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Abstract

Parameter-efficient fine-tuning (PEFT) has emerged as a important technique for moder-
ating the growing cost of fine-tuning state-of-the-art pre-trained language models. The
modular properties of some PEFT techniques, such as reusability, composability and
resistance to overfitting, lend them to applications in cross-lingual transfer, where data
from “high-resource” source language(s) is employed to improve performance of NLP
systems for (typically lower-resource) target languages. For instance, two independently
trained PEFT modules, one for a specific task and one for a specific target language, can
be composed in zero-shot fashion to perform transfer to that task-language combination.

The main goal of this thesis is to advance our knowledge of, and techniques for, PEFT
and cross-lingual transfer, both independently and especially where the former is used as
a tool for the latter. I pay particular attention to three aspects of this problem: (i) how
best to make use of the various sources of data available for cross-lingual transfer; (ii)
how to devise PEFT methods which deliver the best cross-lingual transfer performance;
and (iii) how to improve the efficiency of PEFT both in and beyond the context of
cross-lingual transfer.

The main contributions of this thesis are as follows: we first propose MAD-G, a
hypernetwork method which learns to generate bottleneck adapters (a form of PEFT
module) for specific languages from vectors of their typological features (such as word
order and language family). In addition to the significant efficiency benefit over training
independent adapters for single languages, this opens the possibility of generating modules
for the many languages for which typological features are available but which lack any
significant text data.

We then propose sparse fine-tuning (SFT) as an alternative PEFT method for cross-
lingual transfer to address the inexpressivity of bottleneck adapters. We present Lottery-
Ticket Sparse Fine-Tuning (LT-SFT), a new SFT method, and show that SFTs trained
with this method can be composed to obtain better cross-lingual transfer performance

than with adapters.
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Next, we propose “BiStillation,” a distillation-based method for creating more efficient
models for specific cross-lingual transfer pairs with minimal loss of performance compared
to the base multilingual model, and which outperforms multilingually-distilled models.

Whereas much work in cross-lingual transfer confines itself to considering one or two
data sources, we then consider a more general class of scenarios, where a mixture of
labelled, unlabelled and parallel data is available for the source-target pair(s) of interest.
We show how these data sources can be incorporated into a unified training setup in a
complementary manner using a range of cross-lingual transfer techniques, yielding large
performance improvements for low-resource languages in our evaluation.

Finally, we address the time- and memory-inefficiency of previously proposed SFT
methods, including LT-SFT, by proposing SplEL, which preserves memory efficiency
by maintaining a fixed-size set of trainable parameters which is periodically updated by
replacing those which have changed the least from their pre-trained values with others
which appear most likely to reduce the loss in the future. We show that SpIEL performs
favourably compared to state-of-the-art PEFT methods for instruction tuning of large

language models and with similar efficiency.
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Chapter 1

Introduction

1.1 Motivation

The story of modern Natural Language Processing (NLP) has been one of increasingly
large models trained on increasing amounts of data. The resulting systems have become
increasingly powerful and general, at first being able to learn a specific skill only implicitly
by studying a large set of examples, but later becoming better able to solve tasks specified
explicitly in words rather than through example (Radford et al., 2018, 2019; Brown et al.,
2020). Throughout this evolution, however, the need to adapt models, that is, to modify
them to display certain desired behaviours, has remained constant. This need arises
from the fact that language models are typically “pre-trained” on large text corpora
by learning to predict the next word in a sequence, or a missing word which has been
removed from the sequence. While performing these tasks accurately requires the model
to learn certain transferable skills and internal representations of the world, these are
latent and must be exposed before they can be useful for other applications (Devlin
et al., 2019; Wei et al., 2022; Ouyang et al., 2022). Furthermore, the pre-training corpus
may lack some of the required knowledge, and may not be representative of the kinds of
values or behaviours we want the model to display (Askell et al., 2021).

Models are typically adapted through a process known as “fine-tuning,” where some
or all of the parameters are updated through further training on a dataset specific to
the skills, tasks or values we want the model to acquire. However, fine-tuning is a costly
process in terms of time, memory and energy. This has generated significant interest
in ways of improving the efficiency of the fine-tuning process. One prominent class of
such methods are parameter-efficient fine-tuning (PEFT) methods (Houlsby et al., 2019;
Pfeiffer et al., 2023b; Lialin et al., 2023), which aim to improve training efficiency by

fine-tuning only a small subset of the pre-trained model’s parameters.
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It is often desirable for fine-tuning to be modular as well as efficient, meaning that
the skills or knowledge learned through fine-tuning are isolated in specific neural network
components which can be reused or combined with other modular fine-tunings. Modular
neural networks can support many target tasks or domains with minimal duplication of
components, when an entire, independently trained network would otherwise be required
for each desired application. One important application of modular fine-tuning which is
a focus of this thesis is cross-lingual transfer, where, given training data for a task in a
certain source language, we wish to adapt a model to perform the task in some other
target language. Here, there are two abilities being combined: the ability to perform the
task in question, and to understand (and possibly generate) the target language.

In this thesis, I investigate the most effective ways of applying parameter-efficient and
modular fine-tuning in combination with various types of data to cross-lingual transfer,
and propose new modular PEFT techniques and efficient methods for cross-lingual

transfer.

1.1.1 Modular and Efficient Fine-Tuning

The cost of pre-training and fine-tuning neural language models through the standard
approach of stochastic gradient descent with backpropagation can be formidable. The
large matrix multiplications involved in computing neural functions generally require
expensive hardware such as graphics processing units (GPUs) to execute efficiently.
Backpropagation requires the gradient of the loss function to be computed and stored
with respect to all model parameters, which further requires the storage of intermediate
activations calculated during the forward pass; adaptive gradient descent optimisers such
as Adam (Kingma and Ba, 2015) often store two further “state” values per parameter. It is
often necessary to distribute computational and memory costs over several computational
devices; for instance the recent Llama 3 family of models was trained on a cluster of
24 thousand GPUs (Meta Al, 2024). However, in the case of fine-tuning, there is an
alternative to this dramatic scaling of resource expenditure. Since, in comparison to
pre-training, fine-tuning is more focused on exposing already-learned skills and knowledge
rather than learning them from scratch, it has been shown that it is possible to achieve
strong fine-tuning performance by modifying only a small portion of a model’s parameters;
this class of techniques is known collectively as parameter-efficient fine-tuning (PEFT).
PEFT techniques significantly reduce the memory requirement of fine-tuning, as fewer
gradients, optimiser state values and intermediate representations must be stored when

fewer parameters are being trained, and they also reduce the computational cost of the
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backward pass, as fewer gradients must be computed. This helps to reduce the cost of
fine-tuning and make it more accessible to those with fewer computational resources.

Parameter-efficient fine-tuning approaches also tend to exhibit properties of modularity.
This means that they can be used in ways and contexts beyond the precise ones in which
they were trained. For instance, Pfeiffer et al. (2021a) show how the knowledge contained
in several independently trained PEFT modules can be “fused” to learn better fine-
tunings for new tasks; this is enabled by the fact that this knowledge is isolated in
discrete modules, whose small size allows several of them to be loaded into the model
simultaneously. Ostapenko et al. (2024) and Muqgeeth et al. (2024) take the idea of
module reuse further, proposing means of selecting and jointly applying relevant modules
for a given input on-the-fly. Another desirable property often possessed by PEFT modules
is composability, where two independent fine-tunings can be combined in such a way that
the resulting model inherits the skills and knowledge present in both without harmful
“destructive interference” (Nayak et al., 2023). This composability property is especially
useful in the context of cross-lingual transfer, where we wish to learn to perform a
given task in a language for which we have few or no training examples of that task;
consequently, we may wish to compose independent fine-tunings for the given task and
language (Pfeiffer et al., 2020b; Ansell et al., 2022).

1.1.2 Cross-Lingual Transfer

There are more than 7,000 languages spoken across the world (Eberhard et al., 2024;
Hammarstrom et al., 2024), but the distribution of usable data across these languages
is far from uniform: a handful of languages have ample data whilst the majority have
almost no accessible data (Joshi et al., 2020). There are three main kinds of data of
interest here: unlabelled data, which is general-domain text from the language in question,
which can be obtained from books or online sources such as Wikipedia; labelled data,
which consists of examples of a certain language task, such as sentiment classification,
where (for instance) a movie review might be accompanied by a “label” denoting that it
is a positive or negative review; and parallel data, which consists of text in some source
language and its translation into one or more target languages. Of these, unlabelled data
is typically the most plentiful, as it is produced organically by literate speakers of the
language in question, whereas labelled and parallel data requires deliberate effort, often
by an expert linguist.

Presently, the default approach to producing an NLP system which is highly capable
in a single language involves pre-training a large neural language model on an enormous

corpus of unlabelled data belonging to that language, followed by fine-tuning on a set of
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labelled data. It has been found that larger models trained on larger pre-training corpora
require less fine-tuning data to reach the same level of performance in a given task, and at
a certain scale even become capable of understanding tasks explicitly specified in words
with few or no examples (Radford et al., 2017, 2018; Brown et al., 2020). Nevertheless,
these larger-scale models still require labelled “instruction tuning” data to expose their
general problem-solving ability and desirable attributes such as “helpfulness, honesty
and harmlessness” (Askell et al., 2021).

Such data-hungry methods are infeasible for all but the aforementioned handful of
“high-resource” languages; yet all hope is not lost for less data-rich languages. While
different languages have different vocabularies and morphological and grammatical rules,
they are all used to refer to a similar set of objects and concepts in the world which
have similar relations to each other (though modulated by some degree of cross-cultural
variation), and linguists generally agree that human languages share some degree of
common structure (Chomsky, 1965; Croft, 2002; Evans and Levinson, 2009). Therefore a
model which has primarily been exposed to one language can potentially learn knowledge
which generalises to another. The act of exploiting knowledge learned from data in one
language to aid performance in another is called cross-lingual transfer.

Perhaps the most obvious technique for cross-lingual transfer is machine translation
(MT). A neural MT (NMT) system learns to translate between a given source and
target language by training on parallel data for the given language pair. This enables
task-specific training data to be translated into a language in which it is not already
available (this is known as the translate-train approach to cross-lingual transfer (Conneau
et al., 2020)), or alternatively, examples on which we wish to perform inference to be
translated into a language where a system for the relevant task is already available
(translate-test). While these approaches work well in some circumstances, they have
several significant drawbacks: the translation step introduces an additional source of
error into the pipeline; the quality of translation and thus degree of error introduced is
dependent on the amount of parallel data available, which tends to be low in comparison
to the amount of unlabelled data, as mentioned above; translated texts are known to
suffer from “translationese,” or artifacts of the translation process which induce a domain
shift which may result in poorer than expected results when systems trained on translated
texts are deployed on “naturally occurring” language examples (Artetxe et al., 2020a).

Unsupervised cross-lingual transfer techniques, by contrast, are those which do not
make use of any explicit cross-lingual signal such as parallel data. Currently, the most
potent such tool is the “massively multilingual Transformer” (MMT'), which is similar

to a typical Transformer but is pre-trained on a corpus consisting of text from many
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languages. An MMT typically delivers much better in-language performance! for a given
low-resource language than would be expected of a model trained on the available data of
that language alone due to positive transfer from higher-resource languages. Importantly,
MMTs also display impressive zero-shot cross-lingual transfer abilities: that is, an MMT
fine-tuned for a given task on examples from one language can often retain a reasonable
level of performance on examples from another language (Wu and Dredze, 2019; Pires
et al., 2019).

However, MMTSs’ high degree of multilinguality is a double-edged sword: while on
the one hand there can be positive transfer between languages, on the other, the more
languages a model covers, the less capacity it can dedicate to each language. Conneau
et al. (2020) find that MMTs deliver suboptimal cross-lingual transfer performance
for high-resource languages, and that performance on low-resource languages starts to
degrade beyond a certain number of pre-training languages; they term this effect the
“curse of multilinguality”. Pfeiffer et al. (2020b) propose learning language modules
in the form of bottleneck adapters (Rebuffi et al., 2017; Houlsby et al., 2019) through
continued pre-training to recover performance lost on a specific language due to the
curse of multilinguality, or to adapt the model to a new language unseen during pre-
training. Bottleneck adapters are lightweight layers consisting of a shallow multi-layer
perceptron inserted into each Transformer block which are trained while the remaining
model parameters are frozen. Pfeiffer et al. (2020b) show that their language adapters
can be composed with task-specific adapters to perform zero-shot cross-lingual transfer,
terming this approach “MAD-X".

PEFT modules are a natural choice for language- and task-specific adaptation in
cross-lingual transfer for several reasons. We are often interested in supporting multiple
tasks and languages. PEFT-based training keeps the time and memory requirements
of developing and running such a system manageable, with the composability property
allowing a single module to be trained for each task and language when a separate model
for each (task, language) pair would otherwise be required. Another benefit is that the
limited capacity of PEFT modules reduces the tendency of knowledge learned during
pre-training to be “forgotten” during fine-tuning, which might be especially hazardous
during cross-lingual transfer when specialising to the target language at the possible
expense of proficiency in the source language. Furthermore, this limited capacity makes
it harder to overfit to the fine-tuning data, which is more likely to occur on small datasets
such as those which are typical for low-resource languages. Since the target language

module is typically applied at inference time but not during training, parameter-efficiency

IThat is, performance when the model is fine-tuned and evaluated on data from the same language.
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also reduces the mismatch between the training- and inference-time model variants,
which may help to preserve cross-lingual alignment and prevent interference between the

language and task adaptations.

1.2 Thesis Outline

1.2.1 Aims

The aim of my PhD research has been to advance our understanding of and techniques for
modular and parameter-efficient fine-tuning and cross-lingual transfer, both separately
and especially where the former is used as a tool for the latter. I take Pfeiffer et al.
(2020b)’s modular, adapter-based “MAD-X" framework for cross-lingual transfer as an

inspiration and point of departure, and investigate the following research questions (RQs):

1. How can cross-lingual transfer benefit from additional sources of data not utilised
by the zero-shot MAD-X approach, including typological data, parallel data, and
“few-shot” task data in the target language?

2. How can bottleneck adapters be improved on as a PEFT method for learning

composable language- and task-specific modules?

3. How can we improve the efficiency of cross-lingual transfer methods, including
PEFT-based methods?

1.2.2 Overview

The remaining chapters of this thesis can be summarised as follows:

o Chapter 2 reviews the background necessary to understand the subsequent chapters
and place them in context. The areas covered are the evolution of transfer learning
in NLP; transfer learning with parameter-efficient and modular fine-tuning; and

multilinguality in NLP and cross-lingual transfer specifically.

o Chapter 3 addresses RQ1 from above, and in particular how language typology data
(containing information about a language’s syntactic, phonological and phonetic
features) can be used to improve cross-lingual transfer. We propose “MAD-G”,
where a hypernetwork is trained to generate a bottleneck adapter for a given target
language from a vector of its typological features. This opens up the possibility

of adaptation to target languages without unlabelled data. We also find that
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MAD-G requires far less training per target language than independent MAD-X
style adapters, touching on RQ3 on efficiency.

o Chapter 4 addresses RQ2. We identify a lack of expressivity and loss of inference-
time efficiency as drawbacks of bottleneck adapters. We propose sparse fine-tunings
(SFTs), where a small, strategically selected subset of the base model’s parameters
are fine-tuned, as an alternative composable PEFT method for cross-lingual transfer.
We introduce Lottery Ticket Sparse Fine-Tuning (LT-SFT), a novel sparse fine-
tuning method inspired by the Lottery Ticket Hypothesis (Frankle and Carbin,
2019).

« Chapter 5 addresses RQ3. We note the inherent parameter- and compute-inefficiency
of massively multilingual Transformers for cross-lingual transfer in the common
scenario where we are only interested in one target language. We show that by
distilling smaller bilingual models covering just the source and target language of
interest, we can achieve a similar level of performance to the base MMT with much
better inference efficiency. We build on the techniques developed in Chapter 4,
employing LT-SFT during both language- and task-specific distillation processes.

o Chapter 6 returns to RQ1. We propose a framework for exploiting any mixture
of labelled, unlabelled and parallel data for cross-lingual transfer, with a focus on

maximising performance for low-resource languages.

o Chapter 7 again addresses RQ3. While sparse fine-tuning has the advantage of
expressivity and inference-time efficiency, the Lottery Ticket method and other
previously proposed methods for learning SF'Ts are costly in terms of training time
and memory requirement. We propose SplEL, which is competitive with LoRA
(Hu et al., 2022, the most established PEFT method at the time of writing) in
terms of training efficiency, and show that it outperforms LoRA in most of our
instruction tuning experiments. We leave cross-lingual transfer experiments with
SpIEL to future work.

o Chapter 8 summarises the findings of the thesis, draws general conclusions and
proposes future research directions for PEFT and cross-lingual transfer both inde-

pendently and together.

1.3 Publications

Chapters 3-7 (and to a lesser extent 1, 2 and 8) are based on the following publications:
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Chapter 3: MAD-G: Multilingual Adapter Generation for Efficient Cross-
Lingual Transfer (Ansell et al., 2021). Alan Ansell, Edoardo M. Ponti, Jonas
Pfeiffer, Sebastian Ruder, Goran Glavas, Ivan Vuli¢, and Anna Korhonen. In
Findings of the 2021 Conference on Empirical Methods in Natural Language
Processing (EMNLP 2021), Nov 2021. I wrote the code and ran the experiments
and analysis for this work, and was the primary writer of the paper with assistance

from the other co-authors.

Composable Sparse Fine-Tuning for Cross-Lingual Transfer (Ansell et al.,
2022). Alan Ansell, Edoardo M. Ponti, Anna Korhonen and Ivan Vuli¢. In Proceed-
ings of the 60th Annual Meeting of the Association for Computational Linguistics
(ACL 2022), May 2022. I wrote the code and ran the experiments and analysis for
this work, and was the primary writer of the paper with assistance from the other

co-authors.

Distilling Efficient Language-Specific Models for Cross-Lingual Transfer
(Ansell et al., 2023b). Alan Ansell, Edoardo M. Ponti, Anna Korhonen and Ivan
Vuli¢. In Findings of the 61st Annual Meeting of the Association for Computational
Linguistics (ACL 2023), July 2023. I wrote the code and ran the experiments and
analysis for this work, and was the primary writer of the paper with assistance

from the other co-authors.

Unifying Cross-Lingual Transfer across Scenarios of Resource Scarcity
(Ansell et al., 2023a). Alan Ansell*, Marinela Parovi¢*, Ivan Vuli¢, Anna Korhonen
and Edoardo M. Ponti. In Proceedings of the 2023 Conference on Empirical
Methods in Natural Language Processing (EMNLP 2023), Dec 2023. Marinela and
I made an equal contribution to the code, experiments and analysis and were the

primary writers of the paper with assistance from the other co-authors.

Scaling Sparse Fine-Tuning to Large Language Models (Ansell et al., 2024).
Jan 2024. Alan Ansell, Ivan Vuli¢, Hannah Sterz, Anna Korhonen and Edoardo
M. Ponti. I assumed the primary role in writing code and running experiments,
with significant assistance from Edoardo and additional assistance from Hannah. 1
also took the primary role in writing the paper with significant assistance from the

other co-authors.



Chapter 2
Background

Over the course of my PhD study, NLP technology has undergone transformational
change. In this chapter, I divide the relevant background into three sections, with each
section organised chronologically to help place each of my research projects into its
proper temporal context. The sections are “Transfer Learning in NLP” (§2.1), in which I
describe the evolution of fundamental models for NLP and their adaptation to specific
tasks and domains; “Parameter-Efficient and Modular Fine-Tuning” (§2.2), in which I
discuss adaptation methods which are more efficient and enable the combination of more
than one facet of knowledge; and “Multilinguality and Cross-Lingual Transfer,” in which
I introduce the field of multilingual NLP.

2.1 Transfer Learning in NLP

Machine learning algorithms aim to derive generalisable knowledge or skills from a finite
set of observations and apply them to novel situations. Traditionally, NLP practitioners
aimed to create a system for one specific task; typical examples would be part-of-speech
tagging, parsing, sentiment analysis or question answering, among many others. Creating
a dataset for such a task is a major undertaking requiring careful design and the laborious
exercise of data gathering and annotation (Marcus et al., 1993; Socher et al., 2013;
Rajpurkar et al., 2016). However, a model trained on even a large task-specific dataset
but without any other exposure to language would struggle to differentiate between signal
and noise. Consider for instance a dataset consisting of sentences with binary sentiment
labels, that is, labels denoting each sentence as having positive or negative sentiment.
Each label provides only a single bit of information which the model may use to extract
generalisable sentiment-related features from a sea of other irrelevant linguistic features

and learn how they combine to form a sentence’s overall sentiment.
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One way of dealing with this problem is to “guide” the model by using human
knowledge to craft features relevant to the task. For instance, one of the inputs to a
model for named entity recognition might be whether a given word begins with a capital
letter, as capitalised words are more likely to be named entities. High-performance
systems might use hundreds of such hand-crafted features (Curran and Clark, 2003;
Nadeau and Sekine, 2007). However, this approach has become a casualty of the “bitter
lesson of AI research” (Sutton, 2019). The factors which influence humans’ linguistic
judgements are complex and subtle and not easily reduced to a fixed set of categorical
features. By attempting to do so, the model’s designer provides it with a signal that is
impoverished, even if its “information density” is higher. Furthermore, features engineered
for one task may be far less useful for another: word capitalisation probably tells us very
little about a sentence’s sentiment for example. Therefore, the enormous effort required
to optimise the feature set for a model might yield very little benefit outside the narrow
task and domain for which it is intended.

Transfer learning, on the other hand, seeks to alleviate the problem of insufficient data
by removing the assumption that we must learn only from data belonging to the target
distribution, that is, the distribution we are ultimately interested in drawing inferences on.
To borrow Pan and Yang (2010)’s formalisation, transfer learning aims to use knowledge
obtained from a source domain and task Dg and Tg to improve the learning of predictive
function fr(-) for target task 7r on domain Dr. Here, a domain D = {X, p(z)} consists of
a feature space of possible inputs X', and a probability distribution over the feature space
p(z). A task T = {Y,p(y|x)} consists of a label space Y and a conditional probability
distribution p(y|x). The underlying probability distributions p(z) and p(y|z) are both
unobservable; we must learn a function f(z,y) to estimate p(y|z) given a training set
consisting of pairs z; € X and y; € ).

Transfer learning scenarios can be categorised according to the relationships between
the source and target domains and tasks. The case where the source and target domains
share the same feature space X but have a different distribution p(x) over inputs is often
referred to as domain adaptation (Ruder, 2017); for instance, transfer from sentiment
classification on film reviews to sentiment classification on product reviews. Some more
distant transfer scenarios involve differing feature spaces X's and X’r; a prominent example
is cross-lingual transfer, where the source and target feature spaces consist of text from
different languages. On the other hand, we sometimes wish to employ data from one task
to improve performance on another. Multi-task learning, for instance, aims to exploit the
commonalities between several tasks by training on their data simultaneously (Caruana,

1997). However, the most influential concept in task transfer learning is likely that of
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pre-training, where a model is first trained to perform a very general task for which data
is plentiful, and is then taken as a starting point for specialisation to a more specific, less
data-rich task. The first instance of this approach achieving widespread success was in
computer vision, where it was found that deep convolutional neural networks (Krizhevsky
et al., 2012) trained on the ImageNet (Deng et al., 2009) image classification dataset
yield representations that are highly transferable to other domains and computer vision
tasks (Razavian et al., 2014), or that they can be fine-tuned to perform such tasks at an

impressive level of performance (Yosinski et al., 2014).

2.1.1 Word Embeddings

While the “ImageNet moment” of transfer learning breakthrough in NLP is not generally
considered to have arrived until around 2018 (Ruder, 2018), pre-training in NLP has an

extensive history. Much of this work was motivated by two NLP-specific challenges:

1. Language (in its written form) consists of sequences of discrete words belonging
to a high-dimensional vocabulary, and the relationship between words and their
meanings is largely arbitrary. Thus the training signal for any one word is sparse

and not straightforwardly transferable to other words, even closely related ones.

2. Unlike computer vision, where models pre-trained on image classification tasks seem
to learn sufficiently general representations to transfer well to many other tasks,
NLP lacks a canonical supervised pre-training task. This can perhaps be attributed
to the fact that language has multiple layers (syntactic, semantic, pragmatic) which
operate at differing levels of granularity (word, sentence and document level), and
most tasks target a small subset of these layers and levels. Part-of-speech tagging,
for instance, is a word-level syntactic task, whereas sentiment analysis is a sentence-

or document-level semantic task.

The solution to the first of these problems was found in word embeddings, also known as
word vectors. The naive, “sparse” vector representation of the ith word of a vocabulary
V' consists of a single 1 at position ¢ in a |V |-dimensional vector consisting otherwise of
zeros, so that every word’s vector is orthogonal to every other’s. A dense word vector, or
embedding, on the other hand, is a vector of real numbers of dimension d < |V|, with the
intuition that the distance between two words’ embeddings in the vector space corresponds
to their degree of semantic or syntactic relatedness. Reducing the dimensionality of
a word’s representation from |V| to d may be beneficial from the point of view of

computational efficiency, but more importantly, it enables better generalisation through
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transfer between related words. To paraphrase Bengio et al. (2000), “If we knew that
dog and cat played similar roles (semantically and syntactically), and similarly for (the,
a), (bedroom, room), (is, was), (running, walking), we could naturally generalise (i.e.
transfer probability mass) from
The cat is walking in the bedroom
to A dog was rumning in a Toom
and likewise to The cat is running in a Toom
A dog is walking in a bedroom

The dog was walking in the room
and many other combinations.”

But how can one learn an effective set of word vectors in the first place? In view of the
aforementioned lack of a suitable general-purpose supervised task, NLP research turned
to unsupervised learning methods dependent only on unlabelled data, i.e. plain text,
which unlike data annotated by expert linguists, is readily available in great quantity
and diversity on the internet. Unsupervised word embedding approaches were largely
inspired by the observation in distributional semantics that words which often occur near
to each other tend to be related in some way, a principle summarised by Firth (1957) in
the statement “ You shall know a word by the company it keeps.”

A prominent example of a distributional word embedding learning algorithm is
word2vec (Mikolov et al., 2013c), which was the first to achieve widespread adoption
across many tasks. Each word is assigned an “input” and an “output” vector. The
training examples are drawn from a large corpus and consist of a center word and its
“context”, the ¢ = 5 words appearing on either side of the center. The objective is
to maximise the estimated probability of the center word occurring given the context.
The conditional probability of the center word occurring is calculated for each context
word independently. To avoid the computational expense of computing a full probability
distribution over the vocabulary, word2vec’s negative sampling approach substitutes these
conditional probabilities with scores obtained from the dot product of the input vector of
the center word and the output vector of the context word. It simultaneously maximises
the scores for words that did co-occur in the corpus and minimises the scores for “fake”
context words sampled from the full vocabulary. The popular GloVe method (Pennington
et al., 2014), on the other hand, explicitly calculates a “word-word co-occurrence matrix,”
containing the frequency with which every pair of words co-occurs in the corpus. It
computes word vectors by efficiently factorising this matrix. The impressive efficiency of
word2vec and GloVe enabled them to learn superior word representations by leveraging

multi-billion word corpora at relatively modest computational cost.
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Pre-trained embeddings were typically used as inputs to neural models with architec-
tures tailored specifically to a given target task, unlocking significant improvements across
many areas of NLP (Chen and Manning, 2014; Seo et al., 2016; Wang et al., 2016; Lee
et al., 2017). Ma and Hovy (2016) for instance find that initialising the embedding layer
of their end-to-end neural sequence labelling model with GloVe (Pennington et al., 2014)
vectors improves the F1 score they obtain on a named entity recognition (NER) task by
more than 10 points. Such results demonstrate the promise of transfer learning for NLP
by leveraging the information contained in unannotated text. However, pre-trained word
vectors fall far from exploiting the full potential of this approach. word2vec and GloVe
adopt a notion of context which treats the words it contains independently and without
respect to their order, and the final embeddings it learns are fixed and insensitive to
the context in which they appear. Such a system has no opportunity to learn linguistic
phenomena above the level of lexical semantics. To achieve the goal of maximising
the generalisable knowledge learned from unannotated text, we require an architecture
capable of modelling the interactions between words in sequences of arbitrary length,
and a pre-training task of sufficient difficulty and generality to require the model to

understand a wide range of linguistic phenomena, and even acquire world knowledge.

2.1.2 Pre-Trained Language Models

Language modelling (LM), where the model is required to predict the next word in a
sequence of words, has emerged as the primary task for pre-training of NLP models. It
can be considered a self-supervised task, because it involves predicting explicit labels,
but these labels are produced procedurally from unannotated data rather than manually
by humans. One of the earliest experiments in transfer learning with language model
pre-training was by Collobert and Weston (2008), who pre-train a Time-Delay Neural
Network (Waibel et al., 1989) on a simplified language modelling task where the model
is required to discriminate between real and “fake” words in a sentence. Specifically,
the model is supplied with a fixed-length sequence of words whose middle word has
been replaced with a random word with 50% probability; the label is positive if the
middle word is the original and negative if it has been replaced. Unlike the distributional
embeddings learning methods discussed above, Collobert and Weston’s neural architecture
and training task take into account the order of words in the context. However, they
transfer only the embeddings learned during the self-supervised pre-training to the main
target task, semantic role labelling (SRL), as they use a slightly different architecture for
SRL than for LM. Nevertheless, they find that using the embeddings pre-trained with
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the LM objective significantly reduces the downstream SRL error rate compared to using
randomly initialised embeddings.

While there was some successful exploration of LM-based pre-training in the interven-
ing years (e.g. Dai and Le, 2015; Radford et al., 2017), the “ImageNet moment” (Ruder,
2018) of transfer learning in NLP arrived in 2018 with the release of a succession of
models which fully embraced the pre-training/fine-tuning paradigm, notably ULMFit
(Howard and Ruder, 2018), ELMo (Peters et al., 2018), GPT (Radford et al., 2018) and
BERT (Devlin et al., 2019). These models were successful for several reasons. Their
flexible and powerful architectures, based on either the LSTM gated recurrent neural
network (Hochreiter and Schmidhuber, 1997) or the Transformer (Vaswani et al., 2017)
are capable of modelling long-range dependencies over arbitrarily long sequences, and
the same architecture can accommodate both LM and a wide range of downstream
tasks with minimal modification, typically requiring only the addition of a task-specific
classification head. This enables the high-level information learned during pre-training
such as sentence-level syntax and semantics to be transferred to the downstream task
either by directly utilising the representations learned across the model layers as in
ELMo, or by exposing the model’s latent knowledge through fine-tuning its parameters,
as in ULMFit, GPT and BERT. These models also benefited from greater scale than
their predecessors, both in terms of capacity as measured by number of parameters and
amount of data seen during training. GPT and BERT, the most powerful of this first
generation of pre-trained models, achieved sizable performance gains across almost every
task in NLP. Howard and Ruder (2018) point out that under their experimental settings,
ULMFiT with only 5% of the training data could deliver a similar level of performance
to a non-pre-trained model using the entire training set.

Another contributor to GPT and BERT’s success was their use of the new Trans-
former architecture (Vaswani et al., 2017). The Transformer has at least two significant
advantages over the previously predominant recurrent neural network (RNN) variants
such as the LSTM. Whereas RNNs sequentially compute representations for each word
in a sequence, the Transformer’s self-attention mechanism allows it to pass information
between every pair of words at each layer. This enables better parallelisation for greater
computational efficiency during model execution and aids learning long-range depen-
dencies by reducing the length of the computational path between distant words in the
sequence (Hochreiter et al., 2001). I discuss the Transformer architecture in detail in
§2.1.5.
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2.1.3 In-Context Learning

In contrast with non-pre-trained, task specific models whose performance was typically
limited by the availability of annotated training data, pre-trained Transformers exhibit
impressive scaling with respect to model size and pre-training duration. Kaplan et al.
(2020) showed that Transformer language modelling performance has a power law relation-
ship to model and dataset size and training compute which holds over at least six orders
of magnitude on the efficient frontier. This is reflected in the performance of pre-trained
Transformers on downstream tasks. For instance, Raffel et al. (2020) consistently find
significant improvements in performance of their T5 models across a wide range of tasks
at each of 4 increments in size from 220 million to 11 billion parameters.

In addition to exhibiting improved performance after task-specific fine-tuning, larger
pre-trained language models appear to gain qualitatively different and more powerful
transfer abilities. In particular, larger models are increasingly capable of performing
tasks which they have not been explicitly trained for. Radford et al. (2019) demonstrate
that their 1.5 billion parameter GPT-2 model achieves a reasonable level of performance
on several common tasks without using any task-specific training data. They elicit the
desired behaviour for a given task by presenting test examples to the model in a task-
specific natural language template. For instance, for news article summarisation, the text
“TL;DR:"! is appended to the article, and the model is used to predict the subsequent
words; for English-to-French translation, the model input consists of a sequence of
English-French translation pairs in the form “english sentence = french sentence”
followed by “english sentence = ", where the final english sentence is the one we
actually want to translate. Using the model input itself to specify the task in this manner
is known as “in-context learning.”

While in-context learning was originally far inferior to fine-tuning performance-wise in
most cases, further scaling allowed few-shot in-context prompting performance to make
significant progress toward closing the gap with the fine-tuning state-of-the-art for many
tasks (Brown et al., 2020). The success of in-context learning implies that large language
models (LLMs) learn many of the high-level concepts needed to solve typical NLP tasks
despite not receiving any explicit instruction in these concepts; rather, they learn these
concepts implicitly because they happen to be useful for the next word prediction task on
which the model is explicitly trained. Larger, more thoroughly trained models seem to be
capable of learning increasingly abstract, implicit concepts. For instance, with zero-shot
prompting the 175-billion parameter GPT-3 model (Brown et al., 2020) achieves 91%

'Common internet slang for “Too long, didn’t read”, typically followed by a summary of the preceding
text.
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accuracy on the Choice of Plausible Alternatives (COPA; Roemmele et al., 2011) dataset,
which requires understanding of cause and effect in real-world scenarios; their models also
become capable of simple arithmetic at this scale. Remarkably, some advanced models
can even play chess to a reasonable standard without explicit instruction (Carlini, 2023),
presumably because their training data includes a large number of notated chess games,
and they learn some form of internal model of the game in order to be able to accurately

predict next moves.

2.1.4 Instruction Tuning

Although LLMs display impressive zero- and few-shot in-context learning abilities, they
are not optimised for usefulness or correctness in their raw, pre-trained form. Rather,
they are trained to produce output which simulates their training data, which may differ
greatly from the output we would like an NLP system to produce. Consider the example
of chess: the training corpus likely contains chess games of a wide variety of play quality.
To be able to make accurate next move predictions, the LLM will not only need to model
the game situation, but also the style and strength of the players. Therefore, while the
model may learn the capability to play chess well, it is unlikely to display this ability
unless the context seems to call for it. Carlini (2023) found that the strength of an
LLM-based chess agent could be modulated by changing the names of the players in
the header of the game record passed as input to the model; the best performance was
obtained when the game was represented as being between two world champion players.

In order to elicit the desired “personality” (Askell et al. (2021) propose “helpful,
honest and harmless” as ideal attributes) from the LLM, a supervised fine-tuning step
is often employed after pre-training. However, since we are aiming to produce a model
which excels at in-context learning, or to use a more intuitive term, instruction following
on as broad a range of instructions as possible, instruction tuning datasets tend to
prioritise diversity of task types to promote generalisation to novel instructions. This
stands in contrast to the pre-training/fine-tuning paradigm we have considered so far,

where the fine-tuning step serves to specialise the model for a particular task.

2.1.5 The Transformer Architecture

The Transformer architecture was originally envisioned by Vaswani et al. (2017) as a
sequence-to-sequence model for machine translation. It consists of an encoder, which
encodes a sequence of tokens into a corresponding sequence of vector representations,

and a decoder, which, given the encoder output and the tokens generated so far, predicts
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a probability distribution over the next token in the sequence. The distinctive feature of
the Transformer is that it relies entirely on attention mechanisms to model interactions
between different positions in the sequence.
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Fig. 2.1 The arrangement of components of a Transformer encoder (left) and decoder
(right). Reproduced from Vaswani et al. (2017).

A Transformer encoder or decoder consists of several blocks, each containing an atten-
tion component followed by a dense feed-forward component. The attention component
of the encoder employs only self-attention, where the representations output by the
previous layer interact with each other. The decoder additionally employs cross-attention,
where the representations output by the decoder’s self-attention interact with the final
representations produced by the encoder. To enforce the sequential nature of the output
and avoid “information leakage,” the decoder’s self-attention is masked to prevent it
from “seeing” later tokens in the sequence than the one it is currently predicting during
training. Figure 2.1 illustrates the arrangement of components within Transformer blocks
and the interaction between the encoder and decoder layers.

The specific variety of attention used in Vaswani et al. (2017)’s Transformer for-

mulation is known as scaled dot-product attention. Each representation in the “source”
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sequence is considered to pose a “query” in the form of a vector to the “target” sequence,
which is the source sequence itself in the case of self-attention, or the encoder sequence
in the case of cross-attention. For each position in the target sequence, there is a “key”
vector and corresponding “value” vector. For a source and target sequence of lengths m
and n respectively, the query and key vectors of dimension d, and the value vectors of
dimension dj, can be stacked to form matrices Q € R™*% K € R™% and V € R"*4,
The attention score between a given query and key is defined to be the dot product of
their vectors, thus the attention score for all pairs can be calculated as QK ". These are
then scaled by dividing by 1/d;, and normalised to a probability distribution over keys
for each query using the softmax function. The output of the attention calculation is a

linear combination of the values weighted by the distribution of the corresponding keys:

. QK"
Attention(Q, K, V') = softmax| —— | V. (2.1)

Vg
However, instead of having a single set of queries, keys and values, Vaswani et al.
(2017) pioneer “multi-head attention,” where there are several independent sets of queries,
keys and values, each of which feeds into its own scaled dot-product attention calculation,
the results of which are concatenated and combined with a linear layer. This allows
the attention mechanism to attend to several different relevant features of the sequence

simultaneously.

MultiHead(S, T) = Concat(heady, ..., head,) W (2.2)
where head; = Attention(SW2, TWK, TWY), (2.3)

where S € R™*dmodel T' ¢ R™*model gre the source and target sequence representations,
WiQ, WHE € Rimoderxdi and WY € Rémodet*dv project the raw representations to their
queries, keys and values respectively, h is the number of attention heads and W¢ &
Rhdv X dmoder

A Transformer block consists of a self-attention block, followed by a cross-attention
block (decoder only), followed by a feed-forward layer. Each of these sub-components
has a skip connection and is followed by a layer normalisation (Ba et al., 2016). The

feed-forward layer consists of two sequential linear layers with a non-linearity:
FFN(x) = Wha(Wix + by) + bs. (2.4)

In Vaswani et al. (2017)’s original formulation, the non-linear activation function « is

the rectified linear unit (ReLU; Fukushima, 1975). Later Transformer variants have a
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variety of alternative activation functions, such as GeLLU (Hendrycks and Gimpel, 2016)
in BERT and GPT (among others). More recently, variants of the Gated Linear Unit
(Dauphin et al., 2017) have been popular. For instance, the SwiGLU FFN (Shazeer,
2020)

SwiGLU(x, W, V, Wy) = Wy(Swish(Wz) © V), (2.5)

where Swish(x) = & ® o(x), has been used by LLaMA 1 and 2 (Touvron et al., 2023a,b)
and Mistral (Jiang et al., 2023).

The input representations to the first encoder and decoder layer are taken from an
embedding matrix Ej, € RV *%model Because the Transformer’s attention mechanism does
not explicitly model the order of the tokens in the sequence, positional information is
often incorporated by adding a position-specific embedding to the representation of each
token. Vaswani et al. (2017)’s Transformer implementation uses sinusoidal positional

embeddings, where the positional embedding for position pos is given by

. Ppos

PE(pos,Qi) = Sl <10()O()21/dmode1> (26)
pos

PE(pos,2z‘+1) = COs (1()()0()22'/%00161)' (2.7)

Vaswani et al. (2017) point out that this choice of positional embeddings assists the
model in “learning to attend by relative positions, since for any fixed offset k, PE,,s1

)

can be represented as a linear function of PE,,;”. Some Transformer models such
as BERT have opted for fully learnable position embeddings for each position. More
recently rotary position embeddings (Su et al., 2023), which incorporate relative positional
information in the cross-attention mechanism itself at every Transformer block have
become commonplace.

While originally envisioned as a sequence-to-sequence architecture, the encoder and
decoder components of the Transformer are often used independently. BERT, RoBERTa
(Liu et al., 2019) and ELECTRA (Clark et al., 2020b) are examples of encoder-only
models. They produce token-level representations which can be used for lexical tasks such
as part-of-speech tagging and named entity recognition, as well as a pooled sequence-level
representation, which can be used for sentence-level tasks such as sentiment analysis.
Since Transformer encoders do not employ masked attention, they cannot be pre-trained
with the standard language modelling objective. BERT for instance uses a masked
language modelling objective, where 15% of the input tokens are replaced at random

with either a special [MASK] token, a random token or the original token. The model
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must then predict the masked tokens. One benefit of masked language modelling is that
the model can learn from bidirectional context, whereas in standard language modelling
only left-side context is available for prediction. However, since only 15% of tokens
can be used for prediction, masked language modelling may be less sample efficient.
ELECTRA circumvents this problem by framing pre-training as a discrimination problem.
It simultaneously trains a small “generator” encoder with a masked language modelling
objective and a discriminator model which must discern whether each token in the input
is genuine or has been replaced by a “fake” token sampled from the generator. This
enables the model to learn from a prediction on every token.

Unsupervised pre-training for sequence-to-sequence Transformers (those which have
both an encoder and a decoder) typically employs a denoising objective, where the
input sequence is corrupted in some way and the decoder must reconstruct its original
form. Lewis et al. (2020a), for instance, pre-train their BART model by replacing
randomly selected spans of the input with a special token and requiring the model to
predict the entire input sequence including the masked-out spans. Raffel et al. (2020)
propose a more efficient variant of this objective for pre-training their T5 models, where
the ith masked span in the input sequence is replaced by a special “sentinel” token
specific to the ith position, and the decoder is required to output only the masked spans
themselves, separated by the corresponding sentinel tokens. Their generative abilities
allowed sequence-to-sequence pre-trained Transformers to excel on tasks which require a
sentence or document to be conceptually transformed into another, such as summarisation
and language translation.

Most recent large language models are decoder-only models (Brown et al., 2020;
Touvron et al., 2023a,b; Jiang et al., 2023, among many others). Since sequence-to-
sequence tasks can generally be recast as causal language modelling tasks by providing
the input as a prompt to the language model (i.e. a prefix to the decoder output,
perhaps with some additional framing words or tokens), the lack of an encoder is not
much of a limitation in practice. Wang et al. (2022b) systematically compare zero-shot
generalisation of encoder-decoder and decoder-only models, finding no advantage for
encoder-decoder models when decoder-only models are pre-trained with both causal and
masked language modelling; decoder-only models may therefore have become favoured

due to their greater simplicity.
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2.2 Parameter-Efficient and Modular Fine-Tuning

2.2.1 Efficient Fine-Tuning

While it has evolved from a technique for specialising pre-trained models for a specific task
to a more general-purpose means of optimising in-context learning performance through
instruction tuning, fine-tuning remains an essential component of the NLP pipeline. The
default, “full” fine-tuning approach is similar to pre-training, that is, to update all model
parameters using some variant of stochastic gradient descent over mini-batches of the
training data. While this allows the model’s full capacity to be applied to learning the

target task, it has several drawbacks:

o It is slow: training large neural networks is computationally intensive and time-
consuming. Part of the appeal of the pre-training/fine-tuning paradigm is that
those who lack the resources to pre-train language models themselves can still apply
them to their problems through fine-tuning. Much of this strength is negated if

even fine-tuning is prohibitively slow.

« It is parameter- and memory-inefficient: the amount of GPU memory required
during full fine-tuning is also similar to the requirement for pre-training. This may
make it inaccessible to those who do not have multiple high-end GPUs at their
disposal, especially for the most recent multi-billion parameter LLMs. The amount
of permanent storage required for LLM fine-tunings and the time needed to load
them may also be onerous, especially when there is a separate fine-tuning for each

of multiple target tasks.

« It is prone to overfitting: considering that fine-tuning datasets tend to be orders
of magnitude smaller than pre-training datasets, large models may overfit on their

fine-tuning data rather quickly.

Aspects of Efficiency
There are several salient aspects of fine-tuning efficiency:

1. Time/computation efficiency: this can be measured in many ways. For instance,
raw computational cost could be measured in floating-point operations (FLOPs)
per token - though note that since the computational complexity of Transformer
execution is proportional to the square of the sequence length, this value is dependent
on the sequence length. FLOP-based cost correlates imperfectly with time-based

cost (e.g. seconds required to process a batch of a certain size and sequence
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length), which is hardware-dependent. For instance, a sparsity-based fine-tuning
method which on paper requires far fewer FLOPs than a dense method may not in
fact execute any faster on typical hardware which has limited support for sparse
operations (Hooker, 2021). A third consideration is energy usage, which again is
hardware-dependent and imperfectly correlated with FLOPs and time consumption.
Schoonhoven et al. (2022), for example, suggest that capping a GPU’s power limit
may improve energy efficiency despite slowing processing down. In this thesis, I
focus on time efficiency, as this is typically the most practically important of these

considerations in a small-to-medium scale setting.

