 64
eval interval (epochs) 2
patience (epochs) none / 8
batch_size 72
max_gradient_norm 1.0

Table C.3: Hyperparameters for model task fine-tuning. few-shot has no early stopping.

Full-finetune and zero-shot settings have early stopping after patience of 8 epochs

of the task. The parameter-wise trends for POS are mostly the same as for UAS (Figures C.1,
C.2).

C.4 Regression tables

The full regression summaries from the 1me4 package (Bates et al., 2015) can be found
in Tables C.6-C.9. These cover both the fine-tuned (few-shot/full-finetune) and zero-shot
models. As mentioned in § 4.3, we test four values of alpha for experiments with 100k steps,
but only two values for longer experiments. Because this introduces artificial correlation
of input variables, we separate the regression with two alphas as our “main” results, but
include the summary of regressions with four values (but no variation in training steps) here
(Tables C.7 and C.9). These secondary regressions show a greater effect size for low-resource
alpha, indicating the estimate between the alpha values 0.1 and 0.2 might not accurate
estimate the larger trends. Note that these secondary regressions do not change the standings

of which variables are significant.
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Lapt Alpha Vocab Erzya North Sdmi  Estonian Finnish Hungarian Russian Avg

0 * 250k (orig) 509 +19 538 +£31 639+54 66.7+37 8l5+54 86.8+10 67.3
400k 0.1 250k (orig) 752 +26 77.2+2.6 84.2+ 0.3 833+ 21 8.0+32 90.1+ 2.0 827
400k 0.1 16k 76.1+33 T732+12 777+£39 79.7+26 893+13 875+0.5 80.6
400k 0.1 32k 72.3 £ 4.2 714+ 1.2 82.7 £ 24 82.3 £ 3.8 87.7 £ 2.4 88.0 £2.2 80.7
400k 0.1 64k 780 +1.4 76.5+35 83.0+24 854+22 94.1 £1.1 831+£15 84.2

Table C.4: Few-shot POS — comparison with multilingual baselines. First row is XLM-R

“off-the-shelf” (without LAPT or vocabulary replacement). Second row is XLM-R with original

cross-lingual vocabulary, but fine-tuned on Uralic languages with LAPT

LapT Alpha Vocab Karelian Komi Livvi Moksha Skolt Sdémi  Avg

0 * 250k (orig) 777+ 0.6 496+06 73.7+08 644+03 55.0+1.2 64.1
400k 0.1 250k (orig) 86.7 + 0.2 80.0 £ 0.2 85.2 + 0.4 794 + 0.2 56.1 £1.0 77.5
400k 0.1 16k 87.7+0.2 80.0+03 8.0+02 783+02 554+03 773
400k 0.1 32k 873 +03 80.1£02 856 +04 786+05 53.7+£03 770
400k 0.1 64k 874+04 81.4+04 856 +0.2 79.6+01 522+17 77.2

Table C.5: Zero-shot POS — comparison with multilingual baselines. First row is XLM-R

“off-the-shelf” (without LAPT or vocabulary replacement). Second row is XLM-R with original

cross-lingual vocabulary, but fine-tuned on Uralic languages with LAPT
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Erzya Estonian Finnish Hungarian North Sami Russian
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Figure C.1: Few-shot POS — effect of hyper-parameters by language, marginalized across

other parameter settings
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Karelian Komi Livvi Moksha Skolt Sami
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Figure C.2: Zero-shot POS — effect of hyper-parameters by language, marginalized across

other parameter settings
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Fixed effects Estimate Std. Errror df t value p value
(Intercept) 75.93 2.53 5.63 29.97 2.00e-07
lapt_steps 1.67 0.15 1691.67 11.16 < 2e-16
vocab_size 0.62 0.15 1691.67 4.15 3.49e-05
finetuning lines 0.40 0.01 1696.77  30.32 < 2e-16
taskuas -13.84 0.38 1691.67 -36.71 < 2e-16
resourcehigh:lapt_alpha 0.42 0.46 1582.98 0.92 0.3606
resourcelow:lapt_alpha -1.36 0.64 1239.05 -2.11 0.0347

Table C.6: Regression summary table for few-shot and full-finetune settings. Significant

coefficients and p values in bold. This regression covers all training lengths (step numbers),

but only includes alphas {0.1, 0.2}. Formula:

lmer(accuracy ~ lapt_steps + vocab_size + finetuning lines + task +

resource:lapt_alpha + (1 | language))

Fixed effects Estimate Std. Errror df t value p value
(Intercept) 78.39 2.95 5.39  26.61 6.27e-07
vocab_size 0.39 0.19 1140.76 2.01 0.0448
finetuning lines 0.42 0.02 1146.00 25.14 < 2e-16
taskuas -14.16 0.48 1140.76 -29.44 < 2e-16
resourcehigh:lapt_alpha 0.19 0.26 1132.87 0.72 0.4730
resourcelow:lapt_alpha -2.38 0.37 1058.70 -6.45 1.66e-10

Table C.7: Secondary regression summary table for few-shot and full-finetune settings.

Significant coefficients and p values in bold. This regression covers all values of alpha {0.1,

0.2, 0.3, 0.4}, which are only tested in experiments with 100k training steps. Thus, the

lapt_steps variable is excluded from this regression. Formula:

lmer(accuracy ~ vocab_size + finetuning lines + task + resource:lapt_alpha +

(1 | language))
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Fixed effects Estimate Std. Errror df tvalue p value
(Intercept) 72.68 5.20 4.09 1399 1.31le-4
lapt_steps 1.35 0.11 711.00 12.58 < 2e-16
vocab_size 0.04 0.11 711.00 0.35 0.7266
lapt_alpha -0.81 0.27 711.00 -3.02 2.66e-3
taskuas -12.89 0.27 711.00 -48.02 < 2e-16

Table C.8: Regression summary table for zero-shot setting. Significant coefficients and p
values in bold. This regression covers all training lengths (step numbers), but only includes
alphas {0.1, 0.2}. Formula:

lmer (accuracy ~ lapt_steps + vocab_size + lapt_alpha + task + (1 |

language))
Fixed effects Estimate Std. Errror df tvalue p value
(Intercept) 74.33 4.72 4.08 1573 8.31le-5
vocab_size -0.05 0.12 472.00 -0.38 0.7020
lapt_alpha -1.30 0.14 472.00 -9.46 < 2e-16
taskuas -12.45 0.31 472.00 -40.55 < 2e-16

Table C.9: Secondary regression summary table for zero-shot setting. Significant coefficients
and p values in bold. This regression covers all values of alpha {0.1, 0.2, 0.3, 0.4}, which
are only tested in experiments with 100k training steps. Thus, the lapt_steps variable is
excluded from this regression. Formula:

lmer (accuracy ~ vocab_size + lapt_alpha + task + (1 | language))



