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Chair of the Supervisory Committee:
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Computer Science and Engineering

While large language models (LLMs) continue to grow in scale and gain new zero-shot capabil-

ities, their performance for languages beyond English increasingly lags behind. This gap is due

to the curse of multilinguality, where multilingual language models perform worse on individual

languages than a monolingual model trained on that language due to inter-language competition

for representation. These issues are further compounded by the disparate amounts and qualities

of training data for different languages, leading to increasingly degraded performance on lower-

resource languages. However, because training new large language models for individual languages

is compute- and data-intensive, multilingual language models remain the de facto approach for most

of the world’s languages. Therefore, it remains an open question as to how we can alleviate the

curse of multilinguality and build multilingual models that fairly model many languages.

This dissertation investigates how current language models do and don’t capture multiple

languages and examines how multilingual language models differ from monolingual ones. We first

present an analysis method, structural probing, used for many of this work’s analyses. Then, we

examine the unexpected ability of monolingual language models to exhibit cross-lingual behavior,

finding that this phenomenon is due to inherent language contamination of pretraining data collected



at scale. This shows that LMs can learn languages from surprisingly small subsets of their training

data and implies that all language models are multilingual when trained at scale. We next characterize

the pretraining dynamics of multilingual language models, showing that while multilingual models

learn information about individual languages early on, cross-lingual transfer is acquired throughout

the pretraining process. This analysis also demonstrates the curse of multilinguality as it develops

during pretraining, causing the model to forget previously learned information.

Inspired by these insights, we propose a sparse language modeling approach for training Cross-

Lingual Expert Language Models (X-ELM) to explicitly allocate parameters to different languages

and reduce inter-language competition for model capacity. X-ELMs improve performance for all

languages we consider, as well as provide efficiency and model adaptation benefits over prior

methods. Due to these characteristics, X-ELM increases access to multilingual NLP by providing

better-performing and more usable models for all languages.
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Chapter 1

Introduction

Multilingual language models (LMs) are a significant breakthrough in building language technolo-

gies for many of the world’s languages. These models learn many languages simultaneously from

raw text data, which has led to substantial performance improvements on many NLP tasks in these

languages and the consolidation of models for different languages into a single, multilingual system.

Multilingual LMs also learn to transfer information across languages from this text data without

explicit cross-lingual supervision. This skill in multilingual models is particularly noteworthy, as it

allows LMs to apply NLP tasks to languages with limited (or no) annotated data.

However, current methods for training multilingual language models come at a cost, as these

LMs often perform suboptimally on individual languages within their scope. This phenomenon,

called the curse of multilinguality, is hypothesized to occur due to limited model capacity in

multilingual models when compared to similarly sized monolingual ones (Conneau et al., 2020a).

As these models are often the only (large-scale) LMs available for languages other than English,

this curse likely affects the performance of all NLP technologies for these languages that build on

pretraining.

Furthermore, while all language models are affected by issues from training on large-scale text

data, these problems are exacerbated in multilingual LMs due to incorporating data from many

languages rather than a single one (often, English). Specific instances of these data issues for
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multilingual LMs include the content and quality of large-scale text corpora (Kreutzer et al., 2022)

as well as how language models learn multiple languages and cross-lingual transfer from unaligned

text examples (Conneau et al., 2020b).

This dissertation investigates the issues underlying the current generation of multilingual lan-

guage models. To further understand how models can learn from large-scale but noisy text data,

Chapters 3 and 4 analyze the data and training dynamics of pretrained models that capture many

languages. In both chapters, we use the probing techniques presented in Chapter 2 to analyze

LMs across experimental settings. These experiments demonstrate that language models can learn

information about languages from tiny portions of their training data.1 However, these subsets

are insufficient to learn languages optimally, and multilingual LMs often forget information about

languages during pretraining. This provides evidence of how the curse of multilinguality develops

during pretraining: languages “compete” for model capacity as they are jointly optimized with

stochastic sampling, leading to some languages being overwritten throughout the training process.

Chapter 5 then proposes a new approach to multilingual language modeling (Cross-lingual Ex-

pert Language Models, or X-ELM) that resolves the curse of multilinguality by explicitly allocating

model parameters to different subsets of the multilingual training data. In doing so, X-ELM both

improves performance on every language considered and gains efficiency and usability benefits over

current multilingual modeling approaches. Finally, Chapter 6 discusses the implications of these

findings in more detail and proposes future work building on this dissertation to further understand

and improve multilinguality in NLP.

1.1 Background and Related Work

This section first overviews the history and current state of multilinguality in NLP (§1.1.1), particu-

larly regarding training and understanding multilingual language models. Then, §1.1.2 presents

methods related to the technical approaches used and proposed in this dissertation.2

1Notably, even when data filtering steps are taken to remove most languages from the training corpus.
2Portions of this section contain material originally published in Blevins et al. (2022) and Blevins et al. (2024).
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1.1.1 Overview of Multilingual Language Models

Despite their current prevalence, language models trained on more than one language were relatively

understudied before pretraining.3 Of these multilingual LMs, the majority were developed for

speech processing (Uebler, 2001; Xu and Fung, 2012; Tsvetkov et al., 2016, inter alia); others

addressed machine translation (e.g., Lu et al., 2012) and codeswitching (e.g., Mabokela et al., 2014)

applications.

Since the rise of pretraining, multilingual LMs have become much more prevalent and are

applied broadly to different language processing tasks. These studies of multilingual LMs cover

different areas of focus: developing better methods for multilingual pretraining, cross-lingual

transfer, and adapting multilingual LMs to new languages, as well as other lines of work on

analyzing the knowledge learned by these models from the multilingual pretraining objective.

Multilingual Pretraining of Language Models The initial multilingual pretrained models (e.g.,

Conneau and Lample, 2019; Delvin, 2019) were proposed shortly after the rise of English pretrained

models. Since then, many variations and improvements on multilingual pretraining have been

introduced: by changing the architecture and scaling the model size up (Goyal et al., 2021; Lin

et al., 2022), combining additional objectives to the main LM objective (Chi et al., 2022; Reid and

Artetxe, 2022), careful language and data curation (Scao et al., 2022; Ogunremi et al., 2023), and

scaling and balancing the vocabulary across the different languages (Liang et al., 2023). Chapter 5

presents X-ELM, which is a new method for multilingual pretraining that relaxes the assumption of

using a single (dense) encoder model. Most similar to this approach is Pfeiffer et al. (2022), which

proposes a new modular model architecture, X-MOD, that contains language-specific modules.

However, many of the limitations of dense language modeling persist in this architecture since the

model and modules are jointly trained.

An issue common to most methods for multilingual pretraining is the curse of multilinguality

3The trigrams “multilingual language model,” “polyglot language model,” and “cross-lingual language model”
together occur in 112 articles on Google Scholar prior to 2018. In comparison, since the beginning of 2018 these
phrases have appeared in 6,781 articles (as of May 10, 2024).
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(Conneau et al., 2020a). Wu and Dredze (2020) demonstrate that multilingual training leads

to lower performance on low-resource languages than higher-resourced ones. Chapter 4 finds

that multilingual models forget information previously learned during training, likely due to this

development of this phenomenon; Wang et al. (2020) similarly suggest that this effect occurs due to

training dynamics. More recently, Chang et al. (2023) presented a controlled study of the factors

causing this curse that corroborates limited model capacity as the underlying cause. A primary

motivation of the work presented in this dissertation is to better understand and limit the effect of

this curse while maintaining the other benefits of multilingual modeling.

Cross-lingual Transfer in Multilingual Models An unexpected trait of multilingual language

models is that they are able to perform cross-lingual transfer, or apply knowledge that they learn

in one language to another (Wu and Dredze, 2019). A common application of this skill has been

to finetune the model on a task in one language and apply it to a held-out unseen language (e.g.,

Kondratyuk and Straka, 2019). However, this skill is not universal, as some target languages perform

very poorly in this setting (e.g., Lauscher et al., 2020); furthermore, the choice of language pairs

between which to transfer information matters (Malkin et al., 2022). This work investigates how

cross-lingual transfer develops during the pretraining process (Chapter 4).

Therefore, our experiments contribute to an extensive line of work investigating how multilingual

LMs perform cross-lingual transfer. Chi et al. (2020a) show that subspaces of mBERT representa-

tions that capture syntax are approximately shared across languages, suggesting that portions of the

model are cross-lingually aligned. A similar direction of interest is whether multilingual models

learn language-agnostic representations. Singh et al. (2019) find that mBERT representations can

be partitioned by language, indicating that the representations retain language-specific information.

Similarly, other work has shown that mBERT representations can be split into language-specific

and language-neutral components (Libovickỳ et al., 2019; Gonen et al., 2020; Muller et al., 2021).

However, these works consider the final model checkpoint, while we focus on the development of

this cross-lingual phenomenon.
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Other work investigated specific factors affecting cross-lingual transfer. These include the

effect of sharing subword tokens on cross-lingual transfer (Conneau et al., 2020b; K et al., 2020;

Deshpande et al., 2021) and which languages act as good source languages for cross-lingual transfer

(Turc et al., 2021). Lauscher et al. (2020), K et al. (2020) and Hu et al. (2020) find that multilingual

pretrained models perform worse when transferring to distant languages and low-resource languages;

similarly, Martínez-García et al. (2021) show that the morphological typologies of the transfer

languages have a strong effect on cross-lingual performance.

Adapting Multilingual Models to New Languages Another common application of multilingual

language modeling focuses on how to best adapt existing models to new languages. Initially, these

methods continued pretraining these models with the new languages incorporated into the training

regime, such as language-adaptive pretraining (LAPT; Chau et al., 2020). Other work proposed

the use of adapters to update the model to new languages (Pfeiffer et al., 2020); notably, Faisal and

Anastasopoulos (2022) used linguistic information to group languages into adapters — similar to

the typological clustering for X-ELMs proposed in Chapter 5. However, follow-up work comparing

these prior adaptation approaches found that continued pretraining outperformed adapter methods

for new language adaptation (Ebrahimi and Kann, 2021).

Another line of work has considered training or adapting language models with targeted or

linguistically informed multilinguality (Ogueji et al., 2021; Ogunremi et al., 2023; Snæbjarnarson

et al., 2023, inter alia). Scao et al. (2022) takes a similar approach by focusing on specific low-

resource African languages and other carefully chosen languages. This approach mirrors the

inspiration for X-ELM (Chapter 5), where each expert is specialized to a related set of languages

(though the full X-ELM still captures a wide variety of languages).

Analysis of Multilingual Knowledge in Language Models There have been several different

approaches to quantifying the linguistic information that is learned by multilingual models. One

direction has performed layer-wise analyses to quantify what information is stored at different layers

in the model (de Vries et al., 2020; Taktasheva et al., 2021; Papadimitriou et al., 2021). Others have
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examined the extent to which the different training languages are captured by the model, finding that

some languages suffer in the multilingual setting despite the overall good performance exhibited by

the models (Conneau et al., 2020a; Wang et al., 2020).

Data analysis, or characterization of the pretraining data, is another approach this work applies

to understanding how language models acquire multilingual information; specifically, we look at

how multilingual contamination of English corpora teaches “English” language models multilingual

skills (Chapter 3). Notably, while most datasets are released with at least some corresponding

characterization (more thorough examples include Gao et al. (2020) and Laurençon et al. (2022)),

most in-depth analyses are posthoc. These latter works generally assess aspects other than language

or multilinguality, such as data source and the effects of quality filtering (Gururangan et al., 2022a),

domain and quality (Dodge et al., 2021; Longpre et al., 2023), or task data contamination (Dodge

et al., 2021; Blevins et al., 2023). An exception is Kreutzer et al. (2022), which analyzes the quality

and accuracy of language categorization of multilingual text corpora.

1.1.2 Other Related Methods and Approaches

Probing NLP Models for Linguistic Knowledge Probing is an analysis technique that tests a

model for latent features of interest (Belinkov et al., 2020). There are generally two classes of

probing techniques: structural probing, or small, linear models that recover implicit attributes of text

(e.g., part-of-speech) from the target model’s internal vector representations, and behavioral probing,

which uses carefully designed inputs to test the target model for specific knowledge or skills. In

Chapter 2, we present earlier work that proposes structural probes to test NLP models trained on

different tasks for syntactic knowledge; this chapter builds on related approaches presented in Shi

et al. (2016); Belinkov et al. (2017a,b). Since then, structural probing has become very popular

for studying pretrained language models (e.g., Liu et al., 2019a; Tenney et al., 2019), including

multilingual ones (e.g., de Vries et al., 2020); we use this approach as well to analyze the models

considered in Chapters 3 and 4.
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Language Model Training Dynamics Another approach to understanding pretrained LMs has

focused on probing multiple checkpoints taken from different points in the pretraining process to

quantify when the model learns information. These works have examined the acquisition of syntax

(Pérez-Mayos et al., 2021) as well as higher-level semantics and world knowledge over time (Liu

et al., 2021) from the RoBERTa pretraining process. Similarly, Chiang et al. (2020) perform a

similar temporal analysis for AlBERT, and Choshen et al. (2022) find that the order of linguistic

acquisition during language model training is consistent across model sizes, random seeds, and LM

objectives.

Most work on probing pretrained models across the training process has focused on monolingual

English models. There are some limited exceptions: Dufter and Schütze (2020) present results

for multilingual learning in a synthetic bilingual setting, and Wu and Dredze (2020) examine

performance across pretraining epochs for a small set of languages. In contrast, this dissertation

reports a comprehensive analysis of monolingual and cross-lingual knowledge acquisition on a

large-scale multilingual model (Chapter 4).

Sparse Language Modeling The language modeling approach proposed in Chapter 5, X-ELM,

builds on existing sparse modeling literature. In general, sparsely activated language models (Evci

et al., 2020; Mostafa and Wang, 2019; Dettmers and Zettlemoyer, 2019) route inputs through a

subset of the total model parameters. X-ELM builds most directly on the Branch-Train-Merge

(BTM) (Li et al., 2022; Gururangan et al., 2023) algorithm, which results in full-model experts

trained to specialize on domains of data defined by metadata or a learned clustering. This design

expands both on the independent feed-forward network experts found in early Mixture-of-Experts

(MoE) models (Jacobs et al., 1991) and on DEMix layers (Gururangan et al., 2022b), which routes

sequences to per-layer feed-forward experts based on metadata. Further details about the BTM

algorithm are given in §5.2.

Other MoE models have recently been applied to multilingual settings. Pfeiffer et al. (2022)

develop a multilingual MoE model with language-specific routing, and Kudugunta et al. (2021)
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develop a machine translation model with routing determined by the source-target language pair

or the target language. More similarly to BTM, Jang et al. (2023) trains experts specialized to

different tasks, including five machine-translation language pairs, which can be merged with other

task experts.

1.2 Approach and Roadmap

The two overarching motivations of this dissertation are to (1) establish a better understanding of

the current state and limitations of multilingual language models and (2) develop new multilingual

learning approaches that work well for every language. To address both of these motivations, this

work takes a scientific approach to language technology development. We first perform analyses

across many aspects of these technologies — their data, training, and the resulting models — to

better understand the current state of multilingual LMs; we then design new modeling approaches

that solve issues found during the analysis work.

The remainder of this section provides a roadmap detailing the specific approaches, findings,

and contributions of this dissertation:

Probing Models for Syntactic Knowledge Chapter 2 presents the structural probing technique

used in the following chapters to test multilingual models for linguistic knowledge. This chapter

also covers experiments testing earlier RNN-based NLP models (developed before pretraining) for

syntactic features within their parameters. We find that RNNs trained on many different NLP tasks

— including language modeling — implicitly learn syntax features from these training signals. We

also note that one considered training signal is machine translation, thus providing early evidence of

the cross-lingual learning of implicit linguistic features. The material in this chapter is adapted from:

Terra Blevins, Omer Levy, and Luke Zettlemoyer. 2018. Deep RNNs encode soft hierarchical

syntax. In Proceedings of the 56th Annual Meeting of the Association for Computational Linguistics.

Association for Computational Linguistics.
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Language Contamination in Pretrained Models Chapter 3 studies how the data used to train

language models affects their multilingual knowledge. Specifically, we diagnose how models trained

to perform language modeling in a single language (i.e., English) learn to generalize to (and produce

linguistic knowledge about) other languages. Our audit of the many popular English text corpora

finds language contamination in all cases, despite data filtering to remove non-English text. We then

probe models trained on these data for information in other languages, confirming that leaking more

data in a target language (unsurprisingly) correlates with model knowledge of that language. These

findings indicate (1) that LMs can learn significant information about a language from unexpectedly

small subsets of their training data and (2) that automatic data-cleaning processes cannot adequately

remove signals about undesired languages. These two factors mean that language models trained at

scale will be multilingual. The material in this chapter is adapted from:

Terra Blevins and Luke Zettlemoyer. 2022. Language contamination helps explain the cross-lingual

capabilities of English pretrained models. In Proceedings of the 2022 Conference on Empirical

Methods in Natural Language Processing (EMNLP). Association for Computational Linguistics.

Pretraining Dynamics of Multilingual Language Models Chapter 4 quantifies when multilin-

gual language models acquire knowledge during pretraining. We study this by applying probing

techniques to model checkpoints from different steps in the pretraining process; this allows us

to build a trajectory of mono- and cross-lingual model knowledge over time. We observe that

while there are some overall trends in multilingual learning,4 knowledge acquisition speed and

model performance vary greatly across languages and language pairs; furthermore, these differences

often are unpredictable from language-specific factors. A specific, unexpected behavior observed

across languages is model forgetting, where model knowledge becomes worse during pretraining

for certain languages and skills; we hypothesize that this behavior is due to languages competing

for model capacity during model optimization.5 The material in this chapter is adapted from:
4Such as that linguistic knowledge is acquired in a hierarchical order, and that monolingual information is obtained

before cross-lingual skills.
5And leading to the curse of multilinguality as observed in the final checkpoints of multilingual LMs.
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Terra Blevins, Hila Gonen, and Luke Zettlemoyer. 2022. Analyzing the mono- and cross-lingual

pretraining dynamics of multilingual language models. In Proceedings of the 2022 Conference

on Empirical Methods in Natural Language Processing (EMNLP). Association for Computational

Linguistics.

Cross-lingual Expert Language Models The prior two chapters demonstrated that though LMs

can learn significant amounts of information about many languages from limited data, current

approaches to pretraining do not allow these models to fully leverage that data in massively multi-

lingual training. Chapter 5 proposes X-ELMS, or Cross-lingual Expert Language Models, as a new

method for multilingual modeling that better represents different languages by explicitly allocating

model capacity to them. X-ELMs consist of a set of language models, where each LM, or expert,

is specialized to a subset of a multilingual space using the Branch-Train-Merge (BTM) paradigm

(Li et al., 2022); they can then be used either individually or as an ensemble to perform the full

scope of multilingual modeling. This approach improves LM performance for all of the considered

languages and gives training efficiency and model adaptation benefits over current multilingual

modeling approaches. These improvements mean that X-ELMs are a step towards democratizing

multilingual NLP: they both allow for better performance on lower-resourced languages and are

easier to train and use in low-compute settings. The material in this chapter is adapted from:

Terra Blevins, Tomasz Limisiewicz, Suchin Gururangan, Margaret Li, Hila Gonen, Noah A. Smith,

and Luke Zettlemoyer. 2024. Breaking the curse of multilinguality with cross-lingual expert

language models. arXiv preprint arXiv:2401.10440.

Conclusion The final portion of this dissertation summarizes the overall findings (Chapter 6). We

conclude by discussing next steps towards further understanding and improving multilinguality in

NLP, focusing on better data collection practices and modeling for under-resourced languages and

communities.
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Chapter 2

Probing Models for Syntactic Knowledge

We present a set of experiments to demonstrate that deep recurrent neural networks (RNNs)

learn internal representations that capture soft hierarchical notions of syntax from highly varied

supervision. We consider four syntax tasks at different depths of the parse tree; for each word, we

predict its part of speech as well as the first (parent), second (grandparent) and third level (great-

grandparent) constituent labels that appear above it. These predictions are made from representations

produced at different depths in networks that are pretrained with one of four objectives: dependency

parsing, semantic role labeling, machine translation, or language modeling. In every case, we

find a correspondence between network depth and syntactic depth, suggesting that a soft syntactic

hierarchy emerges. This effect is robust across all conditions, indicating that the models encode

significant amounts of syntax even in the absence of explicit syntactic supervision.1

2.1 Introduction

Deep recurrent neural networks (RNNs) have effectively replaced explicit syntactic features (e.g.

parts of speech, dependencies) in state-of-the-art NLP models (He et al., 2017; Lee et al., 2017;

Klein et al., 2017). However, previous work has shown that syntactic information (in the form of

either input features or supervision) is useful for a wide variety of NLP tasks (Punyakanok et al.,

1This chapter includes materials originally published in Blevins et al. (2018).
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2005; Chiang et al., 2009), even in the neural setting (Aharoni and Goldberg, 2017; Chen et al.,

2017). In this chapter, we show that the internal representations of RNNs trained on a variety of

NLP tasks encode these syntactic features without explicit supervision.