. Memory efficiency: the form of memory which is most often a bottleneck for deep

learning performance is GPU RAM. However, in the case of fine-tuning, the amount
of memory it takes to store the parameter updates learned during the training
procedure may also matter, as this affects the amount of time required to load the
fine-tuning from disk or CPU RAM to the GPU. While this is usually a one-off
cost, in certain cases where a system must support many different fine-tunings
simultaneously but there is insufficient space to store all of them in GPU RAM, it
may be necessary to frequently load and unload fine-tunings. In this work, I mostly
treat memory efficiency as secondary to time- and parameter-efficiency, though
it is a focus in Chapter 7. There, I mostly emphasise GPU memory efficiency,
although the methods described throughout are naturally storage-efficient as a

natural consequence of their parameter-efficiency.

. Parameter efficiency: closely related to memory efficiency is parameter efficiency,

which relates to how great a proportion of a model’s total parameters are updated
during the fine-tuning process. A fine-tuning method which is parameter-efficient
is generally memory-efficient in terms of storage, though not always in terms of
GPU RAM - in Chapter 4, we propose a fine-tuning technique which makes sparse
updates to the model’s pre-trained parameters, but these updates are represented
as dense matrices in GPU memory. Parameter-efficiency implies a reduction in a
fine-tuning’s representational capacity, which may be desirable for several reasons:
Hu et al. (2022) suggest that fine-tuning tasks tend to have relatively low intrinsic
dimension (Li et al., 2018) and therefore require only a fraction of the capacity of full
fine-tuning; furthermore, limiting the capacity helps to prevent forgetting (Biderman
et al., 2024) and overfitting. However, there is some evidence from recent work
that this limitation of capacity may sometimes cause worse performance compared
to full fine-tuning, especially for difficult tasks: Biderman et al. (2024) show that
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on a set of coding and maths tasks, full fine-tuning significantly outperforms the
PEFT method LoRA with a high rank, which in turn outperforms LoRA with
lower ranks, and posit a trade-off between performance in the fine-tuning domain
and remembering other abilities, with limited capacity favouring the latter over the
former. Shuttleworth et al. (2024) further investigate the difference in behaviour
between LoRA and full fine-tuning, finding that unlike full fine-tuning, LoRA has
a tendency to introduce “intruder dimensions” in a model’s weight matrices, that
is, singular dimensions which differ greatly from those of the pre-trained matrix’s.
They hypothesise that intruder dimensions arise as a result of the model having to
learn drastic alterations to its pre-trained dimensions to fit the fine-tuning data
with limited capacity, and that intruder dimensions are associated with forgetting.
This accords with their finding that more forgetting appears at very low LoRA
ranks, and that forgetting is generally minimised at a “sweet spot” of intermediate
LoRA ranks.

Another crucial distinction is that fine-tuning methods can have different efficiency
properties at training and inference time. For instance, in Chapter 4, we will compare two
different fine-tuning methods, bottleneck adapters and “lottery ticket” sparse fine-tuning.
The former inserts new layers into a pre-trained model and then updates only these layers
during fine-tuning, which is very time and memory efficient during training but less so
during inference, while the latter has a relatively costly two-step training procedure but
incurs no extra cost in time or GPU memory at inference. Chapter 7 is motivated by the

desire to improve the training efficiency of sparse fine-tuning.

Computational Costs of Deep Learning

To get a better handle on the training efficiency-related aspects of fine-tuning, it is helpful
to consider the main uses of time and memory during stochastic gradient descent with
backpropagation, employing the example of a linear layer Y = X "W for concreteness

when required:

1. Storage of the parameter values (W in this case).

2. Computation and storage of intermediate representations during the forward pass.
For a linear layer, it is necessary to compute the matrix multiplication X "W and

store the input matrix X in order to calculate gradients during the backward pass.

3. Computation and storage of gradients during the backward pass. For a linear layer,
it is typically necessary to calculate both aan/ =X g—é (hence why we needed to

store X during the forward pass) and % = Wg—f,.
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Fig. 2.2 An illustration of several kinds of PEFT modules as applied to a Transformer
layer: (a) a Bottleneck Adapter (Houlsby et al., 2019; Pfeiffer et al., 2021a); (b) a
Low-Rank Adapter (Hu et al., 2022) and (c) Sparse Fine-Tuning as applied to the output
projection of self-attention. Note that dropout and layer normalisation components are
omitted for simplicity.

4. Storage and updating of the optimiser state. The most widely used adaptive
optimisers typically store additional state which can be quite memory-intensive;
Adam (Kingma and Ba, 2015) for instance stores two momentum values per

parameter.

Parameter-efficient fine-tuning (PEFT) alleviates the cost of parameter-efficient fine-
tuning through reducing requirements (3) and (4) by fine-tuning only a small proportion
of the model parameters, as only the tunable parameters require gradients to be calculated
and stored and optimiser state to be stored and updated. It also addresses the risk of

overfitting by reducing the degree of model capacity exercised during fine-tuning.

PEFT with Bottleneck Adapters

One of the first applications of PEFT in NLP was by Houlsby et al. (2019), who inserted
specialised “bottleneck adapter” modules into each Transformer block of the pre-trained
BERTArgE model and trained only the parameters of these modules during task-specific

fine-tuning. Despite the adapter modules accounting for only 3.6% of the total model
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parameters, the resulting models achieved only marginally worse results than full fine-
tuning on the GLUE benchmark (Wang et al., 2018). Adapter-based fine-tuning saw
widespread adoption, likely as a result of the ease and efficiency of training and sharing
adapters (Pfeiffer et al., 2020a). We will mostly consider bottleneck adapter modules of
the type proposed by Pfeiffer et al. (2021a), where the adapter consists of an down- and
up-projection (hence the term “bottleneck”) with non-linear activation function inserted

after the feed-forward layer of each Transformer block:
Adapter,(h,r) = Ua(Dh) + 7, (2.8)

where h and r are the post-norm output and residual of the feed-forward layer respectively,
U, € Rémoderxds and D; € R%*dmodel are the trainable up- and down-projection at block [,
dp < dioder 18 the dimension of the intermediate “bottleneck” layer, and « is a non-linear

activation function. The bottleneck adapter is illustrated in Figure 2.2a.

PEFT with Low-Rank Adaptation

Bottleneck adapter fine-tuning is both faster and less memory-intensive than full fine-
tuning for the reasons discussed above. Riicklé et al. (2021) find that the speedup
in training throughput from using bottleneck adpaters is between 1.3 and 1.6 times
compared to full fine-tuning. On the other hand, introducing additional layers into the
model slows down the forward pass, resulting in an inference throughput of 0.95 times
that of the original model in Riicklé et al.’s experiments. This issue is addressed by the
low-rank adaptation (LoRA) PEFT method of Hu et al. (2022). LoRA is predicated on
the intuition that fine-tuning tasks typically have low intrinsic dimension (Li et al., 2018),
meaning that there is a set of acceptable solutions @gpe-tuned = Gpre-trained + A0 where AO
belongs to a subspace whose rank is much lower than the number of parameters |@|. This
seems to be a reasonable assumption if we think of fine-tuning as primarily exposing
skills the model learned during pre-training rather than learning new skills from scratch.

LoRA learns a low-rank update to a subset of the model’s weight matrices as follows:
, o
W'=W + —BA, (2.9)
’

where W € R™™ is the frozen pre-trained matrix, B € R™" and A € R™" are
trainable up- and down-projections, r < m,n is the rank of the update, and « is a
hyperparameter. For standard linear layers, which account for the vast majority of

floating point operations in a Transformer, the forward pass takes the following form
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when augmented with low-rank adaptation:

y=Wea=W+ %BA):B (2.10)

— Wz + - BAz. (2.11)
T

When (Azx) is computed first in the product BAz, it is not necessary to materialise the
full LoRA update < BA during training. Though LoRA incurs the additional cost of the
forward and backward pass for A and B, this is greatly outweighed by the saving of no
longer needing to compute or store the gradient of the frozen W, since A and B together
have (m + n)r elements, whereas W has mn elements and r < m,n. LoRA as applied
to a linear layer is illustated in Figure 2.2b.

While during training it is more efficient to avoid materialising the LoRA update
% BA, the opposite is true at inference time, as it is possible to compute W’ =W + 2B A
once and then use it in place of W for the entire inference run, achieving the same speed
as with the original model. This advantage and the typically very strong performance

LoRA displays have led to it becoming one of the predominant PEFT techniques.

Prompt and Prefix Tuning

Brown et al. (2020) showed that natural language “prompts” prepended or appended
to a pre-trained language model’s input can be used to elicit a desired behaviour. For
instance, they found that inputting a document followed by the string “TL;DR” would
encourage the model to generate a summary of the document. However, finding effective
natural language prompts is not easy and is a field of study in itself (Jiang et al., 2020;
Schick and Schiitze, 2021; Shin et al., 2020). Prompt (Lester et al., 2021) and prefix
(Li and Liang, 2021) tuning simulate a natural language prompt with a sequence of
trainable vectors prepended to the model input. Using a continuous representation of the
prompt allows it to be learned using standard SGD with backpropagation, at the cost of
making it less interpretable. Whereas prompt tuning only tunes vectors prepended at
the embedding layer, prefix tuning takes this idea further by prepending such trainable
vectors to all sequences of hidden representations the model computes.

A significant advantage of prefix and prompt tuning is that because they conceptually
intervene on the model input instead of the model parameters, it is possible to efficiently
run inference with a different prompt for each example in a batch, allowing a system to
support multiple tasks simultaneously without needing to load a new set of weights when
switching to a new task. It is more difficult to support this behaviour with a fine-tuning

method that intervenes on model parameters, since the model parameters are typically
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fixed while a batch of inputs is processed. On the other hand, prepending virtual tokens
to the input extends the sequence length and thereby slows down inference, with longer,
more expressive prompts being increasingly costly. Therefore, prefix and prompt tuning
may underperform more highly parameterised methods on complex tasks or those with

relatively large fine-tuning datasets.

Other PEFT Methods

BitFit (Ben Zaken et al., 2022) pushes PEFT to an extreme by updating only a model’s
bias parameters during training. These account for less than 0.1% of the total parameters
of the BERT and RoBERTa models used in Ben Zaken et al.’s experiments, yet they
found that this was generally sufficient to match the performance of full fine-tuning
on the GLUE benchmark (Wang et al., 2018). However, since BitFit is restricted to
fine-tuning a very small subset of parameters, it may lack the capacity for more difficult
tasks, with subsequent research showing its performance falling behind other approaches
(Ansell et al., 2022; Liu et al., 2022). Furthermore, many recent LLMs do not have bias
parameters.

Liu et al. (2022) propose (IA)? (“Infused Adapter by Inhibiting and Amplifying Inner
Activations”), which intervenes on selected intermediate Transformer representations by
scaling them elementwise. Specifically, (IA)? introduces three new trainable parameter
vectors per Transformer block, I, € R%, [, € R% and l;; € R%, where d;; is the
dimension of the activation vector in the FFN layer. These vectors are multiplied
elementwise with the attention keys and values and the FFN activations respectively.

This can be formulated as

QU ®KT)
Vi
FEN gy (@) = Wallys © a(@Wy + by) + by, (2.13)

Attention 2 (Q, K, V) = softmax( )(lv oV) (2.12)

Since (IA)? only learns three vectors per layer, it is highly parameter-, memory- and
compute-efficient, and Liu et al. (2022) find it to be highly effective in their evaluation,
outperforming all other PEFT methods they tested including some which fine-tune an
order of magnitude more parameters. In practice, however, (IA)3 has not superseded
LoRA as PEFT method of choice for large-scale fine-tuning tasks such as instruction
tuning. This is likely because its limited capacity makes it more suited to tasks with

small datasets such as in the range of 20-70 examples used in Liu et al.’s evaluation.
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Gradient Accumulation

Gradient accumulation is a technique for reducing the memory usage during stochastic
gradient descent. Each batch of B training examples is divided into G' “micro-batches”
of size M such that B = GM. The forward and backward pass are computed for each
micro-batch sequentially, with the gradient calculated for each parameter during the
backward pass being added to a cumulative total. Thus the memory required to store
parameter values and gradients and optimiser state is the same as for full batches of size
B, but the memory required to store the intermediate representations is reduced by a
factor of GG, since the batch size is typically the first dimension of these representation

tensors.

Activation Checkpointing

Activation checkpointing (Chen et al., 2016), also sometimes known as gradient check-
pointing, is another technique for reducing the cost of storing intermediate representations
during backpropagation. It works by storing only selected intermediate representations
during the initial forward pass and then recalculating the missing representations when
needed during the backward pass. Consider a network with N layers. Activation check-
pointing stores only the input to every v/Nth layer. When it is time to compute the
gradients of the ith block of V/N layers, the full set of intermediate representations for
this block is computed using a second forward pass originating from the “checkpoint,” the
saved input to the block, and is then discarded once the gradients have been calculated.
Since v/N checkpoints are saved in the first forward pass, and each second forward
pass calculates intermediate representations for a block of v/N layers which are then
discarded before moving onto the next block, the total memory used to save intermediate
representations is O(v/N), compared to O(N) without activation checkpointing. This

comes at the cost of doubling the amount of time spent on forward passes.

Quantisation

While parameter efficiency reduces the memory required to store gradients and optimiser
state during fine-tuning, and gradient accumulation and activation checkpointing target
storage of intermediate representations, quantisation aims to reduce the cost of storing the
model’s parameters and/or activations by using a lower-precision format. On hardware
which supports faster operations with the lower-precision format, such as INT8 product-
sums, quantisation may also speed up computation. For example, Bhandare et al. (2019),

who were among the first to quantise a Transformer, convert the data type of the
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parameter and activation tensors involved in matrix multiplication operations from the
FP32 used in pre-training to INTS8 with a zero-offset followed by a scaling factor and

rounding operation:

target range

scale = (2.14)

source range

Aguantized = 1ound((Afioat — 2€T00ffset) - scale), (2.15)

where “source range” and “target range” refer to the range of values covered in the
original and quantisation data types respectively - the target range for an unsigned
INTS value for instance would be 255 - 0 = 255. Mapping values from a higher- to a
lower-precision data type inevitably introduces error and causes the quantised model to
behave differently from its original-precision equivalent. However, the choice of source
range has an effect on the size of this error. The source range can be naively chosen as
the difference between the global maximum and minimum values of the tensor. This
prioritises preserving the exact values of outliers at the expense of achieving high precision
in the representation of values closer to the centre of the distribution. Bhandare et al.
(2019) instead choose a source range which minimises the Kullback-Leibler divergence
between the histograms of the quantised and unquantised tensors. To further reduce the
quantisation error, it is now common to divide a tensor into a number of groups and
apply a different scale factor to each depending on its distribution (Shen et al., 2020). For
instance, when quantising a tensor of activations, Yao et al. (2022) dynamically calculate
the source range and apply the resulting rescaling on a per-token basis. Dettmers et al.
(2022), on the other hand, identify outlier values and store them in 16-bit precision while
quantising the remaining values in 8 bits.

Quantisation methods can broadly be categorised as “quantisation-aware training”
(QAT), where the model weights are adjusted through further training to ameliorate
the error introduced by the precision reduction resulting from quantisation (Shen et al.,
2020; Zafrir et al., 2019; Zhang et al., 2020; Tao et al., 2022; Xiao et al., 2023; Frantar
et al., 2023, inter alia), and post-training quantisation (PTQ), where no adjustment
to the model weights is made other than changing their data type (Bondarenko et al.,
2021; Dettmers et al., 2022). The former requires access to the model’s training data
and is inefficient as it may require many additional training steps; the latter generally
requires little additional computation (sometimes a small amount of “calibration data” is
used to establish the distribution of the activation tensors) but tends to result in great
performance degradation since there is no explicit counteraction of the introduced error,

and thus admits lower compression ratios than QAT.
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Due to the tendency for low-precision training to be unstable, quantisation has
almost always been applied as a separate step after a model has been trained in full
precision. Contrary to this trend, and of particular interest to us, is the work of Dettmers
et al. (2023), who apply quantisation to reduce memory usage during the fine-tuning
process itself: they propose quantised LoRA (qLoRA), a variant of LoRA that stores
the pre-trained model weights in a 4-bit data type called NormalFloat4, temporarily
dequantising each parameter tensor into a higher-precision data type only when required.
Since the pre-trained weights are kept frozen and the LoRA weights are stored in 16-
or 32-bit precision, there is minimal risk of instability due to underflow or overflow. A

typical qLoRA linear layer can be expressed as

yBF16 — pEQUANT(IWNF4)ZBFI6 | %BBF16ABF16ZEBF16’ (2.16)
where BF16 denotes tensors with the BrainFloat16 data type, N+ denotes the NormalFloat4
data type, DEQUANT(-) denotes the dequantisation operation which converts tensors
from NF4 to BF16. Here, WN' = QUuANT(WBF16) where WBF16 is the pre-trained form
of the weight matrix, and QUANT(+) denotes the quantisation operation which converts
tensors from BF16 to NF4. Note that DEQUANT(QUANT(W)) is not exactly equal to W
since it is not possible represent all values of a 16-bit value in 4 bits without some loss
of precision. However, Dettmers et al. (2023) find that barely any performance penalty
results from this loss of precision in their instruction tuning evaluation. While qLoRA is
significantly more memory-efficient than unquantised LoRA, qLoRA training is slightly
slower as it incurs the additional cost of dequantising its weights every time they are

used.

2.2.2 Modular Fine-Tuning

The fine-tuning process can be thought of as endowing the pre-trained model with specific
skills or knowledge. Often, these skills or knowledge are most useful not in isolation,
but when combined with other knowledge or skills. For instance, we sometimes wish
to adapt simultaneously to a specific task and domain; sometimes we wish to exploit
already learned skills to better learn new, related skills (Pfeiffer et al., 2021a; Ostapenko
et al., 2024; Muqgeeth et al., 2024). The purpose of modular fine-tuning is to enable
these skills and knowledge to be reused in this way by concentrating them in dedicated

modules. The benefits most often associated with modular fine-tuning are:

o Transferability: when skills are concentrated in modules, it is often possible for

several modules to be loaded in the model at once. This allows several skills to be
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either learned or exploited simultaneously such that positive transfer between the
skills results in better downstream performance. For instance, Pfeiffer et al. (2021a)
propose a modular approach to multi-task learning, where an independent adapter
module is first learned for each of IV tasks, and the model is specialised to a specific
task by learning the parameters of an additional module which fuses the outputs of
the NV adapters. Ponti et al. (2022) propose a multi-task learning framework which
explicitly models a set of latent skills, for which it learns corresponding modules
and a “task-skill allocation matrix,” which determines which skills are required for

each task.

o Composability: independently trained modules can often be composed to combine
the skills or knowledge they represent without further training. Pfeiffer et al. (2020b)
train bottleneck adapters to specialise models to specific tasks and languages, and
show that an arbitrary task and language adapter can be stacked on top of each
other, delivering improved performance in the task in the given language compared
to that given by the task adapter alone. Chronopoulou et al. (2023) on the other
hand adapt a model to an unseen domain by composing several relevant adapters
for seen domains through averaging their weights. Nayak et al. (2023) compose soft
prompts corresponding to concepts such as “small,” “furry,” and “cat” to adapt to

new classes for image classification.

o FEfficiency: modules are typically parameter-efficient, that is, they consist of a small
proportion of the total model parameters, and are trained while the remaining
parameters are frozen. As discussed in §2.2.1, this generally results in significant

improvements in training speed and memory usage.

Pfeiffer et al. (2023b) identify four primary elements of a modular deep learning
model: the computation function, which describes the implementation of each module
in isolation; the routing function, which determines which modules are active, that is,
included in the computational graph, for any given input to the model; the aggregation
function, which combines the output of the active modules; and the training setting,
which describes the order and details of module training. I refer the reader to Pfeiffer

et al. (2023b) for a comprehensive discussion of this taxonomy.

2.3 Multilinguality and Cross-Lingual Transfer

The world is home to at least 7,000 languages (Eberhard et al., 2024; Hammarstrom
et al., 2024). There are a number of factors limiting the availability of high-quality
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NLP systems for the vast majority of these languages. Perhaps the most acute of these
limitations is a lack of data: Joshi et al. (2020) describe 88% of the languages they
consider as having “exceptionally limited resources,” with “virtually no unlabelled data to
use,” let alone labelled data of the kind needed for task-specific fine-tuning. For context,
the first-generation pre-trained Transformer BERT was trained on a corpus of 3.3 billion
English words; as of 2024, this would be considered a very modest training corpus, with
LLaMA 2 for instance being trained on 2 trillion tokens (Touvron et al., 2023b). Bearing
in mind the importance of corpus size for language model scaling (Kaplan et al., 2020),
high-performance, monolingually pre-trained models are not feasible for most languages,
as a 3.3 billion token corpus is accessible for only a handful. Even if this approach to
multilingual NLP were possible, it might not be practical: the cost and inconvenience of
training, maintaining and deploying a hundred or more independent language models
would be considerable.

In the face of this severe imbalance in data availability across languages, NLP
practitioners have turned to transfer learning. Specifically, cross-lingual transfer aims
to use the knowledge contained in data belonging to one or more source languages to
learn a better model for tasks in one or more target languages. For the reasons discussed
above, transfer is typically from higher to lower resource languages. Theoretical and
comparative linguistics provide good reason to believe that data from one language can
contain knowledge that generalises to other languages: while there is disagreement about
the extent to which languages share a universal structure (Chomsky, 1965; Croft, 2002;
Evans and Levinson, 2009), it is widely agreed that certain features such as recursion
and some parts of speech (such as nouns and verbs) are common to all languages.
Geographically or genealogically related languages tend to share typological features
and similar vocabularies, suggesting increased transfer potential between such languages.
Furthermore, all languages make reference to objects and concepts which exist in the
same universe, and while there may be significant cross-cultural variation in how people
think of and interact with the world, there is a great degree of similarity in human
experience across time, location and linguistic background. For instance, the idea “the
tired children sleep soundly” is far more plausible than the idea “colourless green ideas
sleep furiously” no matter what language it is expressed in. Thus cross-lingual transfer
offers the opportunity to learn a better model not just of superficial linguistic features,
but of the world itself.
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2.3.1 Machine Translation

The main focus of early research in multilingual NLP was machine translation (MT),
the task of translating text from one language into another. While a useful end in itself,
MT can also be considered a technique for cross-lingual transfer, because it enables a
model designed to perform a task in language A to be applied to text in language B by
first translating the text into language A. Early MT systems generally relied on bilingual
lexicons and sets of rules to transform the source into the target language (Wang et al.,
2022a). However, the subsequent statistical (SMT) and neural (NMT) approaches relied
on learning translation models from parallel corpora, that is, datasets consisting of a large
number of sentences in the source language and their translations into the target language.
Since these translations are produced by expert human translators, they are typically
much scarcer than unlabelled data, and are rarely available in significant quantity other
than for a handful of the highest-resource languages. This has spurred the development
of unsupervised techniques for multilingual NLP.

As I make limited use of MT in this thesis, I will focus on the application of MT
to cross-lingual transfer rather than providing a detailed background of MT techniques
themselves. There are two main approaches: translate-train, where an MT model is used
to translate the training data from the source language into the target language, and this
translated data is then used to fine-tune a pre-trained language model which supports the
target language; and translate-test, where a pre-trained language model which supports
the source language is fine-tuned on the original training data, and at inference time,
examples are translated from the target into the source language before being sent
to the fine-tuned model for prediction. These are generally effective approaches (Hu
et al., 2020), but they have some limitations: firstly, they rely on labels being preserved
after translation. For instance, while a sentence with positive sentiment in language
A should remain positive when translated into language B, its dependency parse tree
may change completely due to different word order, a different choice of grammatical
constructions being more natural in language B and so on. Secondly, the performance is
highly dependent on the quality of the MT model (Artetxe et al., 2023), which may be
poor for low-resource languages given the typical shortage of parallel data. Furthermore,
the need to balance “fluency in the target language” with “fidelity to the source text”
(Volansky et al., 2013) often results in “translationese”, or text that sounds unnatural
in the target language. A system which is trained on “translationese” text but receives
natural text for inference may suffer degradation in performance due to this distribution
shift. Artetxe et al. (2020a) showed that this issue can be somewhat alleviated by always

using translated data for both training and inference: for instance, in the translate-test
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approach, the source language data can be “translated into translationese” by translating

into some other pivot language and then back into the source language.

2.3.2 Unsupervised Cross-Lingual Transfer

Bilingual word embeddings (Mikolov et al., 2013b; Artetxe et al., 2016) were one of
the first forays into unsupervised learning for multilingual NLP. The underlying idea
is inspired by the observation that monolingual word embedding spaces exhibit linear
regularities such that pairs of words which hold a fixed semantic relationship to each
other tend to share a similar offset vector (Mikolov et al., 2013a) (for example, the
offset between the embeddings for “man” and “woman” is similar to that for “King” and
“Queen”). Assuming that two languages share a similar set of concepts and relationships
between them, this suggests that their embedding spaces ought to be roughly isomorphic
and could be mapped onto each other with a linear transformation. This linear mapping

W can be learned by solving an optimisation problem of the form
mvén;d(Wmi,zi), (2.17)

where x; and z; are the embeddings of a word in the source language and its translation
in the target language respectively, and d is a distance metric. While Mikolov et al.
(2013b)’s initial method relied on a bilingual dictionary of 5,000 common words, Artetxe
et al. (2017) showed that their refined method could perform well with as few as 25
word pairs, or in a completely unsupervised manner by using only numerals, which
have a consistent meaning across most languages. Exploiting the knowledge contained
in monolingual corpora and the isomorphism in concepts across languages with this
technique enabled significant advances in low-resource scenarios in MT (Artetxe et al.,
2018) and other tasks including dependency parsing (Ammar et al., 2016), part-of-speech
tagging (Fang and Cohn, 2017) and semantic parsing (Johannsen et al., 2015).

The pre-trained Transformer revolution opened new frontiers in cross-lingual transfer,
starting with multilingual BERT (mBERT; Devlin et al., 2019). mBERT utilises the
same architecture? and pre-training objective as BERT, but was pre-trained on a corpus
consisting of Wikipedia dumps of the 100 languages with largest Wikipedias. Despite the
lack of any explicit cross-lingual signal during training, mBERT learns representations
which exhibit a surprising degree of cross-lingual transferability. Wu and Dredze (2019)

investigate mBERT’s performance in zero-shot cross-lingual transfer, where no task-

mBERT shares the same dimensions as BERTgagg other than its vocabulary size which is much
larger to accommodate the various lexicons and scripts of its pre-training languages.
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specific data is available in the target language, finding that when fine-tuned on the
source language and applied directly to the target language, it performs strongly on
a range of tasks. Pires et al. (2019) find similar evidence of mBERT offering strong
zero-shot cross-lingual transfer, and speculate that this may be partially a result of
tokens in the model’s multilingual vocabulary being shared across languages. Many
tokens have similar meanings across languages (again consider numerals, for instance),
which may act as “seeds” for aligning other tokens cross-lingually. Pires et al. (2019)
show that mBERT is nevertheless capable of high-performance zero-shot cross-lingual
transfer between languages which do not even share the same script: they obtain a
91% accuracy score on part-of-speech tagging (POS) for Hindi (written in Devanagari
script) using mBERT fine-tuned only on POS examples in Urdu (written in Arabic
script), suggesting that mBERT learns cross-lingual representations at a deeper level
than the embedding layer alone. Despite lacking a common script, Hindi and Urdu are
very closely related genealogically and typologically; Pires et al. (2019) also consider
the relationship between language similarity and transferability, finding that languages
which have more typological similarities (such as sharing SVO or SOV word order) tend
to be more effective transfer pairs. Artetxe et al. (2020b) challenge the importance of
token overlap for cross-lingual alignment by learning a new set of token embeddings for
a target language through continued pre-training of a mBERT-like model which was
monolingually pre-trained on the source language. Surprisingly, the resulting model
exhibits only slightly diminished transfer performance relative to one trained jointly on
the source and target language, despite the body of the former model being trained only
on source language data. This suggests that even monolingual models learn abstractions
which generalise well across languages.

Other notable massively multilingual Transformers (MMTs) include XLM-RoBERTa
(XLM-R; Conneau et al., 2020), which uses a similar architecture to mBERT but is more
thoroughly trained and has both an mBERT-sized XLM-Rpasg and a larger XLM-Rparce
variant, and mDeBERTa (He et al., 2021), which is trained using a generator-discriminator
setup similar to ELECTRA’s (Clark et al., 2020b). Liu et al. (2020) trained mBART
and Xue et al. (2021) trained mT5, multilingual versions of the sequence-to-sequence
Transformers BART and T5, which were pre-trained on 25 and 100 languages respectively.
mBART demonstrates impressive performance on machine translation even when the size
of the parallel corpus for fine-tuning on the MT task is relatively small; it likely benefits
from the cross-lingual alignment learned implicitly during its unsupervised pre-training
as described above for mBERT.
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The trend towards increasingly large decoder models and pre-training datasets has
unfortunately not been accompanied by a proliferation of highly multilingual counterparts.
The few examples of LLMs designed with multilinguality in mind include XGLM (Lin
et al., 2022), a 7.5 billion parameter model pre-trained on a 500 billion token corpus of
30 languages; PolyLM (Wei et al., 2023), a 13 billion parameter model pre-trained on
a 640 billion token corpus of 18 languages; and BLOOM (BigScience Workshop et al.,
2023), which comes in a range of sizes from 560 million to 176 billion parameters and is
trained on 46 natural languages and 13 programming languages, but may be significantly
under-trained at 176 billion parameter scale given its corpus is only 384 billion tokens
in total. Some recently released “frontier” models boast a high level of proficiency in
several languages, but this is typically confined to a small number of very high-resource
languages: Mixtral 8x22B (Jiang et al., 2024) covers English, French, Italian, German and
Spanish, while Command-R+ (Cohere for AI, 2024) covers six European languages plus
Japanese, Korean, Arabic and Chinese. Despite their lack of intentional multilinguality,
some English-centric LLMs display impressive multilingual abilities (Armengol-Estapé
et al., 2022; Holtermann et al., 2024), likely due to trace amounts of non-English data

appearing in their pre-training corpora.

2.3.3 Few-Shot Cross-Lingual Transfer

While zero-shot cross-lingual transfer holds theoretical and some practical interest, often
more realistic is the few-shot case, where a small number of gold-standard target language
examples are available during task-specific fine-tuning. Though it may be expensive
to annotate target language data, especially for low-resource languages where native
speakers are hard to access, prior work has shown that using even a small amount during
training can yield significant gains in performance (Zhao et al., 2021). One of the earliest
approaches to few-shot cross-lingual transfer by Lauscher et al. (2020) involves first
fine-tuning a multilingual pre-trained model on the source language data, then separately
on the few target language shots, with the few-shot training step yielding up to 15
point improvements in test performance. However, recent work has suggested that it is
more effective to jointly train on both the source and target data simultaneously (Xu
and Murray, 2022; Schmidt et al., 2022), perhaps because the separate target language
training phase of the sequential approach is highly prone to overfitting to the very small
number of examples, in addition to forgetting what was learned in the source language

training phase.
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2.3.4 Language Adaptation

The most widely used multilingual Transformer encoders such as mBERT and XLM-R
are generally pre-trained on around 100 languages, and more recent models tend to be less
multilingual, as discussed above. This leaves the vast majority of the world’s languages
unsupported, and even those languages which are covered may display suboptimal
performance due to the “curse of multilinguality” (Conneau et al., 2020), the decline in
performance that occurs as a model becomes more multilingual and hence the capacity
that can be dedicated to each language diminishes. We can attempt to circumvent this
problem by specialising the multilingual model for a specific language with an additional
pre-training step.

Pfeiffer et al. (2020b) propose the adaptation of multilingual Transformer encoders
to specific languages through continued pre-training, that is, fine-tuning with the original
objective (masked language modelling) but on a corpus consisting purely of text in the
target language. They consider two implementations of an NLP system which must
support Np tasks in N, target languages given task training data only in some other

source language:

1. A baseline full fine-tuning approach. For each target language [ € {1,2,..., N, }, a
language-adapted variant M® of the pre-trained multilingual model M is created
through continued pre-training of M on a corpus of language [. Then for each task
t € {1,2,..., Nr}, a model variant M ! specific to the task-language pair (I,t) is
created by fine-tuning M® on the training data for ¢.

2. “MAD-X”, a bottleneck adapter-based fine-tuning and composition approach. For

the source language [ = 0 and each target language | € {1,2, ..., N.}, a language
()

adapter A),,, for M is created through continued pre-training on I’s corpus. Then
for each task t € {1,2,..., Nr}, a task adapter AE?Sk is trained on top of M ©® Af;?lg,

where ® denotes adapter insertion. That is, the task adapters are trained on top of
the frozen source language adapter. Crucially, inference for task ¢ in target language
[ is performed using (M © Al(i)ng) ® Aiz)sk, meaning the relevant task adapter is

stacked on top of the relevant language adapter within each Transformer layer.

MAD-X’s language adapters consist of both the conventional bottleneck adapter layers
plus an additional “invertible adapter” to modify the behaviour of the embedding layer,
which helps to learn the vocabulary of a new language.

While Pfeiffer et al. found that target language adaptation resulted in improvements

in downstream performance with both approaches, there are several reasons to prefer the

3For brevity, I only describe Pfeiffer et al. (2020b)’s strongest “MLM-TRG” baseline here.
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modular MAD-X approach: sequentially fully fine-tuning the base model on a language
and then a task could result in forgetting pre-trained or language-specific knowledge
by overwriting it with task-specific knowledge, which may be reflected in the better
evaluation performance of the adapter-based approach; the full fine-tuning approach
trains Ny Nr independent models, requiring O(NyNr) time and storage space, whereas
MAD-X trains Ny, + Nr + 1 adapters, requiring only O(Ny, + Nr) time and storage space;
furthermore, each adapter is faster to train and much smaller than a fully fine-tuned
model.



Chapter 3

Multilingual Adapter Generation for
Efficient Cross-Lingual Transfer

3.1 Introduction

Although massively multilingual Transformers (MMTSs) such as mBERT (Devlin et al.,
2019) and XLM-R (Conneau et al., 2020) display impressive (zero-shot) cross-lingual
transfer abilities (Pires et al., 2019; Wu and Dredze, 2019), their performance has been
shown to drop when the target language is typologically distant to the source language,
or the size of its pre-training data is limited (Hu et al., 2020; Lauscher et al., 2020). In
addition, their coverage of the world’s languages - and consequently the range of language
technology applications they can support - remains insufficient.’

Bottleneck adapters (Rebuffi et al., 2017; Houlsby et al., 2019), introduced in §2.2.1,
have been proposed as a parameter-efficient means to extend multilingual models to
under-represented languages (Bapna and Firat, 2019; Ustiin et al., 2020). The general
practice is to train a language adapter on unlabelled data for each language (Pfeiffer
et al., 2020b) via masked language modeling (MLM), as described in §2.3.4. However,
this generally requires substantial amounts of monolingual data, which prevents adapters
from serving under-resourced languages where such additional language-specific capacity
would be most useful.

To address this deficiency, we propose multilingual adapter generation (MAD-G),
a novel paradigm that enables the generation of bottleneck adapters for low-resource

languages by sharing information across languages. Instead of learning separate adapters

!mBERT and XLM-R have been trained on corpora from 104 and 100 languages, respectively.
According to Glottolog (Hammarstrom et al., 2024), however, there are over 7,000 languages spoken
around the world.
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for each language, MAD-G leverages contextual parameter generation (CPG; Platanios
et al., 2018; Ponti et al., 2019b), that is, it learns a single model that can generate a
language adapter for an arbitrary target language. At the core of MAD-G is a contextual
parameter generator which takes the typological vector of a language as input and outputs
the parameters of the language-specific adapter. The generator’s parameters are trained
via MLM on the Wikipedias of 95 languages, selected to maximise linguistic diversity.
Unlike prior CPG work (Platanios et al., 2018; Ustiin et al., 2020), MAD-G generates
language adapters that are task-agnostic, thus allowing for efficient and modular cross-
lingual transfer across the board, i.e., the MAD-G language adapters can be leveraged in
arbitrary downstream tasks (Pfeiffer et al., 2020Db).

MAD-G shares information across languages (i) at the level of hidden representations
by sharing the parameters of the adapter generator as well as (ii) at the typological
level by conditioning on features from the URIEL database (Littell et al., 2017). The
latter additionally enables zero-shot transfer to unseen languages. Further, we propose a
variant of MAD-G in which we generate adapters also conditioned on their Transformer
layer position (see §3.3.2), allowing MAD-G to be much more parameter-efficient than
adapter-based transfer methods of prior work.

In experiments on zero-shot cross-lingual transfer on part-of-speech tagging (POS),
dependency parsing (DP) and named entity recognition (NER), MAD-G demonstrates
competitive performance to training more expensive language-specific adapters and
shows strong performance in low-resource scenarios, e.g., in the NER task for African
languages. What is more, we show that transfer performance can be further improved
by (a) multilingual training of task adapters and (b) fine-tuning of generated MAD-G
adapters, via MLM, on small amounts of monolingual data. Finally, we provide a nuanced
analysis of transfer performance to unseen languages, highlighting the importance of the

diversity of the language sample selected for pre-training.

3.2 Background

Before introducing MAD-G in detail in §3.3, we recapitulate its key components adopted
from previous work. In particular, we summarise the discussion of language adaptation

from Chapter 2, and introduce Contextual Parameter Generation (CPG).
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Fig. 3.1 Cross-lingual transfer with MAD-G. @ MAD-G training: the generator component
learns to generate language-specific bottleneck adapters given URIEL vectors of input
languages; the parameters of the generator are trained with an MLM objective, where
instances of the respective language are passed through the frozen Transformer layers
and the generated adapter parameters. @ In the downstream task fine-tuning, both the
Transformer weights as well as the weights of the generated source-language adapter are
frozen; an additional task adapter with randomly initialised weights is placed on top of
the generated source language adapter. During target language downstream inference,
the generated source language adapters are replaced with the generated target language
adapters.

3.2.1 Language Adaptation

Massively multilingual Transformers (MMTs) infamously suffer from the “curse of multi-
linguality” (Arivazhagan et al., 2019; Conneau et al., 2020): for a fixed model capacity,
their performance decreases as they cover more languages. Extending them to under-
represented and unseen languages is far from trivial: additional training (of all model
parameters) for such languages can lead to catastrophic forgetting of the previously
acquired knowledge (McCloskey and Cohen, 1989; Santoro et al., 2016). A common
remedy for both their coverage—performance trade-off and limited flexibility is to allocate
additional model parameters for individual languages. This is often achieved through the
use of bottleneck adapter layers (Houlsby et al., 2019; Pfeiffer et al., 2020b). We adopt
the adapter variant of Pfeiffer et al. (2021a) as described in §2.2.1, and the continued

pre-training approach for learning language adapters (LAs) discussed in §2.3.4.
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3.2.2 Contextual Parameter Generation

Language adapters are an instance of a common design pattern in multilingual NLP:
training a separate model or model components for each target language.? This approach
based on a separate instance per language has two crucial drawbacks: (i) the total training
time and number of parameters learned increase linearly with the number of languages;
(ii) a lack of information sharing across languages due to the complete independence of
learned parameters, which prevents low-resource languages from benefiting from their
typological and genealogical ties to high(er)-resource languages.

CPG is a technique introduced by Platanios et al. (2018) to address these drawbacks.
While originally conceived for neural machine translation (NMT), CPG can be applied to
any neural model f parameterised by @, for which we aim to learn parameterisations for a
number of different contexts; in multilingual NLP, these “contexts” are languages. In the
instance-per-language approach, an independent parameterisation 80, [ € {1,...,n;},
is learned for each of the n; languages of interest. In CPG, the only language-specific
parameters that we learn are the low-dimensional language embeddings AV € R%. These
are used by the generator g, a hyper-network (Ha et al., 2017) component® with its
own parameterisation ¢, to produce the language-specific parameterisation of the main
model: 8 = g4(AY). While g can in principle be any differentiable function (i.e.,
arbitrarily deep neural model), in practice it is typically set to a simple linear projection

(e, o =W):
gw(AY) = Wb, (3.1)

where W € R™*4 is a learnable weight matrix, n, being the number of parameters of f.

The total number of parameters learned when training n; independent models is
nyn,, whereas the number of parameters in the W matrix is d;n,. Therefore, neglecting
the small number of parameters dedicated to language embeddings, the CPG approach
uses fewer parameters when d; < n;.* More importantly, in multilingual training the
generator matrix W is shared across all languages, which enables knowledge sharing

across languages and leads to improved transfer performance.

20ther examples include the training of language-specific pre-trained language models (Rust et al.,
2021) as well as language pair-specific encoder—decoder models for machine translation (Luong et al.,
2016; Firat et al., 2016).

3A hyper-network is a neural model that generates the parameters of another (main) neural model.

4Training MAD-G on 95 languages with d; = 32 (this work) achieves roughly a threefold saving in
parameter size.
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Platanios et al. (2018) and Ponti et al. (2021a) opt for randomly initialising language
embeddings A) and learning them end-to-end. Specified like this, however, CPG
cannot generalise to languages unseen in training, as it would lack embeddings for those
languages at inference. To support generalisation to arbitrary new languages, one must
ground language embeddings in some external language representation, available for
many languages. To this end, Ponti et al. (2019b) exploit typological language vectors
from the URIEL database (Littell et al., 2017) directly as language embeddings to
generate a full set of model parameters. In a similar vein, Ustiin et al. (2020) use
the typological language vectors from URIEL to generate task- and language-specific
bottleneck adapters for dependency parsing: they learn the parameters ¢ of the generator
¢ via multilingual dependency parsing training on 13 languages. In contrast, MAD-G’s
multilingual MLM training allows the generation of task-agnostic LAs that can support

downstream cross-lingual transfer for arbitrary NLP tasks.

3.3 MAD-G: Methodology

MAD-G aims to enable resource-efficient adaptation of MMTs to a wide range of
previously unseen, radically resource-poor languages,® and contribute in this manner
to more sustainable (Strubell et al., 2019; Moosavi et al., 2020) and more inclusive
NLP (Joshi et al., 2020). We couple (i) the computational efficiency of the light-weight
bottleneck adapters and (ii) knowledge sharing and zero-shot language transfer capabilities
of CPG, with (iii) external linguistic (i.e., typological) knowledge (Ponti et al., 2019a)
towards supporting arbitrary NLP tasks for (even radically) resource-poor languages.

MAD-G mitigates important limitations of prior work. Unlike Ustiin et al. (2020), we
generate task-agnostic LAs, (re)usable across NLP tasks. Unlike the MAD-X framework
(Pfeiffer et al., 2020b), which trains LAs independently for each language (requiring
sufficient monolingual corpora), MAD-G can support unseen and resource-poor languages
in downstream tasks by generating LAs from typological vectors. Moreover, MAD-G
leverages typological relations between languages. We also show that the two approaches
can be successfully combined: monolingual MLM fine-tuning of a MAD-G-generated LA
yields further benefits.

SWith “radically resource-poor” languages we refer to languages for which even the acquisition of
non-negligible amounts of text data is difficult.



44 Multilingual Adapter Generation for Efficient Cross-Lingual Transfer

3.3.1 Generating Language Adapters

Our input representation for each language is a sparse typological vector t® encompassing
289 binary linguistic features (103 syntactic, 28 phonological and 158 phonetic features)
from the URIEL language typology database (Littell et al., 2017). We obtain the language
embedding A® from ¥ using a single-layer linear down-projection: A = Vit with
the parameter matrix V € R%*?%_ Down-projecting to a dimension d; < 289 prevents
W from being impractically large. By grounding language embeddings in external expert
linguistic knowledge (i.e., URIEL vectors), we enable generalisation to all languages for
which such typological vectors exist, regardless of the availability of monolingual text for
those languages for generator training. In multilingual MLM training, we generate the
bottleneck adapter parameters @) for each instance from the embedding of the respective
language, as specified in Equation 3.1.% Let n; be the number of layers in the MMT (e.g.,
for mBERT (Devlin et al., 2019), n, = 12). The MAD-G parameter matrix W then has
2hmny, x d; parameters, where h is the hidden size of the Transformer layer and m the

bottleneck size of the adapter layer (i.e., a single adapter module has 2hm parameters).

3.3.2 Factoring Out Layer Embeddings

By factoring out language-specific embeddings A?, we force the MAD-G parameters
W to share knowledge across languages. The generated language adapters in different
Transformer layers are, however, still mutually independent. By additionally factoring
out representations of each Transformer layer indices into layer embeddings A® € R%
be{l,2,...,m}, we can condition the adapter generation not only on languages but
also on layers. This has two potential benefits: (i) it allows for information sharing
between adapters of different layers, and, more importantly, (ii) it substantially reduces
the size of the generator W. In this model variant, dubbed MAD-G-LS, the generator

outputs adapters @) for language-layer pairs:
00 = W (A @ A®), (3.2)

with the concatenation of the language embedding A) and layer embedding A(® as input.
The MAD-G-LS generator has 2hm x (d; + d,) parameters, which is, assuming language
ny

and layer embeddings of equal size (i.e., d, = d;), a parameter reduction by a factor %
compared to the base MAD-G configuration from §3.3.1.

6An alternative option for adapter generator input would be randomly initialised language embeddings
A®; this would, however, not allow the opportunity for downstream generalisation to unseen languages.
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group definition # w/ treebank language examples
mBERT-seen seen during mBERT pre-training 56 English, Japanese, Chinese
MAD-G-seen seen only during MAD-G training 6 Buryat, Maltese, Erzya
unseen completely unseen 33 Bhojpuri, Moksha, Warlpiri

Table 3.1 Definitions of three language groups. “# w/ treebank” is the number of
languages belonging to each group included in the evaluation of the universal dependencies
POS-tagging/dependency parsing tasks.

3.3.3 Multi-Source Task Adapters

Once the multilingual adapter generator has been trained via multilingual MLM, the
generated LAs can be used to facilitate downstream cross-lingual transfer. Here, we
follow the task-specific fine-tuning setup of MAD-X (Pfeiffer et al., 2020b): we insert
and train the task-specific adapter (TA) on top of the language adapter of the source
language—the parameters of the LA as well as parameters of the base MMT are kept
frozen. In prior work, the TA is trained on data from a single source language [, with the
LA for I, activated (with frozen parameters). At inference time, the LA for the target
language 1, is plugged in instead of [’s adapter, with the same TA (Pfeiffer et al., 2020b).

