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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.! 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.?

Notably, even when data filtering steps are taken to remove most languages from the training corpus.
ZPortions 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.® 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 (Libovicky 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, Martinez-Garcia 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; Sna@bjarnarson
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 Laurencon 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 AIBERT, 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 Schiitze (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,* 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.> The material in this chapter is adapted from:

#Such as that linguistic knowledge is acquired in a hierarchical order, and that monolingual information is obtained
before cross-lingual skills.
3> And 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.

27



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.!

2.1 Introduction

Deep recurrent neural networks (RNNSs) 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.,

I'This 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 x} of each word
1 at each hidden layer /. 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.

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.

Other stock indexes also fell

on Monday

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.

Training Signal Dataset RNN Layers i)nll::st H];(llizn
Dependency Parsing Eréiléigizii::rsal i g;r&liel bidirectional 200 400
Semantic Role Labeling CoNLL-2012 i ;‘%;fgaﬁiﬁ;fx;; 100 300
Machine Translation gllz\gdl’il;}?—oé:rman i g;r&llel bidirectional 500 500
Language Modeling ~ CoNLL-2012 2 sets of 4 unidirectional 50600

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:

y! = SoftMax(1W,ReLU(W;x!)) 2.1

where ¢ is the word index and [ 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 [ 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.?

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.’

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.
These results may be surprising given the
o findings of Linzen et al. (2016), which found

that RNNs trained on language modeling per-

0.9

form below baseline levels on the task of

4
©

subject-verb agreement. However, the more
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recent investigation by Gulordava et al. (2018)
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are in line with our results. They find that lan-
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04 " : guage models trained on a number of different
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languages assign higher probabilities to valid
Figure 2.3: Comparison between the LM and de-

pendency parser on the parent (blue), grandparent long-distance dependencies than to incorrect
(yellow), and great-grandparent (red) constituent

prediction tasks 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 w,, w,, for
which we have a dependency arc label, we input [w,; w,; w,. o w,] 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 0.50 058 0.69 076 0.79 0.74
MT 0.50 0.61 0.73 0.63 0.63 0.63
LM 050 062 074 078 0.80 0.73

Table 2.3: Results of the dependency arc prediction task. LO-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. !

I'This 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.

Recent work has claimed that monolingual

Figure 3.1: Estimated non-English data in En-
glish pretraining corpora (token count and total
at transferring between languages, despite os- percentage); even small percentages lead to many

tokens. C4.En (}) is estimated from the first SOM
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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.
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