We consider a set of feature prediction tasks drawn from different depths of syntactic parse trees;

given a word-level representation, we attempt to predict the POS tag and the parent, grandparent,

and great-grandparent constituent labels of that word. We evaluate how well a simple feed-forward

classifier can detect these syntax features from the word representations produced by the RNN

layers from deep NLP models trained on the tasks of dependency parsing, semantic role labeling,

machine translation, and language modeling. We also evaluate whether a similar classifier can

predict if a dependency arc exists between two words in a sentence, given their representations.

We find that, across all four types of supervision, the representations learned by these models

encode syntax beyond the explicit information they encounter during training; this is seen in both

the word-level tasks and the dependency arc prediction task. Furthermore, we also observe that

features associated with different levels of syntax tree correlate with word representations produced

by RNNs at different depths. Largely speaking, we see that deeper layers in each model capture

notions of syntax that are higher-level and more abstract, in the sense that higher-level constituents

cover a larger span of the underlying sentence.

These findings suggest that models trained on NLP tasks are able to induce syntax even when

direct syntactic supervision is unavailable. Furthermore, the models are able to differentiate this

induced syntax into a soft hierarchy across different layers of the model, perhaps shedding some

light on why deep RNNs are so useful for NLP.

2.2 Methodology

Given a model that uses multi-layered RNNs, we collect the vector representation xl
i of each word

i at each hidden layer l. To determine what syntactic information is stored in each word vector,

we try to predict a series of constituency-based properties from the vector alone. Specifically, we
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predict the word’s part of speech (POS), as well as the first (parent), second (grand-parent), and

third level (great-grandparent) constituent labels of the given word. Figure 2.1 shows how these

labels correspond to an example constituency tree.

S

VP

PP

NP

NNP

Monday

IN

on

VBD

fell

ADVP

RB

also

NP

NNS

indexes

NN

stock

JJ

Other

Figure 2.1: Constituency tree with labels for the
word “Monday” for the POS (green), parent con-
stituent (blue), grandparent constituent (orange),
and great-grandparent constituent (red) tasks.

Our methodology follows Shi et al. (2016),

who run syntactic feature prediction experi-

ments over a number of different shallow ma-

chine translation models, and Belinkov et al.

(2017a,b), who use a similar process to study

the morphological, part-of-speech, and seman-

tic features learned by deeper machine transla-

tion encoders. We extend upon prior work by

considering training signals for models other

than machine translation, and by applying more

stratified word-level syntactic tasks.

Training Signal Dataset RNN Layers Input Hidden
Dims Dims

Dependency Parsing
English Universal 4 parallel bidirectional

200 400
Dependencies LSTMs

Semantic Role Labeling CoNLL-2012
8 alternating-direction

100 300
LSTMs with highways

Machine Translation
WMT-2014 4 parallel bidirectional

500 500
English-German LSTMs

Language Modeling CoNLL-2012
2 sets of 4 unidirectional

1000 1000
LSTMs with highways

Table 2.1: The training data, recurrent architecture, and hyperparameters of each model.
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2.2.1 Experiment Setup

We predict each syntactic property with a simple feed-forward network with a single 300-dimensional

hidden layer activated by a ReLU:

yl
i = SoftMax(W2ReLU(W1x

l
i)) (2.1)

where i is the word index and l is the layer index within a model. To ensure that the classifiers are

not trained on the same data as the RNNs, we train the classifier for each layer l separately using

the development set of CoNLL-2012 and evaluate on the test set (Pradhan et al., 2013).

In addition, we compare performance with word-level baselines. We report the per-word

majority class baseline; at the POS level, for example, “cat” will be classified as a noun and “walks”

as a verb. This baseline outperforms the pre-trained GloVe (Pennington et al., 2014) embeddings on

every task. We also consider a contextual baseline, in which we concatenate each word’s embedding

with the average of its context’s embeddings; however, this baseline also performed worse than the

reported one.

2.2.2 Analyzed Models

We consider four different forms of supervision. Table 2.1 summarizes the differences in data,

architecture, and hyperparameters.2

Dependency Parsing We train a four-layer version of the Stanford dependency parser (Dozat

and Manning, 2017) on the Universal Dependencies English Web Treebank (Silveira et al., 2014).

We ran the parser with 4 bidirectional LSTM layers (the default is 3), yielding a UAS of 91.5 and

a weighted LAS of 82.18, consistent with the state of the art on CoNLL 2017. Since the parser

receives syntactic features as input (POS) and is trained on an explicit syntactic signal, we expect

2While we control for some variables, we mainly rely on existing architectures and hyperparameters that were
tuned for the original tasks, limiting the cross-model comparability of absolute performance levels on our syntactic
evaluations.
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its intermediate representations to contain a high amount of syntactic information.

Semantic Role Labeling We use the pre-trained DeepSRL model from (He et al., 2017), which

was trained on the training data from the CoNLL-2012 dataset. This model is an alternating

bidirectional LSTM, where the model consists of eight total layers that alternate between a forward

layer and backward layer. We concatenate the representations from each pair of directional layers in

the model for consistency with other models.

Machine Translation We train a machine translation model using OpenNMT (Klein et al., 2017)

on the WMT-14 English-German dataset. The encoder (which we examine in our experiments) is

a 4-layer bidirectional LSTM; we use the defaults for every other setting. The model achieves a

BLEU score of 21.37, which is in the ballpark of other vanilla encoder-decoder attention models on

this benchmark (Bahdanau et al., 2015).

Language Modeling We train two separate language models on CoNLL-2012’s training set, one

going forward and another backward. Each model is a 4-layer LSTM with highway connections,

variational dropout, and tied input-output embeddings. After training, we concatenate the forward

and backward representations for each layer.3

2.3 Constituency Label Prediction

Figure 2.2 summarizes our findings, while Table 2.2 presents the full numerical results. We make

several observations:

RNNs can induce syntax. Overall, each model outperforms the baseline and its respective input

embeddings on every syntax task, indicating that their internal representations encode some notions

of syntax. The only exception to this observation is POS prediction with dependency parsing
3The model achieved perplexities of 50.56 (forward) and 51.24 (backward) on CoNLL-2012’s test set. Since we

are not familiar with other perplexity results on this data, we note that retraining the architecture on Penn TreeBank
achieved 64.39 perplexity, which is comparable to other high-performing language models.
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Figure 2.2: Results of syntax experiments. The best-performing layer for each experiment is
annotated with a star, and the per-word majority baseline for each task is shown with a dashed line.

representations; in this case the parser is provided gold POS tags as input, and cannot improve

upon them. This result confirms the findings of Shi et al. (2016) and Belinkov et al. (2017b), who

demonstrate that neural machine translation encoders learn syntax, and shows that RNNs trained on

other NLP tasks also induce syntax.

Deeper layers reflect higher-level syntax. In 11 out of 16 cases, performance improves up to a

certain layer and then declines, suggesting that the deeper layers encode less syntactic information

that earlier ones in these cases. Strikingly, the higher-level a syntactic task is, the deeper in the

network the peak performance occurs; for example, in SRL we see that the parent constituent task

peaks one layer after POS, and the grand-parent and great-grandparent tasks peak on the layer
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Layer
Source model Prediction task MFT 0 1 2 3 4

DP POS 0.8801 0.9990 0.9964 0.9853 0.9434 0.8962
Parent 0.8190 0.8681 0.9177 0.9347 0.9384 0.9349

Grandparent 0.5422 0.5721 0.7538 0.7920 0.8094 0.8253
Great-Grandparent 0.4511 0.4648 0.5909 0.6659 0.6826 0.7183

SRL POS 0.8801 0.8732 0.9063 0.8691 0.7833 0.5392
Parent 0.8190 0.7983 0.8727 0.8892 0.8835 0.7870

Grandparent 0.5422 0.5041 0.6812 0.7394 0.7549 0.6325
Great-Grandparent 0.4511 0.4412 0.5415 0.6159 0.6449 0.5493

MT POS 0.8801 0.8618 0.9274 0.9198 0.9191 0.9195
Parent 0.8190 0.8019 0.8975 0.9040 0.9088 0.9083

Grandparent 0.5422 0.5368 0.7072 0.7311 0.7572 0.7776
Great-Grandparent 0.4511 0.4361 0.5631 0.5909 0.6303 0.6752

LM POS 0.8801 0.8608 0.9093 0.9359 0.9304 0.9165
Parent 0.8190 0.8126 0.8724 0.9232 0.9137 0.9000

Grandparent 0.5422 0.5237 0.6251 0.7862 0.7606 0.7189
Great-Grandparent 0.4511 0.4249 0.4702 0.6423 0.6302 0.5971

Table 2.2: Table of accuracy results for the syntax feature prediction experiments with best
performing layer in each source model/ prediction task pair in bold. “DP” refers to the dependency
parsing model.

after that. One possible explanation is that each layer leverages the shallower syntactic information

learned in the previous layer in order to construct a more abstract syntactic representation. In

SRL and language modeling, it seems as though the syntactic information is then replaced by

task-specific information (semantic roles, word probabilities), perhaps making it redundant.

This observation may also explain a modeling decision in ELMo (Peters et al., 2018), where

injecting the contextualized word representations from a pre-trained language model was shown to

boost performance on a wide variety of NLP tasks. ELMo represents each word using a task-specific

weighted sum of the language model’s hidden layers, i.e. rather than use only the top layer, it selects

which of the language model’s internal layers contain the most relevant information for the task at

hand. Our results confirm that, in general, different types of information manifest at different layers,

suggesting that post-hoc layer selection can be beneficial.
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Language models learn some syntax. We compare the performance of language model represen-

tations to those learned with dependency parsing supervision, in order to gauge the amount of syntax

induced. While this comparison is not ideal (the models were trained with slightly different archi-

tectures and hyperparameters), it does provide evidence that the language model’s representations

encode some amount of syntax implicitly. Specifically, we observe in Figure 2.3 that the language

model and dependency parser perform nearly identically on the three constituent prediction tasks

in the second layer of their respective networks. In deeper layers the parser continues to improve,

while the language model peaks at layer 2 and drops off afterwards.

Figure 2.3: Comparison between the LM and de-
pendency parser on the parent (blue), grandparent
(yellow), and great-grandparent (red) constituent
prediction tasks.

These results may be surprising given the

findings of Linzen et al. (2016), which found

that RNNs trained on language modeling per-

form below baseline levels on the task of

subject-verb agreement. However, the more

recent investigation by Gulordava et al. (2018)

are in line with our results. They find that lan-

guage models trained on a number of different

languages assign higher probabilities to valid

long-distance dependencies than to incorrect

ones. Therefore, LMs seem able to induce syn-

tactic information despite being provided with

no linguistic annotation.

2.4 Dependency Arc Prediction

We run an additional experiment that seeks to clarify if the representations learned by deep NLP

models capture information about syntactic structure. Using the internal representations from a

deep RNN, we train a classifier to predict whether two words share an dependency arc (have a
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parent-child relationship) in the in the dependency parse tree over a sentence. We find that, similarly

to the previous set of tasks, deep RNNs trained on various linguistic signals encode notions of the

syntactic relationships between words in a sentence.

Setup We use the same pretrained deep RNNs and feed-forward prediction network paradigm.

However, we change the input from the previous experiments, as this task is not at the word-level,

but rather concerns the relationship between two words; therefore, given a word pair wc, wp for

which we have a dependency arc label, we input [wc;wp;wc ◦ wp] into the classifier.

We use the Universal Dependencies dataset for this task, such that we train each classifier on the

development set of this dataset and evaluate on the test set. We set up the task by generating two

pairs of examples for each word in the UD dataset: a positive pair that consists of the word and its

parent in the dependency tree, and a negative pair that matches the word with another randomly

chosen word from the sentence.

Source Model GloVe L0 L1 L2 L3 L4

DP 0.50 0.68 0.77 0.81 0.88 0.95
SRL 0.50 0.58 0.69 0.76 0.79 0.74
MT 0.50 0.61 0.73 0.63 0.63 0.63
LM 0.50 0.62 0.74 0.78 0.80 0.73

Table 2.3: Results of the dependency arc prediction task. L0–L4 denote the different layers of the
model. DP refers to the RNN trained with dependency parsing supervision.

Results The results for this prediction task are given in Table 2.3. We see the best performance

from the dependency parser, finding that the performance for the dependency parser’s representations

continue to improve in the deepest layers, with a maximum performance of approximately 95%

on the last layer. This result is unsurprising, as this closely related to the task on which the model

was explicitly trained. In the three other models, we find peaks that occur 12 to 20 accuracy points

above the input layer’s performance. These results support the findings from the constituency label

prediction task and show that these findings hold up across syntactic formalisms.
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Similarly to the word-level tasks, we see the best performance from deeper layers in the models,

with both SRL and LM performance peaking on the third layer. For the LM, we find that the best

performing layer outperforms the initial layer by 18%. This is consistent with our finding in the

previous set of experiments, that RNNs encode significant amounts of syntax information even

when trained on linguistic tasks without any explicit annotations.

2.5 Conclusions

In this chapter, we run a series of prediction tasks on the internal representations of deep NLP

models, and find these RNNs are able to induce syntax without explicit linguistic supervision.

We also observe that the representations taken from deeper layers of the RNNs perform better on

higher-level syntax tasks than those from shallower layers, suggesting that these recurrent models

induce a soft hierarchy over the encoded syntax. These results provide some insight as to why deep

RNNs are able to model NLP tasks without annotated linguistic features. Further characterizing the

exact aspects of syntax which these models can capture (and perhaps more importantly, those they

cannot) is an interesting area for future work.
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Chapter 3

Language Contamination in Pretrained

Models

English pretrained language models, which make up the backbone of many modern NLP systems,

require huge amounts of unlabeled training data. These models are generally presented as being

trained only on English text but have been found to transfer surprisingly well to other languages.

We investigate this phenomenon and find that common English pretraining corpora actually contain

significant amounts of text in other languages: even when less than 1% of data is not English (well

within the error rate of strong language classifiers), this leads to hundreds of millions of foreign

language tokens in large-scale datasets. We then demonstrate that even these small percentages of

non-English data facilitate cross-lingual transfer for models trained on them, with target language

performance strongly correlated to the amount of in-language data seen during pretraining. In light

of these findings, we argue that no model is truly monolingual when pretrained at scale, which

should be considered when evaluating cross-lingual transfer. 1

1This chapter includes materials originally published in Blevins and Zettlemoyer (2022). Further details and
experiments are given in Appendix A.
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3.1 Introduction

Pretrained language models have become an integral part of NLP systems. They come in two

flavors: monolingual, where the model is trained on text from a single language, and multilingual,

where the model is jointly trained on data from many different languages. Monolingual pretrained

models are generally applied to tasks in the same language, whereas multilingual ones are used for

cross-lingual learning.

Figure 3.1: Estimated non-English data in En-
glish pretraining corpora (token count and total
percentage); even small percentages lead to many
tokens. C4.En (†) is estimated from the first 50M
examples in the corpus.

Recent work has claimed that monolingual

pretrained models are also surprisingly good

at transferring between languages, despite os-

tensibly having never seen the target language

before (Gogoulou et al., 2021; Li et al., 2021, in-

ter alia). However, because of the large scale of

pretraining data and because many pretraining

corpora are not publicly available, it is currently

unknown how much foreign language data ex-

ists in monolingual pretraining corpora. In this

Section, we show that (1) these data are almost

certainly contaminated with very small percentages of text from other languages and that (2)

cross-lingual transfer is possible from such data leakage in the pretraining corpus.

More specifically, we quantify how multilingual English pretrained models are in two steps.

First, we analyze common English pretraining corpora with a large-scale automatic evaluation

to estimate their language composition, as well as a smaller-scale manual analysis. Second, we

perform experiments across fifty languages on masked language modeling and part-of-speech (POS)

tagging to measure how well the models trained on these pretraining corpora perform outside of

English.

Our analysis finds that these corpora include very small percentages that amount to overall

significant amounts of text in other languages (Figure 3.1), particularly those derived from web-
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crawled data. Furthermore, the models trained on this data perform surprisingly well on other

languages; this transfer is strongly correlated with the amount of target language data seen during

pretraining. Notably, we find that the English T5 outperforms mBERT on POS tagging in multiple

languages with no finetuning.

Overall, these results indicate that the considered models are actually multilingual and that

their ability to transfer across languages is not zero-shot, despite what has been recently claimed.

Given the effort required to fully remove all non-English data, we question whether it is practically

possible to train truly monolingual models at scale.

3.2 Pretraining Data Composition

We first measure the amount of non-English text in commonly used English pretraining corpora

with two analyses: automatic language identification to estimate the amount of foreign language

data in these corpora and a manual qualitative analysis of the text classified as a language other than

English.

We consider the following pretraining datasets: ENGLISH WIKIPEDIA (11.8GB); BOOKCORPUS

(Zhu et al. 2015, 4.2GB); STORIES (Trinh and Le 2018, 31GB); OPENWEBTEXT (Gokaslan and

Cohen 2019, 38GB), which is an open-source version of WEBTEXT (Radford et al., 2019); CC-

NEWS (Liu et al. 2019b, 76 GB); and C4.EN (Raffel et al. 2020, 305GB), as provided by Dodge

et al. (2021). We use the versions of WIKIPEDIA, BOOKCORPUS, and CC-NEWS used to pretrain

RoBERTa.

3.2.1 Automatic Evaluation of Language Composition

We use the FastText language identification model (Joulin et al., 2017) to label every line in each

corpus and consider lines to be non-English if they score above a set confidence threshold (0.6).

Due to the large size of C4, we subsample the first 50M examples (or 14%); we classify the entirety

of all other datasets. Since language detection is imperfect, particularly for low-resource languages
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(a) MLM (b) POS (probing) (c) POS (finetuned)

Figure 3.2: Average performance by each model across all languages for the task. Lower is better
for BPC.

(Kreutzer et al., 2022), we present the results of this analysis as an estimate of the non-English data

in each dataset and perform a qualitative analysis of potential errors in the following section.

A summary of the language identification experiments is presented in Figure 3.1. We see that

every corpus contains notable quantities of non-English data, with our estimates ranging between

300k to 406M tokens. An obvious factor that affects the amount of non-English data in each

corpus is the overall size of the dataset; however, even when controlling for size by looking at the

percentage of non-English data, we still see that the smaller corpora (WIKIPEDIA, BOOKCORPUS,

and STORIES) have relatively less leakage in their data.

Indeed, a major factor of language leakage is the method in which the data was collected:

the datasets derived from web crawls contain higher percentages of text in other languages

(OPENWEBTEXT andCCNEWS). This is true even for C4, where the dataset was filtered with a

classifier to only include English text (Raffel et al., 2020). Since automatic methods for language

identification are imperfect, the datasets with more manual filtering (such as WIKIPEDIA, which

has human editors curating its content) are less prone to language contamination than those relying

on classifiers. Due to these challenges, it is likely impossible to fully filter text corpora by language

at scale.

We also see that non-English text makes up small percentages of the overall data, though this

still leads to millions of tokens in large datasets. The largest individual languages after English

only make up 0.01%, 0.15%, and 0.05% of the BERT, RoBERTa, and T5 training data, respectively.

Multilingual pretraining work has shown that models generalize to new languages from varying
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amounts of data (Delvin, 2019; Conneau and Lample, 2019; Conneau et al., 2020a); however, these

approaches intentionally select data across languages, and most upsample low-resource languages

during training. Without these considerations, it is an open question how well the models trained on

these relatively small amounts of data in other languages generalize.

Type Num. of Lines in...
Book Wiki Stories OpenWeb CCNews C4

156 129 99 175 193 169
Ex: Moraliska argument utgår ifrån våra moraliska intuitioner

att rätt och fel inte endast är förankrade i människors vilja.
NE

(OPENWEBTEXT)
13 11 15 4 1 22

Ex: The German blazon reads: "Von Silber über SchwarzBiL
geteilt..." (WIKI)

2 7 4 2 0 4
Ex: Εκείνη δεν μπορούσε να πληρώσειTrans.