In downstream tasks with task data in multiple languages, we can resort to multi-
source transfer, i.e., multilingual training of the task adapter. This is possible with
per-language trained LAs (e.g., MAD-X adapters) as well as without any LAs. We
hypothesised that multi-source training would be particularly beneficial with MAD-G
because of the knowledge shared by LAs of different languages as a result of their
generation with the MAD-G’s multilingual generator. In other words, with MAD-G,
the multi-source task adapter training is supported by a single LA generator model (see
Figure 3.1), rather than a set of independently trained LAs. However, our experiments
show that multi-source training is greatly beneficial regardless of language adapter type;
the advantage does not seem larger for MAD-G in particular.

We employ a straightforward approach to TA training on the set of source languages
Lg: in each step, we (1) randomly select a language [ from L, from which we sample
a training batch and (2) in the forward pass — before the task adapter — activate the
LA of the language [ for that batch. To the best of our knowledge, we are the first to

investigate multi-source adapter-based transfer in cross-lingual settings.
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3.4 Experimental Setup

3.4.1 Tasks and Languages

We evaluate on three downstream tasks which provide sufficient evaluation data for
low-resource languages: part-of-speech (POS) tagging, dependency parsing (DP), both
on the Universal Dependencies (UD) 2.7 dataset (Zeman et al., 2020), and named entity
recognition (NER) on the MasakhaNER dataset for African languages (Adelani et al.,
2021). For POS and DP, we evaluate on a substantial subset of all UD languages with
available treebanks.” We discern between three language groups in evaluation, with
some examples in Table 3.1: (i) mBERT-seen languages are those included in mBERT’s
pre-training; (ii) MAD-G-seen languages were not part of mBERT’s pre-training but
are included in MAD-G training; and (iii) unseen languages are those not included in
mBERT pre-training nor in MAD-G training.

The evaluation is confined to syntactic and word-level semantic tasks because there
was a shortage of datasets for higher-level “natural language understanding” (NLU)
tasks covering truly low-resource languages at the time this project was conducted - we
introduce more such evaluation datasets in later chapters. However, we see no reason to
expect MAD-G’s behaviour to differ systematically on NLU tasks compared to the tasks

in our evaluation.

3.4.2 Baselines and MAD-G Variants

mBERT is an MMT pre-trained on the Wikipedias of 104 languages. We use mBERT
as the base MMT for MAD-G. XLM-R is a state-of-the-art MMT pre-trained on the
CommonCrawl data of 100 languages (Conneau et al., 2020).> We evaluate them in the
standard transfer setup with full-model fine-tuning (-ft).

MAD-X was the contemporary state-of-the-art modular bottleneck adapter-based frame-
work for cross-lingual transfer (Pfeiffer et al., 2020b) based on independent MLM-training
of a dedicated LA for each language. We train our own MAD-X LAs when no pre-trained

ones are available, notably for the six MAD-G-seen UD languages. Training LAs for all

"For POS and DP, we omit only (i) languages with scripts unseen in mBERT’s pre-training, where
mBERT’s tokenizer predominantly produces unknown (UNK) tokens (Pfeiffer et al., 2021b), (ii) languages
lacking any information in URIEL, and (iii) languages whose treebanks have missing fields. For
MasakhaNER, we evaluate on all dataset languages except Amharic, as Amharic also uses a script
unseen by mBERT.

8 Although it mostly outperforms mBERT in multilingual and cross-lingual transfer experiments,
mBERT was used in prior work as a more robust choice for radically resource-poor languages in general
(Pfeiffer et al., 2020b). Our NER experiments on African languages confirm this (Table 3.3 later). Note
that MAD-G can be applied to XLM-R as well.
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other low-resource languages, however, is prohibitively computationally expensive,” so
during all MAD-X experiments, the pool of languages with available MAD-X adapters
consists of the 20 high-resource source languages used in multi-source setups (see §3.4.3)
and MAD-G-seen languages. When evaluating on a target language without an available
MAD-X LA, we instead choose the available MAD-X LA for the language that is closest
to the target language.'”

MAD-G is the base setup of our method from §3.3.1. MAD-G-LS is the variant of MAD-G
in which the adapter generation is additionally conditioned on layer embeddings, as
described in §3.3.2. MAD-G-en uses the English adapter rather than that of the target
language during inference on target language instances. The purpose of this baseline
is to test if the parameters generated for different languages are actually meaningfully
different and able to outperform the English LA.

TA-only trains the task adapter directly on top of the MMT, i.e., without any language
adapter. With this baseline, we seek to quantify the contribution of dedicated LAs in

general.

3.4.3 MAD-G Training Setup

MLM-training of MAD-G’s adapter generator is run on Wikipedias of 95 languages. We
considered only the languages with at least 1,000 Wikipedia articles and selected them
following a greedy process that maximises typological diversity. At each step, we select
the language with the largest number of articles belonging to the language family and its
genus that are least represented in the current sample of languages (Ponti et al., 2020);
see Appendix for a full list.

Following Pfeiffer et al. (2020b), the LA bottleneck size is m = 384. Both the language
embedding dimension d; and the layer embedding (if used) dimension d,, are set to 32.
Training runs for 200,000 steps in total over all languages; batch size is 64 and the
maximum sequence length is 256. We used a linearly decreasing learning rate, starting at
5 x 107°. In contrast, relying on the same batch size and max sequence length, MAD-X
was trained for 100,000 steps for each language. This makes the average per-language
duration of MAD-G training ~50 times shorter than for MAD-X. Moreover, MAD-G
and MAD-G-LS have 226M and 38M parameters respectively, compared to 728M for a
hypothetical 95 MAD-X dedicated language adapters.

9Note that this efficiency and scalability shortcoming of MAD-X is precisely one of the main
motivations for MAD-G, i.e., for language adapter generation for unseen languages.

0We quantify the linguistic proximity of languages as the cosine similarity between their respective
URIEL-based language vectors (Lauscher et al., 2020).
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Part-of-speech tagging Dependency parsing

source method mBERT-seen MAD-G-seen unseen mBERT-seen MAD-G-seen unseen
MAD-G 76.7 65.9 44.4 63.9/49.2 46.3/28.0 34.7/16.8
MAD-G-LS  77.8 65.2 43.9 64.9/49.9 44.4/26.0 34.7/16.0
MAD-G-en  76.5 40.5 44.9 66.4/51.9 27.6/11.0 35.4/18.2

en TA-only 78.4 40.8 45.5 67.0/51.8 29.6/11.4 36.0/18.1
MAD-X 76.9 68.8 43.4 61.5/46.9 48.6/30.8 33.1/15.7
mBERT-ft  76.6 38.7 43.9 66.3/51.3 27.8/10.0 34.0/16.4
XLM-R-ft 79.6 46.8 43.6 55.4/42.0 30.0/13.4 31.9/15.5
MAD-G 86.1 71.0 50.4 75.6/65.4 54.4/38.0 40.1/23.1
MAD-G-LS  86.5 70.0 51.0 76.6/66.5 53.9/36.9 41.6/23.7
MAD-G-en  85.8 45.8 50.5 75.8/65.6 33.1/15.2 40.3/23.6

multi TA-only 86.8 48.8 51.2 76.9/66.8 35.7/17.0 41.3/23.7
MAD-X 83.7 73.8 47.3 74.7/64.2 58.1/42.9 39.6/22.5
mBERT-ft  87.4 45.4 51.2 80.6/70.4 35.5/15.6 41.3/23.4
XLM-R-ft 89.4 53.9 55.0 65.5/55.4 36.8/19.4 36.3/21.4

Table 3.2 UD POS tagging accuracy scores and dependency parsing unlabelled /labelled
attachment scores for various language adapter and fine-tuning settings. Values are
shown as averages over each of the language groups mBERT-seen, MAD-G-seen and unseen,
defined in Table 3.1. Task adapters are trained only on English data (en, upper part) and
20 diverse, high-resource languages (multi, lower part; note that each row corresponds
to a single model trained on all 20 languages simultaneously). The highest score per
column in each of the two setups is in bold, the second highest is underlined.

hau ibo kin lug luo pcm swa wol yor avg.
method MAD-G-seen MAD-G-seen MAD-G-seen unseen unseen unseen mBERT-seen unseen mBERT-seen
MAD-G 771 69.9 66.1 54.2 32.5 72.6 72.6 32.1 68.8 60.7
MAD-G-LS 72.8 67.5 63.0 55.7 33.3 72.4 71.3 36.7 68.4 60.1
MAD-G-en 44.9 54.5 51.4 50.6 32.9 70.4 69.2 36.4 63.9 52.7
TA-only 43.4 55.7 52.8 47.9 32.8 72.3 68.6 32.1 65.3 52.3
mBERT-ft 43.2 45.5 49.9 49.3 31.6 70.5 65.8 28.1 54.3 48.7
XLM-R-ftf 66.4 45.5 36.1 34.8 31.9 68.4 74.5 21.6 33.4 45.8

Table 3.3 F} scores on the MasakhaNER dataset for African languages. Task adapter
training/model fine-tuning is conducted on the CoNLL 2003 English NER dataset.
TXLM-R-ft results are as reported by Adelani et al. (2021).

Part-of-speech tagging Dependency parsing

method  mBERT-genus MAD-G-genus unseen-genus  mBERT-genus MAD-G-genus unseen-genus
MAD-G 49.1 40.6 34.0 38.2/19.7 28.4/13.2 28.5/11.1
MAD-G-LS  50.0 40.8 29.4 38.7/19.2 26.2/11.9 28.5/9.8
MAD-G-en  51.1 37.5 32.2 39.7/21.4 24.3/11.1 29.8/13.2
TA-only 51.5 37.9 33.4 40.4/21.3 26.9/11.9 29.0/12.7
MAD-X 49.3 38.3 30.3 37.3/18.8 23.8/9.0 26.5/10.7
mBERT-ft  48.7 37.3 34.5 37.6/19.4 23.5/8.6 29.9/12.4
XLM-R-ft  50.8 39.1 27.1 34.7/17.7 24.5/10.2 28.4/12.5

Table 3.4 UD POS tagging accuracy scores and dependency parsing unlabelled /labelled
attachment scores for for various language adapter/fine-tuning settings. Values are
shown as averages over each of the language groups mBERT-genus, MAD-G-genus and
unseen-genus. The task adapter is trained only on English data.
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The question of how often to sample training examples from each language during

training is rather nuanced. The 95 languages we trained on varied in the amount of
Wikipedia data available by several orders of magnitude. We first sampled 500,000
sequences from each language’s Wikipedia corpus (or all available sequences for languages
with fewer than 500,000), as this number was sufficient to ensure that no sequence
would be seen more than once during pre-training. Bearing in mind that our aim was to
improve performance for the lower-resource languages, we applied additional exponential
smoothing with an exponent of 0.5 to the sampling distribution to up-sample lower-
resource languages'!. Thus, at each MLM training step, we randomly sample a batch
in a language [ with probability proportional to min(n_examples”, 500,000)%5. We did
not have sufficient computational resources to iterate on this sampling recipe or perform
a hyperparameter search, so we simply chose values which yielded an intuitively sensible
number of batches per language.
Single- and Multi-Source Transfer. We train task adapters on English data with
the English MAD-G adapter. For comparability, we adopt the TA configuration of
MAD-X (Pfeiffer et al., 2020b): the bottleneck size is m = 48. For POS-tagging and
NER we use the standard token-level single-layer multi-class classifier. For DP, we use
the shallow variant (Glavas and Vuli¢, 2021) of the biaffine dependency parser of Dozat
and Manning (2017). For POS tagging and DP, we train on the English EWT treebank.
For consistency and comparability with multi-source experiments, we sample 12,000
sentences for training (out of the 12,543 available examples). For NER, we train on the
CoNLL 2003 English dataset (Tjong Kim Sang and De Meulder, 2003).!? For all tasks,
we train for 15,000 steps with batch size 8 (roughly 10 epochs) and a linearly decreasing
learning rate, starting at He-5.

For multi-source transfer experiments, we select 20 typologically diverse high-resource
source languages for POS-tagging and DP using the following process: we iterate over
the UD languages in the descending order of treebank size and select a language if it
belongs to a genus not already represented in the sample.!> We again sample a total of
12,000 examples (600 per language), training a single model per baseline/MAD-G variant

on all examples.

HDevlin et al. (2019) applied a slightly less extreme exponent of 0.7 when sampling multilingual
training data for mBERT.

12As MasakhaNER does not have the MISC category, we replace the B-MISC and I-MISC token tags
with the 0 tag in the CoNLL training set. Similarly, we exclude the DATE class (i.e., B-DATE and I-DATE
tags) from the MasakhaNER evaluation, because they do not exist in the CoNLL dataset.

13For comparability with single-source experiments, we selected English instead of German as the
only exception.
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3.5 Results and Discussion

In what follows, we focus on reporting and analysing the most important global trends
in results with accompanying discussions and side experiments. For completeness, the

full results per individual target language are provided in Appendix A.2.

3.5.1 Single-Source Transfer

Relative to all methods which do not employ language adaptation, we find that the
use of MAD-G in the primary MAD-G and MAD-G-LS settings is greatly beneficial on all
tasks for MAD-G-seen languages in both the single- and multi-source transfer scenarios
(see Tables 3.2 and 3.3), with the very parameter-efficient MAD-G-LS being only slightly
weaker than the base MAD-G variant in general, even slightly outperforming it for some
languages and transfer setups. Despite having far less capacity per target language,
MAD-G retains much of the performance gain of MAD-X on languages seen during
language adapter training, showing that MAD-G achieves efficient yet effective language
adaptation. The MAD-G-en variant does not achieve such gains on MAD-G-seen languages,
demonstrating that MAD-G does generate meaningfully different adapter parameters for
different languages.

The use of MAD-G is not in general beneficial for mBERT-seen languages; this is
unsurprising since it is unrealistic to believe that mBERT’s knowledge of languages
observed during its own pre-training can be substantially improved through language
adaptation on a much smaller amount of data. At first glance there also does not appear
to be any benefit to using MAD-G for unseen target languages, except for NER, where
gains are substantial. However, averaging the results over all languages in this group
does not provide a full picture because it consists of languages whose relationships to
those observed during training differ substantially. Therefore, we provide a finer-grained
analysis below.

While the use of typological vectors for generating LAs allows MAD-G to learn
features which could generalise well to unseen languages, this assumption should mostly
hold for unseen languages whose “typological relatives” are available during training. To
investigate the effect the degree of typological relatedness has on MAD-G’s generalisation
ability, we further divide the unseen languages into three subgroups: mBERT-genus (the
21 languages whose genus matches that of at least one language seen during mBERT
pre-training); MAD-G-genus (the 4 languages whose genus was not seen during mBERT
pre-training but was seen during MAD-G training); unseen-genus (the 8 languages whose

genus is completely unseen). Table 3.4 shows the POS tagging and DP performance
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for each of the three unseen subgroups. MAD-G is beneficial on the MAD-G-genus
subgroup, while its benefits do not extend to the other two subgroups. The results
for mBERT-genus versus MAD-G-genus languages mirror those for mBERT-seen versus
MAD-G-seen languages; in general, mBERT’s knowledge of a genus (or specific language)
can be improved through language adaptation if and only if that genus/language was
not observed during mBERT’s pre-training. As expected, the scores on unseen-genus
languages confirm the intuition that the performance on languages typologically unrelated
to any language seen during mBERT and/or MAD-G training cannot be recovered solely
on the basis of limited external typological information. For cross-lingual generalisation,
the typological diversity of pre-training languages is therefore paramount.
Unfortunately, the power of these results is almost inevitably limited: the set of
MAD-G-genus languages, where we see most evidence of zero-shot cross-lingual general-
isation, consists of only four languages, as a language must satisfy a very specific set
of conditions to fall into this category according to our selection strategy. First of all,
mBERT is pre-trained on roughly the 100 highest-resource languages. To fall into the
MAD-G-genus category, a language must be the second-highest resource member of a
genus not covered by these 100 highest resource languages, and furthermore it must
have a Universal Dependencies treebank. If we were able to train our own MMT from
scratch, it would be possible to control the set of languages used during pre-training
and MAD-G adaptation such that a larger set of languages with a more diverse range of
evaluation datasets fell into the MAD-G-genus and unseen categories, and we could test

our hypotheses more carefully.

3.5.2 Multi-Source Transfer

When training on 20 languages while maintaining the overall number of training examples,
we observe large gains across all settings and language groups for both POS tagging
and DP (see Table 3.2). This suggests that multi-source training yields a more general
and language-agnostic representation of the task adapter, thus transferring better to
unseen languages. We investigate the effect of multi-source training further in Figure 3.2,
where we gradually add languages to the multi-source pool, while (again) maintaining
the overall number of training examples. We find that the transition from one language
to two languages in the source-pool results in the largest relative performance increase,
but the performance still rises with the addition of more languages. In sum, in line with
previous findings (Ponti et al., 2021b), our results indicate that the language diversity of
training data has strong positive effects on zero-shot transfer across multiple methods

and setups. However, it is important to note that, while increasing the number of source
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Fig. 3.2 Multi-source transfer with MAD-G. We increase the number of source languages
left-to-right from 1 to 20 while keeping the total number of (multi-source) examples
constant at each step.

languages improves the task adapter’s ability to generalise to new languages, it may on
the other hand weaken the performance on the source languages themselves: when the
total number of training examples is kept fixed, the task adapter sees fewer examples
per source language, and it has less capacity available for each source language. When
English is both the target and the single source language, for instance, MAD-G’s single
source performance on POS tagging and DP respectively is 96.3 accuracy and 89.6/87.0
UAS/LAS, whereas its performance when English is one of 20 source languages is 92.2
accuracy and 82.6/77.5, a large decline. We therefore recommend that when the target
language has a large task training set, it is best to train the task adapter primarily or
entirely on this data, whereas when a language has little or no task training data, this
should be supplemented by data from a diverse as possible range of other languages,

perhaps prioritising languages closely related to the target language.
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Fig. 3.3 Performance on POS tagging and DP on unseen languages when MAD-G-
initialised (MAD-G-£ft) or randomly initialised (rand-ft) language adapters are fine-tuned
by MLM on varying amounts of unlabelled text.

3.5.3 Fine-tuning M AD-G-Initialised Adapters

Although interesting from a theoretical point of view, the scenario where there is no
unannotated data whatsoever available for the target language might be unrealistic. We
thus examine a setup where there is a small amount of unannotated data available. In
this case, we can still exploit MAD-G by generating an initialisation of a language-specific
adapter for a target language [;, and then fine-tuning its parameters via MLM on the
unannotated data.

We perform POS tagging and DP experiments when fine-tuning MAD-G-initialised
language-specific adapters on the 14 unseen UD languages which have Wikipedias.'*
We simulate different degrees of resource-poverty by sampling training datasets with
1,000, 3,000, 10,000, 30,000 and 100,000 words from the full Wikipedia. We compare this

4We do not perform NER experiments because there are only two unseen MasakhaNER languages
with Wikipedias.



54 Multilingual Adapter Generation for Efficient Cross-Lingual Transfer

MAD-G-ft setting with the results of fine-tuning randomly-initialised LAs on the same
data (rand-ft).!” Figure 3.3 shows that there is a large and consistent improvement
on the 14 unseen evaluation languages as their language adapters are fine-tuned on
increasingly large amounts of unannotated text. For both tasks, the performance is
better when the language adapter is initialised with the weights generated by MAD-G
than when the weights are randomly initialised. The difference between the two settings
is modest for POS tagging, but it is larger for DP and is maintained even when 100,000

training tokens are available.

3.5.4 Suggestions for Further Analysis of Typological Features

We have limited ourselves to measuring the effect of employing typological features in
terms of downstream performance on syntactic tasks. Here we suggest some potential
methodologies for analysing how MAD-G uses these typological features in more detail.

Taking the product WV yields an n, x 289 matrix, where the 7, jth element denotes
the strength of the impact the jth typological feature has on the value of the 7th generated
parameter. Thus the norm of the jth column of this matrix gives an estimate of the
overall importance that MAD-G has learned to ascribe to the jth parameter. It would
also be possible to group parameters across adapter layers and investigate whether certain
typological features are assigned higher and lower weights at different layers.

Another way of measuring the relevance of certain features, especially for cross-lingual
transfer, would be to consider MAD-G-genus languages and their same-genus cousins
introduced during MAD-G training - that is, the language pairs between which we have
most expectation of positive transfer due to shared typological features. We could try
perturbing each of these shared typological features one at a time by inverting its value
in the target language’s feature vector. Which features most harm task performance
when changed? These are likely most heavily responsible for supporting cross-lingual

transfer.

3.6 Conclusion

We have proposed MAD-G, a modular and efficient cross-lingual transfer framework for
low-resource languages, that generates task-agnostic bottleneck adapters for multilingual

Transformer encoders (e.g., mBERT) from typological language representations. MAD-G

15We fine-tune both variants for 200 epochs with batch size 4 and learning rate 5 x 107°. We evaluate
the fine-tuned language adapters on POS tagging and DP using our better-performing multi-source task
adapters trained on 20 languages.
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performs competitively with a state-of-the-art adapter-based transfer approach MAD-X;
yet its training is roughly 50 times more efficient per target language. MAD-G can also be
applied to unseen languages, benefiting those belonging to a genus introduced during its
training, and it can be used as a better initialisation for “radically low-resource languages”;
there, its generated language adapters can be further refined on small amounts of text,
improving downstream performance. We further show that cross-lingual performance

with adapters can be greatly improved by training on multiple source languages.






Chapter 4

Composable Sparse Fine-Tuning for

Cross-Lingual Transfer

2a. Sparse language
fine-tuning

s

/
/
]
\

1. Pretrained model 3. Fine-tuned model

2b. Sparse task
fine-tuning

Fig. 4.1 A graphical representation of Lottery Ticket Sparse Fine-Tuning: from the
parameters of a pre-trained model (gray, left), we generate sparse fine-tunings for task
and language knowledge (blue and red, center). Finally, we sum these three components
(right) to obtain the adapted/fine-tuned model. Best viewed in colour.

4.1 Introduction

Chapter 3 focused on bottleneck adapters (Rebuffi et al., 2017; Houlsby et al., 2019) as
a means of parameter-efficient fine-tuning (PEFT; see §2.2.1) which have additional
modularity properties making them ideal for cross-lingual transfer. The ability to

disentangle and recombine orthogonal facets of knowledge in original ways (Ponti et al.,



58 Composable Sparse Fine-Tuning for Cross-Lingual Transfer

2021a; Ponti, 2021) offers the opportunity to separately learn a task adapter from labelled
data in a source language and dedicated language adapters from unlabelled data in
the source language and target languages. By stacking these components, it is possible
to perform zero-shot cross-lingual transfer. Compared to sequentially fine-tuning the
full model on both the task and target language, this yields superior performance and
efficiency (Pfeiffer et al., 2020b). Notably, achieving coverage over Nr tasks in Ny, target
languages with the sequential approach requires Ny Ny models to be trained, whereas
the modularity of adapters reduces this to Ny + Ny.

An alternative PEFT approach is sparse fine-tuning (SFT), where a small subset of
the pre-trained model’s existing parameters are fine-tuned (Guo et al., 2021; Ben Zaken
et al., 2022; Xu et al., 2021, inter alia). A potential advantage of SFTs over bottleneck
adapters is their expressivity: rather than a post-hoc transformation of the output of
Transformer layers (e.g., using a shallow MLP as with adapters), they can operate
directly on a pre-trained model’s embedding and attention layers. In service of the aim
of maximising cross-lingual transfer performance, it therefore seems natural to search for
a PEFT method that is both modular and expressive.

To this end, we propose Lottery Ticket Sparse Fine-Tuning (LT-SFT), a simple
and general-purpose adaptation technique inspired by the Lottery Ticket Hypothesis
(LTH; Frankle and Carbin, 2019; Malach et al., 2020), which was originally conceived for
pruning large neural networks. In particular, after fine-tuning a pre-trained model for
a specific task or language, we select the subset of parameters that changed the most.
Then, we rewind the model to its pre-trained initialisation (without setting any value to
zero, contrary to the original LTH algorithm). By then tuning only the selected subset
of parameters, we obtain a sparse fine-tuning in the form of a vector of differences with
respect to the pre-trained model. Multiple SFTs can be composed by simply summing
them with the pre-trained model. We provide a graphical representation of our method
in Figure 4.1.

We benchmark LT-SFT on a series of multilingual datasets, including Universal
Dependencies (Zeman et al., 2020) for part-of-speech tagging and dependency parsing,
MasakhaNER (Adelani et al., 2021) for named entity recognition, and AmericasNLI
(Ebrahimi et al., 2022) for natural language inference. We evaluate it in a zero-shot
cross-lingual transfer setting on 35 typologically and geographically diverse languages
that include both languages seen and unseen during the base model’s pre-training. The
results in all transfer tasks indicate that LT-SFT consistently achieves substantial gains
over the previous state-of-the-art bottleneck adapter-based method for cross-lingual
transfer, MAD-X (Pfeiffer et al., 2020Db).
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In addition to its superior performance, modularity, and expressivity, LT-SFT offers
a number of advantages over bottleneck adapters: 1) the number of parameters remains
constant, which prevents the decrease in inference speed observed when adapter layers are
added; 2) the neural architecture remains identical to the pre-trained model, which makes
code development model-independent rather than requiring special modifications for each
possible architecture (Pfeiffer et al., 2020a). Finally, 3) we empirically demonstrate that
the peak in performance for LT-SFT is consistently found with the same percentage of
tunable parameters, whereas the best reduction factor for MAD-X is task-dependent.
This makes our method more robust to the choice of hyper-parameters.

We also find that a high level of sparsity in language and task fine-tunings is beneficial
to performance, as this makes overlaps less likely and poses a lower risk of creating
interference between the knowledge they contain. Moreover, it makes fine-tunings less
prone to overfitting due to their constrained capacity. Thus, sparsity is a fundamental
ingredient for achieving modularity and composability. These properties in turn allow
for systematic generalisation to new combinations of tasks and languages in a zero-shot

fashion.

4.2 Background

Recall from §2.2.1 the use of bottleneck adapter modules for PEFT, and from §2.3.4 the
MAD-X framework for training and composing independent task and language adapters
for cross-lingual transfer. Also recall the definition of multi-source task training from
§3.3.3, and §3.5.2, where we showed that training task adapters using data from multiple
source languages can result in sizable improvements in downstream zero-shot transfer
performance even when the total number of training examples is held constant. Here we
additionally provide a succinct overview of sparse fine-tuning methods, and outline the

Lottery Ticket Hypothesis, upon which our newly proposed method is built.

4.2.1 Sparse Fine-Tuning

We call ' = F(-; 0+ ¢) a sparse fine-tuning (SFT) of a pre-trained neural model
F(-; 0) if ¢ is sparse. We sometimes refer to ¢ itself as an SFT, or as the SFT’s
difference vector. Previously proposed SFT methods include DiffPruning (Guo et al.,
2021), BitFit (Ben Zaken et al., 2022) and ChildTuning (Xu et al., 2021). DiffPruning
simulates sparsity of the difference vector during training by applying a continuous

relaxation of a binary mask to it. BitFit on the other hand allows non-zero differences
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only for bias parameters. ChildTuning selects a subset of fine-tunable parameters by
using Fisher information to measure the relevance of each parameter to the task. These
methods have proved competitive with full fine-tuning on GLUE (Wang et al., 2018),

even when the difference vector ¢ has fewer than 0.5% non-zero values.

4.2.2 Lottery Ticket Hypothesis

The Lottery Ticket Hypothesis (LTH; Frankle and Carbin, 2019; Malach et al., 2020)
states that each neural model contains a sub-network (a “winning ticket”) that, if trained
again in isolation, can match or even exceed the performance of the original model.
To achieve this, after a pruning stage where some parameters are zero-masked and
frozen according to some criterion (e.g., weight magnitude), the remaining parameters
are restored to their original values and then re-tuned. This process of pruning and
re-training can be iterated multiple times.

The LTH has so far been used mostly for model compression through network pruning;

to our knowledge, we are the first to use it for pre-trained model adaptation.

4.3 Methodology

4.3.1 Lottery Ticket Sparse Fine-Tuning

Training. In this work, we propose Lottery Ticket Sparse Fine-Tuning (LT-SFT). Similar
to the Lottery Ticket algorithm of Frankle and Carbin (2019), our LT-SFT method

consists of two phases:

1. Pre-trained model parameters 8 are fully fine-tuned on the target language or
task data D, yielding 8"). Parameters are ranked according to some criterion, in
our case greatest absolute difference ]92(1) — 9£O)|, and the top K are selected for
tuning in the next phase: a binary mask g is set to have 1 in positions corresponding

to these parameters, and 0 elsewhere.

2. After resetting the parameters to their original values 8, the model is again
fine-tuned, but this time only the K selected parameters are trainable whereas
the others are kept frozen. In practice, we implement this by passing the masked
gradient p © VoL(F(- ; 0),D) (where ® denotes element-wise multiplication and
L a loss function) to the optimizer at each step. From the resulting fine-tuned

parameters 8?2 we can obtain the sparse vector of differences ¢ = 62 — 9.
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We also apply a regularisation term which discourages parameters from deviating from
their pre-trained values 8®). Specifically, we use L1 regularisation of the form .J(8) =

257160 — 91(0)], where N is the total number of model parameters!.

Composition. Although we often use the term “sparse fine-tuning” to refer to the
difference vector ¢ itself, an SFT is most accurately conceptualised as a functional which
takes as its argument a parameterised function and returns a new function, where some
sparse difference vector ¢ has been added to the original parameter vector. Suppose we
have a language SFT S; and a task SFT St defined by

S(F(-; 0)=F(; 0+¢r)
Sr(F(-; 0))=F(-; 6+ ¢r).

Then we have

SpoSr(F(-; 0)=F(-; 0+ ¢r+ ¢r).

Algorithm 1 Cross-Lingual Transfer with Lottery-Ticket Sparse Fine-Tuning
function LTSrT(D, L, 8, n, K)
o) g
while not converged do
0 0 —pvL(OD) D)

s 1 if 92(1) € argmaxy, 4 |00 — 6]
’ 0 otherwise
0(2) — 9(0)

while not converged do

0 02 — pnonVLOP D)
¢ — 03 —90
return ¢

function CROSSLINGUALTRANSFER(Dae, Diars Drask, Liask, 0, 1, K)
@sre < LTSFT(Dyse, Lriiar, 0, 1, K)
¢task — LTSFT(DtaSk> ‘Ctaska 0(0) + ¢srcv n, K)
Grar < LTSFT(Dyar, Larar, 0,1, K)
return ) + ¢ + Piar

Tt would be equally possible to use L2 regularisation here, but we did not test this formally as we
considered ablations on other hyperparameters to be a higher priority. The main advantage of using the
L1 loss was that it seemed easier to guess at a reasonable value for A when the regularisation loss was
on a similar scale to the MLM loss.
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4.3.2 Zero-Shot Transfer with LT-SFT

We adopt a similar cross-lingual transfer setup to MAD-X (Pfeiffer et al., 2020b). We
start with an MMT F with pre-trained parameters @ learned through masked language
modelling on many languages, such as mBERT (Devlin et al., 2019) or XLM-R (Conneau
et al., 2020).

For each language of interest [, we learn a language SFT qﬁg) through LT-SFT (also
with an MLM objective) on text from language .

For each task of interest ¢, we learn a task SFT ¢§f) through LT-SFT on annotated
data from some source language s. When learning the task SFT, we first adapt to the
source language by applying the language SFT for 5.2 The language SFT is removed
again after training. That is, we perform LT-SFT on F(-; 6 + ¢(LS)) to obtain fine-tuned
parameter vector €. We then calculate ¢§,f) =60 —(0+ q,’)f)). Note that during task
training, we also learn a classifier head, which is fully fine-tuned during both phases of
LT-SFT adaptation, with the same random initialisation applied at the beginning of
each phase.

We perform zero-shot adaptation of F' to target language [ for task ¢t by composing
language and task SF'Ts to obtain Fy; = F(-; 6 + ¢§f’ + cbg)). On top of this, we stack
the classifier head learned for . We provide a formal algorithm of LT-SFT and the

transfer procedure in Algorithm 1.

4.4 Experimental Setup

To evaluate our new method extensively, we benchmark its zero-shot cross-lingual
performance on four distinct tasks: part-of-speech tagging (POS), dependency parsing
(DP), named entity recognition (NER), and natural language inference (NLI). Table 4.1
summarises our experimental setup, including the datasets and languages considered
in our experiments. We put emphasis on low-resource languages and languages unseen
during MMT pre-training, although we also evaluate on a few high-resource languages.
In total, we cover a set of 35 typologically and geographically diverse languages, which

makes them representative of cross-lingual variation (Ponti et al., 2019a, 2020).

2 Adapting to the source language yields substantial improvements in cross-lingual transfer performance
with both MAD-X and LT-SFT, with gains of 2-3 points in our preliminary experiments. Paradoxically,
our results (see Table 4.5) and results from previous work (Pfeiffer et al., 2020b; Ansell et al., 2021)
suggest that adapting to high-resource target languages at inference time does not give similarly large
benefits. We think this phenomenon warrants further investigation.
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Target Source

Task Dataset Dataset

MMT Target Languages

Arabic’, Bambara, Buryat, Can-
tonese, Chinesel, Erzya, Faroese,
mBERT Japanese!, Livvi, Maltese, Manx,

Part-of-Speech | Universal De- | Universal De-
Tagging (POS), | pendencies 2.7 | pendencies 2.7

g;i?ﬁg?gg) (2%)621011)311 et al, (2%;1011)2111 et al, North Sami, Komi Zyrian, San-
skrit, Upper Sorbian, Uyghur
CoNLL
Named Entity | MasakhaNER 2003 (Tjong Hausa, Igbo, Kinyarwanda, Lu-
Recognition (Adelani et al., | Kim Sang and | mBERT ganda, Luo, Nigerian-Pidgin,
(NER) 2021) De  Meulder, Swahili*, Wolof, Yoruba*
2003)

Aymara,  Ashaninka,  Bribri,
Guarani, Nahuatl, Otomi,
Quechua, Rardmuri, Shipibo-
Konibo, Wixarika

Table 4.1 Details of the tasks, datasets, MMTs and languages involved in our zero-shot
cross-lingual transfer evaluation. * denotes low-resource languages seen during MMT
pre-training; T denotes high-resource languages seen during MMT pre-training; all other
languages are low-resource and unseen. The source language is always English. Further
details of all the language and data sources used are provided in Appendix B.1.

Natural Lan- | AmericasNLI MultiNLI
guage Inference | (Ebrahimi (Williams et al., | XLM-R
(NLI) et al., 2022) 2018)

4.4.1 Baselines and Model Variants

The main baseline is MAD-X, the state-of-the-art bottleneck adapter-based framework for
cross-lingual transfer (Pfeiffer et al., 2020b). We use the “MAD-X 2.0” variant, where
the last adapter layers are dropped. Pfeiffer et al. (2021b) found that this improved
performance, which we could confirm in our preliminary experiments. Since adapters
with the configuration used by Pfeiffer et al. (2020b) are unavailable for many languages
in our evaluation, we train our own for all languages. In Appendix B.3 we also provide an
evaluation with comparable language adapters from AdapterHub (Pfeiffer et al., 2020a)
where available.

We also perform experiments with BitFit (Ben Zaken et al., 2022) to establish a
baseline for an existing SF'T technique. In addition to the main LT-SFT model variant,
on POS and DP we test a rand-SFT variant as an ablation, where the K parameters to
be fine-tuned are selected at random rather than based on an informed criterion. We
did not consider MAD-G from Chapter 3 as a baseline because its main strengths are
training efficiency and the ability to adapt to unseen languages, whereas the primary goal
of LT-SFT is the maximisation of performance, for which MAD-X provides a stronger

challenge.



64 Composable Sparse Fine-Tuning for Cross-Lingual Transfer

For both LT-SFT and MAD-X, we also evaluate a task adaptation (TA)-only config-

uration, where only the task module is applied, without the target language module.

4.4.2 Language Module Training Setup

MLM Training Data. For all languages in our POS and DP evaluation, we perform
MLM language module (i.e. SFT /bottleneck adapter) training on Wikipedia corpora.
We also use Wikipedia for all languages in our NER evaluation if available. Where this is
not the case, we use the Luo News Dataset (Adelani et al., 2021) for Luo and the JW300
corpus (Agi¢ and Vuli¢, 2019) for Nigerian Pidgin. The main corpora for the languages in
our NLI evaluation are those used by the dataset creators to train their baseline models
(Ebrahimi et al., 2022); however, since the sizes of these parallel corpora are small, we
further augment them with data from Wikipedia and the corpora of indigenous Peruvian
languages of Bustamante et al. (2020) where available. More details on data sources are

provided in Appendix B.1.
Training Setup and Hyper-parameters. For both SF'Ts and adapters, we train for

the lesser of 100 epochs or 100,000 steps of batch size 8 and maximum sequence length
256, subject to an absolute minimum of 30,000 steps since 100 epochs seemed insufficient
for some languages with very small corpora. Model checkpoints are evaluated every 1,000
steps (5,000 for high-resource languages) on a held-out set of 5% of the corpus (1% for
high-resource languages), and the one with the smallest loss is selected at the end of
training. We use the Adam optimizer (Kingma and Ba, 2015) with an initial learning
rate of 5 x 1075 which is linearly reduced to 0 over the course of training.

Following Pfeiffer et al. (2020b), the reduction factor (i.e., the ratio between model
hidden size and adapter bottleneck size) for the adapter baseline was set to 2 for a
total of ~7.6M trainable parameters. For comparability, we set the same number of
trainable parameters K for our language LT-SF'Ts. This results in language SFTs with
a density of 4.3% for mBERT and 2.8% for XLM-R. Since BitFit exclusively tunes
the bias parameters, its language SFTs have a fixed density of 0.047% for mBERT and
0.030% for XLM-R.

Importantly, during language sparse fine-tuning, we decouple the input and output
embedding matrices and fix the parameters of the output matrix; otherwise, we find
that the vast majority of the K most changed parameters during full fine-tuning belong
to the embedding matrix, seemingly due to its proximity to the model output, which
damages downstream performance. We also fix the layer normalisation parameters; all

other parameters are trainable. For language adaptation, we apply L1 regularisation as
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described in §4.3.1 with A = 0.1. Note that the specified training regime is applied in
the same way during both phases of LT-SF'T.

For language adapter training in the MAD-X baseline, we use the Pfeiffer configuration
(Pfeiffer et al., 2021a) with invertible adapters, special additional sub-components designed
for adapting to the vocabulary of the target language.

For simplicity, we use the same hyperparameters during both phases of LT-SFT
training. However, subsequent practical experience has suggested that the sparse phase
remains stable at a higher learning rate than the dense phase, so we recommend that
future work consider using a different learning rate for the two phases. Relatedly, in
our preliminary experiments we considered shortening the dense phase of language SFT
training (training for a maximum of 30,000 steps instead of 100,000) in the hope that
this would not compromise the selection of parameters. We found a small but seemingly
significant reduction in downstream performance - however, the trade-off between training
efficiency and test-time performance might be acceptable in some cases. In subsequent
work, we also considered a class of more general schemes with S parameter selection
and sparsification steps, where (for instance) after each step the M%K active parameters
least changed from their pre-trained values are reset and then frozen. We hoped that by
resetting and freezing parameters gradually instead of “losing progress” by completely
resetting them in the middle of training, it would be possible to greatly reduce the length
of training. However, we found that it was difficult to replicate the performance of
LT-SFT like this when the number of training steps was significantly reduced, as many

training steps are required to “recover” after resetting a group of parameters.

4.4.3 Task Module Training Setup

For POS tagging, DP, and NER,® we train task SF'Ts/adapters on the datasets indicated
in Table 4.1 for 10 epochs with batch size 8, except during the first phase of LT-SF'T
training where we train for only 3 epochs.* Model checkpoints are evaluated on the
validation set every 250 steps, and the best checkpoint is taken at the end of training,
with the selection metric being accuracy for POS, labelled attachment score for DP, and

F1l-score for NER. Similarly to language fine-tuning, we use an initial learning rate of

3MasakhaNER and CoNLL 2003 datasets respectively use the DATE and MISC tags which are not
used by the other; we replace these with the 0 tag at both train and test time.

4This is because full fine-tuning is more prone to overfitting than parameter-efficient fine-tuning.
Early stopping somewhat addresses overfitting, but it is insufficient in a cross-lingual setting because the
target language performance generally starts to deteriorate faster than the source language performance.
As per our earlier comment, it may also be possible to address this by applying a lower learning rate
during the dense phase of training.
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5 x 107 which is linearly reduced to 0 over the course of training. For POS and NER
we use the standard token-level single-layer multi-class model head. For DP, we use the
shallow variant (Glavas and Vuli¢, 2021) of the biaffine dependency parser of Dozat and
Manning (2017).

For NLI, we employ the same fine-tuning hyper-parameters as Ebrahimi et al. (2022):
5 epochs with batch size 32, with checkpoint evaluation on the validation set every
625 steps, and an initial learning rate of 2 x 107°. We apply a two-layer multi-class
classification head atop the MMT output corresponding to the [CLS] token.

We found that the number of trainable parameters during task adaptation (governed
by K for SFTs and reduction factor for adapters) has a large effect on performance: we
thus experiment with a range of values. Specifically, we test adapter reduction factors of
32, 16, 8, 4, 2, and 1, and equivalent values of K° for SFT.

During task adaptation, we always apply the source language adapter following
Pfeiffer et al. (2020b), or source language SFT (see §4.3.2).

4.4.4 Multi-Source Training

To validate that task LT-SFT training, like task adapter training in prior work (Ansell
et al., 2021), benefits from the presence of multiple source languages in the training data,
and to push the boundaries of zero-shot cross lingual transfer, we perform multi-source
training experiments on DP and NLI.

We adopt a similar setup as in §3.4.3: we obtain the training set by concatenating the
training data for all source languages. We randomly shuffle the training set and train as
in the single-source case, except that each batch is composed of examples from a single
source language, whose language SF'T is applied during the training step.

We prioritise maximising performance rather than providing a fair comparison against
the single-source case, so unlike Ansell et al. (2021), we use the entirety of the training
sets, other than that we set a maximum of 15K examples per language for DP to better
balance our sample.

For DP, we train our models on the UD treebanks of 11 diverse high-resource languages.
For NLI, we train on MultiNLI (Williams et al., 2018) plus the data for all 14 non-English
languages in the XNLI dataset (Conneau et al., 2018).

We also evaluate multi-source task SF'T training on extractive question answering

(QA), as a comparatively generous amount of multilingual data is available for this task.

5 Approximately 442K, 884K, 1.7M, 3.5M, 7.1M, and 14.2M respectively, amounting to sparsity levels
of 0.25%, 0.50%, 1.0%, 2.0%, 4.0% and 8.0% for mBERT and 0.16%, 0.32%, 0.63%, 1.3%, 2.6% and
5.1% for XLM-R.
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POS DP NER NLI
Accuracy | UAS LAS F1 score | Accuracy
LT-SFT 71.1 (1) | 57.1(1) 37.8(1) | 71.7 (1) | 51.4 (1)
rand-SFT 69.2 (1) | 54.3(1) 339(1) |- -
MAD-X 68.6 (16) | 54.6 (2) 34.1(1) | 69.9 (8) | 49.5(2)

BitFit 58.1 45.7 23.9 54.9 38.3
LT-SFT TA-only | 51.3 (32) | 39.1 (1) 19.9 (1) | 55.3 (8) | 39.9 (4)
MAD-X TA-only | 52.1 (32) | 38.9 (1) 19.5 (1) | 52.4 (32) | 41.7 (4)

Table 4.2 Results of zero-shot cross-lingual transfer evaluation averaged over all languages
when best equivalent reduction factor (shown in parentheses after each result) is chosen.

Specifically, we train on English data from SQuAD version 1 (Rajpurkar et al., 2016), all
languages from MLQA (Lewis et al., 2020b), and those languages from XQuAD (Artetxe
et al., 2020b) which also appear in MLQA. We evaluate on the languages present in
XQuAD but not in MLQA. For QA, we train for 5 epochs with batch size 12 and initial
learning rate 3 x 107°. Full details of the source languages can be found in Appendix
B.1.

We use an equivalent reduction factor of 1 for all tasks, following the strongest setting
from our single-source experiments. Except as stated above, the training configuration

and hyper-parameters are the same as for single-source training.

4.5 Results and Discussion

We report the average test performance of zero-shot cross-lingual transfer for the best
reduction factor (or equivalent K') in Table 4.2. Some patterns emerge across all four
tasks: first, LT-SFT consistently outperforms all the baselines. In particular, it surpasses
the state-of-the-art MAD-X across all tasks, with gains of 2.5 accuracy in part-of-speech
tagging, 2.5 UAS and 3.7 LAS in dependency parsing, 1.8 F1 score in named entity
recognition, and 1.9 accuracy in natural language inference. Compared to rand-SFT, its
superior performance demonstrates the importance of selecting “winning tickets” rather
than a random subset of parameters. Secondly, the results demonstrate the importance of
language modules for specialising pre-trained models to unseen languages, as they bring
about a large increase in performance across the 4 tasks compared to the corresponding
settings with task adaptation only (TA-only).

We remark that LT-SFT’s zero-shot performance also exceeds translation-based
baselines on the AmericasNLI task, achieving an average accuracy of 51.4%, compared
with the 48.7% of the “translate-train” baseline of Ebrahimi et al. (2022).
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Fig. 4.2 Zero-shot cross-lingual transfer evaluation of Lottery-Ticket Sparse Fine-Tuning
(LT-SFT), Random Sparse Fine-Tuning (rand-SFT), and bottleneck adapter-based MAD-X
over four tasks with varying numbers of trainable parameters during task adaptation.
Results are averages over all target languages.