[She couldn’t pay.] (BOOKCORPUS)
1 28 5 1 0 1

Ex: 2012 Playhouse Presentsウィルシリーズ1、Ent.
エピソード1: "The Minor Character" (C4)

26 22 55 12 6 3En Ex: "Dere’s buzzards circlin’ ova dem trees." (BOOKCORPUS)
2 3 22 6 0 1XX Ex: M D | X O X | O O O = A (WIKI)

Table 3.1: Results of the qualitative analysis of the non-English lines in various pretraining corpora.
Type abbreviations are defined in §3.2.2.

3.2.2 Qualitative Analysis of Language Contamination

We also perform a closer analysis on a random subset (200 per corpus) of lines predicted by the

language classifier to be not English text (Table 3.1). Each example is manually coded into one

of six categories. The first set covers various kinds of foreign language data: NE (non-English),

where the line contains only text in a language other than English; BiL, or bilingual, where the

line contains both English text and text in a different language; Trans., in which the English and

other texts are translations of each other; and Ent., where the line is primarily English but contains

entities in a different language. The last two codes pertain to errors made by the language classifier:
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En., where the line only contains English text—as expected in filtered, English corpora—and XX,

which refers to lines that contain no natural language.

The majority of lines across datasets consist entirely of text in a language other than English.

The next most common type of contaminated data is BiL; this contains many subtypes of data,

such as codeswitching and foreign language dialogue within English text. These datasets also

include parallel data at both the sentence- and word-level.2 We note that all observed translations

are between English and another language. Finally, some of the examples classified as non-English

are actually English texts containing phrases in other languages.

Our analysis also shows that the language classifier performs worse on the non-web crawled

data. For example, it misclassified a quarter of the sampled lines from STORIES as non-English

when they in fact only contain English text; many of these lines stem from snippets of dialogue in

the dataset. We generally observe that lines coded as En tend to be shorter than the correctly labeled

lines and often contain non-standard English. The language classifier also struggles to handle noisy

lines, for which it has no appropriate language label.

3.3 Cross-lingual Transfer of English Pretrained Models

We now ask: how well do models pretrained on these putatively English corpora perform on tasks

in other languages? While the English data is more multilingual than previously thought, there

are many differences between monolingual and multilingual pretraining; these data from other

languages are often tokenized into more subword units3 and are much less frequently observed

during monolingual training. Furthermore, Magar and Schwartz (2022) find that models do not

always learn to exploit contaminated components of their data, indicating that presence in the

pretraining data does not guarantee downstream model performance.

2e.g., "大学【だい・がく】– college", OPENWEBTEXT
3For example, the Basque UD treebank requires on average 1.78, 2.59, and 2.66 tokens per word to be encoded by

XLMR, RoBERTa, and BERT, respectively.
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3.3.1 Experimental Setup

We evaluate popular English pretrained models on tasks in more than 50 languages: (masked)

language modeling, POS probing, and finetuned POS tagging. We compare the performance of

monolingual BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019b), and T5 (Raffel et al., 2020)

against multilingual mBERT (Delvin, 2019) and XLM-R (Conneau et al., 2020a). We report average

performance across five runs with different random seeds for the POS evaluations.

For the language modeling experiments, we perform whole word masking on 15% of the words

in the Wiki40B test set to calculate BPC. This experiment was zero-shot and required no further

training of the models.

For the POS probing experiments, we train a linear classifier to predict POS from the final layer

of each considered encoder; each probe therefore consists of a limited number of parameters m ∗ l

where m is the output dimension of the encoder being probed (768 for base models and 1024 for

large models) and l is the size of the label set (17 for POS tagging). For words that are tokenized

into multiple subword units, we take the average representation of all tokens as the input to the

classifier. When finetuning the model, we take the same setup as probing but unfreeze the encoder

weights to allow them to update during training. The POS models are trained and evaluated on

Universal Dependencies (UD) treebanks for each language (Nivre et al., 2020).

We use a batch size of 256 for the frozen experiments and batch sizes of 16 for the finetuned

models; we used a learning rate of 0.001 for the probing task and 5e-6 for finetuning. Due to the

large number of experiments, we did not tune these parameters. For both POS tagging experiments,

we use an Adam optimizer (Kingma and Ba, 2015), and train each probe for 50 passes over the

data (with early stopping on the validation set and a patience of 5). The pretrained models for all

experiments are downloaded from Huggingface (Wolf et al., 2019).

Each of our models was trained on a single Nvidia V100 GPU: 16GB for the frozen models and

32GB for the finetuned ones. The frozen probes each took between <1 and 8 minutes to train, and

the finetuned probes were trained for between 5 minutes and 7.5 hours (depending on the dataset

size, which varies by language, and early stopping epoch).
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3.3.2 Multilingual MLM Evaluation

We first measure the perplexity of English pretrained MLMs in other languages. We use Wiki-40B,

a multilingual language modeling dataset that covers 41 languages (Guo et al., 2020). Following

the Wiki-40B paper, we report bits per character (BPC) to allow comparison between models with

different tokenizations of the text.

We find that both BERT models perform notably worse on modeling other languages; however,

RoBERTa, reduces the gap with the multilingual models from 2.51 BPC to 0.87 BPC (Figure 3.2a).

This finding is consistent with Tran (2020), who also found RoBERTa transfers well cross-lingually.

3.3.3 POS Performance Across Languages

Next, we evaluate how well monolingual English models perform on multilingual downstream tasks,

using part-of-speech (POS) tagging as a case study.

Probing We first consider the performance of the encoders when probed for POS knowledge using

the linear probing method discussed in Chapter 2 (Figure 3.2b).4 Unsurprisingly, on average all of

the English models underperform the multilingual models. Similar to MLM, we find that RoBERTa

performs better than BERT when probed for POS features on other languages; surprisingly, it also

strongly outperforms T5, despite C4 containing more absolute non-English data than the RoBERTa

corpus.

This difference is likely due to two factors. First, in terms of relative percentages, RoBERTa is

exposed to more non-English text than T5 (0.78% compared to only 0.22%). Secondly, RoBERTa’s

subword vocabulary is robust to unexpected inputs and does not substitute an UNK token any input

tokens; in contrast, T5 and BERT have high rates of UNK tokens for some non-Latin languages.5

However, for many high-resource languages the English models perform competitively, with T5

outperforming mBERT on German and Portuguese, among others.

4For T5, this means that we evaluate the output of the encoder and discard the decoder.
5UNK tokens refer to placeholder tokens used when the model receives an input not covered by its vocabulary.
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Task Model
Corr. (ρ) with...

lang. data ↑ en sim. ↓

MLM
(BPC) ↓

BERTbase -0.258 0.097
BERTlg -0.258 0.118
RoBERTabase -0.667∗∗ 0.326∗

RoBERTalg -0.685∗∗ 0.345∗

Frozen POS
(Acc.) ↑

BERTbase 0.335∗ -0.332∗

BERTlg 0.314∗ -0.375∗

RoBERTabase 0.594∗∗ -0.260
RoBERTalg 0.674∗∗ -0.304∗

T5base 0.131 -0.271
Finetuned POS

(Acc.) ↑
BERTbase 0.373∗ -0.340∗

RoBERTabase 0.507∗∗ -0.292∗

Table 3.2: Spearman correlations between task performance and (a) in-language data amounts in
pretraining corpora (lang. data) and (b) language similarity with English (en sim.). ∗p < 0.05 and
∗∗p < 0.001.

Fine-tuning To test if the effects of foreign language data carry through after finetuning, we also

finetune a subset of the models (BERTbase, RoBERTabase, mBERT, XLMRbase) for multilingual

POS tagging (Figure 3.2c). After finetuning, the gap between the mono- and multilingual models is

much smaller: RoBERTa only averages 2.65 points worse than XLM-R, compared to 12.5 points

when probing.

3.3.4 Potential Reasons for Cross-lingual Generalization

We then investigate the correlation between potential transfer causes and model performance (Table

3.2). Specifically, we consider the quantity of target language data found in the model’s pretraining

corpus and the language similarity to English as potential causes of cross-lingual transfer.

We find that across tasks, RoBERTa task performance is most strongly correlated with the

amount of target language data seen during pretraining. BERT and T5 task performance are

less correlated with observed pretrained data, which is likely due to tokenization artifacts (§3.4).

Indeed, when we control for languages not written with Latin script on T5, the correlation between

performance and the amount of target pretraining data increases to ρ = 0.313.

We also consider the effect of language similarity on task performance, which is often hypothe-
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sized to facilitate cross-lingual transfer. We use the syntactic distance of languages calculated by

Malaviya et al. (2017); more similar languages score lower. However, we generally find that this is

less correlated with performance than the quantity of target text, particularly for RoBERTa.

3.4 The Effect of Tokenization

A factor that varies across the considered models is how they tokenize the input text for different

languages. Appendix Table A.2 gives the number of subword tokens per (white-space separated)

word in the validation split of Wiki40b (Guo et al., 2020), as well as the percentage of tokens

that are unked out by the tokenizer. We see that in general, all of the models (including explicitly

multilingual ones) require more subword tokens per word for languages other than English.6 We

can also see that T5 is more efficient at encoding French, German, and Romanian than the other

monolingual models (without a high UNK rate), likely because the T5 tokenizer was explicitly

trained on English data mixed with those languages (Raffel et al., 2020).

We also examine how many tokens are unked out by each tokenizer across languages. We see

that BERT and T5 in particular have a high UNK rate (> 10%) for many languages not written in

Latin script. This is in part due to the different tokenization schemes used by the models: RoBERTa

uses a byte-level BPE encoding (Radford et al., 2019), which produces no UNK tokens for Unicode

text, whereas the tokenization methods used by BERT and T5 (SentencePiece, Kudo and Richardson

(2018)) will unk out tokens not seen while training the tokenizer. Additionally, there are other

potential decisions made during tokenization that could affect these UNK rates, including filtering

on non-Latin tokens or learning the subword tokenizer on a subset of the training data.

High UNK rates in the tokenized text for a language affect performance on downstream tasks.

With regards to evaluating BPC, high frequencies of UNK tokens in the data likely make the

language modeling task artificially easy, leading to lower BPC scores. Because of this, we note the

cases where a model UNKs out more than 10% of the considered data in the BPC results given in

6We note that the number of subword tokens per “word” in Japanese is much larger than in other languages, as
words in Japanese are not whitespace-separated.
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Appendix Table A.3 with an asterisk (*). High UNK rates likely also lead to degraded performance

on downstream tasks (including the considered POS tagging task in this work).

3.5 Discussion

In this Section, we demonstrate that English pretrained models are unintentionally exposed to a

considerable amount of multilingual text data during pretraining, particularly in the case of more

recent models that are trained on larger corpora derived from web crawls. We also find that this

non-English text acts as a significant source of signal for cross-lingual transfer.

Other recent work has focused on documenting the composition of pretraining corpora (Dodge

et al., 2021; Gururangan et al., 2022a). Kreutzer et al. (2022) manually audit a variety of multilingual

datasets, finding data quality issues that are worse for low-resource languages and, similarly to our

work, that texts for many languages are misclassified. In contrast, our focus is on the presence of

foreign language data in primarily English corpora.

Prior work has also shown the ability of monolingual models to transfer to other languages

across a wide range of tasks (Gogoulou et al., 2021; Li et al., 2021; Tran, 2020; Artetxe et al., 2020;

Chi et al., 2020b), but these works do not consider the effect of foreign language data leakage

as a source of signal. Notably, de Souza et al. (2021) mention the presence of foreign language

data in their corpora but assume the small amounts observed will not affect model performance.

However, our findings demonstrate that the amount of foreign language data directly correlates with

cross-lingual transfer.

While we focus on English pretraining, many monolingual models have been developed for

other languages on similar datasets to the ones we analyze. Additionally, some related work has

investigated transferring these pretrained models onto English tasks (e.g. Gogoulou et al., 2021).

Given the prevalence of English text on the internet (Pimienta et al., 2009), it is likely that English

(and other foreign language) contamination of these datasets is common.

An obvious follow-up to our findings would be to retrain the models with text that is verified to
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only contain English data; this would confirm the effect the leaked language data has on the models.

We reiterate that the standard method for filtering these datasets, automatic language classifiers, is

imperfect. This, and the infeasibility of manual filtering due to the scale of the data, means that

controlling for the language the model is pretrained on is nearly impossible.

However, the presence of foreign language data in pretraining corpora is not inherently prob-

lematic. Models trained on these datasets perform exceedingly well on their target languages and

generalize to other languages much better than expected. Rather, it is important to remember that

these models are not performing zero-shot transfer when used in other languages, given the scale

and data with which they were pretrained.
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Chapter 4

Pretraining Dynamics of Multilingual

Language Models

The emergent cross-lingual transfer seen in multilingual pretrained models has sparked significant

interest in studying their behavior. However, because these analyses have focused on fully trained

multilingual models, little is known about the dynamics of the multilingual pretraining process.

We investigate when these models acquire their in-language and cross-lingual abilities by probing

checkpoints taken from throughout XLM-R pretraining, using a suite of linguistic tasks. Our

analysis shows that the model achieves high in-language performance early on, with lower-level

linguistic skills acquired before more complex ones. In contrast, the point in pretraining when

the model learns to transfer cross-lingually differs across language pairs. Interestingly, we also

observe that, across many languages and tasks, the final model layer exhibits significant performance

degradation over time, while linguistic knowledge propagates to lower layers of the network. Taken

together, these insights highlight the complexity of multilingual pretraining and the resulting varied

behavior for different languages over time.1

1This chapter presents a summary of, and includes materials originally published in, Blevins et al. (2022). Appendix
B provides further experimental details and results.
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4.1 Introduction

Large-scale language models pretrained jointly on text from many different languages (Delvin,

2019; Conneau and Lample, 2019; Lin et al., 2022) perform very well on various languages and

on cross-lingual transfer between them (e.g., Kondratyuk and Straka, 2019; Pasini et al., 2021).

Due to this success, there has been a great deal of interest in uncovering what these models learn

from the multilingual pretraining signal. However, these works analyze a single model artifact: the

final training checkpoint at which the model is considered to be converged. Recent work has also

studied monolingual models by expanding the analysis to multiple pretraining checkpoints to see

how model knowledge changes across time (Liu et al., 2021).

We analyze multilingual training checkpoints throughout the pretraining process in order to

identify when multilingual models obtain their in-language and cross-lingual abilities. The case of

multilingual language models is particularly interesting, as the model learns both to capture individ-

ual languages and to transfer between them just from unbalanced multitask language modeling for

each language.

Specifically, we retrain a popular multilingual model, XLM-R (Conneau et al., 2020a), and run a

suite of linguistic tasks covering 59 languages on checkpoints from across the pretraining process.2

This suite evaluates different syntactic and semantic skills in both monolingual and cross-lingual

transfer settings. While our analysis primarily focuses on the knowledge captured in model output

representations over time, we also consider how the performance of internal layers changes during

pretraining for a subset of tasks.

Our analysis uncovers several insights into multilingual knowledge acquisition. First, while the

model acquires most in-language linguistic information early on, cross-lingual transfer is learned

across the entire pretraining process. Second, the order in which the model acquires linguistic

information for each language is generally consistent with monolingual models: lower-level syntax

is learned prior to higher-level syntax and then semantics. In comparison, the order in which the

2The XLM-Rreplica checkpoints are available at https://nlp.cs.washington.edu/xlmr-across-
time.
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model learns to transfer linguistic information between specific languages can vary wildly.

Finally, we observe significant degradation of performance for many languages at the final layer

of the last, converged model checkpoint. However, lower layers of the network often continue to

improve later in pretraining and outperform the final layer, particularly for cross-lingual transfer.

These observations indicate that there is not a single time step (or layer) in pretraining that performs

the best across all languages and suggest that methods that better balance these tradeoffs could

improve multilingual pretraining in the future.

4.2 Analyzing Knowledge Acquisition Throughout Multilingual

Pretraining

Our goal is to quantify when information is learned by multilingual models across pretraining. To

this end, we reproduce a popular multilingual pretrained model, XLM-R – referred to as XLM-

Rreplica – and retain several training checkpoints (§4.2.1). A suite of linguistic tasks is then run on

the various checkpoints (§4.2.2). For a subset of these tasks, we also evaluate at which layer in the

network information is captured during pretraining.

Since we want to identify what knowledge is gleaned from the pretraining signal, each task

is evaluated without finetuning. The majority of our tasks are tested via probes, in which repre-

sentations are taken from the final layer of the frozen checkpoint and used as input features to

a linear model trained on the task of interest (Belinkov et al., 2020). Additional evaluations we

consider for the model include an intrinsic evaluation of model learning (BPC) and unsupervised

word alignment of model representations. Each of the tasks in our evaluation suite tests the extent

to which a training checkpoint captures some form of linguistic information, or a specific aspect of

linguistic knowledge, and they serve as a proxy for language understanding in the model.
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4.2.1 Replicating XLM-R

Analyzing model learning throughout pretraining requires access to intermediate training check-

points, rather than just the final artifact. We replicate the base version of XLM-R and save a number

of checkpoints throughout the training process. Our pretraining setup primarily follows that of the

original XLM-R, with the exception that we use a smaller batch size (1024 examples per batch

instead of 8192) due to computational constraints. All other hyperparameters remain unchanged.

XLM-Rreplica consists of the same model architecture as XLM-Rbase, with a total of 270M

parameters. We train the model for 1.5 million updates on 64 Nvidia V100 32 GB GPUs using

the fairseq library (Ott et al., 2019). Notably, the language sampling alpha for up-weighting less

frequent languages is set to α = 0.7: this matches the value used for the XLM-R, though it was

reported as α = 0.3 in the original paper.

XLM-Rreplica is also trained on the same data as the original model, CC100. This dataset

consists of filtered Common Crawl data for 100 languages, with a wide range of data quantities

ranging from 0.1 GiB for languages like Xhosa and Scottish Gaelic to over 300 Gib for English.

As with XLM-R, we train on CC100 for 1.5M updates and save 39 checkpoints for our analysis,

with more frequent checkpoints taken in the earlier portion of training: we save the model every 5k

training steps up to the 50k step, and then every 50k steps. Further details about the original data

and pretraining scheme can be found in Conneau et al. (2020a).

Comparing XLM-Rbase and XLM-Rreplica We compare the performance of our retrained XLM-

Rreplica model against the original XLM-Rbase on a subset of the tasks in our evaluation suite (Table

Task XLM-Rbase XLM-Rreplica

In-lang
BPC 0.609* 0.652
POS 89.65* 87.20

XNLI 58.08∗ 55.73

X-lang
POS 66.01* 64.94

XNLI 53.26 53.77∗

Table 4.1: Average performance across languages of XLM-Rbase and the final checkpoint of XLM-
Rreplica.
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Task Setup Num. Langs (Pairs) ExampleIn-lang. X-lang.

BPC Masked LM 94 – The [MASK] brown fox jumps
quick

POS Tagging Token Labeling 44 18 → 18 The quick brown fox jumps
ADJ

Dependency Arc Pred. Token Pair Labeling 44 18 → 18 The quick brown fox jumps

✖ ✔ 

Dependency Arc Class. Token Pair Labeling 44 18 → 18 The quick brown fox jumps
amod

XNLI Sent. Pair Labeling 15 15 → 15
The quick brown fox jumps
The fox is fast Entails

SimAlign Unsupervised Alignment – 1 → 6 The quick brown fox jumps
Le renard brun rapide saute

Table 4.2: Summary of the linguistic information we probe XLM-Rreplica for throughout pretraining.

Task Languages
BPC af, am, ar, as, az, be, bg, bn, br, bs, ca, cs, cy, da, de, el, en, eo, es, et, eu, fa, fi, fr, fy,

ga, gd, gl, gu, ha, he, hi, hr, hu, hy, id, is, it, ja, jv, ka, kk, km, kn, ko, ku, ky, la, lo, lt,
lv, mg, mk, ml, mn, mr, ms, my, ne, nl, no, om, or, pa, pl, ps, pt, ro, ru, sa, sd, si, sk,
sl, so, sq, sr, su, sv, sw, ta, te, th, tl, tr, ug, uk, ur, uz, vi, xh, yi, zh, zh

UD af, ar, bg, ca, cs, cy, da, de, el, en, es, et, eu, fa, fi, fr, ga, gd, he, hi, hr, hu, hy, is, it,
ja, ko, la, lv, nl, pl, pt, ro, ru, sk, sl, sr, sv, tr, ug, uk, ur, vi, zh

XNLI ar, bg, de, el, en, es, fr, hi, ru, sw, th, tr, ur, vi, zh

Table 4.3: Table summarizing the languages considered for each task. Languages in bold are also
used for the cross-lingual setting of the task. UD covers all of the languages used for POS tagging,
dependency arc prediction, and dependency arc classification.

4.1). We find that on average, the original XLM-R model achieves better BPC than the replicated

model; this is likely due to the decrease in batch size while retraining the model. The replica model

also performs slightly worse than the original on in-language tasks but comparably cross-lingually

(and outperforms the original model on cross-lingual XNLI).

4.2.2 Linguistic Information Tasks

The analysis suite covers different types of syntactic knowledge, semantics in the form of natural

language inference, and word alignment (Table 4.2). These tasks evaluate both in-language linguis-

tics as well as cross-lingual transfer with a wide variety of languages and language pairs. Most

tasks (POS tagging, dependency structure tasks, and XNLI) are evaluated with accuracy; the MLM
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evaluation is scored on BPC, and SimAlign is evaluated on F1 performance. Table 4.3 presents the

languages included in each probing task. We filter the Romanized versions of languages from the

CC100 dataset, leaving us with up to 94 for evaluation.

MLM Bits per Character (BPC) As an intrinsic measure of model performance, we consider

the bits per character (BPC) on each training language of the underlying MLM. For a sequence s,

BPC(s) is the (average) negative log-likelihood (NLL) of the sequence under the model normalized

by the number of characters per token; lower is better for this metric. These numbers are often not

reported for individual languages or across time for multilingual models, making it unclear how

well the model captures each language on the pretraining task. We evaluate BPC on the validation

split of CC100.

Part-of-Speech (POS) Tagging We probe XLM-Rreplica with a linear model mapping each word’s

representation to its corresponding POS tag; words that are split into multiple subword tokens in the

input are represented by the average of their subword representations. The probes are trained using

the Universal Dependencies (UD) treebanks for each language (Nivre et al., 2020). For cross-lingual

transfer, we evaluate using Parallel Universal Dependencies (PUD; Zeman et al., 2017), a set of

parallel test treebanks, to control for any differences in the evaluation data.

Dependency Structure We evaluate syntactic dependency structure knowledge with two pair-

wise probing tasks: arc prediction, in which the probe is trained to identify pairs of words that

are linked with a dependency arc; and arc classification, where the probe labels a pair of words

with their corresponding dependency relation. The two word-level representations r1 and r2 are

formatted as a single concatenated input vector [r1; r2; r1 ⊙ r2], following the method presented in

Chapter 2. This combined representation is then used as the input to a linear model that labels the

word pair. Probes for both dependency tasks are trained and evaluated with the same set of UD

treebanks as POS tagging.
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XNLI We also consider model knowledge of natural language inference (NLI), where the probe

is trained to determine whether a pair of sentences entail, contradict, or are unrelated to each

other. Given two sentences, we obtain their respective representation r1 and r2 by averaging all

representations in the sentence, and train the probe on the concatenated representation [r1; r2; r1⊙r2].

We train and evaluate the probes with the XNLI dataset (Conneau et al., 2018); for training data

outside of English, we use the translated data provided by Singh et al. (2019).

Word Alignment In the layer-wise evaluation (§4.5), we evaluate how well the model’s internal

representations are aligned using SimAlign (Sabet et al., 2020), an unsupervised algorithm for

aligning bitext at the word level using multilingual representations. We evaluate the XLM-Rreplica

training checkpoints with SimAlign on manually annotated reference alignments for the following

language pairs: EN-CS (Mareček, 2008), EN-DE3, EN-FA (Tavakoli and Faili, 2014), EN-FR

(WPT2003, Och and Ney, 2000), EN-HI4, and EN-RO4.

4.2.3 Linguistic Probe Experimental Details

Each evaluation is run on the frozen parameters of a training checkpoint of XLM-Rreplica. All

representations are taken from the final (12th) layer of the encoder, except for the experiments

presented in §4.5, which consider the performance of different layers within the model over time.

For the linguistic information tasks involving probing, each probe consists of a single linear

layer, trained with a batch size of 256 for 50 epochs with early stopping performed on the validation

set. The probes, therefore, consist of a limited number of parameters m ∗ l, where m = 768

is the output dimension of the model and l is the size of the task label set. Following Liu et al.

(2019a), the probes are optimized with a learning rate of 1e-3. Each probe is trained on a single

Nvidia V100 16GB GPU and takes between <1 minute and 6 minutes to train (depending on dataset

size, which varies by language and task). The reported results for each probe are the averaged

performance across five runs. For SimAlign, we use the default settings provided in the SimAlign

3Gold alignments on EuroParl (Koehn, 2005), http://www-i6.informatik.rwth-aachen.de/goldAlignment/
4 WPT2005, http://web.eecs.umich.edu/ mihalcea/wpt05/
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implementation.5 We report word-level alignment performance (instead of sub-word alignment)

using the itermax alignment algorithm.

Generally, the probe is trained and evaluated on the same language. However, for the cross-

lingual experiments in §4.4 and §4.5.2, we instead train the probe on one language (the source

language) and use that source probe to evaluate the model on other, target languages.

4.3 In-language Learning Throughout Pretraining

We first consider the in-language, or monolingual, performance of XLM-Rreplica on different types of

linguistic information across pretraining. We find that in-language linguistics is learned (very) early

in pretraining and is acquired in a consistent order, with lower-level syntactic information learned

before more complex syntax and semantics. Additionally, the final checkpoint of XLM-Rreplica often

experiences performance degradation compared to the best checkpoint for a language, suggesting

that the model is forgetting information for a number of languages by the end of pretraining.
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Figure 4.1: Best in-language performance of XLM-Rreplica on various tasks and languages across
all checkpoints.

4.3.1 Monolingual Performance for Different Languages

Figure 4.1 presents the overall best performance of the model across time on the considered tasks

and languages. We observe a large amount of variance in performance on each task. Across

languages, the performance of XLM-Rreplica ranges between 1.86 and 0.36 BPC for language

modeling, 88.3% and 96.5% accuracy for dependency arc prediction, 77.67% and 98.3% accuracy
5https://github.com/cisnlp/simalign
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Figure 4.2: Learning progress of XLM-
Rreplica on POS tagging, up to 200k training
steps. Each point represents the step where
the model achieves x% of it’s best overall
performance on that task.

Figure 4.3: Heatmap of relative performance
over time for dependency arc prediction and
classification. Languages are ordered by per-
formance degradation in the final training
checkpoint.

for POS tagging, 54.7% and 93.3% accuracy for arc classification, and 53.8% and 62.9% accuracy

for XNLI. Overall, these results confirm previous findings that multilingual model performance

varies greatly on different languages.

4.3.2 When Does XLM-R Learn Linguistic Information?

Figure 4.2 shows the step at which XLM-Rreplica reaches different percentages of its overall best

performance.

Monolingual linguistics is acquired early in pretraining We find that XLM-Rreplica acquires

the majority of in-language linguistic information early in training. However, the average time step
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for acquisition varies across tasks. For dependency arc prediction, all languages achieve 98% or

more of total performance by 20k training steps (out of 1.5M total updates). In contrast, XNLI is

learned later with the majority of the languages achieving 98% of the overall performance after

100k training updates. This order of acquisition is in line with monolingual English models, which

have also been found to learn syntactic information before higher-level semantics (Liu et al., 2021).

We also observe that this order of acquisition is often maintained within individual languages.

12 out of 13 of the languages shared across all tasks reach 98% of the best performance consistently

in the order of POS tagging and arc prediction (which are typically learned within one checkpoint

of each other), arc classification, and XNLI.

Model behavior later in pretraining varies across languages For some languages and tasks,

XLM-Rreplica never achieves good absolute performance (Figure 4.1). For others, the performance

of XLM-Rreplica decreases later in pretraining, leading the converged model to have degraded

performance on those tasks and languages (Figure 4.3). We hypothesize that this is another aspect

of the “curse of multilinguality,” where some languages are more poorly captured in multilingual

models due to limited capacity (Conneau et al., 2020a; Wang et al., 2020), arising during the training

process. We also find that the ranking of languages by performance degradation is not correlated

across tasks. This suggests the phenomenon is not limited to a subset of low-resource languages

and can affect any language learned by the model.

More generally, these trends demonstrate that the best model state varies across languages and

tasks. Since BPC continues to improve on all individual training languages throughout pretraining,

the results also indicate that performance on the pretraining task is not directly tied to performance

on the linguistic probes. This is somewhat surprising, given the general assumption that better

pretraining task performance corresponds to better downstream task performance.
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Figure 4.4: Overall performance of XLM-Rreplica on each analysis task when transferring from
various source to target languages.

Figure 4.5: Heatmap of the asymmetry of cross-lingual transfer in XLM-Rreplica. Each cell shows
the difference in performance between language pairs (l1 → l2) and (l2 → l1).

Figure 4.6: Cross-lingual learning progress of XLM-Rreplica across pretraining. Each red point
represents the step to 98% of the best performance for a language pair; the purple represents the
mean 98% transfer step for the source language.

Figure 4.7: Degradation of cross-lingual transfer performance of XLM-Rreplica across pretraining.
Each blue point represents the change in performance from the overall best step to the final model
checkpoint for a language pair; the navy represents the mean decrease for the source language.60



4.4 Cross-lingual Transfer Throughout Pretraining

Another question of interest is: when do multilingual models learn to transfer between languages?

We find that cross-lingual transfer is acquired later in pretraining than monolingual linguistics and

that the step at which XLM-Rreplica learns to transfer a specific language pair varies greatly. Fur-

thermore, though the order in which XLM-Rreplica learns to transfer different linguistic information

across languages is — on average — consistent with in-language results, the order in which the

model learns to transfer across specific language pairs for different tasks is much more inconsistent.

4.4.1 Overall Transfer Across Language Pairs

Which languages transfer well? Figure 4.4 shows cross-lingual transfer between different

language pairs; most source languages perform well in-language (the diagonal). We observe that

some tasks, specifically dependency arc prediction, are easier to transfer between languages than

others; however, across the three tasks with shared language pairs (POS tagging, arc prediction, and

arc classification) we see similar behavior in the extent to which each language transfers to others.

For example, English and Italian both transfer well to most of the target languages. However, other

languages are isolated and do not transfer well into or out of other languages, even though in some

cases the model achieves good in-language performance.

On XNLI, there is more variation in in-language performance than is observed for syntactic

tasks. This stems from a more general trend that some languages appear to be easier to transfer

into than others, leading to the observed performance consistency within columns. For example,

English appears to be particularly easy for XLM-Rreplica to transfer into, with 12 out of the 14

source languages performing as well or better on English as in-language.

Cross-lingual transfer is asymmetric We also find that language transfer is asymmetric within

language pairs (Figure 4.5). There are different transfer patterns between dependency arc prediction

and the other syntactic tasks: for example, we see that Korean is worse relatively as a source

language than as the target for POS tagging and arc classification, but performs better when
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transferring to other languages in arc prediction. However, other languages such as Arabic have

similar trends across the syntactic tasks. On XNLI, we find that Swahili and Arabic are the most

difficult languages to transfer into, though they transfer to other languages reasonably well.

These results expand on observations in Turc et al. (2021) and emphasize that the choice of

source language has a large effect on cross-lingual performance in the target. However, there are

factors in play in addition to linguistic similarity causing this behavior, leading to asymmetric

transfer in a language pair.

4.4.2 When is Cross-lingual Transfer Learned During Pretraining?

We next consider when during pretraining XLM-Rreplica learns to transfer between languages

(Figure 4.6; the dotted line indicates the 200k step cutoff used in Figure 4.2 for comparison). Unlike

the case of monolingual performance, the step at which the model acquires most cross-lingual signal

(98%) varies greatly across language pairs. We also find that (similar to the in-language setting)

higher-level linguistics transfer later in pretraining than lower-level ones: the average step for a

language pair to achieve 98% of overall performance occurs at 115k for dependency arc prediction,

200k for POS tagging, 209k for dependency arc classification, and 274k for XNLI. In contrast,

when the model learns to transfer different linguistic information between two specific languages

can vary wildly: only approximately 21% of the language pairs shared across the four tasks transfer

in the expected order.

We also investigate the amount to which the cross-lingual abilities of XLM-Rreplica decrease

over time (Figure 4.7). Similarly to in-language behavior, we find that the model exhibits notable

performance degradation for some language pairs (in particular on POS tagging and dependency

arc classification), and the extent of forgetting can vary wildly across target languages for a given

source language.
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Figure 4.8: Heatmap of XLM-Rreplica perfor-
mance for Japanese arc classification and Bulgar-
ian XNLI.

Figure 4.9: Heatmap of XLM-Rreplica cross-
lingual performance by layer for arc classifica-
tion (JA → EN) and SimAlign (EN-CS).

4.5 Layer-wise Learning Throughout Pretraining

In the experiments above we show that in many cases the final layer of XLM-Rreplica forgets

information by the end of pretraining. Motivated by this, we investigate whether this information is

retained in a different part of the network by probing how information changes across layers during

pretraining. We find a surprising trend in how the best-performing layer changes over time: the

model acquires knowledge in higher layers early on, which then propagates to and improves in the

lower layers later in pretraining.

4.5.1 In-language Knowledge Across Layers

We first look at the layer-wise performance of XLM-Rreplica on a subset of languages for dependency

arc classification (CS, EN, HI, and JA) and XNLI (BG, EN, HI, and ZH) (Figure 4.8). We find that

the last layer is often not the best one for each task, with lower layers often outperforming the final

one. On average, the best internal layer state outperforms the final layer of XLM-Rreplica by 7.59

accuracy points on arc classification and 2.93 points on XNLI.

We also observe a trend of lower layers acquiring knowledge later in training than the final

one. To investigate this, we calculate the expected best layer (i.e., the average layer weighted by
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performance) at each checkpoint and find that it decreases over time, by up to 2.79 layers for arc

classification and 2.49 layers for XNLI, indicating that though the final layer quickly fits to the

forms of in-language information we test for, this information then shifts to lower layers in the

network over time.

4.5.2 Cross-lingual Knowledge Across Layers

Next, we consider how cross-lingual transfer skills are captured across layers during pretraining.

Every other XLM-Rreplica layer is evaluated on the subsets of languages for arc classification and

XNLI in §4.5.1. We also use SimALign to test how well word representations at these layers

align from English to {CS, DE, FA, FR, HI, RO}.We observe similar trends with respect to layer

performance over time to the in-language results (Figure 4.9). Specifically, we observe an average

decrease in the expected layer of 1.10 (ranging from 0.67 to 2.20) on arc classification, 1.02 (ranging

from 0.37 to 2.01) on XNLI, and 1.66 (ranging from 0.83 to 2.41) on SimAlign.

We also observe that while most layers perform relatively well in-language performance, the

lowest layers of XLM-Rreplica (layers 0-4) often perform much worse than the middle and final

layers for cross-lingual transfer throughout the pretraining process – for example, in the case of

Japanese to English on arc classification. We hypothesize that this is due to better alignment across

languages in later layers, similar to the findings in Muller et al. (2021).

4.6 What Factors Affect Multilingual Learning?

This section presents extended results analyzing the correlations between different factors and the

in-language and cross-lingual learning exhibited by XLM-Rreplica.

4.6.1 In-language Correlation Study

We consider whether the following factors correlate with various measures of model learning (Table

4.4): pretraining data, the amount of text in the CC100 corpus for each language; task data, the
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Variable Factors Spearman (ρ)
BPC POS Arc Pred. Arc Class. XNLI

Task Perf.
Pretraining Data -0.597** 0.258 0.267 0.411* 0.767**

Task Data -0.597** 0.462* 0.276 0.527**
Lang Sim. 0.427** -0.315* -0.170 -0.427* -0.779**

Steps to 95%
Pretraining Data 0.135 -0.290 -0.193 -0.301* -0.239

Task Data 0.135 -0.065 -0.260 -0.209
Lang Sim. -0.385** 0.156 0.268 0.325* 0.316

Forgetting
Pretraining Data 0.230 0.218 0.437* 0.564*

Task Data -0.322* -0.338* -0.015
Lang Sim. 0.172 -0.158 -0.181 -0.795**

Table 4.4: Correlation study of different factors against measures of in-language knowledge. * p <
0.05, ** p < 0.001

amount of in-task data used to train each probe; and language similarity to English, which is the

highest-resource language in the pretraining data. We use the syntactic distances calculated in

Malaviya et al. (2017) as our measure of language similarity; these scores are smaller for more

similar language pairs.

Overall Performance The amount of pretraining data and in-task training data are strongly

correlated with overall task performance for most of the considered tasks; this corroborates similar

results from Wu and Dredze (2020). Language similarity with English is also correlated with better

in-task performance on all tasks except for dependency arc prediction, suggesting that some form of

cross-lingual signal supports in-language performance for linguistically similar languages.

Learning Progress Measures We also consider (1) the step at which XLM-Rreplica achieves

95% of its best performance for each language and task, which measures how quickly the model

obtains a majority of the tested linguistic information, and (2) how much the model forgets from

the best performance for each language by the final training checkpoint. We find that language

similarity to English is strongly correlated with how quickly XLM-Rreplica converges on BPC and

dependency arc classification. This suggests that cross-lingual signal helps the model more quickly

learn lower-resource languages on these tasks, in addition to improving overall model performance.

However, we observe no strong trends as to what factors affect forgetting across tasks.

65



Variable Factors Spearman (ρ)
POS Arc Pred. Arc Class. XNLI

Task Perf.

Src. Pretraining Data 0.113* 0.107 0.117* 0.178*
Trg. Pretraining Data 0.038 0.144* 0.015 0.625**

Task Data 0.245** 0.124* 0.129*
Lang Sim. -0.598** -0.575** -0.593** -0.321**

Asymmetry
Src. Pretraining Data 0.116* -0.045 0.140* -0.423*
Trg. Pretraining Data -0.116* 0.045 -0.140* 0.423*

Task Data 0.123* -0.016 -0.077

Steps to 95%

Src. Pretraining Data -0.290** -0.023 -0.132* -0.195*
Trg. Pretraining Data -0.123* -0.066 -0.106 -0.057

Task Data 0.073 -0.057 0.115*
Lang Sim. 0.475** 0.518** 0.492** 0.076

Forgetting

Src. Pretraining Data -0.208** -0.123* 0.000 0.137*
Trg. Pretraining Data 0.042 0.015 0.122* -0.079

Task Data 0.009 -0.004 0.078
Lang Sim. 0.165* 0.186* -0.025 0.164*

Table 4.5: Correlation study of different factors against measures of cross-lingual transfer. * p <
0.05, ** p < 0.001

4.6.2 Cross-lingual Correlation Study

Table 4.5 presents a correlation study of different measures for cross-lingual transfer in XLM-

Rreplica. We consider the effect of source and target pretraining data quantity, the amount of in-task

training data (in the source language), and the similarity between the source and target language on

the following transfer measures: overall task performance, asymmetry in transfer (the difference in

model performance on l1 → l2 compared to l2 → l1), the step at which the model achieves 95%

or more of overall performance on the language pair, and forgetting – the (relative) degradation of

overall performance in the final model checkpoint.

Correlations of Transfer with Language Factors For overall cross-lingual performance, we

observe that language similarity is highly correlated with task performance for all tasks and is

similarly correlated with speed of acquisition (the step to 95% of overall performance) for three of

the four considered tasks. This is in line with prior work that has also identified language similarity

as a strong indicator of cross-lingual performance (Pires et al., 2019). However, all considered

factors are less correlated with the other measures of knowledge acquisition, such as the asymmetry
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of transfer and the forgetting of cross-lingual knowledge; this suggests that there could be other

factors that explain these phenomena.

Interactions Between Learning Measures We also consider the correlations between the dif-

ferent measures of model performance on cross-lingual transfer. For example, overall transfer

performance is strongly correlated (p«0.001) with earlier acquisition (step to 95% of overall perfor-

mance) for all syntactic tasks: ρ = −0.50 for both POS tagging and dependency arc prediction and

−0.55 for arc classification. To a lesser extent, overall transfer performance and model forgetting

are negatively correlated, ranging from ρ = −0.13 to −0.42 across considered tasks. This indicates

that XLM-Rreplica forgets less of the learned cross-lingual signal for better-performing language

pairs, at the expense of already less successful ones.

4.7 Discussion

In this chapter, we probe training checkpoints across time to analyze the training dynamics of

the XLM-R pretraining process. We find that although the model learns in-language linguistic

information early in training – similar to findings on monolingual models – cross-lingual transfer is

obtained all throughout the pretraining process.

Furthermore, the order in which linguistic information is acquired by the model is generally

consistent, with lower-level syntax acquired before semantics. However, we observe that for

individual language pairs this order can vary wildly, and our statistical analyses demonstrate that

model learning speed and overall performance on specific languages (and pairs) are difficult to

predict from language-specific factors.