In Figure 4.2, we provide a more detailed overview of average cross-lingual model
performance across a range of different reduction factors. The results for the LT-SFT
and rand-SFT methods generally improve or stay steady as the number of trainable task
parameters increases. On the contrary, there is not such a trend for MAD-X, as lower
reduction factors may degrade its results. This makes it easier to choose a good setting
for this hyper-parameter when using SF'T. Moreover, it is worth stressing again that,
contrary to MAD-X, this hyper-parameter does not affect inference time.

BitFit performs much worse than the other methods which perform language adap-
tation across all tasks. Bearing in mind the strong trend towards increasing performance
with increasing K for the other SF'T methods, it seems likely that BitFit, with two
orders of magnitude fewer trainable parameters, lacks the capacity to learn effective task
and language SF'Ts.
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el ro ru th tr
XLM-R Base, full FT 71.1/54.3 78.3/63.7 74.1/57.8 67.1/55.7 67.5/51.1
XLM-R Large, full FT 79.8/61.7 83.6/69.7 80.1/64.3 74.2/62.8 75.9/59.3
XLM-R Base MS, LT-SFT | 81.9/65.5 86.3/73.3 81.4/64.6 82.4/75.2 75.2/58.6

Table 4.3 Results of zero-shot cross-lingual transfer evaluation on XQuAD (Artetxe et al.,
2020b), restricted to languages which do not appear in MLQA (Lewis et al., 2020b) (see
§4.4.4) in the format F1/exact match score. “Full FT” denotes full fine-tuning, MS
denotes multi-source training, where additional data from MLQA and XQuAD is utilised,
LT-SFT denotes Lottery-Ticket Sparse Fine-Tuning. The full FT results are due to
Artetxe et al. (2020b) for XLM-R Large, and our own experiments for XLM-R Base.

DP UAS DP LAS , NLI Accuracy

single source 57.1 37.8 01.4
multi-source 64.3 47.6 53.1

Table 4.4 Results of zero-shot cross-lingual transfer evaluation of single- vs. multi-source
LT-SFT task training averaged over all target languages.

For additional results at the level of individual languages and an analysis of the
efficacy of language adaptation for high- versus low- resource target languages, I refer
the reader to Appendix B.2.

4.5.1 Multi-Source Training

As shown in Table 4.4, multi-source LT-SFT training brings about a large improvement
in zero-shot cross-lingual transfer performance on DP, and a modest improvement for
NLI. This may be a result of the fact that the training set for NLI contains a relatively
small number of non-English examples compared to the DP training set. Also, the
AmericasNLI target languages generally have a lower degree of genealogical relatedness
to the source languages compared to the DP target languages.

Table 4.3 demonstrates that multi-source training is also beneficial to zero-shot cross-
lingual transfer for QA on a series of relatively high-resource languages. In particular,
LT-SFT multi-source training of XLM-R Base outperforms single-source full fine-tuning of
XLM-R Large (a larger model) comfortably, and outperforms XLM-R Base single-source
full fine-tuning by a significant margin. The fact that such an improvement occurs despite
each of the 6 non-English source languages having more than an order of magnitude
less training data than the English data from SQuAD illustrates the disproportionate

advantage of multilingual source data.
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Fig. 4.3 Performance of LT-SF'T on DP and NER controlling for the sparsity of task and
language fine-tuning. Results are averaged over several selected languages. Denser fine-
tunings may interfere with each other and consequently degrade the model performance.

4.5.2 Benefits of Sparsity

We now address the following question: is sparsity responsible for preventing the interfer-
ence of separate fine-tunings when they are composed? To support this hypothesis with

empirical evidence, we use LT-SFT to train language® and task fine-tunings with different

6To reduce computational cost, we train language fine-tunings for a maximum of 30K steps rather
than the 100K of our main experiments.
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levels of density, i.e. the percentage of non-zero values (from 5% to 100%). We then
evaluate all possible combinations of density levels. The results are visualised in the form
of a contour plot in Figure 4.3 for selected combinations of tasks and languages: Buryat,
Cantonese, Erzya, Maltese, and Upper Sorbian for DP, and Hausa, Igbo, Luganda,
Swahili and Wolof for NER.

From Figure 4.3, it emerges that the performance decreases markedly for SF'Ts with
a density level greater than ~30% of fine-tuned parameters.” We speculate that this is
due to the fact that sparser fine-tunings have a lower risk of overlapping with each other,
thus creating interference between the different facets of knowledge they encapsulate.
It must be noted, however, that alternative hypotheses could explain the performance
degradation in addition to parameter overlap, such as overfitting as a result of excessive
capacity. While we leave the search for conclusive evidence to future work, both of these
hypotheses illustrate why enforcing sparsity in adaptation, as we propose in our method,
is crucial to achieving modularity.

An experimental method to disentangle the effects of overfitting and parameter
interference would need to hold the capacity of the language and task SFTs constant
while varying the degree of overlap between masks (or vice versa). One possible algorithm
for selecting the active parameters for language and task SFTs of size K; and K,
respectively with K, shared parameters would be to first select the K, parameters with
greatest total magnitude change &, during the first phase of the respective fine-tunings,
ie. G = |0 — 00|+ 16" — 0O, where 6 and 61" are the model parameters after
full fine-tuning on the language and task respectively®. The remaining active parameters
for each SF'T would be made up from the top most changed parameters for its individual
full fine-tuning run, avoiding already selected parameters and further overlaps. The
resulting SFTs could be trained for a range of densities and overlap levels. A strong
trend of decreasing performance with increasing overlap at the same density level would
suggest that interference is a primary contributor to the findings from Figure 4.3; a
trend of decreasing performance at higher densities for a fixed level of overlap would
point to overfitting as a primary contributor. It is entirely possible that both trends

would be observed.

"Note, furthermore, that levels of task fine-tuning density greater than ~60% do not vary in perfor-
mance. This is because their subsets of parameters include embeddings of tokens never encountered
during task training, which are therefore never updated even if trainable.

8Optionally, the parameter changes could be normalised to account for the fact that language
fine-tuning likely changes the parameters much more on average than task fine-tuning, i.e. diota1 =

|91(1)_9<0)| |9t(1),9(0)|
ONCRET RIS SR,
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Assuming that the degradation in performance at high densities is indeed largely
a result of interference due to parameters overlaps, we could address this problem by
choosing the active parameters for a pair of language and task SF'Ts such that there
is no overlap. However, this would come at the cost of modularity, since it makes the
language SFT specific to a particular task and vice versa when we want it to be possible
to compose any pair of language and task SFTs. A more sophisticated approach would
be to retain modularity while eliminating overlaps by somehow partitioning all model
parameters a priori into two groups, those which are allowed to be active for language
SFTs, and those which can be active for task SF'Ts. For instance, recent evidence suggests
that the first and last layers of large language models are more important for language
adaptation while the middle layers are more important for task adaptation (Bandarkar
et al., 2025).

It is also interesting to consider the possibility of composing more than two SFTs.
While it is hard to think of a natural application for such a composition in cross-lingual
transfer, combining several models with the same architecture into a single model in
a way that maintains the attributes of each is the object of “model merging,” a field
which has attracted significant attention recently (Yang et al., 2024). Ilharco et al.
(2023), for instance, compose “task vectors” (equivalent to fully-dense SFT5s) for several
image classification tasks through addition, finding a model’s general image classification
performance improves as vectors for more image classification tasks are added. Under the
interference hypothesis, it seems reasonable to imagine that sparsity could be beneficial

for task vectors, and a strong prior for model merging in general.

4.5.3 Adaptation for Medium-to-High Resource Languages

POS (accuracy) DP (UAS) NER (F1)

ar ja zh  avg. | ar ja zh  avg. | swa yor  avg.
LT-SFT 68.7 539 675 634 | 70.8 36.9 59.8 559|794 74.8 77.1
rand-SFT 69.3 54.3 68.0 639 | 68.7 348 582 539 - - -
MAD-X 70.1 51.1 676 629 | 695 33.0 585 537 | 77.6 740 758
BitFit 69.8 539 69.2 64.3 | 640 343 559 514 | 674 64.7 66.0
LT-SFT TA-only | 70.6 54.1 659 63.5 | 68.7 36.0 584 544 | 69.5 69.3 694
MAD-X TA-only 70.8 51.2 676 632 | 686 33.8 59.1 538 | 69.6 66.6 68.1

Table 4.5 Results for zero-shot cross-lingual transfer evaluation of the seen languages
included in the POS, DP and NER evaluations. For each method/metric pair, the best
equivalent reduction factor from Table 4.2 is used.
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Table 4.5 contains per-language results for the languages in our evaluation which were
seen during mBERT’s pre-training. Arabic, Japanese and Chinese, which were included in
the POS/DP evaluation, can be considered high-resource languages; Swahili and Yorub4,
on the other hand, were included in the NER evaluation and are arguably medium-to-low
resource. In keeping with previous work, we find that language adaptation benefits seen
languages less than unseen languages and—among the former—resource-rich languages
less than resource-poor languages. This agrees with the intuition that lower-resource
languages have greater scope for improvement through language adaptation due to
the fact that they receive less signal during MMT pre-training. Interestingly, BitFit
performs much more competitively on the high-resource languages than low-resource and
unseen languages, suggesting that its lack of capacity is more problematic for language
adaptation rather than for task fine-tuning.

4.5.4 Parameter Overlap between Languages
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Fig. 4.4 Percentage of parameters selected for the sparse fine-tuning of both languages in
a pair.

In order to understand whether similar languages also share similar sub-networks, we
plot the pairwise overlap (in percentage) between parameter subsets of language SFTs in
Figure 4.4. Except for a single instance (Mandarin Chinese and Cantonese) where the

high overlap reflects the fact that both languages are genealogically related, we find that
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the overlap is small for most language pairs. The explanation, we believe, is two-fold.
Firstly, most of the languages in the multilingual datasets considered in our experiments
belong to separate genera and families. Therefore, a lack of correlation in parameter
subsets is expected. Secondly, for a pre-trained model, there exist multiple parameter
subsets (“winning tickets”) with comparable performance (Prasanna et al., 2020). The
Lottery Ticket algorithm selects randomly among these equally valid subsets. Hence, a

lack of overlap does not necessarily imply reliance on disjoint sub-networks.

4.6 Conclusion

We have presented a new method to fine-tune pre-trained models that is both modular
(like bottleneck adapters) and expressive (like sparse fine-tuning). This method is
based on a variant of the algorithm to find winning tickets under the framework of the
Lottery Ticket Hypothesis. We infer a sparse vector of differences with respect to the
original model for each individual language (by modelling unlabelled text) and each
individual task (with supervised learning). The adaptations for a language and a task can
then be composed with the pre-trained model to enable zero-shot cross-lingual transfer.
Comparing our method with the state-of-the-art baseline in several multilingual tasks,
the results have indicated substantial gains across the board in both languages seen and
unseen during pre-training (which includes many truly low-resource languages). Our

code and models are available at https://github.com/cambridgeltl/composable-sft.


https://github.com/cambridgeltl/composable-sft

Chapter 5

Distilling Efficient Language-Specific
Models for Cross-Lingual Transfer

5.1 Introduction

Massively multilingual Transformers (MMTs) suffer from several limitations as a result
of their ample language coverage. Firstly, aiming to represent many languages within
their parameter budget and dealing with the training signals from different languages
might result in negative interference. This is known as the “curse of multilinguality”
(Conneau et al., 2020), which impairs the MMT’s transfer capabilities (Pfeiffer et al.,
2022). Secondly, in practice people are often interested in using or researching NLP
systems in just a single language. This makes MMTs unnecessarily costly in terms
of storage, memory, and compute and thus hard to deploy. This especially impacts
communities which speak low-resource languages, which are more likely to have limited
access to computational resources (Alabi et al., 2022).

In this chapter, we address the question: can we increase the time-efficiency and
memory-efficiency of MMTs while retaining their performance in cross-lingual transfer?
Knowledge distillation (Hinton et al., 2015) is a family of general methods to achieve the
first goal by producing smaller, faster models (Sanh et al., 2019; Jiao et al., 2020, inter
alia) and has also been applied to MMTSs specifically. However, when the distilled MMT
is required to cover the same number of languages as the original model, whose capacity
is already thinly stretched over (say) a hundred languages, the curse of multilinguality
asserts itself, resulting in a significant loss in performance (Sanh et al., 2019).

As a consequence, to achieve the best possible performance with reduced capacity,
we depart from the practice of retaining all the languages from the original MMT in

the distilled model. Instead, we argue, we should cover only two languages, namely the
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source and target language of interest. In fact, distilling just one language would fall
short of the second goal stated above, namely facilitating cross-lingual transfer, as a
monolingually distilled model would be unable to learn from a distinct source language
during task-specific fine-tuning. Maintaining cross-lingual transfer capabilities, however,
is crucial due to the paucity of labelled task data in many of the world’s languages in
most tasks (Ponti et al., 2019a; Joshi et al., 2020).

In particular, we propose a method for bilingual distillation of MMTs, termed
BISTILLATION, inspired by the two-phase recipe of Jiao et al. (2020). We start from
a “student” model, initialised by discarding a subset of layers of the original “teacher”
MMT, as well as the irrelevant part of its vocabulary. In the first, “general” phase of
distillation, unlabelled data is used to align the hidden representations and attention
distributions of the student with those of the teacher. In the second, task-specific phase,
the student is fine-tuned for the task of interest through guidance from a task-adapted
variant of the teacher. Rather than fully fine-tuning the student during this second
phase, we instead use the parameter-efficient Lottery-Ticket Sparse Fine-Tuning (LT-
SFT) method proposed in §4.3. Parameter-efficient task fine-tuning enables a system
to support multiple tasks with the same distilled compact model, without unnecessarily
creating full model copies per each task.

We evaluate our efficient “bistilled” models on a range of downstream tasks from
several benchmarks for multilingual NLP, including dependency parsing from Universal
Dependencies (UD; Zeman et al., 2020), named entity recognition from MasakhaNER
(Adelani et al., 2021), natural language inference from AmericasNLI (Ebrahimi et al.,
2022), and QA from XQuAD (Artetxe et al., 2020b). We evaluate the model performance
as well as its space efficiency (measured in terms of parameter count) and time efficiency
(measured in terms of FLOPs and inference time). We compare it against highly relevant
baselines: bilingual models pre-trained from scratch and two existing multilingual distilled
models, DistilmBERT (Sanh et al., 2019) and MiniLMv2 (Wang et al., 2021).

We find that while our bilingually distilled models are twice or thrice smaller and
faster than the original MMT, their performance is only slightly degraded, as illustrated
in Figure 5.1. Our method outperforms the baselines by sizable margins, showing the
advantages of (i) bilingual as opposed to multilingual distillation, and (ii) distilling models
from MMTs rather than training them from scratch. We hope that our endeavour will
benefit end-users of multilingual models, and potential users under-served by currently

available technologies, by making NLP systems more accessible.
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5.2 Background

In this chapter we will make use of the aforementioned MMTs mBERT (Devlin et al.,
2019), XLM-R (Conneau et al., 2020) and mDeBERTa (He et al., 2021). We will also
employ modular language- and task-specific adaptation of MMTs through LT-SF'T as

proposed in §4.3 and make use of multi-source training as described in §3.3.3.

5.2.1 Distilling pre-trained Language Models

Knowledge distillation (Bucilua et al., 2006; Hinton et al., 2015) is a technique for

7

compressing a pre-trained large “teacher” model into a smaller “student” model by
training the student to copy the behaviour of the teacher. Whereas during standard
pre-training, the model receives a single “hard” label per training example, during
distillation the student benefits from the enriched signal provided by the full label
distribution predicted by the teacher model. Sanh et al. (2019) use this technique to
produce DistilBERT, a distilled version of BERT}.s (Devlin et al., 2019) with 6 instead of
the original 12 layers, and DistilmBERT, a corresponding distilled version of multilingual
BERT. There has been extensive subsequent work on distillation of pre-trained language
models, though with less focus on distilling MMTs in particular. More sophisticated
approaches try to align the hidden states and self-attention distributions of the student
and teacher (Sun et al., 2020; Jiao et al., 2020) and/or finer-grained aspects of the
self-attention mechanism (Wang et al., 2020, 2021). Mukherjee et al. (2021) initialise the
student’s embedding matrix with a factorisation of the teacher’s for better performance
when their hidden dimensions differ. Of these, Wang et al. (2020, 2021); Mukherjee et al.
(2021) apply their methods to produce distilled versions of MMTs. In this work, we
employ the “TinyBERT” distillation recipe of Jiao et al. (2020), which is described in
further detail in §5.3.

5.3 BiStillation: Methodology

We are interested in providing NLP capabilities with limited computational resources
in a specific target language T which lacks training data in the tasks of interest. A
common paradigm in previous work (Pfeiffer et al., 2020b; Ansell et al., 2022) is to
use cross-lingual transfer with an MMT in conjunction with parameter-efficient task
and language adaptation to support multiple tasks without adding a large number of

additional parameters per task (§2.3.4). Our goal in this work is to replace the highly
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general MMT, plus optional language adaptation, with a target language-specific model
which maintains the benefits of cross-lingual transfer.

An obvious first attempt would be to simply distil the MMT into a smaller model
using only text in the target language. However, this monolingual distillation approach
is insufficient, as during task fine-tuning, the monolingually distilled student model no
longer “understands” the source language. Not only would the task performance of the
student therefore be poor on the source language, but the target language performance
would likely be even worse because it is optimistic to assume that the source and target
language representations would remain aligned in the student model without any training
on the source language. Indeed, our preliminary experiments confirmed the intuition that
this approach is inadequate. This problem can be overcome through bilingual distillation,
where text from both the source and target language is used to train the student model.

Therefore, our aim is to devise a method for deriving from an MMT M a smaller
model Mg r ., to perform a given task 7 in the target language T' given only training data
in the source language S. Our approach is inspired by the two-stage distillation paradigm
of Jiao et al. (2020). In the first, “general” phase, a bilingual student model M s 18
distilled from M using the same unsupervised task (e.g., masked language modelling) that
was used for M’s pre-training. In the second, “task-specific” phase, Mg . is produced
by fine-tuning Mg using M, as its teacher, where M. is derived from M by fine-tuning

it for task 7. The following sections explain the details of these phases.

5.3.1 Distillation Method

Let Ly be the number of Transformer layers in the teacher model, indexed from 1 to L.

The number of student model layers Lg is required to evenly divide Ly. We define the

downscaling stride as s = %

Following Jiao et al. (2020), the loss functions of the two distillation phases make use
of three components, (i) attention-based, (ii) hidden state-based, and (iii) prediction-based.

Attention-based loss is defined as follows:

Lg
£attn(x ; 0) - ;ZMSE{AE(JI ) 0)7 A'LTs(x ) 0)) (51)
=1

!This is similar to the idea of bilingual language adapters proposed by Parovié et al. (2022), which
obtain superior transfer performance by adapting the MMT to both source and target language
simultaneously, removing the need to use different and possibly incompatible language adapters during
training and inference.
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Here, AY(x ; ) and AT (z ; 6) € R™! refer to the attention distribution? of Transformer
layer 7 of the student and teacher model, respectively, given input sequence x and model
parameters 6; [ refers to the input sequence length; MSE() denotes mean squared error
loss.

Hidden state-base loss is defined as follows:

Lg

1
Ehidden(x 3 0) = LS I 1 MSE(HZS(Z’ 3 9), HZTS(LL' ) 0)), (52)
0

i=

where H? (x ; 0) and H (z ; 0) € R refer to the hidden representations output by
Transformer layer ¢ of the student and teacher model, respectively, or the output of the
embedding layer when 7 = 0. Note that we assume that the student and teacher share
the same hidden dimensionality d.

Finally, the prediction-based loss is defined as
Lovea(w 5 0) = CE(z°(x ; 8), 2" (x; 9)), (5.3)

where z%(z ; 0) and 2% (z ; ) are the label distributions predicted by the student and
teacher model, respectively, and CE denotes cross-entropy loss.

The intuition behind using attention-based and hidden state-based loss for our
purposes is as follows. We (i) require good monolingual performance in the source and
target language, but we also (ii) must preserve the existing alignment between these
languages in the MMT which would consequently facilitate transfer between them. The
intuition is that encouraging the student’s intermediate representations to match those
of the teacher will help to preserve this alignment.

We next describe how these loss components are employed in each phase of BISTIL-

LATION.

5.3.2 Stage 1: General Bilingual Distillation

Initialisation. We initialise all parameters of the student model by copying those of the
teacher model, but retaining only the Transformer layers whose indices are multiples of
s. We found in our preliminary experiments that this greatly accelerates convergence

compared to random initialisation.

Vocabulary Reduction. Our distilled models can dispose of the many irrelevant tokens

in the base MMT’s vocabulary, i.e. those which are not frequently used in either the

2Here, for ease of implementation within the Huggingface Transformers library (Wolf et al., 2020),
we differ from Jiao et al. (2020), who use raw attention scores.
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Task Target Dataset Source Dataset MMT Target Languages
ict
Universal Depen- Universal Depen- Ar;.zblc { Bambara, Buryat, Cal]}ton.esoj,
Dependency Pars- . . Chinese', Erzya, Faroese, Japanese', Livvi,
. dencies 2.7 (Ze- dencies 2.7 (Ze- mBERT . - .
ing (DP) man et al., 2020) man et al., 2020) Maltese, Manx, North Sami, Komi Zyrian,
N v Sanskrit, Upper Sorbian, Uyghur
Named  Entity MasakhaNER CoNLL 2003 )
- . (Tjong Kim Sang Hausa, Igbo, Kinyarwanda, Luganda, Luo,
Recognition (Adelani et al., mBERT L 1 e 1ok
and De Meulder, Nigerian-Pidgin, Swahili*, Wolof, Yoruba
(NER) 2021)
2003)
Natural Laneuage AmericasNLI MultiNLI Aymara, Ashdninka, Bribri, Guarani, Ndhu-
guag (Ebrahimi et al., (Williams et al., XLM-R atl, Otomi, Quechua, Rardmuri, Shipibo-

Inference (NLI)

Question Answer-

ing (QA)

2022)

2018)

Konibo, Wixarika

XQuAD (Artetxe
et al., 2020b)

SQuAD vl.l
(Rajpurkar et al.,
2016)

Arabict, Chinesef, Greek',

German',

mDeBERTa Hindif, Romanian®, Russiant, SpanishT,

Thaif, Turkish’, Vietnamese®

Table 5.1 Details of the tasks, datasets, MMTs and languages involved in our zero-shot
cross-lingual transfer evaluation. * denotes low-resource languages and T high-resource
languages seen during MMT pre-training; all other languages are low-resource and unseen.
The source language is always English. We “bistil” the MMT listed per each task and
target language. Further details of all the language and data sources used are provided
in Appendix C.1.

source or target language of interest, an idea previously proposed by Abdaoui et al.
(2020). During initialisation, the vocabulary of the student model is selected by retaining
only the tokens of the teacher’s vocabulary whose unigram probability in either the

source or target language corpus is > 1075,

Teacher Language Adaptation. As we wish to be able to produce distilled models for
languages not covered in the base MMT, and to obtain the best possible performance for
languages which are covered, we employ language adaptation of the teacher MMT with
language-specific SFTs (Ansell et al., 2022) applied on top of the original MMT during
distillation. Since it draws examples from two languages, each with its own language
SF'T, bilingual distillation becomes a special case of multi-source training as described in
§3.3.3. At each training step, either the source or target language is selected at random
with equal probability; the batch is composed of sequences drawn from the training
corpus of the chosen language, and a pre-trained SF'T for that language is applied to the
teacher MMT.

Objective. The overall loss function for this phase is given by the sum of the attention-
based and hidden state-based loss. Omitting the prediction-based loss here has the
advantage of avoiding the need to evaluate the distribution of tokens predicted by the

MLM head, which is costly because of the considerable size of MMTs” embedding matrices.
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5.3.3 Stage 2: Task-Specific Distillation

After a general bilingual model has been distilled from the teacher MMT in Stage 1,
it can be fine-tuned for a specific task. We first obtain the teacher for task-specific
distillation by applying task-specific LT-SFT to fine-tune the base MMT (i.e., the teacher
in the general distillation phase) for the task in question. This teacher’s outputs and
representations are then used to fine-tune the bilingual student model, again using task
LT-SFT at the student’s end. The use of parameter-efficient task adaptation here avoids
adding a large number of parameters to the system for each task. The objective during
this task-specific fine-tuning consists of the sum of all three losses from §5.3.1: Lattx,

£hiddena and Lpred .

5.4 Experimental Setup

We largely adopt the same evaluation framework as §4.4 for direct comparability with
LT-SFT on undistilled MMTs. Specifically, we evaluate zero-shot cross-lingual transfer
performance on four representative tasks: dependency parsing, named entity recognition,
natural language inference and QA. While the prior work focused only on low-resource
languages, our method is also highly relevant to high-resource languages: the XQuAD QA
task (Artetxe et al., 2020b) provides additional insight into high-resource target language
performance. Table 5.1 summarises the experimental setup, including the datasets and
languages considered in our experiments. In total, we cover a set of 44 languages which
are typologically and geographically diverse, making them representative of cross-lingual
variation (Ponti et al., 2020).

We experiment with three different MMTSs as shown in Table 5.1: mBERT (Devlin
et al., 2019), XLM-Rpase (Conneau et al., 2020), and mDeBERTay.s. (He et al., 2021).

5.4.1 Baselines and Model Variants

We refer to our main method as BiStil. We compare it with several relevant approaches.
First, the LtSft method uses LT-SFT with language adaptation on the base MMT.
LtSft can be seen as an upper bound for BiStil, allowing us to measure how much
the performance suffers as a result of replacing the MMT with its bilingually distilled

variant.
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MMT Distillation LRF DRF #L D #V  #P
none - - 12 768 120K 178M

D’mBERT 2 - 6 768 120K 135M

mBERT BiStil* 2 - 6 768 31K 67TM
3 - 4 768 31K  53M

none - - 12 768 250K 278M

XLM-Ripse — woor . s 2 - 6 768 28K  65M
BiStil 3 ] 4 768 28K 5IM

none - - 24 1024 250K 560M
XEM-Riarge 313192 9 267 | 12 384 250K 118M
none - - 12 768 250K 278M
mDeBERTa . 2 - 6 768 41K  75M
3 - 4 768 41K 60M

Table 5.2 Dimensions of models before and after distillation. LRF = Layer Reduction
Factor; DRF = hidden Dimension Reduction Factor; #L = number of Transformer Layers;
D = hidden Dimension; #V = Vocabulary size; #P = total number of model Parameters;
D’mBERT = DistilmBERT. * - because of its vocabulary reduction procedure, BiStil can
produce models of slightly different sizes for different languages; the vocabulary sizes
and numbers of parameters shown are averages over all BiStil models trained.

For each task except NLI,® we also compare against a multilingually distilled MMT,
i.e. with all pre-training languages used for distillation as well. For DP and NER, where
mBERT is the base MMT, the distilled MMT is DistilmBERT (Sanh et al., 2019), which
is similarly based on mBERT. For QA, where BiStil uses mDeBERTa as the base MMT,
no directly comparable multilingually distilled MMT is available, so we opt for a loose
comparison with MiniLMv2 (Wang et al., 2021), distilled from XLM-Rjage, which has
achieved strong results on cross-lingual transfer in high-resource languages. We perform
task-specific fine-tuning with LT-SFT on DistilmBERT and MiniLMv2 in the same way
as for the the undistilled MMTs in the LtSft setting. For DP and NER we also perform
language adaptation of DistilmBERT.*

We also consider Scratch, a setting where we train bilingual models from scratch
instead of distilling them from a pre-trained MMT. We then apply the same LT-SFT

task fine-tuning method as for the other baselines. This comparison allows us to evaluate

3There does not seem to be a multilingually distilled MMT that would provide a suitable comparison
on the AmericasNLI task, as MiniLMv2 and other models distilled without an MLM head do not support
adaptation to unseen languages through continued pre-training. DistilmBERT on the other hand is
based on a generally weaker MMT than XLM-R, which is used as BiStil’s base MMT for NLI.

4MiniLMv2 does not support language adaptation (see Footnote 3), but this is not as important for
the high-resource languages used in XQuAD (Aunsell et al., 2022).
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the benefit of distilling efficient bilingual models from the MMT rather than pre-training
the same-sized bilingual models from scratch.

We refer to our main method, with the task-specific distillation stage as described in
§5.3.3, as BiStil-TF (TF = teacher forcing). We also carry out an ablation focused on
the second phase of BISTILLATION: here, we consider performing task-specific fine-tuning
without the assistance of a teacher, i.e. in the same manner as LtSft. We refer to this
variant as BiStil-ST (ST = self-taught).

Table 5.2 provides details of the model sizes, before and after distillation using the
above methods, demonstrating the benefits of BISTILLATION with respect to model

compactness.

5.4.2 Language Distillation/Adaptation

We always perform language adaptation of the teacher model during both phases of
BISTILLATION and during LtSft except for mDeBERTa and MiniLMv2°. For language
adaptation of MMTs we use the pre-trained language SF'Ts of Ansell et al. (2022), and we
train our own for DistilmBERT. Similarly, for the LtSft baseline, and for task adaptation
of the teacher in the BiStil-TF configuration, we use their pre-trained single-source task
SE'Ts or train our own when necessary. See Appendix C.1 for details of the training
corpora.

When training/distilling our own models or SFTs, we generally choose hyperparame-
ters which match those used in the original work. The following are constant across all
language distillation/SF'T training: we use a batch size of 8 and a maximum sequence
length of 256; model checkpoints are evaluated every 1,000 steps (5,000 for high-resource
languages) on a held-out set of 5% of the corpus (1% for high-resource languages), and the
one with the smallest loss is selected at the end of training; we use the Adam optimiser
(Kingma and Ba, 2015) with linear decay and without any warm-up.

During LT-SFT training of DistilmBERT’s language SF'Ts, the dense and sparse
fine-tuning phases each last the lesser of 100,000 steps or 200 epochs, but at least 30,000
steps if 200 epochs is less. The initial learning rate is 5 x 1075, The SFT density is set
to 4%.9

When distilling bilingual models or learning them from scratch, training lasts 200,000
steps (to equal the total length of the two phases of LT-SFT training). The initial

5See Footnote 3 for MiniLMv2; mDeBERTa could in theory support language adaptation but its
pre-training code was not made publicly available in time to be used in this work.

6This is similar but not identical to the density used in §4.4.2, which was a very specific number of
trainable parameters for comparability to the MAD-X baseline; here, we prefer to use a round number.
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DistilmBert 477 99 195 491 317 532 162 200 43.0 349 376 177 314 114 289 339|304 -74
Scratch, 1rf = 2 169 4.9 67 278 91 152 6.7 56 16.1 127 11.1 3.5 9.3 39 115 146 | 11.0 -26.8
BiStil-ST, 1rf = 2| 509 158 241 53.7 383 571 187 23.9 522 43.7 46.5 252 398 133 318 348|356 -22
BiStil-ST, 1rf = 3| 482 16.1 234 521 350 551 181 222 499 403 413 222 376 133 30.7 334|337 -4.1
BiStil-TF, 1rf = 2| 53.2 16.4 24.6 54.8 39.1 59.0 19.0 23.8 b54.1 435 46.0 26.9 40.7 13.1 32.7 36.4|36.5 -1.3
BiStil-TF, 1rf = 3| 49.7 16.4 244 527 36.8 571 182 21.0 522 41.0 433 251 381 14.5 313 349 | 348 -3.0

Table 5.3 DP; LAS scores. The results with the smallest gap to the upper-bound LtSft
model are in bold.

learning rate is 1 x 107%. The model architecture and hyperparameters are identical
to the teacher MMT’s other than a reduction in the number of layers and the use of
vocabulary reduction as described in §5.3.2.

We experiment with two layer reduction factors (LRF) for BISTILLATION, 2 (a
reduction from 12 to 6 layers) and 3 (12 to 4 layers). Whereas the BiStil setting
initialises the model from the teacher (see §5.3.2), the Scratch setting initialises it

randomly.

5.4.3 Task Distillation/Adaptation

For DP and NER, we train task SF'Ts for 3 epochs in the dense phase of LT-SFT and
10 epochs in the sparse phase, evaluating the model checkpoint on the validation set
at the end of each epoch, and taking the best checkpoint at the end of training. The
selection metric is labelled attachment score for DP and F1-score for NER. The initial
learning rate is 5 x 107° with linear decay. For NER, we use the standard token-level
single-layer multi-class model head. For DP, we use the shallow variant (Glavas and
Vulié¢, 2021) of the biaffine dependency parser of Dozat and Manning (2017). For NLI,
we train for 5 epochs with batch size 32, with checkpoint evaluation on the validation set
every 625 steps, and an initial learning rate of 2 x 1075, We apply a two-layer multi-class
classification head atop the model output corresponding to the [CLS] token. For QA,
we train for 5 epochs with a batch size of 12, with checkpoint evaluation every 2000
steps and an initial learning rate of 3 x 107°. The single-layer model head independently
predicts the start and end positions of the answer span, and at inference time the span
whose endpoints have the largest sum of logits is selected.

We set the density of our task SFTs to 8%, which we found in §4.5 to offer the best

task performance in all our experiments.
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Fig. 5.1 Trade-off between parameter count, inference FLOPs and averaged performance
for our BiStil models for cross-lingual transfer and several baselines.

5.5 Results and Discussion

The results in terms of task performance are summarised in Figure 5.1 and Tables 5.3-5.6.

As expected, LtSft on the undistilled MMTs performs best across all tasks. However,

BiStil-TF with reduction factor 2 is not much worse, with a degradation in performance
not exceeding 1.3 points relative to LtSft on DP, NER and NLI. The larger gap of
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DistilmBert 81.1 732 653 634 50.0 692 777 644 712 | 684 -3.3
BiStil-ST, 1rf = 2

BiStil-ST, 1rf = 3 .
BiStil-TF, 1lrf = 2 | 81.0 74.8 67.5 67.3 550 729 784 69.0 75.7|71.3 -04
BiStil-TF, 1rf = 3

BiStil-TF, 1lrf
BiStil-TF, 1lrf

3| 57.7 436 481 609 413 51.4 426 59.9 455 403 | 491 -2.2

ar de el es hi ro ru th tr vi zh avg avgA
Jlestr ] 65 647 612 624 578 690 618 560 564 571 608 | 603 -
MiniLMv2 50.4 59.4 544 579 529 645 576 50.3 513 53.8 55.0 | 55.2 -5.1

BiStil-TF, 1rf =
BiStil-TF, 1rf =

Table 5.6 XQuAD; Exact Match scores.

3.4 EM points on QA is likely a result of the fact that the base MMT is much more
thoroughly pre-trained on the high-resource languages found in XQuAD than on the
lower-resource languages found in the datasets for the other tasks. It is therefore harder
for BiDistil to achieve the base MMT’s depth of knowledge of the target language
during its relatively short distillation training time. BiStil-TF, 1lrf = 2 nevertheless
outperforms MiniLMv2 on QA by 1.7 EM points, despite MiniLMv2 receiving 320 times
more training than each BiDistil model, or roughly 6 times more per language”.
Furthermore, BiStil-TF, 1lrf = 2 significantly outperforms DistilmBERT, with a
6.1 LAS gap on DP and 2.9 F1 gap on NER. BiStil, 1lrf = 2 produces models roughly
half the size of DistilmBERT and that, once again, are trained for vastly less time®.
Training bilingual models from Scratch performs poorly, lagging behind the other
methods by more than 20 points on DP.” This is likely at least partly because, unlike for

"MiniLMv2 is trained for 1M steps with a batch size of 256 and max sequence length of 512; BiDistil
for 200K steps with a batch size of 8 and max sequence length of 256.

8Sanh et al. (2019) note that their monolingual DistilBERT model was trained on 8 16GB V100
GPUs for approximately 90 hours. Our BiStil models are trained on a single 10GB RTX 3080 GPU
for approximately 9 hours.

9As this method is clearly inferior, we opted to reduce computational expense by not repeating it for
other tasks.
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cpu T gpu T flops | cpu T gpu T flops |
DistilmBERT 1.41x  1.03x 0.61x DistilmBERT 1.93x  1.94x 0.50x
BiStil, 1lrf = 2 | 1.44x 1.25x 0.61x BiStil, 1rf = 2 | 1.97x 1.98x 0.50x
BiStil, 1rf = 3 | 1.71x 1.36x 0.48x BiStil, 1lrf = 3 | 2.97x 2.78x 0.33x

(a) DP efficiency (b) NER efficiency

cpu 1 gpu T flops | cpu T gpu T flops |
BiStil, 1rf = 2 | 2.02x 1.97x | 0.50x MiniLMv2 4.25x  34dx | 0.21x
BiStil. 1rf = 3 | 2.89 985 0.33 Bistil, 1rf = 2 | 1.99x 1.85x 0.50x
ot Mt T OUX 409X 00X BiStil, 1rf = 3 | 2.85x 2.42x | 0.33x

(c¢) NLI efficiency (d) QA efficiency

Table 5.7 Relative inference speed and FLOP cost. Values are given relative to LtSft
without distillation, i.e. a speed reading of “2.00x” means the distilled model can on
average process twice as many inference examples per second as the undistilled MMT.
Likewise a FLOPs reading of “0.50x” would mean that the distilled model on average
requires half as many FLOPs to process an inference example as the undistilled MMT
does.

BiStil, 200,000 training steps are insufficient for Scratch to fully converge, suggesting
(unsurprisingly) that it is less sample-efficient - reaching full convergence would likely
have taken many more steps and exceeded our computational budget. Interestingly, when
we evaluate the Scratch models on their English DP performance, we obtain an average
UAS/LAS score of 81.8/77.1, which is much more competitive in relative terms with the
BiStil-TF, 1lrf = 2 English DP score of 91.0/88.2 than the corresponding comparison
in average target language DP scores of 29.9/11.0 to 55.5/36.5. This suggests that an
even larger factor in Scratch’s weakness than its poor monolingual performance is a
lack of alignment between its representations of the source and target languages, severely
impairing cross-lingual transfer. This highlights the advantage of distilling a bilingual
model from an MMT within which cross-lingual alignment is already present.

As expected, the performance of BiStil is somewhat weaker with a larger layer
reduction factor of 3, though this is heavily task-dependent. With an LRF of 3, BiStil-TF
still comfortably outperforms DistilmBERT on DP and NER, and does not fall much
behind LRF = 2 for NLI. However, we observe a considerable degradation in performance
for LRF = 3 for QA; this may indicate that a 4-layer Transformer struggles to adapt to
this particular task, or that for this architecture the modest training time is not sufficient
to approach the base MMT’s understanding of the source and target languages.

Table 5.7 presents an analysis of the inference time efficiency. We measure the
inference speed both on CPU with batch size 1 and GPU with the same batch size as
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during task-specific training. We also calculate the number of floating-point operations

19 measured during an inference pass over the test set

(FLOPs) per example using fvcore
of the first language in each task.

For NER, NLI and QA, the efficiency results conform quite closely to the intuitive
expectation that a model’s inference time should scale linearly with its number of layers;
that is, BiDistil with LRF = 2 is generally around twice as fast as the base MMT. For
DP, we observe a seemingly sub-linear scaling which is caused by the very large biaffine
parsing head, consisting of ~23M parameters. The significant cost of applying the model
head contributes equally to all models regardless of their degree of distillation. Despite
having a moderate LRF of 2, MiniLMv2 exhibits impressive speed as a result of the fact
that it additionally has a smaller hidden dimension than its teacher (see Table 5.2), a
technique which we do not consider for BiDistil, but may be a promising avenue for
future work.

We argue that BiDistil accomplishes its aim by achieving two- to three-fold re-
ductions in inference time and model size without sacrificing much in the way of raw
performance. Its superior performance relative to multilingually distilled models despite
its comparatively very modest training budget supports the assertion that specialis-
ing multilingual models for a specific transfer pair during distillation helps to avoid

performance degradation resulting from the curse of multilinguality.

5.6 Conclusions

While MMTs are an effective tool for cross-lingual transfer, their broad language coverage
makes them unnecessarily costly to deploy in the frequently-encountered situation where
capability is required in only a single, often low-resource, language. We have proposed
BISTILLATION, a method of training more efficient models suited to this scenario which
works by distilling an MMT using only the source-target language pair of interest. We
show that this approach produces models that offer an excellent trade off between target
language performance, efficiency, and model compactness. The “bistilled” models exhibit
only a slight decrease in performance relative to their base MMTs whilst achieving
considerable reduction in both model size and inference time. Their results also compare
favorably to those of multilingually distilled MMTs despite receiving substantially less
training even on a per-language basis.
Our code is available at https://github.com/AlanAnsell /bistil.

https: //github.com /facebookresearch /fvcore
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Chapter 6

A Holistic View of Cross-Lingual

Transfer

6.1 Introduction

As we have seen, cross-lingual transfer is a means of compensating for a lack of resources
in one or more target languages by employing the more plentiful resources available in
one or more source languages. A range of techniques have been developed to deal with
the various dimensions of resource scarcity, which encompass not just data availability,
but also the degree of support by pre-trained models. These research threads have
generally been investigated somewhat independently. In this chapter, we attempt to
unify several of the most prominent threads of cross-lingual transfer research into a single
framework. Specifically, we synthesise findings from zero-shot cross-lingual transfer (ZS-
XLT) with multilingual Transformers encoders (MMTSs), few-shot cross-lingual transfer
(FS-XLT), cross-lingual transfer for low-resource languages and cross-lingual transfer
through machine translation (MT) to formulate a practical, general-purpose approach to
cross-lingual transfer, with a focus on low-resource scenarios.

So far, we have focused on ZS-XLT, where an MMT pre-trained on many languages is
fine-tuned for a certain task using training data from some source language, and is then
used for inference on data from the target language without seeing a single task-specific
training example from that language. We have closely examined the practice of language
adaptation, where a module for a specific language is trained to enhance the performance
of an MMT when it has received little or not pre-training for that language.

In contrast to ZS-XLT, often more realistic is the few-shot case (FS-XLT), where a
small number of gold-standard target language examples are available during training.

Though it may be expensive to annotate target language data, especially for low-resource
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languages where native speakers are hard to access, prior work has shown that using
even a small amount during training can yield significant gains in performance (Zhao
et al., 2021). While early approaches to FS-XLT involved fine-tuning first on the source
language data, then separately on the few target language shots (Lauscher et al., 2020),
recent work has shown that it is more effective to jointly train on both at once (Xu and
Murray, 2022; Schmidt et al., 2022).

Another tool often employed for cross-lingual transfer is machine translation (MT).
MT approaches can generally be categorised as translate-train or translate-test (Hu et al.,
2020). We focus on the translate-train approach, which has so far been predominant and
seems more amenable to combination with other cross-lingual transfer techniques. We
consider two translate-train variants: TTRAIN-SINGLE, where a model is trained for each
target language using only its own translated data; and TTRAIN-ALL, where one model
covering all target languages is trained on their translated data and the source language
data simultaneously. To constrain the scope of this work, we settle for providing a simple
translate-test configuration as a point of comparison rather than pushing the envelope
of translate-test performance. However, Artetxe et al. (2023) have made a strong case
for considering translate-test further in future work, proposing a set of techniques for
optimising its performance.

In this work, we consider how best to employ the above techniques in response to
cross-lingual transfer scenarios with varying levels of data scarcity. We explore several
promising directions toward integrating zero-shot, few-shot and translate-train techniques
across a range of resource levels in order to obtain a deeper insight into: (i) to what
extent these techniques and the different data sources they exploit are complementary, (ii)
what is the most effective way of combining different data sources in order to maximise
the performance, and (iii) how much each of the available sources of data contributes to
the overall performance. We aim to equip practitioners with a recipe for how to use the
available data resources in the most effective way.

We experiment on the AmericasNLI natural language inference (NLI) dataset for
American languages (Ebrahimi et al., 2022), and the NusaX sentiment analysis (SA)
dataset for Indonesian languages (Winata et al., 2023). We find that combining language
adaptation, few-shot learning and translation can be highly effective, yielding average

performance gains of 14-24 points over the zero-shot baseline without language adaptation.
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6.2 Background and Related Work

In this section, I briefly recap the most relevant material on language adaptation from
earlier chapters. I then expand on the prior work on few-shot cross-lingual transfer and

machine translation for cross-lingual transfer discussed in §2.3.

6.2.1 Language Adaptation

Because MMTs divide their capacity among many languages, they may often perform
sub-optimally with respect to a single source or target language. Furthermore, we are
sometimes interested in a target language not covered by the MMT. Recall the MAD-X
approach for training bottleneck adapters to specialise MMTs to specific target languages
from §2.3.4 and our Lottery Ticket Sparse Fine-Tuning (LT-SFT) approach from §4.3.

While SF'T composition generally exhibits somewhat better zero-shot cross-lingual
transfer performance across a range of tasks than bottleneck adapter composition (Ansell
et al., 2022; Alabi et al., 2022), and avoids the overhead incurred during inference by
adapters, adapters are more efficient to train and leave the base MMT fully unmodified.
In this work, we consider both methods. However, we note that other modular, parameter-
efficient methods exist and could be used with our tools in future work (Pfeiffer et al.,
2023b).

Also recall from §3.3.3 and §4.4.4 how multi-source training extends language adap-
tation to scenarios with multiple source languages by training on batches consisting of
examples from a single source language (selected randomly at each step), and applying

the language module for that language during the training step.

6.2.2 Few-Shot Cross-Lingual Transfer

Recall from §2.3.3 that few-shot cross-lingual transfer (FS-XLT') describes the scenario
where, in addition to the source language task training data available in the zero-shot
case, a small number of target language task examples (“shots”) are available. Practical
experience currently suggests that it is best to mix the few shots into the source language
data and train on both simultaneously (Xu and Murray, 2022; Schmidt et al., 2022)
rather than sequentially training on source followed by target language data (Lauscher
et al., 2020).