We also observe that the final model artifact of XLM-Rreplica performs often significantly worse

than earlier training checkpoints on many languages and tasks. However, layer-wise analysis of

the model shows that linguistic information shifts lower in the network during pretraining, with

lower layers eventually outperforming the final layer. Altogether, these findings provide a better

understanding of multilingual training dynamics that can inform future pretraining approaches.

67



Chapter 5

Cross-lingual Expert Language Models

Despite their popularity in NLP beyond English, multilingual language models often underperform

monolingual ones due to inter-language competition for model parameters. We propose Cross-

lingual Expert Language Models (X-ELM), which mitigate this competition by independently

training language models on subsets of the multilingual corpus. This process specializes X-ELMs

to different languages while remaining effective as a multilingual ensemble. Our experiments

show that when given the same compute budget, X-ELM outperforms jointly trained multilingual

models across all considered languages and that these gains transfer to downstream tasks. X-

ELM provides additional benefits over performance improvements: new experts can be iteratively

added, adapting X-ELM to new languages without catastrophic forgetting. Furthermore, training

is asynchronous, reducing the hardware requirements for multilingual training and democratizing

multilingual modeling.1

5.1 Introduction

Massively multilingual language models (LMs), which are trained on terabytes of text in a hundred

or more languages, underlie almost all multilingual and cross-lingual NLP applications (Scao et al.,

1This chapter presents a summary of, and includes materials originally published in, Blevins et al. (2024). Appendix
C provides more experimental details, analysis, and full numerical results.
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Figure 5.1: Overview of the X-ELM pretraining procedure. Left: We partition the multilingual text
corpus into k subsets either through automatic TF-IDF clustering of documents or through grouping
languages by linguistic typology. Center: Branch-Train-Merge (BTM) pretraining method. We
initialize (branch) k experts from a seed LM, train each expert on a different cluster from the
pretraining corpus, and merge the experts into a set of X-ELMs. Right: Hierarchical Multi-Round
(HMR) training procedure (§5.4).

2022; Lin et al., 2022, inter alia). Despite their wide adoption, these models come at a cost: by

modeling many languages in a single model, there is inter-language competition for fixed model

capacity; this causes performance on individual languages to degrade relative to monolingual models

(Conneau et al., 2020a; Chang et al., 2023). Furthermore, this phenomenon (termed the curse of

multilinguality) can significantly harm low-resource languages (Wu and Dredze, 2020).

In this paper, we address the curse of multilinguality with Cross-lingual Expert Language

Models (X-ELM, Figure 5.1), an ensemble of language models initialized from a pretrained multi-

lingual model and each independently trained on a different subset of a multilingual corpus. Our

ensemble allows for efficient scaling of model capacity to better represent all the corpus languages.

These X-ELMs are trained with x-BTM, a new extension of the Branch-Train-Merge paradigm

(BTM; Li et al., 2022; Gururangan et al., 2023, §5.2) to the more heterogenous multilingual setting.

x-BTM improves over existing BTM techniques by introducing (1) a new method for balanced

clustering of multilingual data based on typological similarity and (2) Hierarchical Multi-Round

training (HMR), an algorithm for efficiently training new experts specialized to unseen languages or

other distributions of multilingual data. Once the initial X-ELMs are trained, we dynamically select
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experts to perform inference (§5.3.3). We can also efficiently adapt X-ELMs to novel settings with

additional rounds of x-BTM on new experts branched from existing X-ELMs (§5.4); this improves

the overall X-ELM set without altering the existing experts.

We train X-ELMs on 20 total languages—including adapting to 4 unseen ones–and on up to 21

billion training tokens. Our experiments demonstrate that X-ELMs outperform the dense language

models given the same compute budget in every considered experimental setting, with improvements

of up to 3.8 perplexity points (§5.6). Furthermore, the perplexity gains observed in X-ELM languages

are well-balanced across language resourcedness, and adapting the models to new languages via

HMR training significantly outperforms standard language-adaptive pretraining methods. We also

show that the language modeling gains of X-ELM hold on downstream task evaluations (§5.7).

Multilingual modeling with X-ELM provides additional benefits over improved performance.

Training a set of X-ELMs is more computationally efficient than a comparable dense model; each

expert is trained independently, which removes the overhead cost of cross-GPU synchronization (Li

et al., 2022) and allows experts to be trained asynchronously in low-compute settings. Similarly,

adapting X-ELMs to new languages is more efficient than continued training of a dense LM and

does not risk catastrophic forgetting of previously seen languages, as adding a new X-ELM does not

change the existing experts. As a result, X-ELMs allow much more efficient modeling than prior

multilingual approaches, democratizing work on building and improving multilingual systems.

5.2 Background: Branch-Train-Merge

Multilingual LMs are typically trained in a dense manner, where a single set of parameters are

updated with every training batch. When training large LMs, the dense training setup calculates

gradients on and synchronizes model parameters across many GPUs.2 This requires all GPUs to be

available simultaneously and incurs communication costs that prolong training.

Branch-Train-Merge (BTM; Li et al. 2022) alleviates this cost by dividing the total compute

2For example, the XGLM-7.5B model “was trained on 256 A100 GPUs for about 3 weeks” (Lin et al., 2022).
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among smaller expert language models that are trained independently on different domains (or

subsets of a corpus) and then combined during inference time. While the total number of parameters

increases with the number of experts, inference with these models often uses a subset of experts

(see §5.3.3), keeping inference costs manageable.

c-BTM (Gururangan et al., 2023) generalizes the above approach with cluster-based represen-

tations of domains. Across multiple corpora, they show that (1) the optimal number of experts

increases with data and compute and (2) a set of small expert models performs similarly to equiva-

lently sized dense models at vastly reduced FLOP budgets.

Our work extends these studies to the multilingual setting, in which experts are specialized to

different languages instead of (primarily) English-language domains. In the multilingual setting, we

can also use typological structure to specialize experts, which we show provides additional benefits

over automatic data clustering. We also demonstrate that training along the hierarchy of language

families in multiple rounds yields further performance benefits.

5.3 Cross-lingual Expert Language Models

Multilingual language models are jointly trained on many different languages (e.g., Lin et al., 2022),

despite the well-documented curse of multilinguality that comes from the competition between

languages for fixed model capacity (Conneau et al., 2020a; Wang et al., 2020). We propose Cross-

lingual Expert Language Models, or X-ELMs, to address this performance disparity (Figure 5.1).

These experts are trained with x-BTM, an extension of the Branch-Train-Merge (BTM) pretraining

paradigm (Li et al., 2022; Gururangan et al., 2023): we asynchronously train many expert LMs

on subsets of a multilingual corpus in order to specialize them to different sub-distributions of

the multilingual space and then merge the experts to perform inference. We hypothesize that this

training scheme will alleviate the curse of multilinguality on individual languages while maintaining

the cross-lingual properties of dense multilingual LMs.
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5.3.1 x-BTM: Sparse Multilingual Training

This section overviews our algorithm for sparse training of multilingual experts.

Step 0: Multilingual Data Allocation As a preprocessing step, we partition the multilingual

corpus into k clusters to train each X-ELM. We consider learning TF-IDF clusters as well as a new

clustering method that groups documents by language identity and linguistic typology (§5.3.2).

Step 1: Branch A preliminary stage of shared, dense pretraining is important for ensembling

expert language models (Li et al., 2022). Therefore, the first step of BTM is to initialize (branch)

each expert with the parameters from a partially trained model. For this work, we initialize our

X-ELMs with an existing multilingual pretrained model, XGLM (Lin et al., 2022).

Step 2: Train After initialization, we assign each expert a data cluster and train for a fixed

number of steps with an autoregressive LM objective. Expert training is independent, with no shared

parameters between models.

Step 3: Merge We collect the k X-ELMs into a set and perform inference with them. We consider

several methods of inference and expert ensembling in §5.3.3.

Steps 1 – 3 describe a single round of x-BTM training. However, we can continue to update the

X-ELM set by branching—initializing a new group of experts—from existing models in the ensemble

and performing more rounds of x-BTM via the method we propose in §5.4. This allows us to further

improve X-ELM by training and adding new experts.

5.3.2 Data Allocation Methods

How we assign data to experts is a key component of training X-ELM, and it is a particularly crucial

choice as the data becomes more diverse (i.e., spanning many languages). We consider two methods

of data allocation when training our X-ELMs:
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Balanced TF-IDF Clustering We partition the multilingual corpus automatically into k com-

ponents with k-means clustering. First, we encode each document into a word-level TF-IDF

representation3; we then perform balanced k-means clustering on these representations to obtain

approximately balanced subsets of the data on which to train each X-ELM. Further details on the

balanced k-means clustering method can be found in Gururangan et al. (2023). This allocation

method uses no language information outside of what is inherent in the text (e.g., script, vocabulary).

Figure 5.2: Heirachical clustering of languages used to train our X-ELM ensembles.

Linguistic Typology Clustering We also consider segmenting the corpus by language identity.4

Rather than balancing the amount of data allocated to each cluster in this setting, we instead keep the

number of languages per cluster fixed. Specifically, we learn a balanced hierarchical clustering of the

languages (Figure 5.2). We build this hierarchy using the language similarity metrics in LANG2VEC

(Littell et al., 2017), which represents languages based on linguistic features in resources such as

WALS5 and estimates language similarity with distance in this feature space. We first initialize each

cluster with a single language; at each step, we merge each cluster with exactly one other based on

the minimum distances between the cluster centroids. We then group languages according to the

resulting hierarchy and the desired number of experts. When the number of languages equals the

number of experts, typological clustering results in monolingual training, where every language is

assigned a separate expert.

3Data tokenization is independent of the downstream model. Here, we use the sklearn text-vectorizer tokenizer.
4This requires knowledge of the language of each document. We use the language tags provided with mC4.
5World Atlas of Language Structures, https://wals.info/
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K = 4 K = 8 K = 16

Figure 5.3: Percentage of language data assigned to differ-
ent experts with TF-IDF (top row) and Typ. (bottom row)
clustering. For Typ. clustering, each language is assigned
entirely to a single expert.

Comparing the Clustering Tech-

niques Figure 5.3 shows the dif-

ference in language distributions be-

tween the TF-IDF and Linguistic Ty-

pology clusters. While TF-IDF al-

lows language data to spread across

experts, we find that, in practice, the

distributions remain relatively sparse.

The main exception is at k = 16,

when the highest-resourced languages

in the data (e.g., English or Russian)

are split across clusters due to the con-

straint that balances the amount of data per cluster.

5.3.3 Inference with X-ELMs

We evaluate a number of different methods for performing inference with X-ELMs:

Top-1 Expert This method performs inference with a single expert chosen prior to evaluation;

therefore, it incurs the same inference cost as the dense baselines. When evaluating the Typology

experts on a particular language ℓ, we choose the expert that included ℓ in the set of languages

on which they continued pretraining. Similarly, when evaluating TF-IDF, we choose the X-ELM

trained on the highest percentage of ℓ’s data.

Ensembling TF-IDF Experts We also consider ensembling TF-IDF experts by adapting the

c-BTM ensemble routing method. Here, we calculate ensembling alphas, or weights, over these

experts for each evaluation step based on the proceeding context’s TF-IDF distance from the experts’

k-means centroids. These weights are then used to ensemble the output probabilities from each
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expert.

More specifically, given a probability from each expert LM pe(xt|x<t) and the correspond-

ing ensemble weight αe = p(e|x<t) ∝ exp(−dist(x<t, ce)
2/T ), the probability of the ensemble

pE(xt|x<t) =
∑

e∈E αe · pe(xt|x<t). Here, dist(x<t, ce) is obtained by embedding x<t with the

learned TF-IDF vectorizer and calculating the Euclidean distance from ce (the centroid over the data

representations allocated to expert e), and T is a temperature parameter over the ensemble weight

distribution. Further details and motivation for this setting are provided in Gururangan et al. (2023).

Ensembling X-ELM outputs increases the cost of inference relative to the dense model or top-1

inference. However, it can potentially better fit different subsets of data in a diverse evaluation set.

We also do not assume we know the identity of each example when ensembling, which makes this

approach more flexible than the top-1 setting. In most cases, we ensemble all k experts; however,

we can also reduce computational costs by sparsifying the ensemble weights and only activating

the m (< k) experts that most contribute to an example: pE(xt|x<t) =
∑

e∈E αe · pe(xt|x<t) : αe ∈

top-m(αE).

5.4 Hierarchical Multi-Round Training

We previously described a single round of training for X-ELM (§5.3.1). However, BTM can also be

used repeatedly to train new experts seeded with those learned in a prior round. The multilingual

setting provides a natural extension of multi-round training that leverages typological structure

when initializing new experts.

We propose Hierarchical Multi-Round (HMR) pretraining (Figure 5.1), which uses the learned

typological tree structure from Linguistic Typology clustering to iteratively train more specific X-

ELMs. Specifically, given an expert model x trained on a cluster of languages L, we initialize a new

set of experts X ′ = x′
1, x

′
2, ..., x

′
n with the parent expert x. Each new expert in X ′ is then further

trained on a different sub-cluster ℓ′ ⊂ L.

HMR pretraining gives multiple benefits over single-round BTM. In particular, HMR training
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Language mC4† Size (%) XGLM Size
AR (Arabic) 243.14 (4.1%) 64.34
BG (Bulgarian) 109.3 (1.9%) 61.10
DE (German) 615.59 (10.4%) 369.30
EL (Greek) 193.63 (3.3%) 180.37
EN (English) 877.43 (14.8%) 3,324.45
ES (Spanish) 723.17 (12.2%) 363.83
FR (French) 506.74 (8.6%) 303.76
HI (Hindi) 125.44 (2.1%) 26.63
JA (Japanese) 764.71 (12.9%) 293.39
KO (Korean) 91.29 (1.5%) 79.08
RU (Russian) 957.02 (16.2%) 1,007.38
SW (Swahili) 3.06 (0.05%) 3.19
TR (Turkish) 248.07 (4.2%) 51.51
UR (Urdu) 10.15 (0.2%) 7.77
VI (Vietnamese) 296.65 (5.0%) 50.45
ZH (Chinese) 143.68 (2.4%) 485.32

AZ (Azerbaijani) 15.23 (–) –
HE (Hebrew) 67.14 (–) –
PL (Polish) 393.85 (–) –
SV (Swedish) 154.54 (–) –

Table 5.1: The frequencies and relative percentages of different languages in our training corpus
(†an mC4 subsample) and in the XGLM corpus, CC100-XL (Lin et al., 2022). Sizes are in gigabytes
(GiB). EN, ES, FR, and RU are downsampled to 1,024 shards for mC4.

saves compute and more easily adapts our X-ELMs to new settings. A specific application of this is

adding new languages to the model: while updating dense multilingual LMs with new languages

is difficult and can lead to catastrophic forgetting of existing languages (Winata et al., 2023),

hierarchically training an expert on a new language adds it to the X-ELM set without altering the

existing information in other experts. We further consider this use case for HMR training in §5.6.3.

5.5 Experimental Design

We present a series of experiments to test whether the X-ELM pretraining paradigm remedies the

decrease in individual language performance observed in dense multilingual models.
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5.5.1 Pretraining Data and Languages

We train our X-ELMs on mC4, an open-source, multilingual pretraining corpus derived from

CommonCrawl (Xue et al., 2021).6 mC4 provides language tags for each document in the corpus,

which were automatically assigned with cld37 when the dataset was constructed; we use these

language tags during typological clustering (§5.3.2). We focus our experiments on the 16 highest-

resourced languages out of the 30 languages on which the seed LM, XGLM-1.7B, was trained. For

languages with significantly more data than the others (e.g., English), we subsample their data to

the first 1,024 shards. Table 5.1 summarizes the languages we use, as well as their frequencies

in the original XGLM pretraining dataset and in our sub-sampled mC4 corpus; the final group of

languages is used in §5.6.3.

5.5.2 Pretraining Settings
# Tokens k # GPUs # updates grad acc.

10.5 B

1 8 20,000 32

4 4 20,000 16

8 4 20,000 8

16 2 20,000 8

21.0 B

1 8 40,000 32

4 4 40,000 16

8 4 40,000 8

16 2 40,000 8

Table 5.2: Overview of the compute budget and
resources used for different X-ELM experiments.
k is the number of experts, # GPUs indicates the
number of GPUs used to train each expert, and
grad acc. gives the number of gradient accumu-
lation steps used.

Each expert in the X-ELM experiments is a 1.7B

parameter model with the same architecture as

the 1.7B XGLM model (Lin et al., 2022), and

they are initialized with XGLM’s weights in the

initial round of BTM training. Unless otherwise

stated, we keep the training parameters from the

original XGLM training procedure. We train

the experts for a fixed number of training steps

and control for the number of tokens seen during

training. This ensures that all experts in a setting

see the same amount of data (and undergo the

same number of training updates) and that exper-

iments across different expert set sizes but under the same training budget are comparable. For most

6While one could also continue pretraining with the same corpus that the seed LM was trained on, the pretraining
data for XGLM is not publicly available.

7https://github.com/google/cld3
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experiments, we use a shared budget of 10.5B tokens and 20,000 training steps; where indicated,

we increase this to 21.0B tokens (40,000 steps) to test the effect of further training.

Table 5.2 presents the compute allocated to each expert and setting at different compute budgets

of the X-ELM experiments. The per-model instance batch size (bsz) for all experiments is 2, and

each training example had a sequence length (seq. len) of 2048. The total token budget (# Tokens)

is the product of (k, # GPUs, # updates, grad acc., bsz, seq. len), normalized by the number of

GPUs used for model parallelism (2). Experts are trained with a linear decay learning rate schedule;

we use a maximum learning rate of 1.5e− 4 after performing preliminary learning rate sweeps.

5.5.3 Perplexity Evaluation

To evaluate the language modeling performance of the X-ELMs, we separately calculate the perplex-

ity on the mC4 validation sets of each pretraining language. For languages with larger evaluation

sets, we estimate performance on the first 5,000 validation examples. This perplexity metric is not

comparable across languages, as they have different validation sets.

5.6 Language Modeling Experiments

We now test the effectiveness of sparse language modeling in the multilingual setting. First, we

determine the optimal number of clusters for our given compute budget and dataset (§5.6.1). We

then demonstrate that X-ELMs outperform comparable dense models on seen languages (§5.6.2) and

more effectively adapt to new, unseen languages (§5.6.3). Finally, we examine the effect of sparse

training on forgetting previously-held knowledge of languages in specific X-ELM experts (§5.6.4).

5.6.1 Choosing the Number of X-ELMs

We first consider which choice of k clusters gives the best multilingual language modeling perfor-

mance. Figure 5.4 compares the choice of k = 1, 4, 8, 16 X-ELMs when trained on 10.5B tokens.8

8The k = 16 setting is equivalent to training monolingual experts for every language.
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Figure 5.4: Average and language-specific (EN and SW) perplexities across expert counts (k) when
clustering with TF-IDFtop1 (square) and Linguistic Typology (triangle). The best k for each setting
is marked with a star.

k = 8 is the best-performing setting on 75% of languages when clustering with TF-IDF and for 15

of the 16 pretraining languages when clustering by language similarity. Furthermore, typological

clustering consistently outperforms TF-IDF.

These experiments indicate that, for the budget we evaluate, the best overall X-ELM setting

is bilingual models (k=8) clustered by language similarity. This result is surprising, as it is

intuitive to assume that simply continuing to pretrain each expert on a single language (i.e., the

k = 16 setting) would lead to better perplexity. We find that one language, Swahili, does benefit

from the monolingual k = 16 setting—possibly because Swahili is paired with a distant language

(Vietnamese) by the typological clustering process. However, perplexity is higher in the k = 16

setting for all other languages, and in some cases even underperforms the dense (k = 1) model.

5.6.2 Perplexity Results on Seen Languages

We now examine the performance of X-ELM in the best setting (k = 8) for the sixteen languages seen

during BTM training on computational budgets of 10.5B and 21.0B tokens. Table 5.3 presents the

perplexities of the TF-IDF clustered X-ELMs as well as the typologically (Typ.) clustered X-ELMs.

As baselines, we compare against the original XGLM-1.7B model and a dense model trained on

both computational budgets. We find that the best setting, k = 8 with typologically clustered

experts, improves by 2.97 and 1.20 on average over the seed and dense baseline models and has

individual language gains of up to 7.77 and 3.76 over these models, respectively.
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Lang. 10.5B Training Tokens 21.0B Training Tokens
XGLM Dense TF-IDFtop1 TF-IDFens

∗ Typ. Dense TF-IDFtop1 TF-IDFens
∗ Typ.