Jundi and Lapesa (2022) compare few-shot and translation-based approaches, trying
to gain an insight into which approach is better and under which circumstances. We

consider these approaches in combination rather than in competition and find that the
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use of few-shot data can enhance performance even when a machine translation of the full
source language dataset is available. However, their work complements ours by proposing
a way to identify the examples which may be most profitable for humans to translate
into target language “shots.”

Winata et al. (2022) study few-shot cross-lingual transfer on languages unseen by
MMTs using the NusaX dataset. They analyse the effectiveness of several few-shot
strategies focusing on selecting languages for transfer and different learning dynamics
exhibited by different types of MMTs.

6.2.3 Machine Translation for Cross-Lingual Transfer

Recall the definition of the translate-train and translate-test approaches to cross-lingual
transfer from §2.3.1, to which a number of enhancements have been proposed. Artetxe
et al. (2020a) showed that translate-test performance could be improved by training on
back-translated rather than the original source language data to better model translation
artifacts encountered at inference time. Ponti et al. (2021¢) note that translation-based
approaches suffer from an error accumulation over the phases of the pipeline. They
re-interpret this pipeline as a single model with an intermediate “latent translation”
between the target text and its classification label, permitting the translation model to be
fine-tuned according to a feedback signal from the task loss. Oh et al. (2022) show that
the translate-train and translate-test approaches can be combined synergistically. Artetxe
et al. (2023) show that translate-test is more favourable relative to translate-train than
previously thought when better translation and monolingual models are used, and when
measures are taken to correct the MT-induced mismatch between the data encountered at
train and inference time. While we only consider applying translation-based cross-lingual
transfer to classification tasks, prior work has considered its application to sequence
labelling tasks as well (Jain et al., 2019; Fei et al., 2020; Garcia-Ferrero et al., 2022, 2023).
In this work, we counteract the lack of support for certain languages by the multilingual
NMT model NLLB (NLLB Team et al., 2022) by adapting it to these languages through
further training. For simplicity, we employ only continued pre-training on the standard
MT task for this purpose. However, Ko et al. (2021) enhance NMT model adaptation with
additional tasks: denoising autoencoding, which exploits monolingual target language
data; back-translation; and adversarial training which encourages the encoder to output

language-agnostic features.
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6.3 Methodology

6.3.1 Recipe

We propose a recipe for cross-lingual transfer which is flexible and effective across scenarios

of resource scarcity. It can be summarised as:

1. Select a base MMT and train language modules for the source language and all

target languages for which monolingual data is available.

2. Using a multilingual NMT model, translate the task data into every target language
it supports; if there are target languages the M'T model does not support but for
which parallel data is available, adapt it using this parallel data. This process is
described further in §6.3.3.

3. Learn a task module through joint multi-source training on all available data (i.e.
source data, translated data and any gold-standard target language (“few-shot”)

data available).

We propose two methodological novelties to enhance this recipe.

6.3.2 Few-shot Upsampling

When gold-standard target language data is available during training, it is generally
present in much smaller quantity than the source language data (in our case, the difference
is in orders of magnitude, but it can vary). Furthermore, it is typically higher in quality
than machine-translated target language data and may be more representative of the
distribution that would be observed in practice due to the “translationese” effect of
translated text (see §2.3.1). For this reason, we suggest upsampling this few-shot data
relative to the source and machine-translated data during multi-source training. We

show in our experiments that this can improve downstream performance.

6.3.3 NMT Model Adaptation

While recent multilingual NMT models such as NLLB (NLLB Team et al., 2022) provide
impressive language coverage, there are still many languages they do not support. We
therefore adapt NLLB to unseen target languages by initialising a new language token
and embedding for the target language and then performing continued pre-training
with parallel data for the relevant language pair. Conveniently, it is not necessary for

the source language in the parallel corpus to match the intended source language for
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Task Target Dataset(s) Source Dataset(s) MMT  Target Languages

* T L sf
Natural AmericasNLI Aymara, Ashéninka™,

. . R o . «t
Language (Ebrahimi et al, MultiNLI (tr: 393K / XLM-R Bnbrl,*T, Guarani*, Nahuatl i

dev: 10K) (Williams Otomi*T, Quechua®,
Inference  2022) (sh: 743 / tst: Base o Qe ot

et al., 2018) Rardmuri*', Shipibo-Konibo*T,
(NLI) 750) i

Wixarika

SMSA  (tr: 11K, Acehnese™, Balinese™,
Sentiment NusaX (Winata dev: 1.3K) (Purwari- XLM-R Banjarese*, Buginese*,
Analysis et al., 2023) (sh: 600, anti and Crisdayanti, Base ] Javanese, Madurese*?,
(SA) tst: 400) 2019; Wilie et al., Minangkabau*, Ngaju*tt,

2020) Sundanese, Toba Batak**

Table 6.1 Details of tasks, datasets, MMTs and languages involved in our experiments.
sh = # of few-shot examples available per target language; tst = # of test set examples;
tr = # of train set examples; dev = # of development set examples; * denotes languages
unseen during MMT pre-training; * denotes languages not supported by the NLLB MT
model; ¥ denotes languages for which no satisfactory monolingual corpus was available
and hence no language module was trained. Further details of all the language and data
sources used are provided in Appendix D.1. Note that since the NusaX dataset is created
through human translation of a subset of the SMSA dataset, we carefully remove every
example from SMSA which appears in its original or modified form in the NusaX test
set to avoid a data leak.

cross-lingual transfer, since multilingual NMT models can, in theory, support unseen
transfer directions provided the source and target languages have been seen as part of
other pairs during training; this is the case in NMT adaptation for AmericasNLI, where

the parallel data is Spanish-to-X but the transfer direction is English-to-X.

6.4 Experimental Setup

6.4.1 Evaluation Tasks and Languages

There are few datasets which meet all the ideal conditions for our evaluation: namely (1)
many of the languages covered must not be well-represented in pre-trained MMTs so that
we can test the effect of language adaptation; (2) the dataset must have at least a small
training/validation set for the target languages which we can use as few-shot examples;
and (3) the languages covered must either be supported by contemporary NMT models
or have parallel data available data which can be used for NMT adaptation; (4) the
task should ideally be classification-based so that it is amenable to the translate-train
approach (since in classification tasks, the labels are preserved even after data has been

translated into another language).
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The datasets that best met these conditions were AmericasNLI (Ebrahimi et al.,
2022), a natural language inference (NLI) dataset covering 10 low-resource languages
from the Americas, and NusaX-senti (Winata et al., 2023), a sentiment analysis (SA)
dataset spanning 10 low-resource Indonesian languages. In the NLI task, the source
language is English, while for SA it is Indonesian. We provide the list of all datasets and
languages used in Table 6.1.

In a less constrained environment, it would be possible to expand the set of evaluation
tasks by training MMTs and NMT models on corpora where the amount of data for
certain languages was artificially restricted to simulate low-resourceness. This would
enable us to study the effectiveness of our techniques across an arbitrary combination of
resource levels; as it is, there tends to be a strong correlation between the availability of

different kinds of resource, e.g. monolingual and parallel data.

6.4.2 Models and Training Details

MMT. In this work, we use the base version of XLM-R (Conneau et al., 2020), an MMT

with 270M parameters pre-trained on 100 languages.*

NMT model. As our primary MT model for obtaining translated data, we choose
the NLLB model with 3.3B parameters (NLLB Team et al., 2022), trained to translate
between any pair of 200+ languages, including many low-resource languages. We also
experiment with two additional NLLB variants: distilled models with 600M and 1.3B
parameters, enabling us to understand the effect of model size on the “quality” of the
obtained data. Despite the broad language coverage, half of our target languages are
unsupported by the NLLB models (7 languages from the AmericasNLI and 3 languages
from the NusaX dataset).

We adapt the 3.3B parameter NLLB model to unseen languages through continued
pre-training on the parallel corpora listed in Appendix D.1. We perform full fine-tuning
for 5 epochs with a batch size of 8 and an initial learning rate of 2 x 10~ which is linearly

decreased to zero during training.

Language Modules. In general, we use the same algorithms and hyperparameters as the
original papers (Pfeiffer et al., 2020b; Ansell et al., 2022) when training language modules.
However, we use the variant of MAD-X proposed by Pfeiffer et al. (2021b), where the

last adapter layers are dropped for an increase in cross-lingual transfer performance.

'While more powerful MMTs are available, such as XLM-R-large or mDeBERTa (He et al., 2023),
our primary purpose is not the maximisation of raw performance, nor a comparison of different MMTs,
so we opt for a smaller model to stretch our computational budget over a broad range of scenarios and
languages.
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We provide a list of resources for the monolingual corpora in Appendix D.1. Language
modules are trained for a minimum of 100 epochs and 100,000 steps with a batch size
of 8, a learning rate of 5 x 107° and a maximum sequence length of 256. We evaluate
the language modules every 1,000 steps with low-resource languages, and every 5,000
steps with high-resource languages. Finally, we choose the module that has obtained the
lowest perplexity on the validation set, which is created by taking 5% of the unlabelled

data for low-resource languages or 1% for high-resource languages.

Task Modules. We again follow Pfeiffer et al. (2020b) and Ansell et al. (2022) except
where stated otherwise. We train task adapters with a reduction factor of 16 (i.e. the
ratio between the dimension of the MMT hidden state and the “bottleneck” dimension
of the adapter hidden state is 16) and task SFTs with 8% density. When jointly training
on data from more than one language, the training examples are batched such that each
batch consists of examples from a single language, and the batches are ordered randomly.
For the configurations which employ language adaptation, the language module for the
relevant language is activated at the beginning of the training step and deactivated at
the end of the step, following Ansell et al. (2021).

AmericasNLI task modules are trained for 5 epochs with a batch size of 32 and
an initial learning rate of 2 x 107°. Evaluation is carried out every 625 steps and the
checkpoint with the best evaluation accuracy is selected at the end of training. NusaX
task modules are trained for 10 epochs (or 3 during the full fine-tuning phase of LT-SF'T),
with a batch size of 16 and an initial learning rate of 2 x 1075, They are evaluated after
every 250 steps and the final module is the one with the best evaluation F1 score. For

both tasks, the learning rate is linearly decreased to zero over the course of training.

6.4.3 Configurations and Ablations

ZS-XLT. We include zero-shot transfer results with language adaptation, equivalent to
MAD-X (Pfeiffer et al., 2020b) in the case of adapters. We also have a variant where
language adaptation is not employed, thus only the task module is used for training and

inference. These variants are denoted by zs and zS — LA, respectively.

FS-XLT. In our default FS-XLT setup, “FS-SINGLE”, we add K = 100 target shots to
the source language task data, training a separate task module for each target language.
We also consider “FS-ALL”, where a single task module is trained on the source language

data plus K = 100 shots from each target language. We investigate the effect of different
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numbers of shots by also carrying out FS-SINGLE experiments with K € {20,500}.2 We
employ language adaptation in all these setups, but as an ablation, we also test K = 100
without language adaptation (denoted as FS — LA).

In all FS experiments, the model is jointly trained on source and target data, as per
Xu and Murray (2022). We upsample the data in the target language(s) by a factor
of 10 to increase its presence during training, since K is still rather small compared
to the number of examples available in the source language. When evaluating during
training for checkpoint selection purposes, we only use the source language validation
data following Xu and Murray (2022), who point out that the presence of large validation
sets in truly low-resource languages is unrealistic®, and show that while validating on the
target language is still beneficial for the joint training procedure, the gap becomes much
smaller. They stress that such data would be better used for training, in line with Kann
et al. (2019).

Translate-Train. In our main translate-train variant, named TTRAIN-ALL, we create a
single task module covering all the target languages, which is trained and evaluated on
the translated data of all target languages together with the source language data. We
also consider TTRAIN-SINGLE, where a separate task module is trained on the data of

each target language alone.

FS-XLT meets Translate-Train. Here, we investigate to what extent the benefits
gained from the few-shot and translate-train methods add up when they are combined.
To test this, we introduce the FS 4+ TTRAIN-ALL configuration, where we train a single
task module on the union of the source language data and translated and few-shot data
(with K = 100) for every target language. This module is evaluated on the source

language data and the translated data in all target languages.

Translate-Test. As a point of comparison, we provide a simple translate-test baseline
(denoted TTEST). We use the NLLB 3.3B model (with adaptation in the target-to-source
direction for unsupported languages) to translate the test set for each target language
into the source language. We then evaluate the model checkpoint trained for the zs
configuration (with SFT as the fine-tuning method) on the translated test set for each

target language.

2For the AmericasNLI target languages NAH and 0TO we actually use 223 and 377 shots respectively
under the K = 500 setting since this is the maximum available.

3The requirement for validation data in the target language originated from two-step methods, where
such data is needed to prevent the model from overfitting to the small number of examples in the target
language used during the second stage.
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6.5 Results and Discussion

(a) AmericasNLI: accuracy

Method AYM BZD* CNI* GN HCH® NAH* O0OTO* QUY SHP* TAR* avg
ZS 53.0 42.8 44.8 59.6 40.3 50.8 41.2 552 50.0 40.0 47.77
o FS-SINGLE 55.2  47.1 4777 583 40.7 55.8 459 59.7 529 475 51.08
£ FS-ALL 57.1 479 493 59.1 441 545 48.4 59.6 523 475 51.98
= TTRAIN-SINGLE 58.7 56.5 53.9 644 48.7 56.4 40.1 61.5 57.5 51.5 54.92
< TTRAIN-ALL 63.3 60.5 56.1 66.1 52.1 60.4 424 64.9 63.3 553 58.44
FS + TTRAIN-ALL 63.6 59.1 57.7 67.3 52.1 596 483 64.5 64.4 56.7 59.33
7S 58.4 447 47.6 622 444 50.8 464 604 49.5 43.1 50.75
FS-SINGLE 59.2 58.7 532 639 459 546 491 61.2 531 51.2 55.01
- FS-ALL 60.8 58.1 523 633 473 56.5 53.3 61.3 549 51.3 5591
. TTRAIN-SINGLE 64.5 58.7 549 69.2 532 615 434 65.1 59.5 56.1 58.61
@ TTRAIN-ALL 65.5 619 56.7 70.5 55.5 62.2 42.6 685 66.0 587 60.81
FS 4+ TTRAIN-ALL 65.1 62.1 58.5 70.0 548 61.8 51.2 68.8 67.6 60.3 62.02
"TTEST 47.1  40.7 351 60.3 37.2 402 38.0 545 421 375 4326
(b) NusaX: F1
Method ACE BAN BBC* BJN BUG JAV MAD* MIN SUN avg
VAS 749 78.0 723 776 576 829 685 799 80.5 74.69
% FS-SINGLE 79.1 80.5 772 86.0 72.0 85.0 775 848 83.7 80.64
E FS-ALL 795 80.0 753 86.2 704 86.2 76.8 844 824 80.13
E TTRAIN-SINGLE 740 Tr.7 738 82.0 66.6 83.6 70.8 780 79.7 76.24
< TTRAIN-ALL 79.6 823 &81.0 &85.0 68.1 86.2 788 833 85.7 8&l.11
FS + TTRAIN-ALL 82.3 82.9 82.8 849 72.2 853 80.5 85.7 850 82.40
VAS 80.0 81.3 658 82.0 63.8 843 735 86.6 844 7797
FS-SINGLE 82.2 84.1 80.6 88.3 77.7 88.0 786 89.2 85.1 83.76
- FS-ALL 83.7 87.2 796 879 759 873 772 86.7 84.0 83.30
., TTRAIN-SINGLE 824 82.0 83.5 854 68.1 856 &80.9 87.0 8&83.0 81.93
P TTRAIN-ALL 83.4 824 827 846 76.8 864 81.6 874 852 83.39
FS + TTRAIN-ALL 85.0 85.8 827 874 78.7 874 81.0 88.8 86.5 84.81
"TTEST 81.2 80.4 55.8 81.8 71.1 845 70.1 865 849 77.36

Table 6.2 Results of zs, FS, TTRAIN and TTEST methods on AmericasNLI and NusaX
with bottleneck adapters and SF'Ts. For the FS methods, K = 100, and for the TTRAIN
and TTEST methods, the MT model is NLLB with 3.3B parameters. The last column
is the average score over all languages. Bold: the best approach within adapter/SFT.
Underline: overall best score. *: NLLB MT model adaptation required to support this
language.

Main Results. The results of our primary configurations on NLI and SA are presented
in Table 6.2, with ablations shown in Table 6.3.* We find that the various cross-lingual

4For Nusa-X, our main results exclude N1J for which no monolingual data is available and thus no
language module was trained; results without language adaptation are available in Appendix D.2.
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transfer techniques we consider can be combined very effectively to improve performance.
For instance, the average SA performance can be improved from the most basic zs
— LA setting by 14-17 points (depending on the PEFT method) through the use of
language adaptation, translate-train and few-shot techniques with K = 100 shots (Fs +
TTRAIN-ALL). In the case of the NLI task, the gains under the same conditions are 19-24
points. Each of these components individually adds several points of performance, and
although the gain from using FS and TTRAIN together is much smaller than the sum of
their individual gains, it is still 1-2 points better than using either technique on its own.
Although we did not consider FS 4+ TTRAIN-ALL with K = 500 shots, the strength of
FS-SINGLE with K = 500 as shown in Figure 6.1 suggests that this gap would be larger
with larger K. The finding that high-quality machine translation of the entire source
dataset cannot eliminate the utility of human-crafted examples contains a potentially
useful lesson — we would encourage designers of datasets for cross-lingual transfer to
provide at least two splits for target languages, even if the training/validation split
contains only 100 examples. The relative value of few-shot and machine-translated data
appears to be task-dependent. Whereas for AmericasNLI we see TTRAIN outperforming
FS by 4-6 points, neither approach has a clear advantage on the NusaX task.

While TTEST is competitive with zs (and to some extent with TTRAIN-SINGLE)
on NusaX, it falls well short on AmericasNLI, even for languages where NMT model
adaptation is not required. This discrepancy likely results from the translation quality
for the AmericasNLI languages being lower than for the NusaX languages, since the
AmericasNLI are not closely related to any high-resource language seen during NLLB
or XLM-R pre-training. While translate-train can to some extent learn to adjust for
the poor quality of the translated data it sees during training, in translate-test, the
fine-tuned task model is presented zero-shot at inference time with translationese, which
is likely to be of a particularly perverse kind for the AmericasNLI languages (hence
Artetxe et al. (2020a)’s suggestion to fine-tune the classification model for translate-test

on back-translated data instead of “natural” data from the source language).

MT Model Size. In Table 6.4, we see the effect of translation model quality on
TTRAIN-ALL performance, with gains of 0.5-2 points from upscaling the NLLB model
from 600 million to 3.3 billion parameters. This upscaling comes at a relatively small
cost in the translate-train setup, since the training data only needs to be translated once
for each target language. Translate-test setups, on the other hand, incur the cost of
translating each example encountered at inference time, which is potentially much more

costly for large-scale deployments.
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ADAPTER SFT

Method NLI SA NLI SA

ZS 47.77 74.69 50.75 77.97
ZS — LA 40.57 65.38 38.21 70.43
FS 51.08 80.64 55.01 83.76
FS - LA 44.82 74.03 49.51 78.32
FS - UPSAMPLE 48.27 76.78 52.60 83.18
TTRAIN-ALL 58.44 81.11 60.81 83.39

TTRAIN-ALL - LA 5550 77.83 57.88 79.39

Table 6.3 Ablation experiments: — LA denotes the corresponding method without
language adaptation (i.e. only task module is present); — UPSAMPLE indicates no
upsampling of the gold-standard target shots is performed. FS refers to the -SINGLE
variant. The scores are averages over all target languages.

NLI SA
Model AYM GN QUY avg ACE BAN BJN BUG JAV MIN SUN avg

NLLB 600M 62.9 65.1 632 63.73 766 79.0 837 66.0 809 &81.5 8l1.1 7840
NLLB 1.3B 623 67.9 632 6447 734 80.2 853 648 834 80.6 83.0 78.67
NLLB 3.3B 624 676 65.2 65.07 79.6 82.4 846 66.4 84.8 81.9 84.6 80.61

NLLB 600M 67.3 69.7 687 6857 83.8 81.2 84.6 728 857 842 821 82.06
NLLB 1.3B 664 72.0 69.2 69.20 81.3 819 842 685 84.5 842 831 81.10
NLLB 3.3B 65.7 709 70.5 69.03 832 83.7 85.1 76.8 88.1 87.6 83.7 84.03

SFT  ADAPTER

Table 6.4 Results of TTRAIN-ALL method on the target languages supported by the NLLB
model(s) on AmericasNLI (accuracy) and NusaX (F1 score) with bottleneck adapters
and SFTs. The models are labelled by their number of parameters.

MT adaptation. The adaptation of the NMT model to new languages appears to
be highly effective, with these languages generally enjoying large gains from the use
of TTRAIN despite the small size of the parallel corpora available: the AmericasNLI
languages have parallel corpora containing 5,000-17,000 sentences, while the NusaX
parallel corpora have fewer than 1,000 sentences. It is interesting to note that for
AmericasNLI, the language pairs used in MT model adaptation are different from those
used during cross-lingual transfer: the source language in the parallel corpora is Spanish,
so the English-to-X direction required during translation of the MultiNLI dataset is
completely unseen. The success of the TTRAIN configurations on this task is thus a
testament to the strength and flexibility of multilingual NMT.

Number of Shots. We observe a rather large impact on performance from increasing

the amount of few-shot data. While even 20 shots are enough to bring about a 3-5 point
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Fig. 6.1 Performance when the number of gold-standard target shots K varies, taking
values 0, 20, 100, and 500. We show the average across all target languages; the shaded
area is the standard deviation (full results available in Appendix D.3).

average gain on the NusaX task, we do not see a plateau in performance on either task
even with the increase from 100 to 500 shots. Upsampling the few shots seems beneficial,
yielding a 0.5-4 point gain in performance when K = 100. A finer-grained and wider

exploration of this finding is warranted in future work.

Language Resourcefulness. As suggested by prior work (Pfeiffer et al., 2020b; Ansell
et al., 2021) and by Table 6.3, language adaptation has a very large impact on all
configurations. In the case of the TTRAIN-ALL configuration, language adaptation yields
gains of 3-4 points, while for zs and Fs they vary between 6-13 points. Figure 6.2 further
illustrates this effect on all three methods with bottleneck adapters, showing the gains
from language adaptation on NLI languages against the size of their monolingual corpora:
languages with larger corpora generally exhibit larger gains. The effect is visibly less
pronounced for the TTRAIN-ALL where a relatively large amount of the target data (albeit
translated) lessens the significance of language modules and monolingual corpora size.
Finally, Figure 6.3 illustrates that the performance of our strongest configuration (Fs +
TTRAIN-ALL) with SFTs is the highest for languages that are seen by either the NLLB
or MMT model — these are (incidentally) the languages with the largest corpora sizes

too. Conversely, this pattern is absent with the zS — LA configuration.
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Monolingual Corpora Size vs Language Adaptation Effect
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Fig. 6.2 Gains from language adaptation against the size of monolingual corpora for NLI
target languages. We show the difference in the accuracy of zs (i.e. ZS - ZS — LA), FS
and TTRAIN-ALL with bottleneck adapters. Larger monolingual corpus size is correlated
with larger gains from language adaptation; the effect is more pronounced with zs and
FS than with TTRAIN-ALL.

Language families for our target languages are given in Appendix D.1. While they
could have an impact on the performance, it is difficult to disentangle the effect of the
language family from the amount of data available without having a much larger set of

evaluation languages.

PEFT Method. The relative performances of the various configurations are very similar
regardless of PEFT method, and in accordance with previous work (Ansell et al., 2022;
Alabi et al., 2022), SFTs consistently outperform bottleneck adapters by 2-3 points.
However, we estimate that training adapters is generally around 3 times faster than

training SFTs.

6.6 Conclusions

We have investigated how to combine several cross-lingual transfer techniques which are
applicable across several dimensions of resource scarcity into a single framework. We find
that parameter-efficient language adaptation, few-shot learning and translate-train are
complementary when employed in a multi-source training setup with few-shot upsampling.

However, our training setup supports the use of any subset of these techniques depending
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Fig. 6.3 The scores of zs - LA and FS 4+ TTRAIN-ALL methods with SF'Ts against the
monolingual corpus sizes. All target languages (from NLI and SA) are shown and they
are grouped based on the coverage by the NLLB and MMT models. Relative scores are
displayed (a fraction of the source language performance).

on the availability of the necessary data and models. We remark on the significance of
the finding that gold-standard few-shot target data can improve performance even when
the entirety of the training data is translated into the target language by a high-quality
NMT model. We also observe that languages not natively supported by an NMT model
can benefit from translate-train through a simple adaptation procedure even with a small

amount of parallel data.
Our code is available at https://github.com/parovicm /unified-xlt.


https://github.com/parovicm/unified-xlt




Chapter 7

Scaling Sparse Fine-Tuning to Large
Language Models

7.1 Introduction

The scale of Large Language Models (LLMs), such as Falcon (Almazrouei et al., 2023),
Llama 2 (Touvron et al., 2023b), and Mistral (Jiang et al., 2023), is one of the keys to
their state-of-the-art performance (Kaplan et al., 2020; Hoffmann et al., 2022). However,
this scale is both a blessing and a curse as tailoring LLMs to specific applications via
fine-tuning presents a formidable challenge: if performed naively, this incurs the cost
of updating an incredibly large set of parameters. The reader should by now be well
acquainted with the family of lightweight methods for LLM adaptation that have been
proposed to mitigate this issue, known collectively as Parameter-Efficient Fine-Tuning
(PEFT). PEFT methods learn a small number of new parameters, denoted as ¢, which
augment the frozen LLM weights 6 (Pfeiffer et al., 2023b; Lialin et al., 2023). For
instance, Low-Rank Adapters (LoRA; Hu et al., 2022) learn additional low-rank matrices
to modify the linear layers in Transformer blocks.

PEFT methods based on unstructured sparse fine-tuning (SFT), where a sparse
vector ¢ is added to @, have shown promise in our work and elsewhere (Sung et al.,
2021; Guo et al., 2021). These offer a strong trade-off between low count of updated
parameters and high model performance without inserting additional layers into the
LLM’s neural architecture, which would reduce inference efficiency. In addition, multiple
SFTs are composable while avoiding interference (Ansell et al., 2022), which facilitates the
integration of multiple sources of knowledge into LLMs. Formally, SE'T can be conceived
of as performing joint optimisation over the fixed-size set of non-zero indices of ¢ and
their deltas with respect to the LLM weights. Due to the intricacies of this optimisation,
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Fig. 7.1 A visualisation of the proposed Sparse Fine-Tuning (SFT) method scaled to
a Large Language Model (LLM). PEFT parameters consist of indices (arrows) and
corresponding deltas (red squares) with respect to LLM parameters (blue squares). After
initialisation (1), PEFT deltas are updated for S steps (2). Next, obsolete indices are
dropped (3) and new indices are grown (4) according to either accumulated gradients
or approximate momenta. The algorithm then returns to the update step (2) and is
repeated iteratively.

however, SF'T has so far been severely limited by a major drawback, namely, its high
memory requirements: existing methods for selecting non-zero indices include learning
a mask (Guo et al., 2021), estimating the Fisher information (Sung et al., 2021), or
calculating the difference between initialisation and convergence (Ansell et al., 2022) for
all LLM parameters. Hence, SF'T is not currently suitable for adapting LLMs at large
scales.

The main goal of this work is to overcome these challenges by devising memory-
efficient methods to update Large Language Models (LLMs) sparsely, while maintaining
performance benefits, that is, retaining the same performance of full-model fine-tuning or
even surpassing it. Specifically, we wish for the memory use during training (beyond that
required to store the pre-trained model weights) to scale linearly with the number of SFT
parameters O(d,) rather than LLM parameters O(dg). To achieve this, we introduce
SpIEL (Sparse Iterative Efficient Learning), an iterative paradigm for SF'T that alternates
between updating deltas of active indices, discarding obsolete indices, and growing new
ones (Evci et al., 2020). Discarding is determined by change of magnitude between

training steps whereas growth is determined by largest (transiently calculated) gradient
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magnitudes. The growth criterion is inspired by Evci et al. (2020), which we further
improve upon by efficiently accumulating gradients to reduce their variance. Moreover,
while our algorithm (SpIEL-AG) is reminiscent of sparse training (Evci et al., 2020),
the scattering of the SFT onto the base LLM effectively yields a dense model. This
side-steps the problem of the “hardware lottery” (Hooker, 2021), which disadvantages
algorithms which rely on sparse tensor operations given that these are currently not
efficiently implemented by many software packages and GPU architectures. We provide
a visual overview of our algorithms in Figure 7.1.

When extreme memory efficiency is required, we show how SpIEL can be combined
with efficient optimisers such as SM3, where the momenta of parameter matrices are
approximated by row-wise and column-wise summary metrics (Anil et al., 2019). In
these settings, gradients become unreliable, as their variance increases in single-example
mini-batches and it is costly memory-wise to accumulate even a subset of them. Hence,
we propose that approximate momenta can additionally substitute gradients as a criterion
for growth, yielding the SpIEL-MA model variant.

We compare our SpIEL variants with the state-of-the-art PEFT methods LoRA (Hu
et al., 2022) and (TA)? (Liu et al., 2022), as well as with full fine-tuning, starting from
Llama 2 (Touvron et al., 2023b) as a base model. We instruction-tune them on multi-task
data such as Flan v2 (Longpre et al., 2023), data generated by proprietary models such as
GPT4-Alpaca (Peng et al., 2023), or a mixture of both with Ttlu v2 (Ivison et al., 2023).
We extensively evaluate the resulting models on standard benchmarks for factuality
(MMLU; Hendrycks et al., 2021), reasoning (GSM and BBH; Cobbe et al., 2021; Suzgun
et al., 2023), multilinguality (TyDiQA; Clark et al., 2020a), and coding (HumanEval;
Chen et al., 2021).

The main results reveal that SpIEL outperforms the PEFT and full fine-tuning
baselines on most tasks and configurations we test, both with and without 4-bit LLM
quantisation during fine-tuning (Dettmers et al., 2023). In combination with the SpIEL-
MA variant, this allows for scaling fine-tuning to very large LLMs with a modest memory

footprint.

7.2 Background and Related Work

7.2.1 Parameter-Efficient and Memory-Efficient Fine-Tuning

Recall from §2.2 the definition of parameter-efficient fine-tuning (PEFT) methods as

those which fine-tune a small number of parameters relative to the total size of the pre-
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trained model. The possible benefits of using a PEFT method as opposed to full model
fine-tuning include: (1) reduced GPU memory usage during training; (2) faster training;
(3) faster saving and loading of the fine-tuning with less permanent storage required, as
the “frozen” original weights of the large underlying model are shared across multiple
tasks and applications'; (4) the “composability” property of some PEFT methods, which
allows modules to be combined with less interference than with full fine-tuning (Pfeiffer
et al., 2020b; Ansell et al., 2022); and (5) less tendency to overfit due to the reduced
capacity of PEFT with respect to the full model.

Of these, (1) is perhaps the most critical in the era of Large Language Models whose
GPU memory requirement for full fine-tuning is beyond the reach of researchers and
developers without multiple high-end GPUs. Nonetheless, parameter-efficiency alone does
not guarantee a reduction in GPU memory usage, though it almost certainly implies that
less space is required to save the fine-tuning in permanent memory. It is thus important
to draw a distinction between (i) efficiency in the number of fine-tuned parameters versus
(ii) the peak GPU memory usage during fine-tuning: we refer to the former as parameter

efficiency and the latter as memory efficiency.

7.2.2 Sparse Fine-Tuning

Recall from §4.2.1 that a sparse fine-tuning F” of a neural function F' entails the addition
of a sparse “difference” or “delta” vector § € R% to its parameters 8 € R%_ i.e.
F'(; 0)=F(; 6+9). A delta vector § with d, non-zero values can be expressed in
terms of a vector of unique indices n € {1,2,...,dg}% and their corresponding values
¢ € Ré%. Typically, the SFT density 2—‘: is a user-definable hyperparameter. We provide
an illustration of SFT adapting a Transformer block in Figure 7.2, alongside LoRA, an
alternative PEFT method which is the main baseline in this chapter.

In its most general form, sparse fine-tuning can be interpreted as performing joint

optimisation over n and ¢:
n*, ¢* = argmaxlogP(D | 6,7, $). (7.1)
7,9

A specialised optimisation approach is required for m since it is a discrete latent variable

and cannot be directly optimised through stochastic gradient descent. Approaches

L Although loading and saving checkpoints are usually one-off costs, the benefit may be significant
when training with frequent checkpoint saving, or when there are many task-specific model variants, not
all of which can be kept in RAM/GPU memory simultaneously; this may occur on mobile devices for
instance.
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Fig. 7.2 SFT (lower right) versus LoRA (upper right) applied to a linear layer (the output
projection of self-attention) of a Transformer block.

proposed in previous works include: DiffPruning (Guo et al., 2021), which applies a
continuous relaxation of a binary mask to d during fine-tuning which is sparsified with a
regularisation term, and takes m to be the dg indices with mask values closest to 1 at the
end; FISH Mask (Sung et al., 2021), where n is fixed at the beginning of training to be
the indices of the dg weights with highest observed Fisher information; and Lottery- Ticket
SFT (LT-SFT), as proposed in §4.3.1, where 7 is fixed to be the indices of the d, weights
which change the most during an initial round of full fine-tuning. These methods share
a common drawback, namely that the amount of memory they use during training in
addition to that required to store the pre-trained model weights is proportional to dy,
the total number of model parameters. As discussed above, this makes these methods
prohibitively expensive in many LLM fine-tuning scenarios, especially with very large
models; we thus seek a method whose memory overhead is instead proportional to d,

the number of parameters which are actually modified during fine-tuning.
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Finally, there exists a separate but related literature on pre-training sparse neural
networks, for which we refer the reader to Hoefler et al. (2021) for a detailed overview.
This work owes most to Evci et al. (2020), whose dropping and growth paradigm we
extend to sparse fine-tuning in §7.3.1. Contrary to their Rigl. method, however, SpIEL
results in a dense model, which side-steps the problem that available hardware is not
well suited to sparse tensor operations (Hooker, 2021). Moreover, we introduce novel and

enhanced growth criteria in Section 7.3.1 and Section 7.3.2.

7.2.3 Quantised PEFT

A significant recent advance in efficient methods for NLP has been the development of
quantisation methods which are suitable for LLMs and incur minimal degradation in
performance. Dettmers et al. (2022) and later Dettmers et al. (2023) proposed 8-bit and
4-bit quantisation techniques for LLM parameter tensors that yield close to full-precision
performance during inference or parameter-efficient fine-tuning. The qLoRA fine-tuning
method of Dettmers et al. (2023) reduces memory usage by applying 4-bit quantisation
to most of the pre-trained LLM parameters while storing the small number of additional
trainable LoRA parameters in full precision and dequantising the pre-trained weights
only when required; see §2.2.1 for further details. We show that sparse fine-tuning is also
amenable to quantisation of the pre-trained weights. We use QUANT(-) and DEQUANT(+)
to denote 4-bit NormalFloat quantisation and dequantisation respectively with double

quantisation (Dettmers et al., 2023).

7.3 Method

In practice, the weights @ of a neural function are partitioned into a sequence of n,
“parameter tensors.” To simplify indexing, we think in terms of the flattened versions of
these tensors and refer to them as “parameter subvectors”, denoted as {8(1) € R%m (2 ¢
R%® ..., 00" ¢ R% () }. Similarly, we denote the sections of 7 and ¢ corresponding to
parameter subvector 8% as 9 and ¢ respectively. We observe that, for a fixed n and
assuming max; dgi) < dg, it is possible to perform sparse fine-tuning with the desired
O(dy) memory overhead by scatter-adding each ¢ into its corresponding 8@ (which

stays frozen) before it is used:

o) =gt 1 scatter(n(i), (ﬁ(i), doci)), (7.2)
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where scatter(n, ¢, d) € R? such that

[scatter(n, ¢, d)]; Z]Im—l ®;. (7.3)

The simplest way of calculating the gradient of ¢ during the backward pass of back-
propagation is by gathering the relevant indices of the gradient of ')

oc_oc 4
¢;° 00y,

While Equation 7.4 requires the computation of the dense gradient of each 8, this can
be disposed of as soon as the required values are gathered from it. Because dyu) < d,
this does not add significantly to the peak memory usage. Furthermore, we show in
Appendix E.4 that for a linear layer, it is possible in principle to calculate the gradient of
¢ without needing to compute the full gradient of 8@, which we will explore in future
work.

This implementation of sparse fine-tuning stands in contrast to previous approaches
(e.g. Sung et al., 2021; Ansell et al., 2022) which, instead of vectors n and ¢, maintain a
binary mask b € {0, 1}d(0i) which is applied to the gradient of 8@ after it is calculated.
Since b and the gradient of @ both have size proportional to dy, the memory overhead
of this implementation is O(dg). Although the above implementation would enable
the fixed-n stage of FISH Mask or LT-SFT to be performed with acceptable memory

overhead, both methods incur O(dy) memory cost when selecting 7.

7.3.1 SplEL-AG: Accumulated Gradient SpIEL

Building on Evci et al. (2020)’s “Rigging the Lottery” (Rigl) method for pre-training
sparse neural networks, we propose SpIEL-AG. SpIEL-AG maintains a fixed-size n® and
¢ for each parameter subvector ), but unlike the methods discussed in the previous
section, it allows 7 to change dynamically during training. ¢ is initialised? as [0]%®
and ¥ is initialised as a random subset of {1,2, ..., dpw }. Every S training steps, n is
updated by freezing some of the currently trainable weights after resetting them to their

pre-trained values ( “dropping”), while unfreezing some of the currently frozen weights

2The total number of tunable parameters dy is a hyper-parameter, and dge is set such that the

dyiy .

proportion of tunable parameters
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(“growth”). A family of possible SpIEL methods arises from the choice of criteria for
dropping and growth. For SpIEL-AG, we use the following criteria:

« DROP: the k(i, t) weights in ¥ which have changed the least from their pre-trained
values, i.e. né?op = argtopk(i,t) — |¢®|, where k(i,t) is a schedule defining the
number of weights in parameter subvector ¢ to replace at step t.

« GROW: the k(i,t) weights in 8@ with largest estimated “long-run” gradient magni-

tudes, i.e. n\¥) = = argtopk(i, ) ’EwND[V9(¢>£(w; 0’)]‘.

grow

The gradients required for growth selection are estimated over the v training steps before
1 is updated, which we refer to as the gradient estimation phase. Here we diverge from
Evci et al. (2020), who select the weights to grow on the basis of gradients from a single
instantaneous minibatch.? It is not possible to maintain an estimate of the full gradient
of dimension dy without exceeding our memory budget. Therefore, we restrict ourselves
to maintaining such an estimate for just K; “growth candidates.” These are selected as
the weights in 8% with top K; gradient magnitudes during the first batch of the gradient
estimation phase. The long-run gradients of the growth candidates are estimated by

averaging their gradients over all batches in the gradient estimation phase:

1 0
T s=t—y+1 0.

Lz, 6). (7.5)

Note that although it is necessary to calculate the dense gradient Vg L(x; 0) at each
step of the gradient estimation phase, we never need to store it since we can immediately
gather the K; values we need from it. This can be implemented with a backward hook
in PyTorch, for instance. In our experiments, we set K; = dy.

There is some additional housekeeping to do after updating 17. We must reset ¢
(1)

drop*

weights né?ow to appropriate values. In our experiments, we use the Adam optimiser

to zero at indices n We also need to set the optimiser buffers for the newly grown
(Kingma and Ba, 2015), which tracks the exponentially smoothed means of the first
and second momenta of the parameter gradients. Conveniently, the gradient estimation
phase already produces an estimate of the first momentum of the newly grown weights,
and we extend it to estimate the second as well so that we can use these values to seed

the optimiser momenta. A minor complication here is that Adam multiplies the ¢-th

1

T before use to correct for its bias toward zero. Since in
(3

momentum by a factor of

3In a memory-constrained setting where it may be possible to process just a single training example
at a time, the high level of variance in the gradients from one minibatch may harm the selection of
weights to grow.
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Algorithm 2 Accumulated Gradient SpIEL

1: procedure SPIEL-AG(60,D,~,k)

2 ¢ « [0]%s > Initialise SF'T values
3 Py < @

4 M ~a, [1..do] > Initialise SF'T indices
5: for tin 1.7 do

6 Xt~ D

7 0’ < scatter-add(¢, n, )

8 UPDATE(¢, V4 L(for(x¢)))

9 if v |t then

10: d < top-k(t)(—|¢ — o)

11: ¢,n = DROP(¢, n,d)

12 g top-h(D)[S, 11 Vo L(for(x:))]

13: ®,n = GROW(¢, 7, 9)

14: Gy — @

15: return ¢, n

SpIEL, different weights are “initialised” at different times, we track the age of each
weight (i.e. the number of steps since it was last grown) individually, and use it to
calculate the appropriate bias correction.

For simplicity, we set the update rate schedule k(i,t) to decrease linearly to 0 over

the course of training, as follows:

dy it =,
k(i t) = {2 ! (7.6)

g(TiT_t)dd)(i) otherwise,

where T is the total number of training steps and £ is a hyperparameter denoting the
peak replacement rate. Note that during the first i update at step 7, we replace all the
weights, since the indices in 1 are randomly initialised; there is no reason to believe that
they are relevant to the task.

We provide high-level pseudocode for SpIEL-AG in Algorithm 2. Note that some
details such as the selection of candidates and optimiser momenta seeding are omitted

for conciseness.

7.3.2 SplEL-MA: Momentum-Approximation SpIEL

The SpIEL-AG method prioritises making a high-quality selection of weights to grow when
updating 7, but this comes at the cost of the extra memory required during the gradient

estimation phase to store the indices of the growth candidates and their estimated
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momenta. We propose an alternative algorithm for the most memory-constrained
scenarios, which we call SpIEL-MA, employing the SM3 memory-efficient adaptive
optimiser of Anil et al. (2019). For a two-dimensional parameter tensor © of size r X c,
the SM3 optimiser maintains buffers » € R" and ¢ € R, which contain running sums of
the maximum squared gradients over the columns and rows of O, respectively. We can
obtain a (low-quality but cheap) estimate of the absolute value of the momentum m;; for
each element 0;; of © by taking the elementwise fourth root of the outer product of r
and c¢:

\m]ij = Yric;. (7.7)

SpIEL-MA uses this estimate to rank weights for growth, and otherwise it is the same as
SpIEL-AG. Since the SM3 optimiser is very memory efficient, storing only r + ¢ values in
its buffers for an r x ¢ parameter tensor compared to Adam’s 2rc, and SpIEL-MA uses
no additional persistent memory to track statistics to inform 7 updates, significantly less
memory in total is required than for SpIEL-AG. Incidentally, we remark that the growth
criterion of SpIEL-MA assumes locality, that is, that the importances of parameters
appearing in the same row and column are correlated. We provide high-level pseudocode
for SpIEL-MA in Algorithm 3.

Regularising SpIEL Similar to LoRA, which is regularised by its dropout, SpIEL
is also likely to overfit as the model diverges from its pre-trained state. We therefore
regularise SpIEL by applying L2 regularisation to the ¢ parameters in the form of weight
decay (Loshchilov and Hutter, 2019) with strength A.

Quantised SpIEL As another contribution, we extend the proposed SpIEL techniques
to quantised LLMs (“qSpIEL”). Consider parameter matrix ngZT) € R"° in its pre-trained
data type (e.g., FP32). Instead of storing ngl% itself on GPU, we store its quantised
version Wﬁ%zl = QUANT(WP(,Z%). During the forward pass of the linear module, gSpIEL

computes the following:
Y = X(DEQUANT(WS)) + AW®), (7.8)
where X € R®*" is the input to the linear module, Y € R®*° is the output, and

AW(Z) = reshape(scatter(n(i), ¢(z)’ h0)7 [ha 0])
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Algorithm 3 Momentum-Approximation SpIEL

1: procedure SPIEL-MA(0W, .., 0() D ~ k)

2 for 7 in 1..P do

3 dD + [0]%®

4 )

5: T](l) Nd¢<i) [1..d9(i)]

6 r( = [0]h" > Initialise row accumulator
7 c® = [o]»"” > Initialise column accumulator
8 for tin 1.7 do

9: x~D

10: 0’ + concat; scatter-add (o™, n®, )

11: for ¢ in 1..n, do

12: UPDATE-SM3[¢p™, n® r®) ),

13: V ot L(for(x))]

14: if |t then

15: d@  fop- k(i,t)(~] @ — 4|)

16: o, 0 = brOP(p?, 0@, d?)

17: g top (i, t)[r® @ c@]

18: oV, n = arow (¢, n® g)

19: oy «— o)

20: return ¢, .. @) M) nw)

This is equivalent to the behavior of a linear module in ordinary, non-quantised SpIEL
except that the pre-trained parameter matrix gets quantised at the beginning of training

and temporarily dequantised each time it is used.

7.4 Experimental Setup

7.4.1 Training and Evaluation Data

To demonstrate the effectiveness of SpIEL, we loosely base our experimental setup on that
of Wang et al. (2023), who compare different data mixtures. In particular, we instruction-
tune LLMs on (i) Wang et al. (2023)’s 50K sub-sample of Flan v2 (Longpre et al., 2023),
a dataset collecting manually annotated examples for multiple tasks augmented with
instructions; (ii) GPT4-Alpaca (Peng et al., 2023), a dataset of 50K outputs generated
by davinci-003 and GPT-4 (OpenAl, 2023) prompted with inputs from Alpaca (Taori
et al., 2023); or (iii) the Tilu v2 mixture (Ivison et al., 2023), consisting of 326K examples

from multiple instruction following datasets.
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Following Wang et al. (2023) and Ivison et al. (2023), we evaluate instruction-tuned
LLMs on the following benchmarks to capture a range of abilities: Massively Multitask
Language Understanding (MMLU; Hendrycks et al., 2021), Grade School Math (GSM;
Cobbe et al., 2021), BIG-Bench Hard (BBH; Suzgun et al., 2023), Typologically Diverse
Question Answering (TyDiQA; Clark et al., 2020a) and HumanEval (Chen et al., 2021).
For each training data mixture, we evaluate on the most relevant downstream benchmarks,
that is, those which experienced the largest performance gains from fine-tuning on that
data mixture as reported by Wang et al. (2023). See Appendix E.1 for full details of our

evaluation setup.

7.4.2 Models and Baselines

As LLMs to fine-tune, we choose state-of-the-art Llama 2 (Touvron et al., 2023b) at both
7b and 13b parameter scales. We report the performance of the unmodified “vanilla”
models as a baseline for a series of PEFT methods. Specifically, we compare SplEL
with LoRA (Hu et al., 2022, see §2.2.1), as it offers the best performance—efficiency
trade-off (Pfeiffer et al., 2023b) and is arguably the most widespread pre-existing PEFT
method (Dettmers et al., 2023), as well as (IA)3 (Liu et al., 2022). We use the LoRA and
(TA)? implementations in the peft library (Mangrulkar et al., 2022). For the Tiilu v2
fine-tuning mixture, we include the fully fine-tuned Llama 2 models of Ivison et al. (2023)
as a baseline (“FullF'T”), which we would expect to provide a soft upper bound on the
performance of the PEFT methods.* At 7b scale, we also perform our own full fine-tuning
on the Flan v2 and GPT4-Alpaca splits. We did not perform these experiments at 13b
scale due to the computational expense.

Note that the pre-existing SF'T methods (see §4.2.1) such as DiffPruning (Sung et al.,
2021), FISH Mask (Guo et al., 2021), and LT-SFT (Ansell et al., 2022) are not viable as
baselines for LLM fine-tuning as their memory complexity scales as O(dg), similar to full

fine-tuning.

7.4.3 Training Details and Hyperparameters

To select the most important hyperparameters of the PEFT methods, we perform a
hyperparameter search as detailed in §7.4.4 with respect to (i) the number of trainable

parameters (determined by rank r in LoRA or corresponding density in SpIEL)?; (ii)

4These follow a similar hyper-parameter setup except for a much higher maximum context length of
8,192.
®The number of trainable parameters for (IA)? is not tunable.
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the learning rate; (iii) weight decay strength A for SpIEL methods. We use the found
hyperparameters of each PEFT method for all fine-tuning experiments.

For SpIEL, we update the set of trainable parameters n every S = 20 steps, fix
the initial update rate £ to 0.2, and for SpIEL-AG, we set the length v of the gradient
estimation phase to 5 steps. Note that we have performed only minimal manual tuning
on the values of S, £ and v due to a large number of large-scale experiments coupled
with constraints on our computational budget; it is possible that other values would yield
better results.

We follow Wang et al. (2023)’s choice for the remaining hyperparameters: we always
train for two epochs, and apply linear learning rate decay following warmup over the first
3% of training steps. The batch size is fixed at 128 and the maximum sequence length
at 2,048, with longer sequences truncated. The LoRA dropout rate is set to 0.1 and
LoRA « to 16. LoRA and SpIEL are applied to all linear Transformer block layers. The
pre-trained parameters are stored in bfloat16 data type, while the PEFT parameters
are stored in float32, except for quantised training, where the pre-trained parameters
are stored in NormalFloat4 and dequantised into bfloat16, and the PEFT parameters
are also stored in bfloat16.

For full fine-tuning, we use the learning rate of 2 x 107 from Wang et al. (2023). To
fit the model into a single A100, we additionally resort to activation checkpointing and

paged optimisation.

7.4.4 Hyperparameter Search

We first performed a grid search over (i) learning rate and (ii) number of PEFT parameters
(determined by rank r for LoRA and dy for SpIEL), except for (IA)? where this number
is fixed. For the SpIEL methods, we also wished to establish a good value for (iii) weight
decay strength \. Since we generally obtained a good performance with the highest
tested equivalent rank of » = 64, and being the most highly parameterised setting this
was the most likely to benefit from regularisation, we searched over a range of A values
with r set to 64 and the learning rate to the best value found in the initial search.

We searched for the optimal learning rate in the range of {3 x 107¢1 x 107°,3 x
1075,1 x 107*} for LoRA and SpIEL-AG, {4 x 107%,7 x 107%,1 x 1073,2 x 1073} for
SpIEL-MA (the SM3 optimiser generally benefits from higher learning rates than Adam),
and {1 x 107°,3 x 107°,1 x 107*,3 x 107*} for (IA)3.

As for the number of PEFT parameters, we searched over the range r = {8, 16, 32,64}
for LoRA and the equivalent dy4 for the SpIEL methods. For Llama2-7b, these values
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correspond to 0.30%, 0.59%, 1.2% and 2.3% of the total parameter count respectively,
and for Llama2-13b, they correspond to 0.24%, 0.48%, 0.95% and 1.9%.

We searched over A values in the range {0, 1, 3, 10, 30} for SpIEL-AG and {0,0.1,0.3,1, 3}
for SpIEL-MA (since we use higher learning rates for SpIEL-MA, a lower weight decay
strength is required to have the same effect).

Each hyperparameter setting was evaluated by training on the Flan v2 subset and
taking the 5-shot performance on the MMLU development set.

Table 7.1 summarises the best hyperparameter values found for each configuration.

We present the full results of the hyperparameter search in Appendix E.3.

Llama2-7h Llama2-13b
Method Ir r A Ir rooA
(TA)? 3x107* - - 1x107t - -
LoRA 1x107* 64 - 3x107° 64 -

SpIEL-AG 1x107* 64 30 1x107° 64 30
SpIEL-MA 1x 1073 64 0.3 4x107* 64 0
Full FT 2x10™° - - 2x10™° - -

Table 7.1 Optimal settings yielded by hyperparameter search for each PEFT method
and model size.

7.5 Results

7.5.1 Main Results

We present the main results of our experiments in Table 7.2. For Llama2-7b, we find
that SpIEL-AG outperforms LoRA and (IA)? consistently across evaluation benchmarks
and instruction tuning datasets, including Flan v2, GPT4-Alpaca, and Tiilu v2. For
Llama2-13b, SpIEL-AG similarly outperforms all baselines when fine-tuned on Flan v2
and GPT4-Alpaca; however, we report more mixed results for Tiilu v2°. Nonetheless,
SpIEL-AG is superior in 5 out of the 6 combinations of scales and instruction tuning
datasets. Hence, SpIEL-AG appears to be the strongest method overall.

AG vs MA Comparing the two SplEL growth criteria, there appears to be a

trade-off between performance and memory usage, with the more memory-efficient

6Tt is possible that the hyperparameters chosen for SpIEL during the hyperparameter search on Flan
v2 do not always transfer well to Tiilu v2, which is a much larger dataset with a different distribution of
task types.
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Flan v2 GPT4-Alpaca Tiilu v2 Tilu v2 @
GPT4-Alpaca

Model / Method MMLU TyDiQA HumanEval MMLU GSM BBH TyDiQA HumanEval HumanEval

o Original 45.8 50.9 13.5 45.8 13.0  40.6 50.9. 13.5

; FullFT 50.5 55.5 15.2 51.3F 3457 45.3f 56.57 22.67

g (IA)3 46.7 51.6 14.7 47.8 17.0  40.6 52.2 15.5 16.6

= LoRA 49.3 55.3 15.7 51.3 22.0  43.8 58.0 15.5 16.1

S SpIEL-AG 50.7 56.2 15.6 51.5 23.0 44.8 59.4 17.1 18.8
SpIEL-MA 48.8 55.8 16.2 49.5 16.5  44.7 56.7 15.3 17.0

2 Original 55.3 60.3 17.8 55.3 23.0 478 60.3 17.8

= FullFT - - 56.71 50.0F  51.9f 62.9° 26.77

3 (IA)3 55.1 60.1 18.5 55.6 27.5  50.6 62.8 18.1 18.4

E LoRA 55.8 61.4 19.8 56.2 29.0 54.6 63.9 19.5 22.4

& SpIEL-AG 55.8 62.5 20.0 55.9 31.5 528 63.5 20.3 22.7

= SpIEL-MA 55.5 62.5 19.9 55.9 20.0 51.2 62.8 20.2 20.8

Table 7.2 Performance of PEFT methods on a range of evaluation tasks for various
instruction tuning datasets. T indicates results obtained using the models of Ivison et al.
(2023). Tilu v2 & GPT4-Alpaca refers to a setting where we compose the respective
PEFTs.

Flan v2 GPT4-Alpaca
Model / Method MMLU TyDiQA HumanEval
o Original (4-bit) 44.8 50.2 11.0
~  qLoRA 47.7 54.3 13.3
QN gSplEL-AG 48.8 54.9 15.3
= qSpIEL-MA 48.3 52.7 15.3
2 Original (4-bit) 54.7 59.6 15.5
% qlLoRA 55.0 60.7 18.2
ﬂ' qSplEL-AG 55.5 61.5 18.8
= gSplEL-MA 55.4 61.7 18.4

Table 7.3 Performance of quantised PEFT methods on a range of evaluation tasks for
various instruction tuning datasets.

SpIEL-MA generally performing a little worse than SpIEL-AG, except for a few cases,
such as HumanEval evaluation for Llama2-7b. Since GPT4-Alpaca (used for HumanEval
evaluation) has the same amount of training examples as Flan v2, we rule out that
this difference is due to different levels of sample efficiency between SpIEL-AG and
SplEL-MA.

Ceiling We find that SpIEL-AG generally matches the performance of full fine-tuning
on most tasks, except GSM and HumanEval when fine-tuned on Tiilu v2, where FullFT
vastly outperforms all PEFT methods. This effect was also observed by Ivison et al.
(2023) in their qLoRA evaluation. We note that the maximum sequence length we use
during fine-tuning is 2,048, whereas Ivison et al. (2023) use 8,192 for full fine-tuning
and 4,096 for qLoRA. It is possible that the shorter sequence length for PEFT has a

significant effect on downstream performance for open-ended generation tasks, or that
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PEFT is weaker on these tasks in general, perhaps due to its inability to modify the
input and output embedding layers. This warrants further investigation as part of future
work.

Quantisation According to the scores in Table 7.3, we find that 4-bit quantisation
results in only a modest reduction in performance across PEFT methods, and their
relative performance remains similar. In fact, SpIEL-AG is superior again to both LoRA
and (TA)? by an even higher margin compared to Table 7.2. These results demonstrate
that SpIEL is a competitive PEFT method even in extremely resource-constrained
scenarios.

Compositionality Finally, in Table 7.2 we also study whether multiple PEFT
modules, trained on different data mixtures, can be composed with the LLM. We find
that composing GPT4-Alpaca and Tilu v2 modules by merging both their weights
into the base model parameters increases the performance on HumanEval” for PEFT,
compared to the individual modules. This is the same composition method as for LT-SF'T
in §4.3:

O1 . ¢ = 0 + scatter(nr, ¢, dg) + scatter(ng, ¢pg, dg), (7.9)

where 17 and ¢7, and 1g and @, refer to the SFT indices and updates on Tiilu v2 and
GPT4-Alpaca respectively. We can perform a similar composition for LoRA by adding
the combined update % BrAr + ¢ BgAg to each adapted parameter matrix. SpIEL-AG
performs favourably in composition compared to LoRA as it yields a larger boost for 7b

(+1.7 vs 4+0.4) and an overall better performance on 13b.

7.5.2 Training Speed and Memory Efficiency

In Table 7.4, we compare the memory requirements and training time of LoRA, SpIEL
and their quantised variants. We consider two settings, with and without activation
checkpointing. We define the memory requirements to be the minimum amount of
GPU memory needed to complete training successfully. We provide more details on our
measurements in Section E.5.

We find that LoRA, SpIEL-AG and SpIEL-MA are broadly similar in terms of speed

and memory requirements. SpIEL-MA is consistently somewhat faster and more memory

"We consider the composition of these two modules on HumanEval and not other combinations
because GPT4-Alpaca and Tiilu v2 each contain a large number of non-overlapping training examples
targeted at coding, so there is reason to believe that composing them could improve performance on
a coding task; there are no other such synergies between the datasets in our evaluation. For instance,
Tilu v2 already contains all 50K examples from the Flan v2 dataset.
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Method LlaMA 2 7b LlaMA 2 13b
Mem. | Time | Mem. | Time |
LoRA 40 /18 30.5 /425 66 /31 45.9/64.0

SpIEL-AG 34 /20 334 /448 56/36 562 /763
SpIEL-MA 30 /17 30.6 /41.7 51 /31 50.6/ 70.9

qLoRA 30/ 8 385 /552 46/12 63.6/ 95.3

qSpIEL-AG 26 /13 428 /584 40 /19 73.4/101.1

qSPIEL-MA 22 /10 39.6 /555 35 /14 70.1/ 97.3
Table 7.4 GPU memory requirements (in GB) and average time per training step (in
seconds) for fine-tuning SFT and LoRA on Flan v2 on an A100 GPU. We report values
either without (left) or with (right) activation checkpointing.

efficient than SpIEL-AG. Without activation checkpointing, we find that the SpIEL
methods are more memory efficient than LoRA; however, activation checkpointing is
especially effective in reducing LoRA’s memory consumption, likely because LoRA stores
more intermediate activations due to the parallel computation of the LoRA update. When
both quantisation and activation checkpointing are applied, LoRA is the most memory-
efficient technique by a small margin.® We also find that LoRA is generally slightly faster
than the SpIEL methods, despite being generally outperformed by SpIEL-AG, especially
with quantisation.

As expected, quantisation and activation checkpointing both trade a slowdown in
training speed for a reduction in memory usage. However, as a more general finding,
these results would suggest that activation checkpointing should be prioritised ahead of
quantisation in most cases when performing PEFT on LLMs of this size (> 7B), as a
larger memory saving is achieved for an only marginally larger slowdown, and without
incurring any cost in performance.

We additionally plot the efficiency of LoRA and SplEL against their performance
for MMLU, TyDiQA and HumanEval in Figure 7.3. The plot suggests that the main
distinction between SpIEL-AG and LoRA is that SpIEL-AG trains slightly slower while
delivering slightly better performance. However, we note that this efficiency penalty only

needs to be paid during training and not at inference time.

8We note that, unlike our qSpIEL implementation, qLoRA employs a paged optimiser (Dettmers
et al., 2023), which might explain why there is a larger memory reduction for qLoRA. While qSpIEL is
also compatible with the use of paged optimisers, we leave the actual implementation for future work.



122 Scaling Sparse Fine-Tuning to Large Language Models

MMLU TyDiQA HumanEval

LA e ™

]
—
o 52
S 57.5 16 ‘
n @) @) @)
50 55.0 (@) . o®
' e
48 O‘ 8 14
52.5 ° o
1.0 1.5 2.0 1.0 1.5 2.0 1.0 1.5 2.0
Training steps per minute Training steps per minute Training steps per minute
method memory @ 438GB
* LoRA ® 24CGB 56 GB
SpIEL-AG @® 32GB 64 GB

-+ SpIEL-MA @ 40GB

Fig. 7.3 Performance of LoRA and SpIEL on the MMLU, TyDiQA and HumanEval tasks
plotted against training speed and memory usage. For each method, we plot both the
quantised and unquantised variants for Llama2-7b and LlamaZ2-13b without activation
checkpointing. For MMLU and TyDiQA, pre-training is on the Flan v2 subset, and for
HumanEval it is on GPT4-Alpaca.

7.5.3 Parameter Ages

To shed light on the training dynamics of SpIEL, we study the age of each index (i.e., the
iteration when it was last grown) of the converged parameters. We plot the proportion of
indices grown at a certain iteration in Figure 7.4, based on models trained on Flan v2. In
general, SpIEL-MA introduces fewer new parameter indices later in training compared to
SpIEL-AG. We also find that 13b models tend to retain parameter indices found earlier
in training compared to their 7b counterparts. This preference for earlier index sets is
not necessarily desirable as it might reflect the fact that SpIEL-MA and 13b models
tend to get stuck in early local minima. We speculate that better schedules for dropping
and growth might alleviate this issue in the future. In Appendix E.2, we present some
experiments which suggest that dropping/growing parameters more frequently might be

beneficial.

7.6 Conclusions and Future Work

We have proposed SplEL, the first method (to our knowledge) for Sparse Fine-Tuning
(SF'T) that is not only parameter-efficient but also memory-efficient. This allows it to
scale to Large Language Models. Taking inspiration from iterative methods for sparse pre-

training, we alternate among phases where we update, drop, and then grow parameters. In
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Fig. 7.4 Proportion of indices with a certain age (i.e., the iteration when they were last
grown) of the converged m after training on the Flan v2 dataset.

particular, we introduce two new criteria for parameter growth: Accumulated Gradients
across multiple iterations (SpIEL-AG) and Momentum Approximation (SpIEL-MA),
where we reuse information tracked by optimisers like SM3. We find that SpIEL often
surpasses alternative PEFT methods such as (IA)? and LoRA in terms of performance
and is comparable to them in terms of memory and time efficiency.

We hope that these promising results will encourage further research into sparse
fine-tuning. Future work may include extending SpIEL to the embedding layers of
LLMs; improving the efficiency of the backward pass for a linear layer (see Section E.4);
considering more advanced dropping/growth criteria, especially those which would enable
adaptive redistribution of tunable parameters across parameters tensors. This would
stand in contrast to the current setup where the number of tunable parameters in each
tensor is fixed.

One drawback of the current method of parameter selection is that only the mean
gradient of the parameters over a fixed number of steps is used as the selection criterion.
We do not, for instance, consider the variance of each parameter’s gradient across batches.
Doing so might enable us to improve the tradeoff between performance and efficiency
by adaptively set the length of the gradient estimation phase by extending the selection

phase until there are less than a certain number of parameters whose gradient magnitudes
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are beneath the “cutoft” (i.e. the threshold between selection and rejection for the next
growth step), but whose confidence intervals nevertheless enclose this cutoff. This would
ensure that we spend the minimum necessary number of steps to reach a satisfactory
level of confidence that we are in fact selecting roughly the k(t) parameters with the
highest expected gradient magnitudes.

This work on sparse fine-tuning has been influenced by techniques in sparse pre-
training of neural networks (Evci et al., 2020); however, there is potential to apply our
method back to the pre-training domain, specifically, in the area of post-hoc sparsification
of densely pre-trained networks. For instance, Wanda (Sun et al., 2024) and SparseGPT
(Frantar and Alistarh, 2023) have been proposed as highly efficient techniques for inducing
sparsity in pre-trained Transformers by “pruning” a subset of parameters (i.e. setting
their values to zero), in theory making them more efficient to serve. However, both
methods start to incur significant performance penalties beyond around 50% sparsity.
SpIEL offers a potential technique for efficiently repairing damage to a network after
pruning: in the simplest case, the SpIEL algorithm can be applied without modification
to briefly continue pre-training a pruned network, allowing a few pruned parameters to be
regrown and the retained parameters to be modified in such a way as to best counteract
the negative effects of the pruning without significantly increasing the network density.
Applying LoRA, on the other hand, would cause the network to become fully dense again
once the updates were merged into the base model.

The code for SpIEL is available at https://github.com/AlanAnsell /peft and for the
instruction-tuning experiments at https://github.com/ducdauge/sft-1lm.


https://github.com/AlanAnsell/peft
https://github.com/ducdauge/sft-llm

Chapter 8
Conclusions

In §8.1, I summarise the motivation for and contributions of this work. I draw overarching

lessons and conclusions in §8.2, and then propose some directions for future work in §8.3.

8.1 Summary

Despite larger, more thoroughly trained models becoming increasingly capable of transfer
to novel tasks with fewer training examples, fine-tuning remains an indispensable step
in the contemporary NLP pipeline. Furthermore, this growth in model size is making
fine-tuning increasingly expensive and less accessible to those with fewer computational
resources. This has stimulated interest in parameter-efficient fine-tuning (PEFT) tech-
niques, which save time and GPU memory during training by fine-tuning only a small
subset of the pre-trained model’s weights. Fine-tunings learned through PEFT often
exhibit properties of modularity, allowing them to be re-used for purposes such as multi-
task learning (Pfeiffer et al., 2021a) or composed with each other to combine several skills
or areas of knowledge.

PEFT techniques are well-suited for cross-lingual transfer, where we aim to exploit
data from one or more (typically high-resource) source language(s) to improve perfor-
mance of an NLP system for a set of (typically lower-resource) target language(s). The
composability property of PEFT allows us to adapt in a zero-shot fashion to arbitrary
(task, target language) pairs by combining independently trained task- or language-specific
fine-tunings. By varying the degree of parameter-efficiency, we can control the capacity of
a PEFT and thereby guard against overfitting, which may be a particularly serious danger
in the low-resource settings often encountered in cross-lingual transfer. We have consid-
ered three avenues of improvement for cross-lingual transfer with PEFT: improvement in

cross-lingual transfer performance by exploiting additional data sources; improvement in
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performance through more powerful and composable PEFT methods, specifically those
based on sparse fine-tuning; and improvement in efficiency of cross-lingual transfer and

sparse fine-tuning.

8.1.1 Data

In Chapter 3, we consider incorporating typological data into the cross-lingual transfer
pipeline by generating language-specific bottleneck adapters from vectors of typological
features. We find that the resulting “MAD-G” adapter, trained simultaneously on 95
languages, performs competitively with per-language MAD-X adapters (Pfeiffer et al.,
2020b) despite being around 50 times faster to train per target language. Since typological
feature vectors are available for many languages which lack significant amounts of even
unlabelled data, MAD-G makes it possible to generate adapters for languages for which
they cannot be learned in MAD-X style. We obtain mixed results with zero-shot shot
adapter generation: in the case where the unseen target language belongs to a language
family introduced to the model during the MAD-G adapter training, we see significant
benefits from using the generated adapter. If, on the other hand, the target language
belongs to a family already seen during the base model’s pre-training, or that is seen
neither during pre-training nor MAD-G training, using the generated adapter does not
generally result in a performance improvement.

In Chapters 3 and 4, we consider multi-source transfer, where we employ task training
data from multiple source languages. Specifically, we train on batches of examples from
one source language at a time, applying the relevant source language-specific module
during each step. We find that is a highly effective strategy, and that adding more source
languages improves transfer even when the total number of training examples is held
constant. While there is an especially large jump in performance going from one to two
source languages, there are incremental benefits even up to as many as 20 diverse source
languages.

Chapter 6 investigates how best to exploit other resources often available in practical
cross-lingual transfer scenarios, namely few-shot task-specific target language data and
translation models or parallel data for the relevant language pairs. We propose a recipe
based on multi-source transfer, where the source language task-specific data is translated
into all target languages of interest, and a task-specific module is jointly trained on the
source data, translated target language data and any gold-standard few-shot target data
whilst language adaptation is applied as appropriate. Since the few-shot target language
examples are generally of higher quality but much lesser quantity than the translated

target language examples, we propose upsampling the few-shot examples to better exploit
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their valuable contribution. We show that each individual data source and component
of the recipe improves the downstream performance on the tasks in our evaluation. As
few as 100 few-shot examples can be sufficient to significantly raise the performance in a
given target language even when training on 2-3 orders of magnitude more translated

target language examples.

8.1.2 Better PEFT for Cross-Lingual Transfer

Chapter 4 is primarily concerned with developing a PEFT technique which is optimised
for cross-lingual transfer performance. Pfeiffer et al. (2020b) made an important advance
in cross-lingual transfer by demonstrating that adapters trained for a specific task and
adapters specialised for a specific language through continued pre-training could be
composed to adapt a base model to an arbitrary (task, language) pair. However, we
identify bottleneck adapters’ lack of expressivity as a limitation, in particular their
inability to modify a Transformer’s attention mechanism or embedding matrix (which
might be especially disadvantageous when attempting to learn the vocabulary of a new
language), and propose sparse fine-tuning (SFT) as an alternative, more expressive family
of PEFT methods. We introduce Lottery-Ticket sparse fine-tuning (LT-SFT), a novel
method of learning SFTs which selects a sparse subset of parameters to fine-tune based
on those which change the most during an initial round of full fine-tuning. We show that
task- and language-specific SF'Ts learned through LT-SE'T can be composed by summing
their sparse vectors of differences from the pre-trained parameter values. This technique
outperforms MAD-X over a wide range of cross-lingual transfer tasks and languages in
our evaluation, and exhibits more consistent behaviour with respect to the density of
the fine-tuning (or the equivalent adapter bottleneck size for MAD-X). We show that
sparsity is important for performance as well as efficiency, with the best cross-lingual
transfer results being obtained when the density of the language and task SFTs is no
more than 20-30%. We suggest these performance benefits arise from a combination of
two factors: sparsity helping to prevent overfitting, and reducing interference between

the two composed fine-tunings.

8.1.3 Efficiency

In Chapter 5, we turn our attention to efficiency in cross-lingual transfer. We observe
that, while MMTs typically cover in the order of 100 languages, most end users of NLP
systems wish to interact with them in a single language. This suggests that compute

and model capacity is often wasted supporting many unneeded languages. However,
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using a monolingual target language model would preclude the use of cross-lingual
transfer. We propose BISTILLATION, where we employ knowledge distillation to create a
smaller, bilingual variant of a base MMT covering only the target language and intended
source language. This enables us to greatly reduce the vocabulary size by discarding
tokens not used in either language as well as shrinking the Transformer layers through
knowledge distillation. We find that the resulting bilingual distilled models lose very
little cross-lingual transfer ability despite having three to four times fewer parameters
than the base model in most cases, and that they outperform comparable multilingual
distilled models, even when those models have received much more training per language
covered. We maintain modularity in both the teacher and student models by learning
sparse fine-tunings for each task (and language for the teacher model).

Chapter 7 addresses some inefficiencies of sparse fine-tuning. Lottery-Ticket Sparse
Fine-Tuning (LT-SFT) and other previous sparse fine-tuning methods are parameter-
efficient, but not memory-efficient, as they require memory (in addition to that required
to store the base model parameters) proportional to dg, the number of base model
parameters, rather than dg, the number of trainable parameters. This excessive memory
usage is a result of expensive parameter selection methods (such as an initial full fine-
tuning pass for LT-SFT) as well as the typical SFT implementation strategy of calculating
the dense gradient for each parameter tensor, and then masking out the gradient of
non-trainable parameters during the optimiser step. We first propose an alternative
implementation of SF'T given a fixed set of trainable parameters, where a dense vector of
parameter deltas is scattered into each parameter tensor at the trainable indices. This
alleviates the memory problem, as gradients and optimiser state must only be stored
for the d, delta values. We then propose SpIEL (Sparse Iterative Efficient Learning),
an efficient SFT algorithm which dispenses with the costly initial full-fine tuning phase
of LT-SFT by starting with a randomly selected subset of trainable parameters and
periodically updating this subset by dropping some parameters and “growing” new ones.
Similarly to LT-SF'T, we drop the parameters which have changed least from their pre-
trained values, whereas we grow parameters with highest estimated gradient magnitudes.
We do this by either sampling “real” gradients calculated during backpropagation, or by
approximating gradients from the row- and column-wise gradient summaries accumulated
by the efficient SM3 optimiser (Anil et al., 2019). We perform a thorough comparison
with LoRA (Hu et al., 2022) on a range of instruction-tuning datasets and benchmarks,
both with and without quantised training, and find that SpIEL outperforms LoRA in

most settings with comparable training time and memory usage.
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8.2 Learnings

Here I attempt to distil the most relevant learnings of my PhD in a form that will
be most useful for practitioners and researchers of cross-lingual transfer and modular
and parameter-efficient fine-tuning. Please note that some of the comments I make in
this Section are general lessons from my experience which are not necessarily directly
supported by experimental evidence presented elsewhere in the thesis.

The most important factor in cross-lingual transfer, other than model selection, is
making effective use of all available data. Multi-source transfer, for instance, is a highly
effective strategy, especially when one of the additional source languages is typologically
or genealogically related to the target language, but even when this is not the case. We
hypothesise that is because multi-source transfer exerts a regularising effect, forcing the
fine-tuning to learn features which are more language-agnostic and therefore transfer
better to most target languages!. I therefore encourage those designing datasets intended
for cross-lingual transfer to prioritise gathering gold-standard training data across a
range of diverse source languages, even if this somewhat reduces the total amount of
data that can be obtained within budget. As we showed in Chapter 6, target language
task-specific training data is especially valuable, with just 100 gold-standard examples
offering significant incremental performance gains even when the full training set is
translated into the target language using MT.

One of the main themes of this thesis has been the use of unlabelled data through
language adaptation with continued pre-training. The effectiveness of language adaptation
in terms of improvement in downstream task performance is inversely related to the
amount of data the MMT has already seen belonging to the language in question during
its pre-training. For languages unseen during pre-training, an improvement of 20 or more
points is not uncommon; for high-resource languages, language adaptation may have no
measurable positive effect at all, at least with our relatively modest language module
training runs. For languages unseen during pre-training, the most important factor
determining the effectiveness of language adaptation is the corpus size for continued
pre-training (see Figure 6.2), though as little as a few hundred kilobytes can sometimes

be enough to yield significant results. Relatedness of the target language to those seen

I This is related to another common issue in cross-lingual transfer, where the optimal checkpoint for
target language test performance typically occurs earlier during training than the optimal checkpoint for
source language test performance. This is because the model not only overfits to the training examples,
but also to the training language, i.e. it starts to pay attention to language-specific task-related features
at the expense of more general task-related features. This can be counteracted by having relatively short
training runs and/or evaluating checkpoints on a high-resource language for which validation data is
available but which is not used for training and is preferably not closely related the source language(s).
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during pre-training also appears to have an effect on positive transfer from language
adaptation: low-resource languages with a high-resource relative supported by the MMT
often see impressive gains, perhaps because the language adaptation process helps text
from the low-resource language to “plug into” subnetworks already present for handling
the high-resource relative.

The “dark side” of modular language adaptation is that the model used for training is
different to the one used for inference: the model is trained on source language examples
(possibly whilst a source language-specific module is applied), and then used for inference
on target language examples whilst a target language-specific module is applied. In the
case of zero-shot transfer, the latter configuration is completely new and only used at
inference time. Applying the target language module may have unintended side-effects
beyond adapting to the target language, such as distorting task-specific features or
causing the model to no longer pay proper attention to them. This observation strongly
supports parameter-efficiency as a prior for language adaptation: the lower the capacity
of the language modules, the smaller the mismatch between the training- and inference-
time models is likely to be. Few-shot transfer, on the other hand, provides a means of
ensuring that the inference-time model configuration is not entirely new, and that any
“incompatibilities” between the task and target language models have been trained out.
Recent work has considered how to address this training/inference time model mismatch
problem in the absence of any target language task data: Parovi¢ et al. (2022) train
modules specific to certain language pairs, such that the same language module can be
used at training and inference time. This sacrifices a large degree of modularity because
the task module then becomes specific to one language pair. In Parovic et al. (2023), we
proposed to instead “expose” the task module to the language modules of multiple target
languages during training on a single source language to reduce the chance of mismatch
between the task and language modules at inference time.

Machine translation is of course one of the most important tools for cross-lingual
transfer. Multilingual NMT models such as NLLB-200 (NLLB Team et al., 2022) already
cover an impressive range of languages, and we show in Chapter 6 that even a modest
amount of parallel data can be sufficient to adapt them to unseen languages well enough
to improve downstream cross-lingual transfer performance. However, MT performance is
ultimately bottlenecked by the amount of parallel data available in the language pair of
interest. Fortunately, M'T and unsupervised cross-lingual transfer need not be viewed
as opposing, mutually exclusive approaches: as we show in Chapter 6 following Artetxe
et al. (2023), an approach as simple as fine-tuning an MMT with a combination of source

language and translated target language data can be sufficient to outperform either single
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approach significantly. While more sophisticated methods of applying MT to cross-lingual
transfer have been considered in prior work (Ponti et al., 2021c; Oh et al., 2022), and
there is some work on using unlabelled data to improve adaptation of MT models to
unseen languages (Ko et al., 2021), the question of how best to exploit a combination of
parallel and unlabelled data for cross-lingual transfer appears under-explored and may
be a fertile area for future work.

Composition of sparse fine-tunings appears to be a highly effective technique for cross-
lingual transfer. Subsequent work has explored composition in a monolingual context
through averaging of fully fine-tuned models and addition of “task vectors” obtained
by subtracting the pre-trained parameter vector from the fine tuned one (Matena and
Raffel, 2022; Ilharco et al., 2023). However, we show that sparse fine-tunings outperform
dense ones in our cross-lingual transfer evaluation. This accords with the discussion
above about the drawback of using different model variants for training and inference:
the sparsity prior reduces the mismatch between the source and target language-adapted
variants, since most parameters are constrained to have the same values in both variants.
An alternative but related interpretation of the benefit of sparsity for composition is that
it helps reduce interference between the two composed fine-tunings.

The findings of Chapter 5 align with the notion that the “curse of multilinguality”
limits the performance of MMTs by diluting the model capacity which can be allocated
to each language. Since we can easily produce a language pair-specific distilled variant
one third or less? the size of a base MMT without a serious loss of performance, it
follows that a model the same size as the base MMT could achieve better performance
if its capacity were dedicated entirely to the same two languages. Bilingual distillation
provides a means of benefitting from the cross-lingual transfer abilities of MMT's without
having to pay the price of supporting the many languages we are not targeting.

SpIEL, as proposed in Chapter 7, offers a means of improving the efficiency of sparse
fine-tuning to the point where it is suitable for use with large language models. The
SplEL algorithm was challenging both to design and to implement efficiently due to the
lack of hardware and software support for efficient sparse tensor operations (Hooker,
2021), and one difficulty remains unresolved, namely realising the potential saving in
the backward pass of a sparsely fine-tuned linear layer. However, the results of this first

attempt at SFT for LLMs appear promising, outperforming LoRA (Hu et al., 2022), the

2In subsequent, unpublished experiments where we varied the hidden dimension as well as the number
of layers, we achieved comparable or better results on XQuAD to the ones presented in Chapter 5 with
a student model almost eight times smaller than the teacher; reducing the hidden size seems to offer
better efficiency in general than reducing the number of layers but we unfortunately did not try this in
the original work.
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current de facto default PEFT method, in most of our experiments with comparably
training and inference efficiency. While the comparison with LoRA is somewhat mixed
at this point, there is plenty of opportunity to optimise SpIEL in the future with new

growth /dropping criteria and other innovations.

8.3 Future Work

Parameter-efficient fine-tuning and cross-lingual transfer address the ever-present prob-
lems of data and compute scarcity, and have thus remained relevant despite recent
transformative changes across Natural Language Processing as a whole. Their future
appears bright. Here I propose a number of directions for future research, some following

on from the work in this thesis and some more general.

8.3.1 Knowledge Modules

Noting that it is possible to capture knowledge and understanding of a given language in
a dedicated module through continued pre-training on text belonging to that language,
it seems natural to consider whether the specific knowledge contained in a document
can be captured in a similar manner. Consider the example of a chatbot designed to
answer questions about a certain product or service. Suppose the information the chatbot
must refer to to perform its job is contained in a large text document. The simplest
approach is to pass the document as input to the model along with each query; this is the
traditional question answering setup as exemplified by the SQuAD dataset (Rajpurkar
et al., 2016). However, this may be very computationally expensive for long documents,
as the computational complexity of processing a sequence of length L with a Transformer
is O(L?). This cost can be mitigated by using a Transformer variant such as linear
attention Transformers (Katharopoulos et al., 2020) with O(L) complexity, but it is
likely to remain impractically high. However, the need to process the document in the
model input for each query could be removed entirely by instead capturing its knowledge

”3

within the model parameters themselves in the form of a “knowledge module”” such as a

LoRA or SFT.
The challenge is that continued pre-training on the document is unlikely to be
as effective for learning knowledge modules as it is for learning language modules.

Preliminary experiments suggest that continued pre-training results in rote-learning

3Retrieval-augmented generation (RAG; Lewis et al., 2020c) is an alternative approach which works
by only including sections of the document relevant to the query in the input. However, it sometimes
fails to retrieve sections containing essential information, amongst other drawbacks (Barnett et al., 2024).
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sequences of text from the document rather than learning general-purpose representations
of knowledge which can be re-used in new contexts. Therefore a novel training strategy is
required which absorbs the underlying information in a document rather than its surface

form.

8.3.2 Modular Distilled MMTs

In Chapter 5, we show that it is possible to create effective models for a specific cross-
lingual transfer pair by distilling a smaller, bilingual model from a larger, multilingual
one. However, this comes at a cost: firstly, it sacrifices modularity, as we require Ny,
bilingual models and N N1 task modules to support N tasks in Ny languages. Secondly,
it abandons the possibility of applying multi-source transfer, where we train on task
examples from multiple source languages, which has proven to be a highly effective way
of improving target language performance. An alternative would be to instead distil a
family of N, monolingual models from the base MMT which share some parameters with
each other, but also have some private, language-specific parameters, similar to Pfeiffer
et al. (2023a) who pre-train such a family of models from scratch. By training only the
shared parameters on a given task using the source language variant(s) of the model, we
could create a fine-tuning that should transfer well to any target language variant of the

model, addressing both weaknesses of distilling independent bilingual models.

8.3.3 Combining Supervised and Unsupervised Cross-Lingual

Transfer

In Chapter 6, we show that we can improve cross-lingual transfer performance by
combining supervised and unsupervised techniques. Specifically, we train an MMT (i.e.
unsupervised multilingual model) on a combination of source and machine-translated
target language examples. However, this is a rather shallow way of combining these
techniques. Ponti et al. (2022) propose a means of improving translation-based cross-
lingual transfer by treating the translation as a latent random variable, allowing the
translation and classification components to be trained end-to-end; Ko et al. (2021)
explore the use of unlabelled data to improve translation for low-resource languages.
However, my impression is that the potential for hybrid unsupervised and supervised

techniques specifically for cross-lingual transfer has not yet been fully realised.
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8.3.4 Representation Fine-Tuning

An interesting line of recent work in parameter-efficient fine-tuning has been “representa-
tion fine-tuning” (ReFT), or fine-tuning methods which intervene on a model’s hidden
representations rather than its parameters. A notable example is LoReFT (Wu et al.,
2024), where a distributed interchange intervention (DII; Geiger et al., 2023) is applied to
the model’s hidden representations at a fixed subset of sequence positions. This subset is
defined as a short prefix and suffix of the sequence, and sets LoReFT aside from previous
fine-tuning methods whose behaviour is generally consistent at each sequence position,
and makes training highly efficient. Wu et al. (2024)’s experiments show that it generally
performs on par with or better than previous PEFT methods across a range of tasks while
updating fewer parameters and training faster. This raises a number of questions for
future research: what is the tradeoff between performance and the number of positions
at which the intervention is applied? Would other position subsets work better? Would
it be possible and beneficial to apply the intervention at a learnable rather than a fixed
subset of positions? Is there something special about the DII intervention, or would other
interventions would as well or better? Can ReFTs be composed effectively, and could

they therefore be applied successfully to cross-lingual transfer with language adaptation?