AR 16.85 15.29 14.51 14.56 14.66 14.97 14.00 14.05 14.16
BG 11.31 10.44 10.39 10.39 10.25 10.34 10.27 10.26 10.09
DE 15.53 14.02 13.41 13.50 13.42 13.72 12.95 13.05 12.97
EL 10.44 9.40 9.20 9.18 9.17 9.24 9.03 9.00 8.98
EN 14.37 12.88 12.93 12.73 12.78 12.69 12.68 12.47 12.55
ES 16.02 14.13 13.92 13.76 13.99 13.87 13.54 13.37 13.69
FR 13.12 11.78 11.19 11.28 11.29 11.54 10.79 10.88 10.91
HI 18.28 14.28 14.86 14.19 11.25 13.68 14.36 13.62 10.52
JA 14.57 12.31 11.95 11.95 11.49 11.79 11.36 11.37 10.88
KO 8.82 7.79 7.72 7.67 7.67 7.67 7.61 7.53 7.54
RU 13.43 12.52 12.14 12.21 12.08 12.33 11.83 11.90 11.74
SW 19.85 18.70 19.10 18.76 18.32 18.61 19.04 18.67 18.07
TR 17.81 15.34 14.13 14.28 13.80 14.88 13.41 13.58 13.03
UR 14.38 13.45 13.40 13.57 12.60 13.38 13.26 13.52 12.20
VI 13.07 11.39 11.00 10.86 10.22 11.09 10.56 10.42 9.69
ZH 17.91 13.74 13.28 13.53 11.98 13.12 12.61 12.87 11.24

Avg. 14.74 12.97 12.70 12.60 12.19 12.68 12.33 12.28 11.77

Table 5.3: Per-language and average perplexity results for the k = 8 X-ELM experiments (original
XGLM and k = 1 dense model included for comparison). Lower numbers are better. The best
setting for each language is bolded per compute budget. ∗TF-IDF ensemble uses more parameters
for inference than other evaluations.
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Expert language models outperform dense continued training For most languages (10 of 16),

typologically clustered experts are the best-performing setting. For some high-resource languages

(EN and ES), ensembling the TF-IDF experts works better than a single expert. However, this

inference setting requires more parameters, as it uses all X-ELMs instead of just the single best

expert per language. Furthermore, training X-ELMs for longer unsurprisingly outperforms lower

compute settings. All of our experimental settings outperform the seed XGLM model; similarly, the

experiments with the 21.0B token compute budget perform better than the respective experiment

trained with 10.5B tokens.

Figure 5.5: Comparison of PPL improvements
per language over XGLM-1.7B (circle) and dense
baseline (triangle) against the training data quan-
tity (for typologically clustered experts).

X-ELMs improve language modeling on all

languages We also show that multilingual lan-

guage modeling with X-ELMs does not dispro-

portionally benefit languages with more pre-

training data (Figure 5.5). Instead, perplex-

ity improvements over both the seed LM and

the dense LM baseline may slightly favor low-

resource languages (ρ = −0.19,−0.26, respec-

tively).

Sparse Modeling with TF-IDF Experts

Above, we compare ensembling TF-IDF experts

in an X-ELM set against choosing a single TF-

IDF expert for inference (where a single expert is selected based on the amount of in-language

data seen during training). Here, we consider how sparsifying the TF-IDF ensemble to m experts

holds up against these other settings (Appendix Table C.1). In the cases of m=2,4, this approach

sparsifies the ensemble by dynamically selecting the top m experts based on their current ensemble

weights, while m = 1, 8 are the single expert and full ensemble settings, respectively. We find that

for seen languages, reducing the number of experts active to just m=2 usually gives very similar
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performance to the full ensemble (m=8). However, this is not true in the case of unseen languages,

where the m=8 setting consistently outperforms sparser ensembles.

5.6.3 Unseen Languages and Modeling New Languages with X-ELM

We also examine how well X-ELM performs on held-out languages as well as adapts to new

languages. Specifically, we consider both zero-shot evaluation and further training of X-ELM on

four languages not included in the original XGLM seed model: Azerbaijani (AZ), Hebrew (HE),

Polish (PL), and Swedish (SV).9

Unseen Language Evaluation We evaluate the existing dense baseline and ensembled TF-IDF

clustered experts from the 21B token compute budget (§5.6.2) to test whether continued pretraining

with x-BTM improves performance on unseen languages (X-ELM Training). We also compare

these results to XGLM. We note these models never trained on the target languages.

Table 5.4 presents the unseen target language perplexities in the XGLM and X-ELM Training

columns. We find that the original XGLM model performs poorly on the new languages, particularly

those less related to XGLM’s highest-resourced ones (i.e., AZ and HE). While these perplexities

remain high in the dense model and TF-IDF ensembles, training (on other languages) with x-BTM

provides some performance improvements over the seed model.

Adapting X-ELM to new languages We now consider how well Hierarchical Multi-Round train-

ing (HMR) works for language adaptive pretraining (LAPT, Chau et al., 2020), which incorporates

new target languages into the continued pretraining process. Here, we group each target language

with a higher-resource donor language already in our pretraining set; these are assigned with the

language similarity metric used for typological clustering. We seed each new language’s expert with

an expert specialized to that language’s donor; the new expert is then trained on the donor/target

language pair. For HMR inference, we evaluate perplexity with the expert trained on that target

9Data for these languages is also obtained from mC4, with the same preprocessing as other languages in our
experiments.

82



language; we also evaluate the donor languages to see what benefit, if any, they receive from the

adaptation process.

Lang
X-ELM Training LAPT

XGLM Dense TF-IDF∗
ens Dense HMR

Target

AZ 1467.45 739.58 722.10 65.73 32.74

HE 1817.07 685.02 815.96 53.08 26.21

PL 211.76 160.70 178.63 17.71 16.60

SV 105.27 92.55 99.24 27.37 26.16

Donor

TR 17.81 15.34 14.28 14.69 12.72

AR 16.85 15.29 14.56 14.80 13.52

RU 13.43 12.52 12.21 12.28 12.02

EN 14.37 12.88 12.73 12.65 12.63

Table 5.4: Perplexity results on unseen target lan-
guages and their respective donor languages. Donor
language performance is only bolded if these re-
sults outperform all other X-ELM settings in that
language (Table 5.3).

We compare HMR against jointly con-

tinuing training on all four new languages

and their respective donors in a single model

(Dense). Each setting builds on models from

the 10.5B compute budget: we continue train-

ing on the dense baseline for dense LAPT and

branch from the donor languages’ k=8 typo-

logical experts for HMR training.

All of the LAPT settings provide consid-

erable improvements on the new target lan-

guages over the unseen language experiments

(Table 5.4, LAPT columns). The HMR set-

ting outperforms continued dense training on

every new language. Furthermore, HMR train-

ing removes the risk of catastrophic forget-

ting (Yogatama et al., 2019) in other LAPT

schemes, as this process adds new experts to

X-ELM rather than changing existing ones.10

We also find that this setting provides performance gains on two donor languages over the

experiments in §5.6.2. This is likely due to further training with more closely related languages for

these languages (e.g., performing training on Arabic with Hebrew rather than French), consequently

providing a more informative training signal for the higher-resource donor language as well.

10This forgetting of known languages occurs in our dense LAPT baseline, with perplexity decreasing by 1.91 points
on average for languages not included in the adaptation setting.
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Figure 5.6: Heatmap comparing individual X-ELM perplexities to the seed LM with TF-IDF (left)
and Typ. (right) clustering. Positive scores indicate that the expert forgot that language. For Typ.
clusters, languages that the model was explicitly trained on are grayed out.

5.6.4 X-ELM Forgetting

Figure 5.7: Per-expert deltas compared to the
original XGLM-1.7B of every pretraining lan-
guage plotted against the language’s frequency
in the original XGLM pretraining corpus (ρ =
−0.33, p << 0.001).

The preceding sections evaluate X-ELMs as an

ensemble of models by dynamically choosing

the best expert for a given evaluation setting

or ensembling the experts’ outputs. However,

each expert is initialized with a model trained

on all the languages we consider. This prompts

the question: how much do individual experts

forget11 about the languages they are not spe-

cialized to?

Forgetting occurs as X-ELMs become more

specialized. We compare the perplexity of

each expert model on all pretraining languages

to that of the seed model, XGLM-1.7B (Figure

5.6 for k = 8 expert setting). Across the considered values of k, we see less forgetting in the X-ELMs

trained on TF-IDF clusters than in those clustered typologically. For the k = 8 expert setting, the

11We consider an expert to have forgetten information about a language if its perplexity on that language increases.
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TF-IDF experts only forget on 47.7% of settings, and when forgetting occurs, the perplexity increase

over the baseline is 3.10 on average. For typologically clustered experts, these measures are 83.6%

and 3.14, respectively; we observe similar trends for the k = 4 and k = 16 X-ELMs. This implies

that though in some cases only small quantities of data are shared across TF-IDF clusters, these

data mitigate forgetting over the hard cluster assignments made by typological clustering.

X-ELMs are more likely to forget certain languages. For example, English is rarely forgotten,

with only 25% of experts performing worse than the baseline. In comparison, 94.6% of experts

perform worse on Urdu than XGLM. One potential cause of this discrepancy is the frequency with

which the language was seen during seed training: languages that are more common in the XGLM

pretraining corpus see fewer cases of forgetting and have smaller perplexity increases when it does

occur (Figure 5.7). Another likely factor is inaccurate language classification in the BTM training

data, which is a common issue when training language models on specific languages (Chapter 3);

this could lead to related, higher-resourced languages contaminating the datasets for lower-resourced

ones (Kreutzer et al., 2022).

5.7 In-Context Learning Experiments

We also measure whether the perplexity improvements from X-ELMs correspond to better perfor-

mance on downstream tasks. We test the performance of our X-ELMs on three tasks through an

in-context learning (ICL) framework, showing that the X-ELM language modeling gains do translate

to ICL improvements over the baseline models.

5.7.1 Experimental Setup

We test the in-context learning abilities of X-ELM on three downstream tasks:

XNLI (Conneau et al., 2018) is a multilingual natural language inference benchmark covering

14 of our 16 pretraining languages (excluding JA and KO). Since there are no gold training examples
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for XNLI, we use the test set for evaulation and sample demonstrations from the validation set.

XStoryCloze (Lin et al., 2022) is a manually translated benchmark extending StoryCloze

(Mostafazadeh et al., 2016) to other languages. This is a story-completion task wherein the model

identifies the correct final sentence of a short story. This dataset covers seven of our pretraining

languages and four other low-resource languages.

PAWS-X (Yang et al., 2019) is a binary classification task that requires the model to determine

whether a pair of sentences are paraphrases. This benchmark covers seven of our pretraining

languages, including two (JA and KO) not covered by the other ICL benchmarks.

We reimplement the evaluation protocol from Lin et al. (2022), where the model scores multiple

versions of every example (with the different possible labels filled in), and the label of the highest-

scoring version is considered as the model’s prediction. We use the English prompt formats and

evaluation protocols developed for the seed LM of our experts, XGLM, for the downstream tasks of

XNLI, XStoryCloze, and PAWS-X. The prompt templates we use are reproduced in Table 5.5.

We compare the performance of X-ELM against dense baselines in both zero- and few-shot

learning settings. For all benchmarks, we evaluate on 1,000 random examples, and for few-shot

evaluations, we perform five evaluation runs with different demonstration samples and report the

average performance. Unless otherwise stated, we evaluate performance on the development set and

sample demonstrations from the training set. All few-shot experiments are performed with eight

random demonstrations. As we are testing the cross-lingual abilities of X-ELM, these demonstrations

are in English for every target language.

Dataset Prompt Labels
XNLI {Sentence 1}, right? [Mask], {Sentence 2} Entailment: Yes | Neural: Also | Contradiction: No

XStoryCloze {Context} [Mask] Identity
PAWS-X {Sentence 1}, right? [Mask], {Sentence 2} True: Yes | False: No

Table 5.5: Prompts used for the ICL experiments in §5.7; the [MASK] is filled with one of the
label forms given in the last column. For XStoryCloze, {Context} refers to the format {Sent.
1} {Sent. 2} {Sent. 3} {Sent. 4}, and “Identity” refers to the text of one of the
answers given for that example.
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Model XNLI XStoryCloze PAWS-X
Acc. Win Rate Acc. Win Rate Acc. Win Rate

Zero-shot

XGLM (1.7B) 44.88 28.6% 57.76 28.6% 48.54 14.3%
Dense 44.31 7.1% 56.10 0.0% 48.44 28.6%
Typ. (TRG) 44.17 7.1% 57.79 28.6% 49.86 42.9%
TF-IDF (Top-1) 43.77 14.3% 57.80 28.6% 50.04 28.6%
TF-IDF (Ens.) 45.10 42.9% 57.46 14.3% 49.93 0.0%

Few-shot

XGLM (1.7B) 42.34 28.6% 53.21 0.0% 54.52 0.0%
Dense 41.70 0.0% 55.00 0.0% 54.81 14.3%
Typ. (TRG) 42.15 †14.3% 54.62 †71.4% 55.39 †28.6%
Typ. (EN) 42.43 †7.1% 55.54 †28.6% 55.13 14.3%
TF-IDF (Top-1) 42.55 21.4% 55.03 †14.3% 55.50 †42.9%
TF-IDF (Ens.) 42.93 35.7% 54.72 28.6% 54.57 14.3%

Table 5.6: Average performance and the percentage of languages where this setting outperforms
the others (Win Rate) on the overlap of task evaluation languages and the X-ELM target languages.
The few-shot setting provides k=8 English demonstrations to the model and averages performance
across five runs. †indicates (best) performance ties between two evaluation settings on a language.

5.7.2 Results

We evaluate our best X-ELM setting by perplexity—k=8 experts trained on the larger compute

budget of 21B training tokens—on the downstream tasks. Table 5.6 summarizes the results of these

evaluations on the languages covered by the X-ELM models. The X-ELM models outperform both

the seed model and the compute-matched dense baseline across the three tasks and in both the zero-

and few-shot evaluation settings.

Furthermore, though X-ELM improves over the seed model, the dense model underperforms

XGLM. This may be due to using different data from the original XGLM pretraining; data quality

issues have been previously documented for mC4 (Kreutzer et al., 2022; Chung et al., 2023). We

also note that XNLI and XStoryCloze few-shot performance is consistently lower than in the

zero-shot setting; this is a recurring issue in multilingual ICL also observed in the base model (Lin

et al., 2022).
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5.8 Discussion

This work presents an approach to mitigate the curse of multilinguality by extending sparse language

modeling to the multilingual setting with X-ELMs (cross-lingual expert language models). We find

that X-ELMs achieve better perplexity over standard, dense language models trained with the same

compute budget; these experts can also be efficiently adapted to new languages without the risk

of catastrophic forgetting. X-ELMs also present other benefits over dense models for multilingual

modeling, such as not disproportionally benefitting high-resource languages over lower-resourced

ones. Finally, we show that these language modeling improvements transfer to downstream tasks.

While our experiments show that X-ELM outperforms dense LMs, we foresee many avenues of

future work to further tailor sparse modeling to multilinguality. These include better methods for

data allocation—such as clustering methods that leverage cross-lingual signal— and algorithmic

improvements to better allocate compute and more effectively ensemble models at inference. By

proving the efficacy of sparse language modeling in the multilingual setting, we hope to inspire

future work in this vein that fairly models every language while leveraging the potential of cross-

lingual learning.
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Chapter 6

Conclusion

While multilingual language models have significantly improved NLP applications outside of

English, these models often require poorly understood tradeoffs for individual language performance.

The work presented in this dissertation presents probing methods for interpreting the features learned

by NLP models and analyzes specific aspects of these multilingual models – namely, their data

usage and training processes – to develop a better understanding of current multilingual models

and their limitations. We then use insights from these analyses to propose new modeling methods

mitigating the limitations of current multilingual LMs. This chapter concludes this dissertation with

a discussion of the implications of these findings (§6.1) and the proposal of future work that builds

on these findings to improve and equalize multilingual NLP (§6.2).

6.1 Discussion

Multilingual LMs learn from tiny subsets of data Many results in this dissertation demonstrate

that language models are extremely good at learning from small subsets of their training data, even

when trained at massive scales. Chapter 3 finds this to be true in the case of supposedly English-only

language models, which learn to model other languages from tiny amounts of data leaked into

English text corpora, and Chapter 4 shows that multilingual LMs fit quickly to the linguistics of

all languages the model is trained on, including in the case of the lowest-resourced ones. These
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findings provide evidence that upsampling low-resource languages is not required for the model to

learn them.1 This helps to explain the current success of “English-centric” language models, trained

on minimally filtered webcrawled data without consideration of the text’s language, over some more

carefully curated multilingual large language models.

Perhaps more surprisingly, these models also learn cross-lingual transfer and specific NLP

tasks from these small amounts of incidental supervision. Our manual analysis in Chapter 3 found

examples of bitext in the contaminated data, which we hypothesized may provide cross-lingual

supervision from the language modeling objective. Briakou et al. (2023) then supported this

hypothesis by controlling for the amount of these examples included in LM training and testing

its effect on transfer. Similarly, in Blevins et al. (2023), we found that pretraining data for other

models contains examples of labeled task data, including task data in many different languages.

Given these models’ aptitude for learning from even tiny pieces of their training data, it remains

crucial to document and build methods for interpreting these large text corpora.

Multilingual pretraining is stochastic and complex Chapter 4 shows that while there are general

trends for knowledge acquisition in multilingual learning, many of the specifics for individual

languages are less consistent. For example, while the overall order in which linguistic skills are

learned mirrors the pattern found in prior work on English pretraining dynamics (Liu et al., 2021),

this ordering does not often hold for learning cross-lingual skills for any given language pair. Our

statistical analysis confirms this, showing that many of the training dynamics we consider are

difficult to predict from factors such as language resourcefulness and similarity. While there may be

unconsidered factors causing the observed behavior, the difficulty in predicting pretraining patterns

suggests that (1) these patterns are likely influenced by the inherent randomness of pretraining and

(2) we will likely observe different patterns of behavior on different training runs, particularly for

lower resource languages that are more affected by the randomness of data sampling.

Another unexpected phenomenon observed in multilingual pretraining dynamics is that of

model forgetting, where the model’s performance on a given language or task decreases during the
1though this upsampling is often still beneficial for these languages (Downey et al., 2024)
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pretraining process. The observed layer-wise shift of knowledge explains some of this phenomenon;

however, for many languages, the final checkpoint of the model still performs worse than prior

versions regardless of the considered layer. We hypothesize that this phenomenon — along with

the general instability of learning described above — is due to the previously described curse of

multilinguality (Conneau et al., 2020a). Specifically, these behaviors seem to be evidence of this

curse developing throughout the pretraining process, leading to the observed behavior in the final

model state.

Cross-lingual expert language models benefit all languages The hypothesis motivating X-ELMS

(Chapter 5) is that the curse of multilinguality can be mitigated by explicitly allocating model

capacity (through different expert LMs) to related subsets of the multilingual training set. The

experiments prove this to be overwhelmingly true: all considered languages greatly benefit from

this setup. Notably, grouping languages by linguistic similarity outperforms automatic clustering

methods. This observation mirrors similar findings on targeted language modeling with dense

models (Ogueji et al., 2021; Ogunremi et al., 2023; Downey et al., 2024, inter alia), as well as

the results in (Chang et al., 2023), which finds that related cases of multilingual training benefit

lower-resource languages.

X-ELM also brings other benefits beyond performance to multilingual language modeling.

Adapting X-ELM sets to new languages by training a new expert is much easier than adapting a

dense multilingual model, which risks forgetting previously learned information during continued

training (Yogatama et al., 2019). Furthermore, due to the modularity and independent training of the

experts, multilingual branch-train-merge provides efficiency benefits and flexibility during training

over dense LM training; we also see similar flexibility when using X-ELM for inference. These

qualities mean that X-ELMs are more accessible to train, adapt, and use in low-compute settings,

which we hope will help democratize multilingual language modeling and increase access to these

technologies in currently underserved languages.

It is unclear how well the current iteration of X-ELM performs cross-lingual transfer. The
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primary evidence in this setting comes from the downstream evaluations, which show that clustering

data by language performs worse than automatic clustering (despite observing the opposite trend on

intrinsic LM evaluations). This is likely due to the soft TF-IDF allowing for some cross-lingual

text sharing during BTM training. Therefore, a primary focus of future work on X-ELM will be to

improve the cross-lingual alignment of the experts, as discussed in the next section.