8.3.5 Improving SFT for Large Language Models

In Chapter 7, we proposed SplEL, a sparse fine-tuning algorithm with the necessary
time- and memory-efficiency properties to make it suitable for use with LLMs. One
remaining technical challenge is an efficient implementation of the backward pass of
SpIEL for linear layers, as discussed in Appendix E.4. Another limitation is that so
far we have not considered applying SpIEL to embedding layers, which may be quite
important in language adaptation when learning the vocabulary of a new language, for
instance. The difficulty here is how to apply updates to the subset of embeddings used
in a particular batch of inputs efficiently, that is, in time proportional to the number of
input tokens rather than the vocabulary size. It is also difficult to estimate the gradients
of the embedding matrix because generally only a small subset of tokens will occur in
any single batch. Therefore a specialised approach may be required for applying SpIEL
to embedding layers. There is also a wide range of possible dropping/growth criteria
and update schedules which could be explored to improve SplEL’s performance. So
far we have considered only approaches which maintain a fixed number of trainable
parameters for each tensor. However, there is no reason why it would not be possible

to dynamically update the number of trainable parameters in a tensor and thereby
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redistribute parameters to those tensors most critical for the fine-tuning task. This
requires some way of comparing the importance of parameters across tensors. Gradient
magnitude may not be ideal for this since certain tensors tend to have systematically
lower or higher gradients on average despite this not necessarily reflecting their overall
“importance.”
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Appendix A

Multilingual Adapter Generation for

Efficient Cross-Lingual Transfer

A.1 Languages

A.1.1 Training Languages

Table A.1 Details of languages used for
MAD-G training.

code name family genus
ab  Abkhazian Northwest -
Caucasian
ar Arabic Afro-Asiatic Semitic
ary Moroccan Ara- Afro-Asiatic Semitic
bic
arz Egyptian Ara- Afro-Asiatic Semitic
bic
atj  Atikamekw Algic Algonquian
av  Avar Nakh- Avar-Andic-
Daghestanian Tsezic
ay  Aymara Aymaran -
azb South Azerbai- Turkic Southwestern
jani
bo  Tibetan Sino-Tibetan Bodic
bxr Buryat Mongolic -
cdo Min Dong Sino-Tibetan -
ce Chechen Nakh- Nakh
Daghestanian
ceb Cebuano Austronesian Greater Cen-
tral Philippine
cv  Chuvash Turkic Oghur
cy  Welsh 1IE Celtic
el Greek IE Greek
en  English IE Germanic
et Estonian Uralic Finnic
eu Basque Basque -
fa Persian 1IE Iranian

code name family genus

fi Finnish Uralic Finnic

fr French IE Romance

gn  Guarani Tupian Tupi-Guarani

ha  Hausa Afro-Asiatic West Chadic

hak Hakka Sino-Tibetan -

he  Hebrew Afro-Asiatic Semitic

hu Hungarian Uralic Ugric

hy  Armenian 1IE Armenian

id Indonesian Austronesian Malayo-

Sumbawan

ig Igbo Niger-Congo Igboid

inh Ingush Nakh- Nakh
Daghestanian

ja Japanese Japanese -

jv Javanese Austronesian Javanese

ka  Georgian Kartvelian -

kab Kabyle Afro-Asiatic Berber

kbd Karbardian Northwest -

Circassian Caucasian
kbp Kabiye Niger-Congo Southern-
Central Gur

kk  Kazakh Turkic Northwestern

km Khmer Austro-Asiatic  Khmer

kn Kannada Dravidian Southern

ko  Korean Korean -

kv Komi Uralic Permic

la Latin IE Latin

lbe Lak Nakh- Lak-Dargwa
Daghestanian

lez  Lezgian Nakh- Lezgic
Daghestanian

In Lingala Niger-Congo Bantoid

lo Lao Tai-Kadai -

mg Malagasy Austronesian Barito
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code name family genus code name family genus

mhr Meadow Mari Uralic Mari yo  Yoruba Niger-Congo Defoid

min Minangkabau Austronesian Malayo- za  Zhuang Tai-Kadai -
Sumbawan zh  Chinese Sino-Tibetan -

ml  Malayalam Dravidian Southern zu  Zulu Niger-Congo Bantoid

mn Mongolian Mongolic -

mrj Hill Mari Uralic Mari

ms Malay Austronesian Malayo-
Sumbawan

mt  Maltese Afro-Asiatic Semitic

my Burmese Sino-Tibetan Burmese-Lolo

myv Erzya Uralic Mordvin

nah Nahuatl Uto-Aztecan Aztecan

new Newar Sino-Tibetan Mahakiranti

nso Northern Niger-Congo Bantoid

Sotho

nv  Navajo Na-Dene Athapaskan

om Oromo Afro-Asiatic Lowland East
Cushitic

qu  Quechua Quechuan -

ru  Russian IE Slavic

rw  Kinyarwanda Niger-Congo Bantoid

sah Sakha Turkic Northeastern

sat  Santali Austro-Asiatic  Munda

se Northern Sami  Uralic Sami

shn Shan Tai-Kadai -

smn Inari Sami Uralic Sami

sn  Shona Niger-Congo Bantoid

so  Somali Afro-Asiatic Lowland East
Cushitic

sq  Albanian 1E Albanian

su  Sundanese Austronesian Malayo-
Sumbawan

sv  Swedish IE Germanic

sw  Swabhili Niger-Congo Bantoid

ta  Tamil Dravidian Southern

tcy Tulu Dravidian Southern

te Telugu Dravidian South Central

th  Thai Tai-Kadai -

tl Tagalog Austronesian Greater Cen-
tral Philippine

tr Turkish Turkic Southwestern

tt Tatar Turkic Northwestern

tyv  Tuvan Turkic Northeastern

ug  Uyghur Turkic Southeastern

uz  Uzbek Turkic Southeastern

vi Vietnamese Austro-Asiatic  Viet-Muong

war Waray-Waray Austronesian Greater Cen-
tral Philippine

wuu Wu Sino-Tibetan -

xal Kalmyk Mongolic -

xmf Mingrelian Kartvelian -
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A.1.2 Universal Dependencies Evaluation Languages

Table A.2 Details of languages used for POS tagging and dependency parsing evalua-
tion. unseen languages have their language sub-group (mBERT-genus, MAD-G-genus or
unseen-genus) specified.

code name group treebank family genus

af Afrikaans mBERT-seen  UD__ Afrikaans-AfriBooms 1E Germanic

ajp South Levantine mBERT-genus UD_ South_ Levantine Arabic- Afro-Asiatic Semitic

Arabic MADAR

akk Akkadian mBERT-genus UD_ Akkadian-RIAO Afro-Asiatic Semitic

apu Apurina unseen-genus UD__Apurina-UFPA Arawakan -

aqz  Akuntsu unseen-genus UD__Akuntsu-TuDeT Tupian Tupari

ar Arabic mBERT-seen  UD__ Arabic-PUD Afro-Asiatic Semitic

bam Bambara unseen-genus UD_ Bambara-CRB Mande -

be Belarusian mBERT-seen  UD_ Belarusian-HSE IE Slavic

bg Bulgarian mBERT-seen = UD_ Bulgarian-BTB IE Slavic

bho Bhojpuri mBERT-genus UD_ Bhojpuri-BHTB IE Indic

br Breton mBERT-seen  UD _ Breton-KEB 1IE Celtic

bxr  Buryat MAD-G-seen  UD_ Buryat-BDT Mongolic -

ca Catalan mBERT-seen  UD_ Catalan-AnCora 1E Romance

ckt Chukchi unseen-genus UD__Chukchi-HSE Chukotko- -

Kamchatkan
cs Czech mBERT-seen  UD_ Czech-PDT 1E Slavic
cu Old Church mBERT-genus UD_ Old_ Church_ Slavonic- 1IE Slavic
Slavonic PROIEL

cy Welsh mBERT-seen  UD_ Welsh-CCG IE Celtic

da Danish mBERT-seen  UD_ Danish-DDT IE Germanic

de German mBERT-seen UD German-HDT 1IE Germanic

el Greek mBERT-seen  UD_ Greek-GDT 1E Greek

en English mBERT-seen  UD_ English-EWT IE Germanic

es Spanish mBERT-seen  UD_ Spanish-AnCora 1E Romance

et Estonian mBERT-seen  UD_ Estonian-EDT Uralic Finnic

eu Basque mBERT-seen  UD_ Basque-BDT Basque -

fa Persian mBERT-seen UD_ Persian-PerDT IE Iranian

fi Finnish mBERT-seen  UD_ Finnish-TDT Uralic Finnic

fo Faroese mBERT-genus UD_ Faroese-FarPaHC IE Germanic

fr French mBERT-seen  UD French-GSD 1IE Romance

fro Old French mBERT-genus UD_ Old_ French-SRCMF 1E Romance

ga Irish mBERT-seen  UD_ Irish-IDT 1IE Celtic

gd Scottish Gaelic mBERT-genus UD_ Scottish__Gaelicc:ARCOSG IE Celtic

gl Galician mBERT-seen  UD_ Galician-TreeGal IE Romance

got  Gothic mBERT-genus UD_ Gothic-PROIEL 1IE Germanic

gsw  Swiss German mBERT-genus UD_ Swiss_ German-UZH IE Germanic

gun Mbya Guarani MAD-G-genus UD_ Mbya_ Guarani-Thomas Tupian Tupi-
Guarani

gv Manx mBERT-genus UD__Manx-Cadhan IE Celtic

he Hebrew mBERT-seen  UD_ Hebrew-HTB Afro-Asiatic Semitic
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code name group treebank family genus

hi Hindi mBERT-seen  UD_ Hindi-HDTB IE Indic

hr Croatian mBERT-seen  UD Croatian-SET IE Slavic

hsb  Upper Sorbian mBERT-genus UD_ Upper_ Sorbian-UFAL IE Slavic

hu Hungarian mBERT-seen  UD_ Hungarian-Szeged Uralic Ugric

hy Armenian mBERT-seen  UD_ Armenian-ArmTDP 1IE Armenian

id Indonesian mBERT-seen  UD_ Indonesian-PUD Austronesian Malayo-
Sumbawan

is Icelandic mBERT-seen  UD_Icelandic-IcePaHC 1IE Germanic

it Italian mBERT-seen  UD_ Italian-ISDT 1E Romance

ja Japanese mBERT-seen  UD_ Japanese-GSD Japanese -

kfm Khunsari mBERT-genus UD_ Khunsari-AHA IE Iranian

kk Kazakh mBERT-seen  UD_ Kazakh-KTB Turkic Northwestern

kmr Kurmanji mBERT-genus UD_ Kurmanji-MG IE Iranian

ko Korean mBERT-seen  UD Korean-GSD Korean -

koi  Komi Permyak MAD-G-genus UD_ Komi_ Permyak-UH Uralic Permic

kpv  Komi Zyrian MAD-G-seen  UD_ Komi_Zyrian-Lattice Uralic Permic

krl  Karelian mBERT-genus UD_ Karelian-KKPP Uralic Finnic

la Latin mBERT-seen  UD Latin-LLCT 1IE Latin

1t Lithuanian mBERT-seen  UD_ Lithuanian-ALKSNIS 1E Baltic

Iv Latvian mBERT-seen  UD_Latvian-LVTB 1IE Baltic

1zh Classical Chinese mBERT-genus UD__ Classical _Chinese-Kyoto Sino-Tibetan -

mdf Moksha MAD-G-genus UD_ Moksha-JR Uralic Mordvin

mr Marathi mBERT-seen  UD_ Marathi-UFAL IE Indic

mt Maltese MAD-G-seen UD_ Maltese-MUDT Afro-Asiatic Semitic

myu Munduruku unseen-genus UD_ Munduruku-TuDeT Tupian Munduruku

myv Erzya MAD-G-seen  UD_ Erzya-JR Uralic Mordvin

nl Dutch mBERT-seen  UD_ Dutch-Alpino 1IE Germanic

no Norwegian mBERT-seen  UD_ Norwegian-Bokmaal IE Germanic

nyg Nayini mBERT-genus UD_ Nayini-AHA IE Iranian

olo Livvi mBERT-genus UD_ Livvi-KKPP Uralic Finnic

orv  Old East Slavic mBERT-genus UD_ Old_ Russian-RNC 1E Slavic

pcm  Naija unseen-genus UD_ Naija-NSC Creole -

pl Polish mBERT-seen UD_Polish-PDB IE Slavic

pt Portuguese mBERT-seen  UD_ Portuguese-GSD IE Romance

ro Romanian mBERT-seen ~ UD_ Romanian-RRT 1E Romance

ru Russian mBERT-seen  UD_Russian-GSD IE Slavic

sa Sanskrit mBERT-genus UD_ Sanskrit-UFAL IE Indic

sk Slovak mBERT-seen  UD_ Slovak-SNK 1E Slavic

sl Slovenian mBERT-seen  UD_ Slovenian-SSJ IE Slavic

sme North Sami MAD-G-seen  UD_ North_ Sami-Giella Uralic Sami

sms  Skolt Sami MAD-G-genus UD_ Skolt_ Sami-Giellagas Uralic Sami

s0j Soi mBERT-genus UD_ Soi-AHA IE Iranian

sq Albanian mBERT-seen  UD__Albanian-TSA IE Albanian

sr Serbian mBERT-seen  UD_ Serbian-SET 1E Slavic
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code name group treebank family genus

sv Swedish mBERT-seen  UD_ Swedish-Talbanken 1IE Germanic

ta Tamil mBERT-seen UD_ Tamil-TTB Dravidian Southern

te Telugu mBERT-seen  UD_ Telugu-MTG Dravidian South Cen-
tral

th Thai mBERT-seen  UD_ Thai-PUD Tai-Kadai -

tl Tagalog mBERT-seen  UD_ Tagalog-TRG Austronesian Greater
Central
Philippine

tr Turkish mBERT-seen  UD_ Turkish-GB Turkic Southwestern

ug Uyghur MAD-G-seen  UD_ Uyghur-UDT Turkic Southeastern

uk Ukrainian mBERT-seen  UD Ukrainian-IU IE Slavic

ur Urdu mBERT-seen  UD_ Urdu-UDTB 1IE Indic

vi Vietnamese mBERT-seen  UD_ Vietnamese-VTB Austro-Asiatic Viet-Muong

wbp  Warlpiri unseen-genus UD_ Warlpiri-UFAL Pama-Nyungan -

wo  Wolof unseen-genus UD_ Wolof-WTB Niger-Congo Northern
Atlantic

yo Yoruba mBERT-seen  UD_ Yoruba-YTB Niger-Congo Defoid

yue Cantonese mBERT-genus UD_ Cantonese-HK Sino-Tibetan -

zh Chinese mBERT-seen  UD_ Chinese-GSD Sino-Tibetan -

A.2 Full Results

A.2.1 Single-source Transfer

Table A.3 Full per-language results for single-source zero-shot cross-lingual transfer
experiments. POS tagging results are given as accuracy scores, dependency parsing
results are unlabelled /labelled attachment scores. G = MAD-G, LS = MAD-G-LS, en =
MAD-G-en, TA = TA-only, X = MAD-X, mB = mBERT-ft, R = XLM-R-ft.

language Part-of-speech tagging Dependency parsing

code group G LS en TA X mB R G LS en TA X mB R

af mBERT-seen 81.5 84.5 86.0 86.2 82.8 85.7 88.0 61.5/47.2 67.4/53.9 68.1/55.4 68.3/55.2 61.6/47.2 65.6/52.2 63.1/49.6
ajp mBERT-genus 55.8 58.0 56.4 58.8 56.0 54.9 63.0 48.7/27.9 48.4/28.6 48.9/30.7 50.4/33.0 50.4/31.1 46.0/28.6 26.0/13.2
akk mBERT-genus 41.1 38.9 36.7 33.9 30.4 33.2 30.0 26.4/5.3 25.9/5.5 22.6/4.4 23.6/4.3 23.9/3.5 20.3/3.2 19.8/3.4
apu  unseen-genus 48.2 29.2 37.7 41.9 37.8 43.6 32.7 18.7/10.3 20.3/6.5 19.6/8.9 17.7/7.5 18.0/4.4 16.3/5.8 15.8/7.2
aqz unseen-genus 32.5 25.0 27.5 27.5 21.2 33.8 16.2 32.5/6.2 26.2/2.5 28.8/11.2 26.2/11.2 28.8/13.8 21.2/7.5 30.0/11.2
ar mBERT-seen 72.5 73.1 72.8 74.0 69.1 67.5 78.1 66.0/49.9 64.7/48.4 66.1/49.6 67.4/49.0 65.5/50.0 69.0/50.7 48.2/34.6
bam unseen-genus 38.0 36.0 36.6 37.6 30.8 33.6 25.5 26.8/8.2 26.7/7.1 30.8/10.6 30.2/9.5 28.9/6.6 30.4/9.6 21.3/5.8
be mBERT-seen  83.7 84.7 84.9 84.6 84.5 84.8 88.1 68.8/58.3 68.5/58.4 70.8/60.7 70.5/59.2 65.4/54.7 72.3/62.5 65.1/55.4
bg mBERT-seen 86.3 86.4 86.6 86.4 86.4 86.2 88.8 81.6/66.5 80.9/65.7 82.1/67.0 82.4/67.0 77.2/62.0 83.1/68.4 66.8/52.7
bho mBERT-genus 43.5 46.9 48.7 49.4 51.2 47.2 50.4 30.2/17.2 30.8/15.3 31.3/16.7 33.0/17.1 22.0/10.2 31.2/16.4 25.5/14.1
br mBERT-seen 65.1 66.3 69.7 71.5 61.9 65.8 58.3 63.3/42.5 64.7/43.8 70.9/52.1 71.3/52.6 60.1/35.6 66.2/47.0 44.0/27.2
bxr MAD-G-seen 68.6 66.3 58.3 59.6 70.5 55.9 59.5 41.4/22.3 39.4/19.7 39.3/19.4 41.6/19.9 38.3/23.9 41.2/19.4 35.9/17.1
ca mBERT-seen 86.7 86.4 86.6 86.8 87.3 87.0 88.6 75.5/63.4 75.1/62.8 76.5/64.7 76.5/63.9 72.3/60.0 78.1/66.4 74.4/63.1
ckt unseen-genus 30.7 24.8 23.5 23.6 23.2 22.6 30.3 24.9/12.0 20.3/9.1 18.5/10.9 20.4/10.3 21.0/12.4 17.6/9.1 32.4/17.6
cs mBERT-seen 83.6 84.3 84.4 84.8 84.3 84.9 86.8 72.3/58.6 73.4/60.1 74.8/61.7 74.7/60.1 71.5/58.3 75.2/61.9 60.3/48.1
cu mBERT-genus 34.1 33.8 35.4 37.1 34.7 30.3 45.0 31.9/12.9 30.4/11.2 32.3/13.9 32.6/14.3 27.3/9.4 28.6/12.2 31.5/15.6
cy mBERT-seen 64.9 64.7 64.4 64.7 59.6 60.7 66.4 63.9/45.9 64.6/45.8 64.8/45.3 65.6/45.5 57.7/33.1 62.3/40.1 46.1/33.0
da mBERT-seen 88.9 89.0 89.2 89.2 86.3 88.7 90.1 74.3/66.0 74.6/66.4 75.8/67.7 76.3/67.9 70.9/61.7 77.1/68.7 66.1/56.9
de mBERT-seen 84.8 85.8 85.7 86.1 86.5 85.7 87.6 71.2/61.8 75.4/66.9 76.7/68.3 76.8/68.6 75.3/66.7 77.4/69.1 62.3/53.7
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language Part-of-speech tagging Dependency parsing

code group G Ls en TA X mB R G LS en TA X mB R

el mBERT-seen 81.5 81.6 81.4 81.5 83.2 82.8 86.4 78.0/65.4 77.2/64.9 78.1/65.4 79.0/64.8 74.7/62.4 82.9/70.5 57.1/47.5
en mBERT-seen 96.3 96.3 96.3 96.3 96.4 96.7 97.3 89.6/87.0 89.4/86.8 89.6/87.0 89.8/87.0 89.7/87.1 91.8/89.4 59.8/53.3
es mBERT-seen 87.1 87.7 87.9 88.1 88.2 87.5 89.0 73.6/61.9 76.0/64.6 76.9/65.9 77.3/66.0 74.7/63.9 T77.8/67.2 72.6/62.0
et mBERT-seen 83.4 82.9 83.1 83.3 86.4 81.4 87.8 64.1/46.6 62.7/45.2 64.8/47.1 64.9/46.3 65.0/49.0 64.0/44.8 63.1/45.4
eu mBERT-seen 69.8 69.0 69.0 68.9 73.4 67.4 71.1 52.6/33.4 51.3/31.7 52.7/33.4 54.0/33.8 53.8/35.3 51.2/31.6 41.8/24.6
fa mBERT-seen 73.4 73.5 68.5 69.3 69.4 66.9 76.3 47.3/34.8 46.8/33.3 43.7/31.7 44.2/31.6 42.9/31.1 42.5/29.9 31.7/22.0
fi mBERT-seen 83.8 83.7 83.9 84.2 71.6 82.2 88.2 66.4/50.9 65.1/49.6 66.5/51.1 66.4/50.2 51.1/32.7 68.0/51.1 61.4/45.9
fo mBERT-genus 71.0 71.7 72.7 73.2 64.4 68.7 72.7 51.2/36.3 50.8/35.6 52.4/37.5 52.3/38.1 43.4/26.1 49.6/34.6 48.2/33.4
fr mBERT-seen 87.0 87.0 87.0 87.7 88.1 88.4 89.1 79.1/71.0 78.8/70.6 79.2/71.1 79.1/70.6 78.5/71.2 78.5/71.8 73.1/65.6
fro mBERT-genus 57.9 57.1 60.0 60.4 57.0 55.0 43.9 58.3/32.2 57.6/31.0 62.3/37.3 61.9/35.7 55.5/30.0 57.3/30.8 45.2/22.3
ga mBERT-seen 51.1 57.8 71.2 71.4 74.0 65.1 69.4 31.0/15.3 44.9/22.4 63.1/41.3 64.2/42.3 61.8/44.1 60.6/37.0 48.4/32.2
gd mBERT-genus 44.4 44.4 47.1 47.1 51.4 41.8 58.0 38.4/14.1 38.6/13.5 40.5/16.2 40.5/16.5 43.3/19.8 38.0/14.8 44.6/24.7
gl mBERT-seen 85.9 86.5 86.6 86.8 84.5 86.3 87.6 77.5/67.1 77.9/67.7 78.9/69.1 78.9/68.4 75.1/62.8 79.6/69.8 69.5/60.4

got  mBERT-genus 23.6 24.7 22.1 22.0 21.2 18.7 11.6 27.3/8.7 28.3/5.8 28.3/8.5 28.9/9.0 27.5/6.1 26.6/7.0 22.4/6.2
gsw  mBERT-genus 52.0 56.9 60.9 63.7 60.2 52.6 43.8 45.4/29.7 52.8/33.7 56.7/39.0 60.2/42.2 54.9/36.7 46.6/29.0 31.0/14.5
gun  MAD-G-genus 36.2 35.2 30.9 30.0 30.0 30.9 26.0 20.7/6.4 20.5/6.2 14.6/5.2 17.0/6.3 12.5/3.2 11.5/3.3 12.0/4.1
gv mBERT-genus 32.7 31.4 33.1 36.0 35.1 32.4 26.9 32.8/8.4 31.3/6.3 31.0/7.4 30.8/7.2 37.7/11.9 28.7/6.1 22.6/4.0

he mBERT-seen 79.3 78.8 79.3 79.7 77.7 77.1 81.9 66.3/48.8 65.8/48.4 66.3/48.7 68.0/50.0 61.6/42.9 68.3/51.7 52.5/38.2
hi mBERT-seen 40.8 67.4 68.1 68.2 70.1 67.0 69.9 16.1/6.9 39.3/25.6 42.4/29.5 44.0/30.6 29.0/17.5 46.0/31.7 35.0/22.4
hr mBERT-seen 84.6 83.9 84.4 84.3 83.9 84.7 86.7 76.3/63.4 75.4/63.1 77.4/65.0 76.9/62.7 74.5/61.4 79.4/67.1 69.9/58.1
hsb  mBERT-gemus 69.1 70.8 71.8 72.2 69.2 69.9 71.9 46.4/33.2 49.8/35.4 53.3/39.3 53.2/38.5 50.3/35.5 51.4/37.6 44.0/29.4
hu mBERT-seen 81.4 81.5 81.5 82.1 82.3 81.8 85.1 71.0/51.6 70.3/50.4 70.9/51.4 71.1/50.8 68.3/49.1 73.0/51.9 62.7/44.7
hy mBERT-seen 77.1 77.1 76.9 77.4 79.3 75.1 86.0 55.7/36.5 55.3/35.5 56.3/36.8 58.2/37.4 54.9/35.9 58.2/37.5 56.1/37.1
id mBERT-seen 85.9 85.8 85.7 86.2 87.2 84.3 87.2 70.1/59.0 68.0/57.4 69.6/58.9 70.9/59.3 67.9/58.1 66.8/56.9 55.4/45.2
is mBERT-seen 76.0 77.3 78.4 78.8 77.6 76.0 84.3 53.4/36.6 55.1/38.5 56.8/40.5 57.2/40.5 56.7/39.9 57.5/40.7 54.3/39.7
it mBERT-seen 90.8 90.9 91.5 91.8 90.9 90.3 91.9 81.5/73.3 81.4/72.8 82.9/75.5 83.2/75.1 77.8/69.2 84.4/77.5 72.9/64.5
ja mBERT-seen 49.2 49.1 49.1 49.9 52.5 47.6 33.6 33.7/18.5 33.8/18.3 34.1/18.8 32.9/19.0 35.2/19.4 32.5/17.0 33.4/16.4
kfm  mBERT-gemus 33.8 36.5 35.1 37.8 39.2 43.2 41.9 21.6/4.1 17.6/5.4 23.0/12.2 25.7/6.8 18.9/5.4 21.6/4.1 27.0/13.5
kk mBERT-seen 77.4 77.2 76.9 76.8 70.9 75.9 81.1 59.3/40.0 58.4/38.3 59.2/40.0 60.4/40.8 48.4/27.2 59.5/37.4 43.2/25.9
kmr  mBERT-genus 37.6 38.4 42.0 42.0 46.9 38.3 70.0 23.7/6.5 25.3/5.7 26.8/7.6 27.9/8.5 25.2/8.8 24.5/7.3 40.5/25.2
ko mBERT-seen 64.6 64.4 64.3 64.2 64.1 63.7 67.5 41.0/27.5 40.1/25.9 41.0/27.5 43.9/29.4 42.3/28.1 38.9/24.7 30.8/20.4

koi MAD-G-genus 44.2 43.9 41.1 41.4 40.3 41.8 48.2 33.1/17.5 26.9/14.9 28.2/12.6 32.7/15.9 27.1/11.0 26.9/9.5 28.2/13.5
kpv MAD-G-seen 54.8 55.2 34.0 33.4 56.3 34.5 40.8 39.3/19.1 38.1/18.3 23.6/8.6 24.5/8.9 42.1/21.5 22.8/7.4 26.0/10.7
krl mBERT-genus 65.0 66.6 66.6 67.7 53.9 62.4 68.0 48.2/25.4 46.0/23.9 47.9/27.5 45.8/25.4 37.4/15.5 44.7/23.6 40.4/21.8

la mBERT-seen 73.0 71.8 70.7 69.9 76.6 62.6 76.0 47.5/30.6 46.6/29.8 43.9/28.3 45.8/28.8 52.1/34.1 41.0/24.1 47.6/29.4
1t mBERT-seen 75.1 77.3 80.7 81.1 78.9 78.1 85.8 56.3/37.3 59.6/40.4 64.3/45.9 63.8/45.2 59.6/40.7 62.9/43.4 56.2/39.4
Iv mBERT-seen 77.9 79.0 80.6 80.9 83.6 78.8 85.4 61.8/42.5 65.4/46.1 67.7/48.9 68.3/48.5 65.8/47.5 66.2/45.8 55.4/38.5

lzh  mBERT-genus 50.0 50.4 50.3 49.7 48.7 49.0 27.7 46.7/27.4 47.6/27.2 48.7/29.8 48.0/28.3 45.6/27.6 49.3/30.2 25.4/9.9
mdf  MAD-G-genus 47.2 48.5 46.7 48.9 46.4 47.1 46.2 34.0/17.6 34.9/17.8 32.2/17.4 34.2/17.6 31.8/13.7 33.9/14.3 28.2/12.6
mr mBERT-seen 71.8 73.0 74.2 72.4 60.7 70.6 80.4 48.8/28.4 48.1/26.7 48.1/28.2 46.8/27.7 25.2/14.8 44.2/26.0 40.0/23.8
mt MAD-G-seen 71.7 72.1 27.4 26.3 75.6 24.6 24.6 61.8/43.0 61.3/43.1 29.3/6.9 32.7/7.6 65.4/49.3 28.5/5.6 20.7/3.9
myu unseen-gemus 21.4 155 17.3 19.9 18.8 25.1 17.3 24.0/10.3 26.9/9.2 26.6/14.4 21.8/12.2 19.9/11.4 28.4/16.6 31.7/19.6
myv ~ MAD-G-seen 71.0 68.7 46.7 49.0 76.9 49.5 49.0 53.2/33.3 51.5/31.9 32.5/15.5 33.6/15.4 59.3/40.5 34.3/13.7 26.4/11.4
nl mBERT-seen 87.7 88.3 88.8 89.0 89.0 88.4 89.1 74.1/64.6 77.4/69.4 78.4/70.9 78.5/70.9 77.4/69.9 77.7/70.5 63.8/55.9
no mBERT-seen  89.9 90.4 90.7 90.9 90.9 90.5 92.1 79.6/73.4 79.9/73.7 80.8/74.9 81.0/74.9 81.3/75.1 82.3/75.8 65.7/57.5
nyg  mBERT-genus 33.3 29.5 39.7 37.2 20.5 38.5 41.0 29.5/11.5 24.4/9.0 25.6/11.5 25.6/10.3 24.4/14.1 26.9/10.3 41.0/17.9
olo  mBERT-genus 64.9 64.4 64.7 64.7 56.5 59.6 59.8 46.0/24.0 45.6/22.9 44.0/22.4 46.0/24.3 36.7/16.7 43.1/20.0 31.8/14.0
orv  mBERT-gemus 80.9 80.8 80.6 80.3 80.8 78.8 84.6 57.3/41.4 57.1/41.3 57.8/42.0 57.5/40.9 54.4/38.8 57.6/41.7 55.0/41.0
pcm  unseen-genus 45.5 45.5 45.7 46.4 43.5 44.3 452 49.1/26.7 49.3/26.3 49.7/27.2 52.3/27.5 46.4/23.9 50.1/27.5 31.8/14.5

pl mBERT-seen 76.1 80.9 83.4 83.2 83.0 81.3 84.9 62.1/46.3 69.4/54.4 76.4/62.1 75.9/61.0 71.6/57.0 76.7/62.5 63.1/51.1
pt mBERT-seen 88.4 88.6 88.8 89.1 88.1 88.5 90.1 73.0/61.8 74.4/63.2 75.4/64.7 75.8/64.8 72.5/61.1 75.5/64.9 69.7/59.0
ro mBERT-seen 81.7 82.8 83.5 83.5 81.0 82.6 86.3 70.8/56.0 71.5/56.0 74.5/59.7 75.2/59.4 67.5/51.7 75.9/60.7 68.1/54.5
ru mBERT-seen 83.3 83.6 83.4 83.6 84.3 83.2 87.1 74.5/63.6 73.8/62.7 74.5/63.4 75.2/63.0 71.3/60.6 77.5/65.9 62.2/51.3
sa mBERT-genus 36.4 41.5 44.2 43.1 43.4 41.7 59.0 25.9/12.2 32.9/9.7 34.7/12.5 37.9/14.4 25.0/7.4 30.1/9.9 34.3/15.4
sk mBERT-seen 84.0 85.0 84.6 85.0 83.9 83.9 86.4 79.0/66.4 78.9/66.1 80.4/68.0 80.3/66.8 76.1/63.8 82.1/70.2 64.4/51.7
sl mBERT-seen 81.2 82.7 83.1 83.1 77.3 82.8 85.6 75.3/61.2 75.9/62.1 78.0/64.9 78.5/63.9 65.7/49.5 78.3/65.2 70.2/57.6

sme MAD-G-seen 71.1 68.5 41.6 42.1 75.8 39.0 33.3 48.6/32.7 46.2/29.3 24.3/9.0 23.9/8.6 50.4/33.5 22.9/6.5 20.6/7.0
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language Part-of-speech tagging Dependency parsing

code group G Ls en TA X mB R G LS en TA X mB R

sms MAD-G-genus 34.6 35.7 31.2 31.3 36.6 29.6 36.2 25.7/11.5 22.3/8.9 22.0/8.9 23.7/8.0 23.7/8.4 21.5/7.4 29.7/10.7
s0j mBERT-genus 41.8 45.5 43.6 41.8 43.6 43.6 43.6 21.8/7.3 27.3/9.1 20.0/5.5 20.0/5.5 34.5/12.7 21.8/12.7 40.0/12.7

sq mBERT-seen 77.8 78.9 78.6 78.3 71.6 74.7 81.1 84.8/66.3 82.6/64.4 83.6/64.8 86.9/66.2 71.8/50.4 86.2/68.5 65.3/47.5
sr mBERT-seen 84.9 84.5 84.7 84.1 84.5 85.2 86.9 77.8/66.1 76.4/64.8 78.1/67.0 78.1/64.7 75.8/63.4 80.7/68.7 71.3/60.0
sv mBERT-seen  90.3 90.6 90.3 90.6 90.4 90.2 92.6 80.8/74.6 80.4/74.0 80.9/74.6 81.1/74.7 81.3/74.9 82.8/76.3 70.9/63.0
ta mBERT-seen 65.4 64.5 65.5 64.7 54.1 64.9 67.9 37.9/18.4 38.3/17.8 38.2/18.4 41.1/20.2 16.9/5.1 43.2/17.5 43.3/21.4
te mBERT-seen 75.6 75.7 76.0 75.7 67.0 76.0 85.4 70.3/51.6 64.1/46.6 70.9/53.8 73.0/53.4 43.0/29.8 59.5/42.4 53.3/34.5
th mBERT-seen 48.7 48.5 48.6 50.0 47.9 46.4 55.1 42.4/21.1 43.4/21.4 43.7/22.3 43.5/22.9 41.7/19.2 39.9/21.7 45.8/32.7
tl mBERT-seen  70.7 69.5 68.7 69.6 62.3 64.7 71.1 81.6/51.0 77.7/48.6 75.9/51.5 75.1/54.1 64.6/37.3 T71.7/42.1 44.7/26.0
tr mBERT-seen 74.6 74.3 74.4 74.6 78.8 70.7 80.9 64.7/43.9 63.1/40.9 64.9/43.9 67.2/45.3 62.5/42.1 60.6/37.5 43.9/28.1
ug MAD-G-seen 58.0 60.4 35.1 34.4 57.9 28.9 73.5 33.3/17.4 29.7/13.6 16.5/6.5 21.1/7.9 36.0/16.2 17.1/7.1 50.3/30.2
uk mBERT-seen 82.2 83.1 83.4 82.7 83.8 83.5 85.8 73.0/60.6 72.6/60.3 73.8/61.6 73.1/59.9 69.9/57.4 75.7/63.0 66.7/54.4
ur mBERT-seen 49.9 61.2 62.2 63.5 58.7 60.4 65.6 20.6/10.1 35.7/21.4 36.7/22.7 36.7/22.6 21.3/10.7 35.2/21.9 37.9/24.1
vi mBERT-seen 63.5 63.1 63.6 62.9 63.9 60.3 63.2 55.8/39.0 54.9/37.7 55.9/38.9 55.7/38.6 54.9/36.6 53.5/37.3 30.1/18.7

wbp unseen-genus 25.8 27.4 32.8 32.2 33.1 37.9 22.6 24.2/8.9 26.8/10.8 32.5/13.7 30.9/14.3 15.9/4.1 47.1/17.2 44.6/19.7
wo unseen-genus 30.3 32.2 36.8 38.0 34.1 35.2 27.1 28.1/6.3 31.5/6.5 31.8/8.7 32.7/8.9 32.9/8.8 28.4/6.3 19.9/4.5

yo mBERT-seen 64.2 63.3 60.3 59.4 56.3 47.7 26.6 46.4/28.0 45.3/26.6 40.9/23.5 41.7/24.0 37.0/19.8 37.2/19.0 11.9/2.4
yue mBERT-genus 62.1 62.5 61.8 63.3 62.4 63.3 53.0 45.4/27.5 44.8/27.4 45.1/27.9 46.2/27.9 45.4/28.3 45.2/28.4 32.0/18.8
zh mBERT-seen 70.9 70.9 70.6 68.9 69.8 67.4 48.3 56.9/35.4 56.3/34.7 57.1/35.5 56.9/35.5 55.8/34.9 59.4/38.0 47.9/26.5

A.2.2 Multi-source Transfer

Table A.4 Full per-language results for multi-source zero-shot cross-lingual transfer
experiments with 20 languages. POS tagging results are given as accuracy scores,
dependency parsing results are unlabelled/labelled attachment scores. G = MAD-G, LS =
MAD-G-LS, en = MAD-G-en, TA = TA-only, X = MAD-X, mB = mBERT-ft, R = XLM-R-ft.

language Part-of-speech tagging Dependency parsing
code group G Ls en TA X mB R G LS en TA X mB R
af mBERT-seen 85.0 86.9 87.4 88.2 83.2 88.9 89.6 66.8/54.1 68.8/55.9 69.4/57.3 69.2/57.3 66.0/53.2 71.8/59.4 67.8/55.1

ajp  mBERT-genus 63.9 66.2 66.3 64.1 65.0 64.4 73.5 58.3/41.7 53.6/34.9 55.6/39.2 54.5/36.4 55.8/38.3 56.7/39.0 34.6/21.9
akk  mBERT-genus 41.8 41.2 37.9 42.7 2.9 46.1 46.4 30.8/8.1 32.0/9.5 29.8/7.1 30.2/8.1 28.8/6.1 31.6/10.1 26.5/9.8
apu  unseen-genus 37.1 44.5 41.7 45.4 34.5 455 50.4 21.0/17.2 27.1/12.1 23.8/14.4 24.9/13.5 19.8/10.2 24.5/9.1 26.3/11.0
aqz  unseen-gemus 30.0 27.5 20.0 30.0 22.5 22.5 32.5 35.0/15.0 27.5/10.0 23.8/10.0 25.0/5.0 33.8/12.5 30.0/8.8 27.5/16.2

ar mBERT-seen 80.1 79.9 80.2 80.1 80.1 80.3 80.6 76.2/66.1 76.4/66.4 76.7/66.7 76.7/66.5 76.4/66.7 76.8/66.7 55.3/46.2
bam unseen-genus 31.6 31.8 33.0 33.3 29.4 29.8 30.5 31.7/8.3 31.8/7.2 32.8/8.8 32.0/8.2 28.2/6.6 30.1/7.3 23.7/5.5
be mBERT-seen 88.8 89.2 89.4 89.4 88.7 90.8 92.1 78.2/71.3 78.9/72.2 79.4/72.5 78.9/72.3 79.0/71.7 82.5/74.6 76.4/67.8
bg mBERT-seen 93.5 94.1 93.9 93.6 91.3 93.2 95.3 85.2/75.3 85.4/75.4 85.2/75.3 85.9/75.7 85.6/75.4 87.6/78.5 70.9/61.1
bho  mBERT-gemus 59.3 61.4 61.3 61.5 61.6 61.8 63.3 44.5/27.5 48.9/33.7 44.4/28.1 48.6/32.7 46.9/31.9 51.9/35.6 32.0/21.1
br mBERT-seen 72.0 72.1 74.9 75.2 64.8 70.2 68.8 71.7/52.7 71.3/53.1 75.1/58.8 76.0/58.4 64.3/43.9 73.8/53.9 54.1/36.0
bxr  MAD-G-seen 73.2 72.0 63.7 63.9 74.3 62.2 67.2 51.7/32.1 52.3/31.5 47.0/25.4 47.4/26.0 54.3/34.0 49.4/25.2 41.1/22.3
ca mBERT-seen 90.1 90.0 89.7 89.4 87.6 89.9 89.9 81.0/71.1 81.3/71.7 81.4/71.2 81.6/71.4 78.3/68.0 85.5/74.7 81.2/69.9
ckt  unseen-genus 34.5 33.7 25.4 28.3 32.0 26.2 34.4 25.8/16.5 28.8/15.7 21.4/12.8 28.0/16.3 29.3/18.0 23.5/11.6 33.3/18.1
cs mBERT-seen 95.4 95.6 93.8 95.8 96.1 96.5 97.5 83.9/79.1 84.5/79.8 83.7/78.6 84.7/80.0 85.5/80.9 88.4/84.1 70.9/64.9
cu mBERT-genus 36.1 36.0 37.3 37.8 36.3 37.3 51.2 33.7/16.0 34.3/15.9 33.6/16.6 38.7/19.6 33.1/16.3 34.4/16.0 44.2/24.0
cy mBERT-seen 68.8 69.3 68.4 70.3 66.2 69.7 73.4 69.4/51.9 70.6/53.7 69.3/51.4 69.6/51.1 65.8/41.9 72.2/50.3 57.5/42.4
da mBERT-seen 90.3 90.1 90.5 90.8 86.8 91.2 92.9 72.7/65.3 72.8/65.6 73.3/66.1 73.4/66.3 70.9/62.5 77.2/68.6 67.4/58.4
de mBERT-seen 87.2 87.6 87.4 87.1 87.3 88.8 89.6 77.7/71.3 81.1/74.7 81.3/75.2 80.8/74.9 81.4/75.2 85.2/78.9 71.9/63.6
el mBERT-seen 96.4 96.5 96.4 96.6 97.0 97.6 98.2 89.4/86.3 89.6/86.7 89.3/86.3 89.6/86.7 90.3/87.5 93.3/90.7 63.7/59.4
en mBERT-seen 92.2 92.3 92.2 92.4 92.3 93.5 94.7 82.6/77.5 82.5/77.4 82.6/77.5 82.4/77.3 82.9/78.0 87.1/82.5 63.5/55.8
es mBERT-seen 91.7 91.8 91.9 91.7 85.5 92.3 92.3 79.7/71.0 81.4/73.2 81.6/73.4 81.9/73.4 82.2/73.0 85.4/76.4 78.8/69.8
et mBERT-seen 91.9 91.7 91.7 91.7 93.7 92.9 95.6 76.8/69.4 76.7/69.0 76.7/69.0 76.4/68.6 79.4/72.8 80.6/73.6 74.4/66.9
eu mBERT-seen 87.9 87.8 87.7 88.0 89.9 91.2 92.8 72.8/65.4 72.7/65.2 71.9/64.4 72.9/65.6 75.1/68.5 78.0/71.4 59.0/50.5
fa mBERT-seen 90.2 90.6 84.0 90.1 91.4 92.6 96.0 81.0/74.9 80.6/74.5 65.1/58.7 80.0/73.8 81.7/75.9 85.6/80.0 51.8/43.3
fi mBERT-seen 87.2 87.1 87.2 86.8 74.6 86.3 91.3 74.1/65.0 74.2/65.1 74.1/64.9 74.2/64.6 60.3/47.5 77.5/68.6 64.5/56.0

fo mBERT-genus 73.0 73.5 73.5 74.5 68.5 72.1 71.7 54.1/39.7 53.9/39.6 54.9/40.7 54.5/40.6 47.0/30.9 52.2/36.8 48.7/34.0
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language Part-of-speech tagging Dependency parsing
code group G Ls en TA X mB R G LS en TA X mB R
fr mBERT-seen 96.5 96.4 96.5 96.3 96.8 97.2 97.7 87.3/83.6 87.1/83.7 87.3/83.6 87.4/83.9 87.6/83.8 91.9/88.8 84.3/79.4
fro mBERT-genus 63.3 64.8 66.8 66.7 62.0 66.0 64.8 60.5/40.4 60.6/40.9 62.2/43.2 61.4/42.1 57.8/37.4 62.4/42.2 50.7/31.6
ga mBERT-seen 82.5 84.6 76.1 87.7 92.3 92.3 93.7 70.4/57.5 73.9/61.5 70.8/52.3 76.5/65.5 79.7/71.2 83.3/73.6 67.4/59.0
gd mBERT-genus 49.5 54.0 49.0 55.7 59.9 57.6 76.6 47.2/22.7 49.1/25.9 48.1/23.7 48.4/25.6 52.0/30.0 49.8/26.3 59.9/41.2
gl mBERT-seen 91.5 91.8 91.9 91.8 87.4 91.7 92.7 80.1/72.8 80.8/73.6 81.2/74.1 80.8/73.7 78.6/68.8 83.5/76.3 73.8/66.0

got  mBERT-genus 34.4 34.6 38.0 37.7 42.1 34.6 34.8 29.0/13.4 34.2/13.3 32.2/13.2 31.2/11.3 31.9/12.6 34.0/12.7 27.5/9.6
gsw  mBERT-genus 64.5 65.7 70.0 68.2 65.4 62.6 52.7 54.5/39.1 63.0/44.6 63.2/46.3 64.2/47.5 62.5/46.8 56.0/38.2 38.9/23.4
gun  MAD-G-genus 41.4 40.7 37.8 38.4 31.5 39.8 34.5 30.4/10.5 31.3/10.7 26.6/9.0 27.2/9.0 25.8/7.4 29.2/9.2 23.8/8.6
gv mBERT-genus 42.2 42.4 42.0 45.8 46.3 45.2 45.2 40.6/14.9 39.8/15.1 38.7/13.2 39.8/14.5 44.2/19.6 41.6/15.4 35.5/11.1

he mBERT-seen 77.3 80.3 77.7 81.1 70.5 79.0 85.5 67.1/53.3 68.0/54.4 66.9/53.3 68.3/54.4 62.5/46.2 73.1/58.6 59.9/47.0
hi mBERT-seen 86.9 89.3 81.9 89.9 91.4 92.0 94.6 74.9/66.3 81.0/72.8 66.8/53.0 81.6/74.2 80.4/72.9 88.2/80.6 42.3/34.2
hr mBERT-seen 92.4 92.7 91.9 93.0 93.8 93.6 94.1 83.6/75.9 83.2/75.8 83.6/76.3 83.5/76.1 84.1/76.2 87.3/80.0 79.6/71.2
hsb  mBERT-genus 77.7 78.2 78.7 79.1 77.7 78.4 79.9 56.5/47.7 57.8/49.4 60.1/51.1 59.6/51.5 59.3/50.6 61.3/51.9 58.3/48.5
hu mBERT-seen  93.8 93.8 93.8 93.8 94.1 95.9 97.0 82.6/76.4 82.5/76.3 82.5/76.2 81.7/75.5 83.8/77.4 88.4/82.4 69.4/61.8
hy mBERT-seen  90.9 90.7 90.8 91.1 92.2 93.6 95.7 77.5/68.6 78.0/69.4 77.2/68.3 76.9/67.8 79.4/71.4 83.4/75.3 73.2/65.1
id mBERT-seen 88.8 88.7 88.8 88.8 89.1 88.5 89.3 81.8/62.5 81.9/62.8 81.9/62.8 81.8/62.6 82.7/63.8 82.4/63.4 67.7/49.6
is mBERT-seen  78.8 80.3 80.8 81.2 79.2 79.0 84.5 57.1/41.9 58.3/43.4 59.3/44.3 58.4/43.5 58.9/44.0 58.3/42.5 54.9/40.2
it mBERT-seen 94.1 94.1 94.7 94.6 92.0 94.7 94.8 83.7/78.4 83.4/77.9 83.9/78.7 84.1/78.8 81.5/75.4 87.2/82.1 77.3/70.3
ja mBERT-seen 92.5 92.5 92.4 92.6 93.1 95.8 96.6 81.9/77.8 82.2/78.0 81.7/77.5 81.1/77.1 82.7/78.3 91.0/87.7 83.0/78.5
kfm  mBERT-genus 43.2 43.2 40.5 41.9 41.9 51.4 41.9 40.5/20.3 37.8/21.6 40.5/18.9 37.8/18.9 29.7/14.9 28.4/14.9 17.6/9.5
Kk mBERT-seen 82.6 82.7 82.4 82.7 73.7 82.9 86.6 67.5/55.4 68.3/55.7 67.3/55.1 68.1/56.4 61.9/47.9 70.9/57.2 49.9/38.5
kmr mBERT-genus 47.7 46.2 47.1 47.1 52.1 45.4 79.9 27.3/8.8 29.3/9.5 29.2/11.3 29.9/11.1 34.2/14.7 28.5/9.9 55.9/38.6
ko mBERT-seen 87.4 87.6 87.1 87.3 88.6 93.8 95.1 74.5/68.5 74.7/68.4 74.2/68.1 74.4/68.2 75.6/69.4 84.7/79.3 58.7/51.5

koi MAD-G-genus 48.2 48.4 45.3 47.1 44.5 47.7 52.3 36.1/20.6 33.8/18.5 29.7/14.9 37.7/20.7 31.7/15.9 32.1/16.4 34.0/19.2
kpv MAD-G-seen 57.6 56.5 37.4 38.1 61.6 36.3 43.0 45.0/26.6 44.9/26.4 25.6/10.6 28.7/12.5 48.5/32.5 27.1/10.5 29.4/14.6
krl mBERT-genus 69.9 72.5 72.4 72.9 56.6 70.3 74.9 56.2/37.0 57.5/39.7 55.5/41.5 54.4/40.2 44.3/27.5 55.6/39.3 53.4/38.7

la mBERT-seen 95.4 94.7 93.6 94.9 96.1 97.5 98.1 74.3/70.1 74.5/70.3 72.1/67.0 74.1/69.5 76.6/72.6 84.1/80.8 79.4/74.5
1t mBERT-seen 83.3 84.7 85.7 86.2 82.3 84.9 90.5 69.9/56.7 72.1/59.8 73.1/61.8 73.3/60.5 72.7/59.8 74.4/60.6 64.5/52.7
Iv mBERT-seen 89.0 89.4 88.1 89.8 92.3 91.8 94.6 77.0/69.6 78.1/70.8 77.5/68.6 78.5/71.1 81.7/75.3 82.0/75.4 63.4/55.6