6.2 Future Work

Breaking the Curse of Multilinguality The most significant limitation in current multilingual

LMs is the curse of multilinguality. X-ELMs address this curse at the model parameter stage, but

other factors can also limit the overall effectiveness of multilingual LMs. For instance, the choice of

tokenization can lead to over-segmentation of low-resource languages and scripts (e.g., Ahia et al.,

2023). While recent work has proposed new methods for adapting embeddings to new languages

during model specialization (Dobler and De Melo, 2023; Downey et al., 2023), the underlying

tension of tokenizing many different languages with a limited vocabulary remains. One promising

direction in this space is byte-level tokenization for multilingual modeling (Xue et al., 2022), which

removes the need for data-driven tokenization methods. However, UTF-8 byte encodings still

show bias towards higher-resource Latin script languages; Limisiewicz et al. (2024) address this by

combining byte-level representation and data-driven morphological compression to represent all

languages within the model’s scope fairly. Incorporating fairer input representations into X-ELMs

through methods such as these will be vital in building a fully equitable multilingual system.

There are also potential improvements at the individual model level, whether working with

a dense language model or X-ELMs. For instance, Downey et al. (2024) recently analyzed the

factors that improve cross-lingual learning when training LMs on related languages, similar to

how data is allocated to experts during multilingual BTM. Using the best practices recommended

here would likely lead to increased improvements for the considered lower-resourced languages.

Finally, one of the current drawbacks of X-ELM is a reduced ability to transfer across languages.
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As this is an essential benefit of multilingual language modeling, an important next step is to

address this limitation, such as by developing better data allocation methods containing more

cross-lingual information or by introducing additional training objectives to keep the experts aligned

for cross-lingual ensembling.

Better Data Protocols for Languages Beyond English A significant benefit of multilingual

LMs is their ability to transfer information cross-lingually, and this skill mitigates some of the

data gap between English and other languages. However, data limitations for most of the world’s

languages remain an important issue: even with the perfect cross-lingual transfer, the current

focus on English data (and translations of English data) limits what the model learns and thus

underrepresents information relevant to other language speakers.2 Furthermore, current multilingual

data quantity and quality issues extend to pretraining corpora (Kreutzer et al., 2022), limiting the

ability of these models to learn in-language and cross-lingual representations.

Therefore, improving data collection and annotation continues to be an important area of multi-

lingual NLP. This applies to all aspects of multilingual data collection, ranging from pretraining data

to the annotation of supervised training data and task evaluation data. Some potential improvements

in current approaches for these areas include (1) widening the net for gathering multilingual data,

such as considering multimodal data (in particular, speech) in low-resource languages where text

data is scarce, and (2) interacting with the language communities these multilingual technologies

will serve to narrow down the types of models (and therefore, the types of data) that will be most

beneficial to their needs. However, these approaches do not remove the underlying need for in-

creased efforts to gather high-quality, manually annotated data in other languages — such as the

ongoing work by Masakhane NLP3 and the Universal NER project (Mayhew et al., 2023) — rather

than the noisy conversion of data to other languages from English.

2For example, there are many Wikipedia articles with no corresponding English article, such as those on Jean-Joseph
Sanfourche (a French artist) and Torsten Haß (a German author), as of May 2024.

3https://www.masakhane.io/
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Anne Lauscher, Vinit Ravishankar, Ivan Vulić, and Goran Glavaš. 2020. From zero to hero: On

the limitations of zero-shot language transfer with multilingual transformers. In Proceedings of

102

https://doi.org/10.1162/tacl_a_00447
https://doi.org/10.1162/tacl_a_00447
https://doi.org/10.18653/v1/2021.findings-emnlp.304
https://doi.org/10.18653/v1/2021.findings-emnlp.304


the 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP), pages

4483–4499.

Kenton Lee, Luheng He, Mike Lewis, and Luke Zettlemoyer. 2017. End-to-end neural coreference

resolution. In Proceedings of the 2017 Conference on Empirical Methods in Natural Language

Processing, pages 188–197. Association for Computational Linguistics.

Margaret Li, Suchin Gururangan, Tim Dettmers, Mike Lewis, Tim Althoff, Noah A. Smith, and

Luke Zettlemoyer. 2022. Branch-train-merge: Embarrassingly parallel training of expert language

models.

Zuchao Li, Kevin Parnow, Hai Zhao, Zhuosheng Zhang, Rui Wang, Masao Utiyama, and Eiichiro

Sumita. 2021. Cross-lingual transferring of pre-trained contextualized language models. arXiv

preprint arXiv:2107.12627.

Davis Liang, Hila Gonen, Yuning Mao, Rui Hou, Naman Goyal, Marjan Ghazvininejad, Luke

Zettlemoyer, and Madian Khabsa. 2023. XLM-V: Overcoming the vocabulary bottleneck in

multilingual masked language models. In Proceedings of the 2023 Conference on Empirical

Methods in Natural Language Processing.
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Appendix A

Additional Materials for Chapter Three

A.1 Full Results of the Automatic Language Identity Analysis

We present a more complete set of results for the automatic language composition analysis (Section

3.2) in Table A.1. We include every language that has 10,000 or more tokens in at least one of the

considered corpora; we additionally report numbers for Basque and Frisian, as both languages are

included in the experiments in Section 3.3.

A.2 Full Results of Transfer Experiments

Full results for whole word MLM are given in Table A.3; results for POS probing can be found in

Table A.4 and results for finetuned POS tagging are detailed in Table A.5.
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ISO Language Number of Tokens
Wiki Book Stories OpenWebText CCNews C4 BERT RoBERTa

en English 2.0B 802.4M 6.2B 6.4B 13.0B 17.8B 2.8B 28.3B
sq Albanian 3.3K 0 195 8.8K 42.5M 14.4K 3.3K 42.5M
es Spanish 112.8K 120.4K 150.6K 3.4M 36.6M 5.9M 233.2K 40.3M
de German 176.2K 5.4K 104.8K 3.1M 34.4M 9.0M 181.5K 37.8M
ro Romanian 19.6K 174 6.4K 1.4M 28.7M 164.0K 19.8K 30.2M
pt Portugese 43.2K 760 44.2K 1.5M 10.0M 1.9M 44.0K 11.5M
it Italian 102.9K 3.9K 46.1K 1.6M 9.2M 2.6M 106.7K 10.9M
fr French 201.1K 88.1K 126.6K 2.5M 7.2M 6.0M 289.2K 10.1M
pl Polish 56.2K 51 5.0K 239.9K 5.3M 686.9K 56.2K 5.6M
nl Dutch 28.0K 1.0K 37.3K 254.7K 4.4M 1.7M 29.0K 4.8M
vi Vietnamese 25.5K 98 2.8K 10.5K 3.5M 277.6K 25.6K 3.6M
tl Tagalog 3.2K 3.7K 28.7K 124.3K 3.1M 312.1K 6.9K 3.3M
cs Czech 8.8K 12 2.1K 152.7K 2.0M 295.0K 8.8K 2.1M
fi Finnish 6.9K 119 4.7K 243.2K 1.7M 214.5K 7.0K 1.9M
no Norwegian 9.5K 170 6.4K 204.3K 1.6M 300.5K 9.7K 1.8M
hu Hungarian 8.9K 51 5.6K 32.5K 1.6M 194.2K 9.0K 1.7M
hi Hindi 6.7K 0 520 32.2K 1.5M 328.0K 6.7K 1.6M
hr Croatian 4.0K 0 482 313.2K 1.2M 30.8K 4.0K 1.5M
id Indonesian 1.5K 100 12.9K 83.5K 1.3M 997.7K 1.6K 1.4M
ru Russian 17.4K 606 3.9K 956.3K 64.8K 2.3M 18.0K 1.0M
sv Swedish 11.1K 567 9.3K 784.9K 236.3K 743.5K 11.6K 1.0M
sr Serbian 753 0 709 39.0K 976.2K 36.8K 753 1.0M
et Estonian 2.8K 0 288 8.0K 817.1K 32.0K 2.8K 828.2K
tr Turkish 6.3K 541 9.4K 131.4K 535.0K 401.9K 6.9K 682.6K
af Afrikaans 852 0 2.7K 6.7K 584.1K 145.3K 852 594.3K
ku Kurdish 185 0 0 6.7K 468.0K 3.5K 185 474.9K
da Danish 3.1K 20 5.3K 249.8K 157.8K 271.1K 3.1K 415.9K
gl Galican 101 0 309 637 317.5K 9.6K 101 318.6K
ja Japanese 5.8K 3.4K 23.8K 188.7K 76.3K 3.0M 9.2K 298.1K
ca Catalan 5.2K 99 418 28.2K 258.8K 108.3K 5.3K 292.8K
ar Arabic 5.3K 0 665 154.2K 89.6K 601.7K 5.3K 249.7K
ko Korean 3.2K 20 45 208.1K 8.0K 4.1M 3.3K 219.4K
el Greek 15.2K 777 1.8K 123.8K 28.4K 288.7K 16.0K 169.9K
sl Slovenian 262 0 250 102.1K 14.5K 46.8K 262 117.1K
is Icelandic 1.5K 65.8K 758 10.4K 11.1K 114.7K 67.2K 89.5K
ga Irish 1.2K 0 839 8.7K 77.9K 468.4K 1.2K 88.6K
uk Ukranian 3.5K 10 232 63.4K 3.5K 232.1K 3.5K 70.7K
he Hebrew 5.2K 0 4.6K 46.5K 9.6K 138.0K 5.2K 66.0K
lt Lithuanian 3.4K 12 1.1K 2.8K 54.9K 56.8K 3.4K 62.2K
sk Slovak 1.9K 0 76 16.2K 43.9K 64.7K 1.9K 62.0K
ms Malay 896 29 1.4K 1.8K 45.9K 42.8K 925 50.0K
sw Swahili 44 16 533 143 47.7K 5.9K 60 48.5K
eo Esperanto 461 114 2.6K 34.9K 7.2K 37.2K 575 45.2K
zh Chinese 4.1K 12 5.5K 30.8K 4.5K 410.2K 4.1K 44.8K
lv Latvian 1.4K 0 367 4.0K 38.5K 47.0K 1.4K 44.3K
bn Bengali 2.5K 24.8K 51 6.2K 10.1K 48.6K 27.3K 43.6K
fa Persian 3.0K 0 261 28.2K 5.8K 668.9K 3.0K 37.2K
nn Norysk 283 0 0 4.5K 32.5K 4.6K 283 37.2K
la Latin 6.0K 641 3.8K 19.4K 4.7K 34.7K 6.6K 34.5K
az Azerbaijani 2.0K 0 55 884 27.1K 12.9K 2.0K 30.0K
th Thai 7.6K 0 592 15.1K 5.5K 131.8K 7.6K 28.7K
bg Bulgarian 6.7K 20 284 18.7K 2.8K 96.7K 6.7K 28.5K
cy Welsh 1.2K 84 440 18.5K 7.4K 59.5K 1.3K 27.6K
ilo Iloko 19 0 16 628 18.8K 1.1K 19 19.5K
ur Urdu 5.0K 0 24 6.4K 7.0K 27.9K 5.0K 18.4K
ta Tamil 5.4K 0 234 5.9K 5.8K 42.2K 5.4K 17.4K
mt Maltese 177 0 0 371 13.9K 20.3K 177 14.5K
hy Armenian 2.6K 0 0 7.5K 2.9K 21.5K 2.6K 13.0K
gd Gaelic 198 0 52 874 8.8K 117.6K 198 10.0K
eu Basque 99 5 1.8K 2.8K 2.4K 19.3K 104 7.0K
fy Frisian 80 0 1.3K 1.5K 601 9.8K 80 3.4K

Total (Non-En) 983k 322k 682k 18.6M 201M 406M† 1.3M 222M

Table A.1: Full results for the automatic language composition analysis of pretraining corpora
presented in Section 3.2. The last two columns include the total data sizes for BERT and RoBERTa;
T5 was trained on C4; † represents the projected estimate for the full dataset.
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ISO Monolingual Multilingual
BERT RoBERTa T5 mBERT XLMR

ar 2.91 (0.60%) 3.11 (0.0%) 1.91 (41.26%) 1.95 (0.05%) 1.73 (9.8e-4%)
bg 3.03 (0.06%) 3.25 (0.0%) 2.88 (17.83%) 1.93 (0.67%) 1.72 (1.2e-3%)
ca 1.95 (0.01%) 1.83 (0.0%) 2.08 (1.23%) 1.55 (0.12%) 1.56 (4.6e-4%)
cs 2.64 (0.03%) 2.64 (0.0%) 2.85 (10.30%) 2.00 (0.22%) 1.86 (5.6e-4%)
da 2.19 (0.01%) 2.07 (0.0%) 2.42 (3.56%) 1.74 (0.14%) 1.63 (4.5e-4%)
de 2.21 (0.02%) 2.14 (0.0%) 1.85 (0.26%) 1.65 (0.37%) 1.67 (1.5e-3%)
el 2.74 (0.36%) 2.96 (0.0%) 1.82 (40.30%) 2.05 (0.05%) 1.73 (1.4e-3%)
en 1.38 (0.03%) 1.32 (0.0%) 1.44 (0.15%) 1.37 (0.22%) 1.42 (1.3e-3%)
es 1.76 (0.01%) 1.67 (0.0%) 1.88 (1.48%) 1.37 (0.11%) 1.37 (8.2e-4%)
et 3.02 (0.03%) 2.92 (0.0%) 3.35 (1.55%) 2.47 (0.33%) 2.21 (1.5e-3%)
fa 2.80 (1.12%) 3.34 (0.0%) 2.00 (42.14%) 1.70 (0.05%) 1.55 (6.1e-3%)
fi 3.18 (8.3e-3%) 3.06 (0.0%) 3.48 (0.13%) 2.45 (0.35%) 2.24 (9.9e-4%)
fr 1.90 (0.01%) 1.81 (0.0%) 1.78 (0.26%) 1.53 (0.43%) 1.57 (8.5e-4%)
he 2.82 (0.72%) 3.08 (0.0%) 1.97 (40.30%) 2.05 (0.06%) 1.89 (4.2e-4%)
hi 1.98 (12.06%) 2.84 (0.0%) 1.64 (42.82%) 1.64 (0.05%) 1.39 (1.3e-3%)
hr 2.38 (7.1e-3%) 2.27 (0.0%) 2.57 (3.71%) 1.85 (0.08%) 1.73 (1.1e-3%)
hu 2.78 (0.02%) 2.72 (0.0%) 3.00 (2.60%) 2.12 (0.28%) 1.93 (1.1e-3%)
id 2.34 (0.05%) 2.22 (0.0%) 2.54 (0.13%) 1.70 (0.12%) 1.59 (4.5e-3%)
it 1.92 (0.01%) 1.83 (0.0%) 2.05 (0.42%) 1.51 (0.10%) 1.52 (1.0e-3%)
ja 34.41 (39.97%) 47.67 (0.0%) 9.50 (22.19%) 35.22 (0.05%) 31.30 (0.03%)
ko 1.60 (59.65%) 4.78 (0.0%) 2.32 (38.63%) 2.65 (0.25%) 2.53 (0.03%)
lt 3.06 (0.80%) 3.12 (0.0%) 3.41 (8.78%) 2.48 (0.97%) 2.23 (7.7e-3%)
lv 2.89 (0.48%) 2.84 (0.0%) 3.13 (12.52%) 2.36 (0.30%) 2.06 (2.8e-3%)
ms 2.34 (0.03%) 2.21 (0.0%) 2.53 (0.10%) 1.71 (0.10%) 1.58 (1.9e-3%)
nl 2.18 (8.0e-3%) 2.04 (0.0%) 2.31 (0.21%) 1.64 (0.08%) 1.62 (4.6e-4%)
no 2.24 (0.03%) 2.10 (0.0%) 2.49 (3.01%) 1.74 (0.13%) 1.66 (2.0e-3%)
pl 2.60 (9.3e-3%) 2.60 (0.0%) 2.83 (6.50%) 1.96 (0.44%) 1.88 (7.2e-4%)
pt 1.86 (0.02%) 1.76 (0.0%) 2.01 (2.05%) 1.45 (0.11%) 1.43 (1.0-3%)
ro 2.03 (0.01%) 2.02 (0.0%) 1.73 (0.18%) 1.63 (0.25%) 1.54 (7.9e-4%)
ru 3.05 (0.02%) 3.25 (0.0%) 2.90 (21.1%) 1.92 (0.53%) 1.82 (2.1e-3%)
sk 2.86 (0.05%) 2.81 (0.0%) 3.14 (7.08%) 2.20 (0.19%) 2.00 (1.4e-3%)
sl 2.37 (9.7e-3%) 2.24 (0.0%) 2.53 (3.45%) 1.91 (0.06%) 1.73 (1.1e-3%)
sr 3.01 (0.71%) 3.33 (0.0%) 2.95 (17.14%) 1.95 (0.19%) 1.77 (4.8e-4%)
sv 2.57 (7.9e-3%) 2.40 (0.0%) 2.77 (2.08%) 1.90 (0.15%) 1.80 (8.5e-4%)
th 2.13 (36.91%) 11.79 (0.0%) 2.73 (28.58%) 8.34 (0.12%) 5.42 (1.6e-3%)
tl 2.14 (0.10%) 2.02 (0.0%) 2.44 (0.18%) 1.81 (0.12%) 1.70 (2.9e-3%)
tr 2.94 (0.01%) 2.87 (0.0%) 3.19 (7.36%) 2.13 (0.31%) 1.91 (2.0e-3%)
uk 3.36 (0.52%) 3.73 (0.0%) 3.23 (24.12%) 2.11 (0.54%) 1.94 (1.4e-3%)
vi 1.76 (1.44%) 1.95 (0.0%) 1.89 (15.12%) 1.19 (0.08%) 1.16 (3.2e-3%)

Table A.2: The average number of subword tokens per white-spaced word (and the percentage of
UNKed out tokens) in the Wiki40b validation set for each language. Cases where more than 10% of
tokens are unked out are in bold.
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ISO Monolingual Multilingual
BERTba BERTlg RoBERTaba RoBERTalg mBERT XLMRba XLMRlg

ar 6.214 9.331 3.319 3.899 1.849 1.871 1.691
bg 6.334 7.883 3.544 3.587 1.553 1.494 1.358
ca 3.382 3.565 1.834 1.640 1.108 1.477 1.329
cs 4.316 4.738 2.634 2.493 1.703 1.715 1.533
da 3.560 3.832 2.104 1.931 1.420 1.427 1.272
de 3.430 3.644 1.815 1.634 1.102 1.361 1.218
el 6.934 8.915 3.852 3.885 1.793 1.588 1.440
en 1.285 1.377 0.595 0.516 0.938 1.249 1.131
es 3.281 3.551 1.526 1.345 1.036 1.284 1.165
et 3.846 4.108 2.448 2.318 1.878 1.858 1.671
fa 5.813 8.501 3.614 4.113 1.723 1.567 1.418
fi 3.732 4.064 2.357 2.240 1.633 1.618 1.451
fr 3.213 3.439 1.586 1.414 1.038 1.434 1.305
he 6.490 9.074 3.530 3.831 1.817 1.976 1.739
hi 4.240* 5.503* 1.487 1.407 1.876 1.641 1.516
hr 3.972 4.298 2.267 2.109 1.563 1.644 1.484
hu 4.203 4.585 2.741 2.632 1.778 1.713 1.548
id 3.436 3.665 1.976 1.838 1.221 1.243 1.129
it 3.263 3.536 1.661 1.475 1.098 1.402 1.256
ja 1.840* 2.065* 5.481 6.775 2.082 6.827 8.016
ko 0.781* 0.846* 4.204 4.639 3.144 3.504 3.241
lt 3.953 4.271 2.746 2.633 1.840 1.789 1.604
lv 4.231 4.512 2.833 2.730 1.890 1.750 1.548
ms 3.461 3.698 2.010 1.886 1.280 1.365 1.257
nl 3.445 3.693 1.855 1.680 1.222 1.397 1.257
no 3.580 3.873 2.052 1.872 1.398 1.469 1.312
pl 4.020 4.505 2.506 2.365 1.495 1.604 1.437
pt 3.442 3.718 1.658 1.465 1.128 1.316 1.190
ro 3.641 3.929 1.950 1.772 1.402 1.435 1.286
ru 6.747 8.122 3.624 3.673 1.385 1.491 1.344
sk 4.263 4.628 2.714 2.594 1.804 1.753 1.594
sl 3.972 4.294 2.415 2.273 1.642 1.563 1.391
sr 6.081 7.216 3.610 3.661 1.772 1.783 1.681
sv 3.774 4.081 2.196 2.019 1.460 1.523 1.372
th 1.551* 1.689* 3.312 3.535 3.861 2.119 2.237
tl 3.250 3.458 1.763 1.623 1.616 1.713 1.572
tr 4.102 4.427 2.715 2.585 1.635 1.603 1.460
uk 6.542 7.912 3.763 3.823 1.566 1.635 1.488
vi 5.134 5.794 2.590 2.574 1.046 1.191 1.055