1zh mBERT-genus 56.1 59.8 57.1 57.5 53.3 57.8 57.4 50.8/31.4 52.5/33.5 52.5/33.0 51.7/32.5 49.0/29.5 52.9/33.2 33.1/18.3
mdf MAD-G-genus 52.6 54.4 52.2 51.9 47.0 50.3 50.4 38.8/21.5 38.7/22.9 37.5/22.5 37.3/22.1 35.3/22.3 41.7/22.5 29.0/16.2
mr mBERT-seen 85.9 83.4 81.6 84.0 68.7 81.0 86.5 59.5/41.0 59.0/44.7 57.5/43.2 61.9/42.5 45.6/27.4 59.5/42.2 38.6/28.2
mt MAD-G-seen 80.2 78.8 35.4 37.1 80.4 35.7 35.9 68.6/54.4 68.1/54.0 37.1/10.8 39.0/12.1 73.1/60.4 37.4/9.8 35.9/8.0
myu unseen-genus 26.6 28.8 29.9 27.7 21.0 22.9 354 24.4/8.1 29.5/11.8 30.3/15.5 31.7/12.9 25.8/10.0 29.2/14.0 37.6/19.6
myv MAD-G-seen 73.2 71.2 51.8 51.7 78.5 51.3 50.9 63.2/46.8 62.1/43.7 35.9/19.0 36.3/19.1 67.3/52.0 40.0/19.7 29.0/15.6
nl mBERT-seen 87.9 88.4 88.8 89.0 88.3 89.2 89.3 77.8/69.8 79.7/72.7 81.0/74.3 80.1/73.6 80.5/73.3 84.5/77.4 70.2/62.3
no mBERT-seen 88.1 88.4 88.0 88.7 89.7 89.5 92.2 78.9/72.9 80.0/73.9 80.4/74.4 79.8/73.6 80.6/75.3 83.9/77.1 67.9/58.9
nyg mBERT-genus 42.3 41.0 47.4 46.2 19.2 64.1 52.6 33.3/20.5 30.8/19.2 32.1/20.5 34.6/20.5 24.4/15.4 35.9/26.9 25.6/16.7
olo mBERT-genus 70.2 72.8 70.5 71.2 58.9 68.6 71.8 57.7/39.5 57.9/41.0 54.4/37.5 54.2/37.9 43.4/27.1 57.1/39.5 47.7/31.7
orv mBERT-genus 87.4 87.5 87.2 87.7 87.1 87.1 91.3 65.1/53.0 65.0/52.9 64.8/53.0 65.2/53.0 64.9/52.4 68.4/56.0 66.8/55.1
pcm  unseen-genus 46.3 45.8 45.9 45.7 42.4 45.2 45.7 48.8/25.9 49.3/26.5 49.8/26.5 50.4/26.7 45.0/20.6 50.3/26.3 35.9/16.5

pl mBERT-seen 86.3 88.3 89.2 89.8 90.2 90.7 92.5 75.5/64.4 79.8/68.3 83.2/73.5 83.5/73.2 84.2/73.7 87.3/77.0 72.2/61.6
pt mBERT-seen 90.4 90.9 90.4 90.3 88.7 90.6 91.0 79.9/70.7 80.8/71.8 80.9/71.9 81.2/72.0 79.8/69.6 83.9/74.5 76.2/66.5
ro mBERT-seen 87.0 88.5 88.2 88.8 84.9 89.6 91.6 79.6/67.0 80.8/67.8 80.8/68.6 81.4/69.3 77.6/64.2 83.5/70.5 77.3/64.4
ru mBERT-seen 88.6 88.9 88.7 89.2 84.8 90.3 92.6 82.6/75.2 82.5/74.9 82.8/75.3 82.4/75.0 80.9/73.2 87.6/80.3 72.4/64.3
sa mBERT-genus 49.6 48.7 50.6 49.9 45.1 44.1 63.0 28.4/18.3 42.4/19.6 39.8/22.0 43.8/19.6 42.3/17.1 45.6/19.6 30.9/17.5
sk mBERT-seen 92.9 93.3 92.1 94.1 94.5 94.4 95.3 87.7/82.4 88.4/83.6 87.7/82.5 88.6/84.1 88.9/84.5 90.8/86.4 72.9/66.3
sl mBERT-seen 89.1 90.1 90.1 90.6 83.0 90.6 93.1 84.1/75.4 84.2/75.8 84.8/76.5 85.5/77.0 78.7/66.4 87.6/79.1 81.1/71.2

sme MAD-G-seen 73.8 72.8 48.1 48.5 79.2 47.9 45.7 54.8/40.4 53.1/38.4 28.6/13.3 28.5/12.0 57.5/45.7 28.6/12.5 26.3/11.1
sms MAD-G-genus 37.4 41.8 34.9 36.3 46.8 36.5 45.8 29.4/13.6 28.1/12.6 24.7/10.8 30.7/13.5 30.0/16.0 26.8/11.1 32.8/15.6
s0j mBERT-genus 52.7 45.5 47.3 47.3 52.7 56.4 43.6 27.3/12.7 34.5/20.0 38.2/23.6 30.9/18.2 50.9/34.5 29.1/18.2 18.2/14.5

sq mBERT-seen 82.5 83.6 81.8 82.2 73.0 82.2 87.2 87.4/72.7 86.4/71.6 86.9/72.0 88.7/74.7 77.4/59.1 89.9/76.5 70.3/52.8
sr mBERT-seen 92.9 93.3 93.0 93.6 95.1 94.9 94.1 84.5/77.1 84.0/76.6 84.4/77.5 84.2/76.9 85.2/77.4 87.8/79.7 81.1/72.3
sv mBERT-seen 91.5 91.6 91.5 91.3 91.9 92.0 95.1 79.1/72.5 78.6/72.3 79.0/72.4 78.7/72.2 79.5/73.2 81.7/75.0 71.8/63.6
ta mBERT-seen 64.4 64.9 63.7 66.2 38.9 66.3 74.2 55.8/39.6 57.0/39.1 55.9/38.9 56.4/38.4 36.8/20.0 61.6/41.2 56.3/39.3
te mBERT-seen 80.9 81.8 81.7 82.0 59.1 81.6 86.0 82.2/66.9 82.8/67.1 82.5/67.8 83.8/66.2 63.7/48.0 82.9/67.8 59.9/45.2

th mBERT-seen 51.4 50.4 50.6 51.4 38.0 55.5 71.9 52.6/27.8 53.0/26.3 53.1/28.3 52.7/26.7 50.4/26.0 56.3/29.1 64.6/43.1
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language Part-of-speech tagging Dependency parsing

code group G LS en TA X mB R G LS en TA X mB R

tl mBERT-seen 73.8 73.6 74.1 74.4 67.0 67.0 76.0 81.1/54.1 80.7/54.2 75.6/51.2 78.2/53.7 68.8/41.8 80.9/54.1 47.4/29.7
tr mBERT-seen 83.6 84.1 83.6 83.6 86.2 83.6 88.1 76.1/64.7 76.6/65.0 76.1/64.4 76.3/64.1 77.7/67.4 78.5/66.2 48.3/37.2
ug MAD-G-seen 67.8 68.8 38.5 53.1 68.4 39.2 80.5 43.1/27.7 42.6/27.4 24.5/11.9 34.4/20.3 48.2/32.9 30.7/16.0 59.3/44.7
uk mBERT-seen 89.8 90.6 89.9 90.9 91.9 92.2 93.2 81.2/73.5 81.7/74.3 81.6/74.0 81.5/74.1 82.2/74.9 86.3/79.2 77.3/68.9
ur mBERT-seen 74.0 80.7 76.4 83.7 77.9 83.3 89.5 41.6/29.9 62.7/51.8 54.5/40.6 65.8/54.3 61.1/50.3 74.2/62.4 52.3/43.1
vi mBERT-seen 86.9 87.3 86.9 87.4 88.8 90.0 92.8 68.2/58.7 68.4/58.9 68.1/58.8 68.3/58.8 68.8/59.5 72.7/63.4 35.0/26.2

wbp unseen-genus 38.2 38.2 44.3 39.2 40.1 36.9 47.1 21.3/8.6 25.2/10.2 15.6/6.4 21.3/8.3 14.3/6.7 21.7/7.6 14.3/7.6
wo unseen-genus 40.6 39.4 42.6 41.9 41.4 39.8 38.1 37.0/11.8 39.5/12.5 37.2/13.4 37.5/12.7 36.5/11.1 38.5/12.2 31.6/9.5

yo mBERT-seen 69.3 65.4 60.4 61.2 56.2 53.9 29.2 51.9/33.8 52.4/32.4 48.7/29.5 48.1/28.9 44.5/24.1 45.6/23.5 20.6/5.4
yue mBERT-genus 73.2 73.0 72.2 69.7 72.0 74.7 81.7 47.7/31.4 48.1/31.8 47.5/31.0 47.0/30.3 49.0/31.9 50.5/33.7 42.5/26.3
zh mBERT-seen 91.0 91.0 90.9 90.9 91.5 94.7 95.3 74.2/68.6 74.4/68.6 74.1/68.2 73.8/68.4 74.8/69.1 83.6/79.0 73.8/67.4

A.2.3 Fine-tuning M AD-G-Initialised Adapters

Table A.5 POS tagging accuracy scores on unseen languages when MAD-G-initialised
(MAD-G-ft) or randomly initialised (rand-ft) language adapters are fine-tuned by MLM-
ing on varying amounts of unlabelled text, specifically 1,000, 3,000, 10,000, 30,000 or
100,000 tokens.

1,000 3,000 10,000 30,000 100,000

language MAD-G-ft rand-ft MAD-G-ft rand-ft MAD-G-ft rand-ft MAD-G-ft rand-ft MAD-G-ft rand-ft

bam 31.9 31.7 31.8 27.9 31.4 30.8 31.7 30.8 32.7 31.8
bho 63.2 62.0 65.3 62.8 67.0 66.5 68.1 68.4 - -
cu 36.3 40.0 41.3 37.2 42.3 41.2 44.5 43.5 - -
fo 75.3 75.0 79.7 78.0 81.7 81.0 84.5 83.3 86.6 86.4
gd 54.3 56.0 57.5 54.9 60.6 58.1 64.5 64.1 67.3 67.9
got 32.3 33.7 34.9 36.1 33.8 33.0 - - - -
gv 50.4 45.6 52.0 47.2 61.3 58.7 68.8 65.8 74.1 74.2
hsb 79.5 80.1 81.3 81.9 86.0 85.8 87.9 87.6 89.7 88.8
koi 53.0 51.6 56.4 52.4 59.5 54.1 60.9 56.7 - -
mdf 55.8 53.3 60.9 57.9 66.1 61.2 - - - -
olo 71.8 71.8 74.9 74.9 77.8 78.7 80.2 79.9 82.5 83.1
sa 55.9 53.1 56.1 57.7 57.9 58.9 62.6 61.3 65.3 66.8
wo 43.4 47.4 45.4 48.4 55.0 56.1 62.6 60.3 69.8 69.8

yue 73.7 71.2 72.8 72.2 71.8 72.2 71.6 70.5 73.7 72.5
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Table A.6 Dependency parsing unlabelled /labelled attachment scores on unseen languages
when MAD-G-initialised (MAD-G-ft) or randomly initialised (rand-ft) language adapters
are fine-tuned by MLMing on varying amounts of unlabelled text, specifically 1,000,
3,000, 10,000, 30,000 or 100,000 tokens.

1,000 3,000 10,000 30,000 100,000

language MAD-G-ft rand-ft MAD-G-ft rand-ft MAD-G-ft rand-ft MAD-G-ft rand-ft MAD-G-ft rand-ft

bam 32.1/8.7 29.1/7.8 31.3/82 29.0/4.8 31.4/84 29.7/7.8 31.1/9.0 29.3/7.8 31.0/9.3 28.9/5.5
bho 44.8/27.6 38.6/24.1 43.7/27.4 41.1/24.9 42.7/27.6 42.1/25.3 44.4/28.0 41.0/23.3  -/- -/-
cu 34.0/16.9 35.6/18.8 34.8/18.2 35.5/19.2 35.9/18.7 35.7/18.6 37.8/20.0 36.9/19.2  -/- -/-
fo 55.9/41.8 54.4/39.8 58.6/45.1 54.6/40.5 60.3/47.4 58.2/45.2 61.9/49.0 57.8/45.4 62.8/50.9 56.7/44.7
gd 50.5/25.9 45.2/22.4 51.7/27.4 48.8/24.5 55.0/31.9 52.2/28.2 59.8/37.0 53.3/29.4 61.0/40.8 53.7/32.3
got 29.7/13.2 23.8/14.1 29.6/13.7 27.0/7.4 29.5/14.0 27.5/6.9  -/- -/- -/- -/-
gv 42.7/19.8 36.8/13.3 44.6/22.3 38.0/16.5 51.4/31.6 45.0/25.4 53.2/36.7 47.1/30.4 57.1/41.9 50.5/35.0
hsb 61.4/51.2 60.2/49.8 66.2/55.5 63.6/53.3 71.3/61.1 64.3/54.4 73.8/64.4 69.6/60.6 75.7/67.2 71.3/62.8
koi 41.7/25.5 34.1/19.2 40.6/25.0 33.6/19.3 43.0/28.1 37.3/20.4 43.5/29.2 37.1/24.4  -/- -/-
mdf 41.2/25.0 33.3/23.2 46.4/30.2 42.1/26.8 50.7/36.1 48.2/32.4  -/- -/- -/- -/-
olo 61.7/43.9 56.9/40.9 63.4/46.1 61.6/43.8 66.8/50.9 60.1/43.4 68.1/54.7 65.5/51.4 69.8/56.5 64.3/50.5
sa 37.5/20.8 40.8/24.4 41.9/23.2 43.7/24.7 42.9/25.0 46.6/27.1 47.6/29.9 48.3/29.1 48.0/30.3 48.9/31.9
wo 37.6/12.5 34.8/13.3 40.4/14.5 39.3/16.2 44.3/19.1 42.8/19.6 49.9/24.9 51.8/25.4 55.0/31.9 53.0/29.5

yue 48.2/31.9 43.4/28.0 47.9/31.6 44.3/28.3 47.2/30.9 43.8/28.1 46.4/31.6 44.6/29.2 47.2/31.8 45.7/30.4




Appendix B

Composable Sparse Fine-Tuning for

Cross-Lingual Transfer

B.1 Languages

Table B.1 Details of the languages and data used for training and evaluation of SFTs
and bottleneck adapters. The corpora of Bustamante et al. (2020) are available at
https://github.com /iapucp/multilingual-data-peru; all other NLI corpora mentioned
are available at https://github.com/AmericasNLP /americasnlp2021. * denotes source
languages for multi-source DP training; T denotes source languages for multi-source NLI
training; * denotes source languages for multi-source QA training. English is the source
language in all single-source task training experiments.

Task Language ISO Family UD Tree- Corpus source(s)
Code bank

Arabich ¥ ar Afro-Asiatic, Semitic

Basque* eu Basque BDT

Bulgarian® bg Indo-European, Slavic

Chinese® ¥ zh Sino-Tibetan

Czech* cs Indo-European, Slavic PDT

English* %, en Indo-European, Germanic EWT

Estonian* et Uralic, Finnic EDT

French*:f fr Indo-European, Romance GSD

German'# de Indo-European, Germanic

Greek* el Indo-European, Greek GDT . X
Source o R R Wikipedia

Hindi* ¥ hi Indo-European, Indic HDTB

Korean* ko Korean GSD

Persian™ fa Indo-European, Iranian PerDT

Russiant ru Indo-European, Slavic

Spanish’#

Indo-European, Romance


https://github.com/iapucp/multilingual-data-peru
https://github.com/AmericasNLP/americasnlp2021
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Task Language ISO Family UD Tree- Corpus source(s)
Code bank
Swahilit swa Niger-Congo, Bantoid
Thaif th Tai-Kadai, Kam-Thai
Turkish* tr Turkic, Southwestern BOUN
Urdut ur Indo-European, Indic
Vietnamese* ¥ vi Austro-Asiatic, Viet- VTB
Muong
Arabic ar Afro-Asiatic, Semitic PUD
Bambara bm Mande CRB
Buryat bxr Mongolic BDT
Cantonese yue Sino-Tibetan HK
Chinese zh Sino-Tibetan GSD
Erzya myv  Uralic, Mordvin JR
Faroese fo Indo-European, Germanic FarPaHC
Japanese ja Japanese GSD Wikipedia

POS/DP Livvi olo Uralic, Finnic KKPP
Maltese mt Afro-Asiatic, Semitic MUDT
Manx gv Indo-European, Celtic Cadhan
North Sami sme Uralic, Sami Giella
Komi Zyrian  kpv Uralic, Permic Lattice
Sanskrit sa Indo-European, Indic UFAL
Upper Sorbian hsb Indo-European, Slavic UFAL
Uyghur ug Turkic, Southeastern UDT
Hausa hau Afro-Asiatic, Chadic Wikipedia
Igbo ibo Niger-Congo, Volta-Niger Wikipedia
Kinyarwanda  kin Niger-Congo, Bantu Wikipedia
Luganda lug Niger-Congo, Bantu Wikipedia

NER Luo luo Nilo-Saharan N/A Luo News Dataset (Adelani et al., 2021)
Nigerian- pcm  English Creole JW300 (Agi¢ and Vulié, 2019)
Pidgin
Swahili swa  Niger-Congo, Bantu Wikipedia
Wolof wol Niger-Congo, Senegambian Wikipedia
Yoruba yor Niger-Congo, Volta-Niger Wikipedia
Aymara aym  Aymaran Tiedemann (2012); Wikipedia
Ashaninka cni Arawakan Ortega et al. (2020); Cushimariano Romano

and Sebastidn Q. (2008); Mihas (2011); Bus-
tamante et al. (2020)

NLI Bribri bzd  Chibchan, Talamanca N/A Feldman and Coto-Solano (2020)
Guarani gn Tupian, Tupi-Guarani Chiruzzo et al. (2020); Wikipedia
Nahuatl nah Uto-Aztecan, Aztecan Gutierrez-Vasques et al. (2016); Wikipedia
Otomi oto Oto-Manguean, Otomian Hndhnu Online Corpus
Quechua quy Quechuan Agi¢ and Vuli¢ (2019); Wikipedia
Rardmuri tar Uto-Aztecan, Tarahu- Brambila (1976)

maran
Shipibo- shp Panoan Galarreta et al. (2017); Bustamante et al.
Konibo (2020)
Wixarika hch  Uto-Aztecan, Corachol Mager et al. (2018)
Greek el Indo-European, Greek
Romanian ro Indo-European, Romance
QA Russian ru Indo-European, Slavic N/A Wikipedia


https://github.com/Pogayo/Luo-News-Dataset
https://tsunkua.elotl.mx/about/
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Task Language ISO Family UD Tree- Corpus source(s)
Code bank
Thai th Tai-Kadai, Kam-Tai
Turkish tr Turkic, Southwestern

B.2 Full Results

LT-SFT rand-SFT MAD-X BitFit LT-SFT TA MAD-X TA

LT-SFT rand-SFT  MAD-X BitFit LT-SFT TA MAD-X TA LT-SFT MS

:n gi‘g ggg g(l)'é i?‘? ;Z‘g 22'28 ar |70.8/53.6 68.7/51.6 69.5/51.5 64.0/48.6 68.7/53.0 68.6/52.3| 81.5/69.8
bxr | 73.2 14 719 642 =95 620 bm [43.1/16.5 39.3/14.8 39.1/13.6 33.3/8.1 30.0/7.8 29.9/6.8 | 46.4/20.6
: - - : o : bxr |49.2/25.9 48.3/24.1 48.3/24.0 44.9/19.7 40.7/17.3 41.0/18.0| 60.2/35.4
fo 87.9 86.5 857 77.3 729 741 fo |68.2/55.5 65.7/53.1 66.3/52.5 57.7/43.4 54.3/39.8 53.6/38.5| 67.2/55.6
gv | 72.0 684 669 443 35.4 37.5 gv | 60.0/42.4 59.0/39.1 61.2/37.0 43.3/14.7 28.1/5.0 26.4/5.4 | 66.1/52.0
hsb | 83.1 82.4 8L8  77.2 69.2 69.6 hsb | 73.7/60.5 72.1/58.7 72.1/61.1 61.7/47.7 55.4/42.1 53.5/40.9| 87.0/79.5
ja 53.9 54.3 511 539 54.1 51.2 ja 36.9/19.7 34.8/18.9 33.0/18.9 34.4/18.8 36.0/19.3 33.8/18.3| 44.0/26.9
kpv | 61.8 56.0 58.5  39.6 37.1 35.8 kpv |50.5/27.2 45.1/20.7 47.3/22.6 35.8/11.3 24.7/7.5 25.4/7.1 | 57.1/35.9
mt | 80.6 77.6 737 53.6 32.6 30.9 mt |74.6/55.4 68.9/48.8 69.4/50.8 51.0/25.0 29.2/5.7 28.9/5.0 | 81.0/67.9
myv| 80.3 715 75.6  54.7 45.7 48.5 myv |65.9/45.3 59.8/36.3 59.6/35.7 42.2/17.2 32.1/11.7 30.3/10.4| 73.8/57.4
olo 82.3 81.7 79.7 73.1 62.2 63.4 olo [66.4/47.8 64.5/43.1 60.9/42.0 52.4/29.3 42.2/20.0 42.5/18.3| 74.9/62.4
s | 65.3 63.2 60.9 503 39.8 45.0 sa 49.5;25.2 48.9?20.8 46.8;19.5 42.8?13.9 32.5?8.7 36.0?9.9 62.1?39.5
i ) . sme |58.0/42.1 49.9/29.6 50.6/29.0 31.7/10.7 23.2/7.0 22.3/6.6 | 63.4/50.7
;’“e ZS'? gg"; Zig Zg‘g gi‘g gg‘g ug | 36.4/16.7 37.3/15.8 42.1/19.2 35.3/13.5 21.9/7.7 23.5/8.4 | 56.3/35.9
& | o : : : : > yue |51.1/34.0 48.7/31.2 48.8/31.8 44.5/27.0 47.4/30.0 47.0/29.4| 52.1/36.3
yue | 66.8 656  66.8 662 64.5 64.1 zh | 59.8/37.0 58.2/35.6 58.5/37.2 55.9/33.7 58.4/36.3 59.1/36.9| 55.3/35.9

zh | 67.5 68.0 67.6  69.2 65.9 67.6
— 02 e — — avg |57.1/37.8 54.3/33.9 54.6/34.1 45.7/23.9 39.1/19.9 38.9/19.5| 64.3/47.6

avg . . . . . .

(a) POS accuracy (%) (b) DP UAS/LAS

LT-SFT MAD-X BitFit LT-SFT TA MAD-X TA LT-SFT M
LT-SFT MAD-X BitFit LT-SFT TA MAD-X TA S 1L S SFT 1S

aym| 57.9 516 408 383 40.7 59.9
ﬁ?;l gz:‘;’ ?‘Z’:‘; ggg gg:g gig bed | 44.4 440 367 371 38.3 16.3
po | B L ake e oy ni | 47.9 476 345 409 441 50.3
b | 679 610 09 538 o an | 63.5 588 464 448 3.3 69.1
Nl IO o heh | 42.9 415 363 384 0.7 44.4
com| 746 1 o8  7ad o nah | 527 53.7 388 416 1442 53.8
D e 6 o4 top foe oto | 48.5 468 398  39.7 40.8 43.3
wol | 66.3 656 450  37.1 2.8 quy | 62.0 583 345 - 383 415 68.4
vor | 748 700 617 693 o shp | 50.3 489 388 421 444 53.2

tar | 435 43.9 367 376 38.8 2.5
avg | T1.T 699 549 55-3 b2.4 avg | 51.4 495 383 39.9 41.7 53.1

() NER Fl-score (d) NLI accuracy (%)

Table B.2 Results achieved by various zero-shot cross-lingual transfer methods across
all tasks for each language. For each (method, task) pair, the (equivalent) reduction
factor with the best mean score is selected as shown in Table 4.2. LT-SFT MS denotes
LT-SFT with multi-source training. Bold denotes best-performing method per language,
excluding LT-SFT MS as its larger, more diverse dataset gives it an unfair advantage.

B.3 MAD-X Results with AdapterHub adapters
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(c) Named Entity Recognition (NER)
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Fig. B.1 Zero-shot cross-lingual transfer evaluation of Lottery-Ticket Sparse Fine-Tuning
(LT-SFT) and MAD-X when pre-trained language adapters from AdapterHub (Pfeiffer
et al., 2020a) are used during task training and evaluation. These adapters are trained
for 250,000 steps with a batch size of 64, as opposed to the 100,000 steps of batch size 8
used in our experiments. LT-SF'T nevertheless maintains an edge in performance across
all tasks. Since AdapterHub adapters are only available for some of the languages in our

evaluation, the results shown are averaged over only the languages for which they are
available, indicated in the subfigure captions.



Appendix C

Distilling Efficient Language-Specific

Models for Cross-Lingual Transfer

C.1 Languages

Table C.1 Details of the languages and data used for training and evaluation of SFTs.
The corpora of Bustamante et al. (2020) are available at https://github.com/iapucp/
multilingual-data-peru; all other NLI corpora mentioned are available at https://github.
com/AmericasNLP /americasnlp2021.

Task Language ISO Family UD Tree- Corpus source(s)
Code bank
Source  English en Indo-European, Germanic EWT Wikipedia
Arabic ar Afro-Asiatic, Semitic PUD
Bambara bm Mande CRB
Buryat bxr Mongolic BDT
Cantonese yue Sino-Tibetan HK
Chinese zh Sino-Tibetan GSD
Erzya myv  Uralic, Mordvin JR
Faroese fo Indo-European, Germanic FarPaHC
thmpa.nese ja Japa.nese. . GSD Wikipedia
DP Livvi olo Uralic, Finnic KKPP
Maltese mt Afro-Asiatic, Semitic MUDT
Manx gv Indo-European, Celtic Cadhan
North Sami sme  Uralic, Sami Giella
Komi Zyrian  kpv Uralic, Permic Lattice
Sanskrit sa Indo-European, Indic UFAL
Upper Sorbian hsb Indo-European, Slavic UFAL


https://github.com/iapucp/multilingual-data-peru
https://github.com/iapucp/multilingual-data-peru
https://github.com/AmericasNLP/americasnlp2021
https://github.com/AmericasNLP/americasnlp2021
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Task Language ISO Family UD Tree- Corpus source(s)
Code bank
Uyghur ug Turkic, Southeastern uDT
Hausa hau Afro-Asiatic, Chadic Wikipedia
Igbo ibo Niger-Congo, Volta-Niger Wikipedia
Kinyarwanda kin Niger-Congo, Bantu Wikipedia
Luganda lug Niger-Congo, Bantu Wikipedia
NER Luo luo Nilo-Saharan N/A Luo News Dataset (Adelani et al., 2021)
Nigerian- pcm  English Creole JW300 (Agi¢ and Vuli¢, 2019)
Pidgin
Swahili swa Niger-Congo, Bantu Wikipedia
Wolof wol Niger-Congo, Senegambian Wikipedia
Yoruba yor Niger-Congo, Volta-Niger Wikipedia
Aymara aym  Aymaran Tiedemann (2012); Wikipedia
Ashéaninka cni Arawakan Ortega et al. (2020); Cushimariano Romano
and Sebastidn Q. (2008); Mihas (2011); Bus-
tamante et al. (2020)
NLI Bribri bzd Chibchan, Talamanca N/A Feldman and Coto-Solano (2020)
Guarani gn Tupian, Tupi-Guarani Chiruzzo et al. (2020); Wikipedia
Nahuatl nah Uto-Aztecan, Aztecan Gutierrez-Vasques et al. (2016); Wikipedia
Otomi oto Oto-Manguean, Otomian Hnéahnu Online Corpus
Quechua quy Quechuan Agié¢ and Vuli¢ (2019); Wikipedia
Raramuri tar Uto-Aztecan, Tarahu- Brambila (1976)
maran
Shipibo- shp Panoan Galarreta et al. (2017); Bustamante et al.
Konibo (2020)
Wixarika hch  Uto-Aztecan, Corachol Mager et al. (2018)
Arabic ar Afro-Asiatic, Semitic
Chinese zh Sino-Tibetan
German de Indo-European, Germanic
Greek el Indo-European, Greek
Hindi hi Indo-European, Indic
QA Romanian ro Indo-European, Romance N/A Wikipedia
Russian ru Indo-European, Slavic
Thai th Tai-Kadai, Kam-Tai
Turkish tr Turkic, Southwestern
Vietnamese vi Austro-Asiatic, Viet-

Muong



https://github.com/Pogayo/Luo-News-Dataset
https://tsunkua.elotl.mx/about/
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ar bm bxr fo gv hsb ja kpv mt myv olo sa sme ug yue zh avg avgA

LtSft 70.8 43.1 49.2 68.2 60.0 73.7 36.9 50.5 74.6 659 66.4 49.5 58.0 36.4 51.1 59.8|57.1 -
DistilmBert 65.7 34.4 423 63.0 52.8 67.6 32.1 422 654 58.6 59.6 44.1 51.2 29.2 47.0 56.1|50.7 -6.4
Scratch, 1rf = 2 385 26.6 24.8 449 354 335 186 234 429 31.5 30.2 23.0 26.1 12.3 30.8 35.6|29.9 -27.2
BiStil-ST, 1lrf = 2|68.0 41.6 45.7 66.3 56.6 70.9 34.1 48.2 71.0 64.5 64.3 489 57.6 34.5 49.4 56.7|54.9 -2.2
BiStil-ST, 1rf = 3|65.5 42.5 459 64.1 52.7 68.1 33.2 46.5 68.0 62.0 61.5 46.9 55.1 32.4 48.6 55.3|53.0 -4.1
BiStil-TF, 1lrf = 2|70.3 434 46.8 67.1 57.7 72.4 34.5 47.6 72.7 64.2 62.6 50.5 57.4 32.3 49.8 58.6|55.5 -1.6
BiStil-TF, 1lrf = 3|67.0 43.9 47.6 65.1 54.2 70.0 33.4 44.2 69.7 62.3 61.8 49.2 55.1 33.3 48.9 56.5|53.9 -3.3

Table C.2 DP UAS score for main experiments.

ar de el es hi ro ru th tr vi zh avg avgA

LtSft 73.0 80.5 78.6 80.6 743 824 77.8 69.7 722 765 689|759 -
MiniLMv2 66.4 75.5 724 76.6 69.6 783 74.0 63.8 67.6 73.3 64.6|71.1 -4.8
BiStil-TF, 1rf = 2|69.4 77.4 73.8 77.6 69.7 79.1 75.0 66.7 68.8 72.8 64.5|72.3 -3.6
BiStil-TF, 1lrf = 3|62.4 70.7 63.3 74.7 61.4 734 68.7 54.3 62.9 63.0 60.4|65.0 -10.9

Table C.3 XQuAD F1 score for main experiments.






Appendix D

A Holistic View of Cross-Lingual

Transfer

D.1 Languages

The complete overview of languages, their codes and families, together with the monolin-

gual data sizes and resources is provided in Table D.1. The sizes and resources for the

parallel corpora used in the MT model adaptation are given in Table D.2.

Table D.1 Details of the languages and monolingual data used for training and evaluation
of SFTs and adapters. The corpora of Bustamante et al. (2020) are available at https://
github.com /iapucp/multilingual-data-peru; all other NLI corpora mentioned are available
at https://github.com/AmericasNLP /americasnlp2021; all the SA corpora (Cahyawijaya

et al., 2022) are available through https://indonlp.github.io/nusa-catalogue/.

Task Language Code Family Corpus Corpus source(s)
size (MB)
English en Indo-European, Germanic 300,800 o .
Source . X . Wikipedia
Indonesian  id Austronesian, Malayo- 148,300
Sumbawan
Aymara aym  Aymaran 2.3 Tiedemann (2012); Wikipedia
Ashaninka  cni Arawakan 1.4 Ortega et al. (2020); Cushimariano Romano
and Sebastidn Q. (2008); Mihas (2011); Bus-
tamante et al. (2020)
NLI Bribri bzd  Chibchan, Talamanca 0.3 Feldman and Coto-Solano (2020)
Guarani gn Tupian, Tupi-Guarani 6.9 Chiruzzo et al. (2020); Wikipedia
Nahuatl nah Uto-Aztecan, Aztecan 8.1 Gutierrez-Vasques et al. (2016); Wikipedia
Otomi oto Oto-Manguean, Otomian 0.4 Hiidhnu Online Corpus
Quechua quy  Quechuan 17 Agi¢ and Vulié (2019); Wikipedia
Rardmuri  tar Uto-Aztecan, Tarahu- 0.6 Brambila (1976)
maran
Shipibo- shp Panoan 2.1 Galarreta et al. (2017); Bustamante et al.
Konibo (2020)


https://github.com/iapucp/multilingual-data-peru
https://github.com/iapucp/multilingual-data-peru
https://github.com/AmericasNLP/americasnlp2021
https://indonlp.github.io/nusa-catalogue/
https://tsunkua.elotl.mx/about/
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Task Language Code Family Corpus Corpus source(s)
size (MB)
Wixarika hch  Uto-Aztecan, Corachol 0.5 Mager et al. (2018)
Acehnese ace Austronesian, Malayo- 90 KoPI-NLLB (Cahyawijaya et al., 2022);
Sumbawan LibriVox-Indonesia  (Wirawan, 2022);
NLLB-Seed (NLLB Team et al., 2022);
Wikipedia
SA Balinese ban Austronesian, Malayo- 42 INDspeech_ NEWS__ EthnicSR (Sakti and
Sumbawan Nakamura, 2013), KoPI-NLLB (Cahyaw-
ijaya et al., 2022); LibriVox-Indonesia
(Wirawan, 2022); NLLB-Seed (NLLB Team
et al., 2022); Wikipedia
Banjarese bjn Austronesian, Malayo- 28 KoPI-NLLB (Cahyawijaya et al., 2022); Ko-
Sumbawan rpus Nusantara (Sujaini, 2020); NLLB-Seed
(NLLB Team et al., 2022); Wikipedia
Buginese bug Austronesian, South Su- 4.3 Korpus Nusantara (Sujaini,  2020);
lawesi LibriVox-Indonesia  (Wirawan, 2022);
NLLB-Seed (NLLB Team et al., 2022);
Wikipedia
Javanese jav Austronesian, Javanese 200 Wikipedia
Madurese mad  Austronesian, Malayo- 0.8 Korpus Nusantara  (Sujaini,  2020);
Sumbawan Wikipedia
Minangkabaumin  Austronesian, Malayo- 93 Indo Wiki Parallel Corpora (Trisedya and
Sumbawan Inastra, 2014); KoPI-NLLB (Cahyawijaya
et al., 2022); Korpus Nusantara (Sujaini,
2020); LibriVox-Indonesia (Wirawan, 2022);
MinangNLP MT (Koto and Koto, 2020);
Wikipedia
Ngaju nij Austronesian, Barito - -
Sundanese  sun Austronesian, Malayo- 100 Wikipedia
Sumbawan
Toba Batak bbc Austronesian, Northwest 0.4 Korpus Nusantara (Sujaini, 2020)

Sumatra-Barrier Islands

Target Language Source Language Corpus size (#sent) Corpus source(s)

Bribri Spanish 8,502 Feldman and Coto-Solano (2020)

Nahuatl Spanish 16,733 Gutierrez-Vasques et al. (2016)

Otomi Spanish 5,488 Hndhnau Online Corpus

Raramuri Spanish 15,714 Brambila (1976)

Shipibo-Konibo Spanish 15,586 Galarreta et al. (2017); Bustamante et al. (2020)
Wixarika Spanish 9,960 Mager et al. (2018)

Madurese Indonesian 629

Ngaju Indonesian 629 Winata et al. (2023)

Toba Batak Indonesian 629

Table D.2 Details of the parallel corpora used for NLLB MT model adaptation. #sent =

number of sentences in train + dev set.
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D.2 Ablation Experiments

We present per language results of our ablation experiments in Table D.3. The summarised

results are given in Table 6.3.

(a) AmericasNLI: accuracy

Method AYM BZD  CNI GN HCH NAH OTO QUY SHP TAR avg
7S 53.0 42.8 44.8 59.6 40.3 50.8 41.2 55.2 50.0 40.0 47.77
- ZS — LA 40.1 36.9 42.0 429 39.6 427 41.8 408 43.2 35.7 40.57
E FS 55.2 47.1 47.7 583 40.7 558 459 59.7 52.9 475 51.08
% FS - LA 43.3 42.8 45.7 485 423 46.3 43.7 464 472 42.0 44.82
A FS - UPSAMPLE 50.3 45.5 46.8 58.3 40.3 489 46.4 56.3 46.0 43.9 48.27
< TTRAIN-ALL 63.3 60.5 56.1 66.1 52.1 60.4 424 64.9 63.3 55.3 58.44
TTRAIN-ALL - LA 60.1 583 503 60.7 507 556 44.7 60.8 57.1 56.7 55.50
A 58.4 44.7 476 62.2 444 508 464 604 49.5 43.1 50.75
ZS — LA 35.7 387 373 39.1 383 41.3 377 36.3 40.9 36.8 38.21
- FS 59.2 587 532 639 459 546 49.1 61.2 53.1 51.2 55.01
. FS - LA 53.3 54.9 476 489 429 53.8 455 53.3 46.5 48.4 49.51
1 FS - UPSAMPLE 59.1 51.2 50.3 63.9 429 527 481 62.8 50.1 44.9 52.60
TTRAIN-ALL 65.5 61.9 56.7 70.5 55.5 62.2 426 68.5 66.0 58.7 60.81
TTRAIN-ALL — LA 63.6 60.7 480 656 54.7 57.3 46.9 63.6 627 557 57.88
(b) NusaX: F1
Method ACE BAN BBC BJN BUG JAV MAD MIN NIJ SUN avg
7S 749 780 723 776 576 829 685 79.9 - 80.5 74.69
~ ZS — LA 68.0 70.8 376 783 319 809 63.5 779 66.9 78.0 6538
E FS 79.1 80.5 772 86.0 720 850 77.5 84.8 - 83.7 80.64
% FS - LA 74.7 735 643 796 61.7 823 740 81.5 70.9 77.8 74.03
A FS - UPSAMPLE 76.5 784 719 80.6 64.5 825 74.6 80.1 - 81.9 76.78
< TTRAIN-ALL 79.6 82.3 81.0 85.0 68.1 86.2 78.8 83.3 - 85.7 81.11
TTRAIN-ALL - LA 785 76.5 73.1 832 676 827 778 820 774 795 77.83
7S 80.0 &81.3 65.8 82.0 63.8 843 73.5 86.6 — 84.4 T77.97
7ZS — LA 72.8 723 473 79.3 477 822 719 814 703 79.1 7043
- FS 82.2 84.1 80.6 88.3 77.7 88.0 786 89.2 - 85.1 83.76
. FS - LA 789 762 686 81.1 71.0 863 782 84.0 76.0 829 7832
1 FS - UPSAMPLE 82.7 84.5 795 879 747 86.5 T80 87.8 - 87.0 83.18
TTRAIN-ALL 83.4 824 82.7 84.6 76.8 864 81.6 874 85.2 83.39

TTRAIN-ALL - LA 789 81.0 751 830 671 862 79.7 828 177.6 825 79.39

Table D.3 Per-language results of ablation experiments with ZS, F'S, and TTRAIN-ALL
methods on NLI and SA with bottleneck adapters and SF'Ts: — LA denotes the absence
of language adaptation (i.e. only the task module is present), while — UPSAMPLE
indicates there is no upsampling of the gold-standard target shots.
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D.3 Full Results with Different Number of Shots K

Here we give full results with different numbers of gold-standard target shots K, where
K € {0,20,100,500}. The setting K = 0 corresponds to the ZS approach, while the rest
of the values fall within F'S. The results are shown in Table D.4, with their summary

given in Figure 6.1.

(a) AmericasNLI: accuracy

Method AYM BZD CNI GN HCH NAH OTO QUY SHP TAR avg
= 7S (K =0) 53.0 42.8 44.8 59.6 40.3 50.8 41.2 552 50.0 40.0 47.77
£ FS(K=20) 504 433 460 56.9 399 504 432 583 505 44.0 48.29
= FS (K =100) 552 47.1 477 583 40.7 55.8 459 59.7 529 475 51.08
< FS (K =500) 57.2 54.0 53.7 61.6 45.1 551 48.0 59.1 54.7 50.5 53.90
ZS (K =0) 58.4 44.7 476 622 444 508 464 604 495 43.1 50.75
H FS (K =20) 579 487 464 59.9 443 51.5 48.7 61.2 51.1 43.7 51.34
5= FS (K =100) 59.2 587 532 639 459 546 491 61.2 53.1 51.2 55.01
FS (K = 500) 61.1 59.5 55.7 65.6 48.7 58.9 52.5 64.4 61.5 54.1 58.20
(b) NusaX: F1
Method ACE BAN BBC BJN BUG JAV MAD MIN SUN avg
& ZS (K =0) 749 78.0 723 776 57.6 829 685 79.9 80.5 74.69
= FS (K = 20) 746 789 73.6 81.0 66.1 84.3 783 81.3 824 7783
Eﬁ FS (K =100) 79.1 80.5 772 86.0 720 850 77.5 848 83.7 80.64
< FS (K =500) 81.1 84.2 78.5 88.0 74.8 87.9 79.4 88.0 88.1 83.33
ZS (K =0) 80.0 81.3 65.8 82.0 63.8 84.3 735 86.6 844 T77.97
= FS (K = 20) 81.9 831 79.0 879 734 863 76.0 87.0 87.2 8242
5“) FS (K = 100) 82.2 84.1 80.6 88.3 777 880 786 &89.2 851 83.76

FS (K =500) 86.5 89.3 83.1 879 79.7 91.3 80.6 90.5 87.5 86.27

Table D.4 Per-language results on NLI and SA with the different number of gold-standard
target shots K. We consider ZS (K = 0) and F'S with K € {20, 100,500} with bottleneck
adapters and SFTs.



Appendix E

Scaling Sparse Fine-Tuning to Large
Language Models

E.1 Evaluation Setup

Following Wang et al. (2023) and Ivison et al. (2023), we evaluate the instruction-tuned
LLMs on a range of benchmarks to capture the following abilities:

Factuality: Massively Multitask Language Understanding (MMLU; Hendrycks et al.,
2021) requires the model to pick an answer from 4 candidates and covers 57 subjects
including STEM, humanities, social sciences, and other disciplines. We evaluate models
in a 5-shot setting and report their accuracy.

Reasoning: We sub-sample 40 examples per task from BIG-Bench Hard (BBH; Suzgun
et al., 2023), a suite of the 23 most challenging tasks from BIG-Bench. We also randomly
select a subset of 200 examples from Grade School Math (GSM; Cobbe et al., 2021), a
collection of math problems in linguistic form. Both benchmarks require open-ended
generation. We evaluate models in a 3-shot setting with BBH and 8-shot setting with
GSM, and report their exact match (EM).

Multilinguality: We choose 100 examples per language from Typologically Diverse
Question Answering (TyDiQA; Clark et al., 2020a), a dataset for extractive question
answering in 11 languages. We follow the Gold Standard setup where each document
is guaranteed to contain the answer span. We evaluate models in a 1-shot setting and

report F1.



188 Scaling Sparse Fine-Tuning to Large Language Models

Coding: HumanEval (Chen et al., 2021) is a dataset for synthesizing programs from
docstrings. We evaluate models with a temperature of 0.1 and report their precision at 1

(Pal)'.

E.2 Further Experiments on Drop/Grow Schedule

After our main experiments, we performed some additional exploration of the drop/growth
schedule, adjusting both the frequency ~ of dropping/growth and the schedule k(i,t)
of number of parameters to drop/grow at each update. We considered drop/growth
frequency in the range {10, 20,40, 80} steps and both our default linear schedule and the

cosine schedule of Evci et al. (2020), where

k(i 1) = §<1 + cos (Zf))dw, (E.1)

recalling that £ is the initial update rate and T' is the total number of training steps.
Table E.1 presents our results for SpIEL-AG when fine-tuning LLaMA2-7b on the Flan
v2 subset with the other hyperparameters as shown in Table 7.1. We find that there is
not a clear preference for a linear or cosine schedule, but that a higher update frequency

of 10 might be better than the 20 steps we used in our main experiments.

Schedule Benchmark

Type Steps MMLU TyDiQA
10 52.0 56.4

Linear 20 50.7 56.2
40 51.5 56.5
80 51.3 56.1
10 51.8 56.3

Cosine 20 51.6 56.5
40 50.2 56.5
80 50.9 55.4

Table E.1 SpIEL-AG results when fine-tuning LLaMA2-7b on Flan v2 subset with various
frequencies and update schedule types.

'Here we differ from Wang et al. (2023) in order to reduce the variance across evaluation runs.
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Fig. E.1 Hyperparameter search results.

E.4 Analysis of the Backward Pass for SpIEL

Consider the forward pass when sparsely fine-tuning a linear layer. We have:

Y = X(W + A),

(E.2)
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where the input X € R®*%n  the pre-trained weight matrix W and its sparse delta
A € Rénxdout and the output Y € RP*%ut with b, di, and doy being the batch size and

input and output dimensions respectively. It can be shown that

oL 0L

However, we only need the entries of % corresponding to the currently active indices of
A Let re{1,2,...,h}Y ce{1,2,..,w}, where h and w are the height and width of
A respectively, denote the N active indices of A, i.e. (1, ¢;) denotes the position of the

1th active index in A. Then, if we define g; to be the gradient of the i-th active index of

A, we have
oL
gi - 6Ari’ci (E4)
oL
_ T=
. (X (W)W (E.5)
oL
=X () : E.
o) (5.6

That is, the gradient of the i-th sparse update to W is given by the dot product of the
r;-th column of X and the ¢;-th column of the gradient of the output Y. We can compute
the gradient of the sparse updates in this manner with 6N FLOPs, which is an enormous
theoretical improvement over the bd;,dy; FLOPs required to naively perform the full
matrix multiplication in (E.3) and gather the relevant indices from the result, as the
SFT density 75— < 1.

While calculating the sparse delta gradient in this manner entails a great reduction in
FLOPs required, it is not so easy to exploit this reduction effectively on a GPU to speed
the operation up. Writing an efficient CUDA kernel for this operation is ongoing work,
and the speed results presented in this thesis were obtained using the naive “gather from

the full matrix product” method.

E.5 Measuring Memory and Time Requirements

To measure the memory requirements of PEFT methods, we use PyTorch’s set_per_-
process_memory_fraction function to limit the total available GPU memory, and
perform a binary search at 1 GiB granularity to find the lowest limit at which training
can run successfully. For each limit we test, we run 30 steps of Flan v2 training with

(equivalent) LoRA rank 64. We measure the time as the mean duration of each of these
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30 steps for the lowest passing memory limit. All our experiments are run on a single
A100 GPU.

We note that this may differ from the peak memory usage during (unconstrained)
training, since deep learning frameworks such as PyTorch may allocate more memory

than they actually require for efficiency reasons.

E.6 Index Overlap of SplIEL across Runs

Run 1
Run 2

Run 3

Run4 0.309 0.313 0.313 0.303

Run 0 Run 1 Run 2 Run 3 Run 4 Run 0 Run 1 Run 2 Run 3 Run 4

Fig. E.2 The pairwise overlap of the selected indices after training SpIEL-AG (left) and
SpIEL-MA (right) with 5 different random seeds on Flan v2.

The algorithms SpIEL-AG and SpIEL-MA select a subset of indices of the parameters
in the linear layers. To investigate whether the training converges to a similar set of
indices for different random seeds we train with five different random seeds and report
the pairwise indices overlap in Figure E.2. The overlap between the SpIEL-AG indices
is notably lower than the overlap of SpIEL-MA indices. The overlap between all five
runs is 11.8% for SpIEL-AG and 43.0% for SpIEL-MA. Hence, the SpIEL-MA algorithm
tends to converge to a more similar set of indices more than SpIEL-AG.
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