Table A.3: Full results for the zero-shot BPC experiments in Section 3.3. Results noted with *
correspond to cases of high UNK rates in the tokenization of the data (Section 3.4).
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ISO Baselines Monolingual Multilingual
Maj. Label Word Maj. BERTba BERTlg Roba Rolg T5-base mBERT XLMRba XLMRlg

af 21.650 83.335 81.695 84.855 88.858 92.324 90.464 93.590 97.490 96.381
ar 33.297 90.148 79.595 79.994 78.939 79.242 43.182 93.724 95.659 95.533
bg 21.834 86.091 85.617 84.238 78.514 81.147 85.304 94.977 97.240 97.103
ca 17.868 90.984 93.208 93.432 94.333 94.545 95.863 97.610 98.222 98.202
cs 24.708 91.284 82.312 80.591 89.272 93.488 86.560 96.554 97.548 97.744
cy 31.099 73.587 69.625 72.641 69.171 70.309 76.220 81.713 76.690 77.215
da 18.606 77.841 81.137 81.485 85.308 91.057 86.832 91.901 96.757 96.087
de 17.784 81.992 86.663 88.306 91.266 93.074 92.878 92.022 94.851 94.020
el 21.148 81.128 79.996 79.110 66.604 76.795 37.050 92.509 95.435 95.371
en 16.999 82.920 93.803 92.903 94.785 94.418 96.286 93.666 95.366 95.342
es 17.734 90.734 89.639 92.860 97.652 93.171 97.222 97.699 98.418 98.497
et 26.462 78.486 74.987 78.524 74.460 81.150 79.287 91.891 90.717 91.143
eu 24.422 77.591 73.152 75.663 72.713 72.254 80.294 84.712 88.744 88.023
fa 33.521 91.916 78.545 78.202 67.668 66.767 46.485 93.025 96.310 96.597
fi 27.965 74.378 71.083 72.301 77.318 82.587 77.630 92.621 95.823 95.872
fr 18.749 89.584 90.960 90.197 93.690 95.278 96.612 95.963 95.837 95.813
fy 14.815 85.190 79.749 82.128 78.766 78.216 86.351 90.898 87.908 89.405
ga 29.122 81.512 72.470 77.009 76.983 79.169 82.430 87.097 91.493 92.583
gd 21.166 80.114 78.264 79.641 74.989 76.281 79.590 78.387 84.102 85.609
gl 22.969 86.294 87.727 89.058 92.638 93.176 93.647 92.559 95.145 95.548
he 23.601 85.491 75.040 75.393 69.930 70.160 45.758 93.206 96.403 94.864
hi 22.128 89.365 68.650 68.861 77.250 80.597 38.185 94.054 95.524 94.250
hr 24.182 83.533 80.408 82.370 92.955 94.742 87.784 96.164 98.011 98.313
hu 22.429 60.356 72.619 73.444 76.403 83.633 79.868 88.273 93.404 91.868
hy 24.995 68.931 50.956 52.033 58.560 58.792 44.142 89.001 90.403 93.937
id 21.642 81.278 4.151 4.151 79.539 81.664 4.151 4.151 4.151 4.151
is 17.286 90.407 80.969 84.217 79.792 82.154 84.121 91.414 97.459 97.778
it 19.920 89.758 89.497 91.317 93.991 95.521 94.715 96.662 97.454 96.854
ja 30.137 85.592 76.268 75.659 83.491 85.013 39.409 92.362 90.844 91.080
ko 30.011 67.715 48.090 47.683 67.852 70.745 47.288 76.359 80.372 80.704
la 21.355 94.888 91.416 94.079 92.133 92.489 95.928 95.008 98.250 97.548
lt 31.345 61.009 67.026 70.382 67.892 66.602 77.164 90.542 91.641 94.710
lv 27.108 79.198 71.889 77.190 72.061 74.857 81.630 87.627 93.565 92.775
mt 19.489 76.131 75.582 78.313 75.199 75.156 80.854 76.877 70.113 74.191
nl 16.799 81.878 79.448 84.540 90.126 92.816 89.207 94.356 95.920 95.990
pl 24.900 83.868 82.357 81.721 91.563 92.491 90.494 94.184 98.231 97.840
pt 18.117 83.517 85.594 86.801 91.591 92.114 95.120 94.066 96.981 94.810
ro 24.849 85.537 82.630 84.414 93.830 95.332 93.407 95.284 97.443 97.229
ru 23.843 88.593 84.258 85.526 82.713 86.811 88.812 95.299 96.943 94.714
sk 19.264 61.821 80.441 83.025 86.850 89.339 86.872 92.414 96.290 95.810
sl 21.289 77.815 82.459 80.959 88.357 88.176 87.189 96.388 97.953 98.144
sr 24.378 82.523 84.930 85.434 94.762 94.769 89.884 92.727 98.638 98.333
sv 17.579 78.993 71.818 79.061 78.523 88.662 83.226 92.826 96.246 95.350
ta 29.389 53.042 43.992 40.563 38.361 43.228 43.147 74.912 76.521 75.606
tr 36.494 82.343 78.115 73.015 67.656 67.340 80.830 88.633 91.392 89.939
uk 23.213 71.964 78.214 78.950 65.442 69.780 80.780 91.836 96.213 96.823
ur 23.564 85.736 68.112 68.819 69.202 67.458 34.116 88.954 91.170 92.341
vi 32.019 75.901 54.764 54.267 54.054 56.402 60.768 75.844 85.855 81.554
zh 27.478 78.696 49.462 51.400 64.537 67.238 44.479 87.363 88.565 85.921

Table A.4: Full results for the frozen POS tagging experiments in Section 3.3.
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ISO Monolingual Multilingual
BERTba Roba mBERT XLMRba

af 92.108 94.528 96.802 97.158
ar 92.896 93.417 96.151 96.673
bg 97.185 96.797 98.714 99.145
ca 98.058 98.264 98.813 98.845
cs 98.191 98.306 98.803 98.952
cy 82.152 72.484 92.109 84.927
da 93.134 93.872 97.037 97.556
de 93.285 93.554 95.178 95.189
el 92.725 90.452 96.735 96.897
en 96.496 97.186 96.431 97.082
es 97.841 98.459 98.828 98.781
et 95.142 95.244 96.547 97.402
eu 91.313 90.117 94.529 94.956
fa 94.477 94.113 97.193 97.609
fi 93.534 93.436 96.275 97.823
fr 96.970 97.112 97.845 98.102
fy 92.383 92.770 95.557 95.721
ga 91.263 91.164 93.293 94.334
gd 91.774 90.220 92.814 93.797
gl 94.261 95.565 95.130 96.892
he 91.373 90.847 96.242 97.035
hi 83.566 94.437 96.554 97.384
hr 95.955 96.687 98.061 98.293
hu 83.886 85.540 94.763 94.035
hy 53.953 86.965 92.985 93.829
id 4.151 91.635 4.151 4.151
is 96.583 96.489 97.899 98.404
it 96.521 97.297 98.172 98.334
ja 86.477 93.707 96.600 97.112
ko 47.783 91.514 94.941 95.464
la 98.386 98.633 99.399 99.199
lt 82.707 84.507 93.026 94.636
lv 93.252 93.710 95.744 96.908
mt 87.284 85.603 89.248 86.349
nl 93.974 94.861 96.669 96.969
pl 96.604 97.064 98.569 98.980
pt 95.420 96.572 97.526 97.611
ro 95.795 96.044 97.568 97.878
ru 97.310 97.103 98.306 98.568
sk 93.608 93.994 97.282 97.373
sl 95.233 95.776 98.157 98.798
sr 96.140 97.154 98.531 98.802
sv 90.737 92.805 96.242 97.080
ta 42.363 49.452 77.185 64.354
tr 92.390 92.320 94.667 94.946
uk 93.320 93.980 96.020 96.975
ur 84.556 84.432 92.622 93.251
vi 46.954 50.874 89.653 91.261
zh 55.811 84.877 95.022 95.972

Table A.5: Full results for the finetuned POS tagging experiments in Section 3.3.
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Appendix B

Additional Materials for Chapter Four

B.1 Expanded Layer-wise Analysis

Figure B.4: Change in the expected best layer for
word alignment via SimAlign over time in XLM-
Rreplica

This section expands on the layer-wise analysis

of XLM-Rreplica presented in §4.5. Figure B.1

gives additional layer-wise heatmaps over time.

Figure B.2 shows the expected layer (i.e., av-

erage layer weighted by relative performance)

of XLM-Rreplica at different time steps. The ex-

pected layer decreases over time: by 1.79, 1.61,

1.08, and 2.79 for CS, EN, HI, and JA respec-

tively on dependency arc classification; and by

2.49, 2.25, 0.43, and 0.77 for BG, EN, HI, and

ZH respectively on XNLI.

We also provide additional examples of layer-wise cross-lingual transfer in Figure B.3; we find

that for cross-lingual transfer, the best internal layer outperforms the best final layer state on average

by 7.67 on arc classification transfer, 3.39 on XNLI, and 14.2 F1 on Simalign. Figure B.4 shows the

change in the expected best layer over time for SimAlign.
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Figure B.1: Layer-wise performance heatmaps for Czech arc classification and Chinese XNLI.

Figure B.2: The expected best layer for in-language dependency arc classification and XNLI over
time on XLM-Rreplica.

120



Figure B.3: Additional heatmaps of cross-lingual transfer at different layers and timesteps of
XLM-Rreplica.
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B.2 Additional Across Time Analyses

This section includes additional results from our analysis of knowledge acquisition during multilin-

gual pretraining:

• Figure B.5 presents BPC learning curves for each language in the CC100 training data.

• Figure B.7 covers the learning progress of XLM-Rreplica on dependency arc prediction, arc

classification, and XNLI, expanding on the results in §4.3.2.

• Figure B.6 gives the relative performance for in-language POS and XNLI across training

checkpoints discussed in §4.3.2.

• Figure B.8 presents more detailed results for relative performance over time when transferring

out of English. This expands on the summary figures discussed in §4.4.2.
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Figure B.5: Learning Curves for BPC in each
training language. Lines are colored by the
amount of pretraining data available for that lan-
guage.

Figure B.6: Heatmap of relative performance
over time for different languages for POS tag-
ging and XNLI. Languages are ordered by the
amount of performance degradation at the final
checkpoint.
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Figure B.7: Learning Progress of XLM-Rreplica across training, up to 200k training steps. Each
point represents the step at which the model achieves x% of the best overall performance of the
model on that task.

Figure B.8: Heatmap of relative performance over time for cross-lingual transfer with English as
the source language. Languages are ordered by the amount of performance degradation at the final
checkpoint.
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Appendix C

Additional Materials for Chapter Five

C.1 Additional X-ELM Analysis

C.1.1 Hierachical Multi-Round (HMR) Training for Seen Languages

The final column of Table C.2 evaluates the effectiveness of HMR training for continued training of

X-ELMs. Here, we select the k = 4 typologically clustered expert from the 10.5B token compute

setting that covers the pair of languages as the seed model for each k = 8 setting. We then adapt

on the k = 8 Typ. setting for another 10.5B tokens. Our results find that this adaptation scheme

underperforms the Typ. experts trained from the seed model for 21B tokens, indicating that it is

more effective to train X-ELMs in a single run rather than dividing the compute budget across two

rounds of training. We hypothesize that this negative result is due to the XGLM seed model, which

is a fully pretrained model, already learning adequate transfer across language families; we leave

further investigation of this to future work. However, this finding is in contrast with §5.6.3, which

shows that the HMR scheme is very effective for adapting experts to unseen languages.
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C.2 Full Experimental Results

Figure C.1: Heatmap of X-ELM forgetting with
TF-IDF (left) and Typ. (right) clustering, from the
k = 4 (top) and k = 16 (bottom) settings.

Table C.2 presents the full perplexity results for

the k = 4 and k = 16 X-ELM experiments,

trained on a 10.5B token compute budget. We

find that both choices of k underperform the

k = 8 setting.

Figure C.1 reports the per-expert forgetting

relative to the baseline model (XGLM-1.7B) in

the k = 4 and k = 16 settings. On average, the

k = 4 TF-IDF experts experience forgetting in

only 18.8% of cases with an average perplexity

increase of 1.24 when forgetting occurs; the

typology experts forget 78.1% of the time with

an average perplexity increase of 1.34. For the

k = 16 setting, these statistics are 60.9% and

0.9 for the TF-IDF clusters and 89.4% and 1.24 for the typology clusters.

Downstream Evaluation on Individual Languages Tables C.3, C.4, and C.5 detail the per-

language results for XNLI, XStoryCloze, and PAWS-X, respectively.
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Lang. TF-IDF Ens.
top-1 m=2 m=4 m=8

AR 14.00 14.12 14.05 14.05
BG 10.27 10.27 10.27 10.27
DE 12.95 13.09 13.07 13.04
EL 9.03 9.03 8.99 9.00
EN 12.68 12.50 12.48 12.47
ES 13.54 13.40 13.39 13.37
FR 10.79 10.92 10.88 10.88
HI 14.36 13.47 13.62 13.62
JA 11.36 11.35 11.37 11.37
KO 7.61 7.53 7.53 7.53
RU 11.83 11.90 11.90 11.90
SW 19.04 18.67 18.67 18.67
TR 13.41 13.58 13.58 13.58
UR 13.26 13.52 13.52 13.52
VI 10.56 10.41 10.41 10.42
ZH 12.61 12.84 12.84 12.87

Avg. 12.33 12.29 12.29 12.28

AZ – 736.49 724.97 722.10
HE – 749.12 719.68 719.05
PL – 177.31 175.27 174.83
SV – 95.33 94.37 94.14

Table C.1: Perplexity scores of the different inference methods on the TF-IDF X-ELMs trained
with 21B tokens. Top-1 chooses a single expert per language, with no routing mechanism, whereas
m=2,4,8 ensembles TF-IDF experts.
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Lang. k=4 Experts k=16 Experts
XGLM Dense TF-IDFtop1 TF-IDFens

∗ Typ. TF-IDFtop1 TF-IDFens
∗ Typ.

AR 16.85 15.29 14.99 15.03 15.00 15.60 15.67 15.40
BG 11.31 10.44 10.39 10.39 10.42 11.10 10.70 10.31
DE 15.53 14.02 13.85 13.89 13.71 14.71 14.43 14.5
EL 10.44 9.40 9.36 9.33 9.28 9.72 9.64 9.41
EN 14.37 12.88 12.64 12.71 12.78 13.60 13.23 13.27
ES 16.02 14.13 13.93 13.96 14.06 14.83 14.58 14.59
FR 13.12 11.78 11.62 11.65 11.55 12.38 12.13 12.15
HI 18.28 14.28 14.22 14.21 12.64 16.11 15.67 13.86
JA 14.57 12.31 12.23 12.12 11.73 13.39 13.14 13.18
KO 8.82 7.78 7.81 7.77 7.70 8.14 8.09 7.75
RU 13.43 12.52 12.30 12.33 12.46 12.96 12.76 12.82
SW 19.85 18.70 18.61 18.62 18.19 19.38 19.13 16.43
TR 17.81 15.34 14.85 14.96 14.81 15.67 15.78 15.52
UR 14.38 13.45 13.56 13.73 13.18 13.88 13.87 12.65
VI 13.07 11.39 11.43 11.21 10.32 11.85 11.65 11.59
ZH 17.91 13.74 13.38 13.70 13.11 14.65 14.95 13.58

Avg. 14.74 12.97 12.82 12.85 12.56 13.62 13.46 12.94

Table C.2: Per-language and average perplexity results for the k = 4 and k = 16 X-ELM exper-
iments (original XGLM and k = 1 dense model included for comparison). Lower numbers are
better. Each X-ELM setting is trained on 10.5B tokens. ∗TF-IDF ensemble uses more parameters for
inference than other evaluations.

Model AR BG DE EL EN ES FR HI RU SW TH∗ TR UR VI ZH

Zero-shot
XGLM (1.7B) 46.8 45.7 44.1 42.5 51.5 36.5 47.2 45.9 47.3 43.6 44.9 42.5 43.5 43.9 46.9
Dense 47.9 45.0 45.3 45.2 51.1 37.2 45.9 44.5 44.5 39.6 44.3 44.8 43.1 41.6 44.6
Typ. (TRG) 46.2 44.9 43.9 45.4 52.0 36.0 47.2 43.5 41.9 40.6 – 44.2 41.9 44.4 46.3
TF-IDF (Top-1) 47.3 45.1 42.9 47.1 51.5 36.3 45.6 43.1 40.6 38.7 – 45.0 43.2 41.8 44.6
TF-IDF (Ens.) 48.6 47.2 46.2 43.1 53.0 37.0 47.5 45.7 45.6 40.0 45.8 44.1 44.2 42.6 46.6

Few-shot
XGLM (1.7B) 42.0 44.2 43.4 43.4 47.2 38.1 45.5 40.4 43.1 41.4 41.9 38.0 39.7 42.2 44.3
Dense 43.4 42.2 43.6 41.9 45.9 36.7 42.3 42.2 40.8 40.0 43.2 39.9 40.3 41.0 43.5
Typ. (TRG) 42.8 43.0 42.6 43.0 47.3 38.5 45.4 38.9 39.9 41.7 – 41.0 39.6 42.9 43.4
Typ. (EN) 42.2 42.6 44.0 42.6 47.3 38.5 42.9 42.1 42.8 40.9 44.5 41.1 40.0 42.1 44.9
TF-IDF (Top-1) 43.1 43.6 43.2 41.7 47.5 38.2 45.3 42.1 40.5 41.9 – 41.1 41.4 42.1 44.1
TF-IDF (Ens.) 43.0 43.3 44.3 43.3 47.8 37.7 44.2 43.2 42.3 41.4 44.4 41.8 41.0 42.7 44.9

Table C.3: Individual language accuracy on XNLI. ∗TH (Thai) is an unseen language for the X-ELM

models.
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Model AR EN ES EU∗ HI ID∗ MY∗ RU SW TE∗ ZH

Zero-shot
XGLM (1.7B) 53.3 63.1 57.3 56.4 55.0 59.3 54.0 60.0 60.1 57.0 55.5
Dense 50.5 60.7 56.1 52.1 52.0 55.4 53.4 58.6 58.6 55.5 56.2
Typ. (TRG) 52.3 62.7 57.5 – 52.7 – – 60.2 60.3 – 58.8
TF-IDF (Top-1) 52.1 62.1 58.1 53.2 55.2 57.7 52.6 59.6 60.5 57.3 57.0
TF-IDF (Ens.) 51.9 60.4 57.8 54.0 55.4 58.5 52.0 59.5 60.2 57.1 57.0

Few-shot
XGLM (1.7B) 48.6 58.2 53.2 51.7 50.4 52.1 51.5 52.5 56.0 56.5 53.7
Dense 50.2 59.0 54.6 51.3 51.6 53.5 52.9 56.9 57.8 54.2 55.2
Typ. (TRG) 50.3 60.1 55.0 – 52.0 – – 57.4 58.0 – 56.0
Typ. (EN) 48.8 60.1 55.0 – 52.2 – – 53.7 57.4 – 55.2
TF-IDF (Top-1) 49.3 59.5 54.5 51.4 52.4 55.2 52.9 55.4 58.0 56.1 56.1
TF-IDF (Ens.) 49.4 59.0 53.8 51.1 52.5 54.5 52.0 55.1 57.8 55.0 55.4

Table C.4: Individual language accuracy on XStoryCloze (and EN StoryCloze). ∗Unseen languages
for the X-ELM models.

Model DE EN ES FR JA KO ZH

Zero-shot
XGLM (1.7B) 44.5 47.9 51.8 45.2 53.8 49.6 47.0
Dense 49.4 47.5 50.7 47.5 48.8 47.2 48.0
Typ. (TRG) 47.9 47.9 53.0 45.5 55.4 53.6 45.7
TF-IDF (Top-1) 47.4 46.9 55.0 45.9 54.9 49.4 50.8
TF-IDF (Ens.) 49.1 47.1 52.1 47.2 53.6 50.0 50.4

Few-shot
XGLM (1.7B) 56.3 50.5 55.4 55.2 55.6 53.0 55.7
Dense 56.0 54.9 55.8 55.2 54.9 53.8 53.0
Typ. (TRG) 56.5 53.4 55.8 55.1 55.6 55.9 55.4
Typ. (EN) 56.0 53.4 55.8 55.4 55.5 54.7 55.1
TF-IDF (Top-1) 56.6 54.2 55.7 54.9 55.6 55.7 55.7
TF-IDF (Ens.) 53.8 54.9 54.8 53.6 55.3 55.2 54.4

Table C.5: Individual language accuracy on PAWS-X.
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