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ABSTRACT

The field of Natural Language Processing has recently undergone a major paradigm shift that
has led to significant improvements over the perceived capabilities of resulting systems. This shift,
namely the advent of generative systems in the stead of predictive ones, has induced a profound
change in the implicit objectives of language systems based on deep learning : where we used to aim
at extracting relevant features from text utterances using self-supervision, we now try to maximize
the generative performance of language models on tremendous volumes of diversified text samples.

In this thesis, we explore high-level properties of the features (or representations) that are extracted
by these language models, and we leverage these properties to improve language systems and to
quantify their limitations. This work is two-fold, as we first focus on the learnings that result from
representation analysis in trained language models, and we then proceed to suggest and implement
novel inductive biases and training approaches based on these learnings.

We find that the intermediate representations of self-supervised language models are affected
by several forms of biases. First, they suffer from data-inherent biases that can be traced back
to socio-cultural considerations, as we demonstrate by probing geographical knowledge in these
features. Moreover, we show that these representational spaces can be distorted by the particular
nature of language, especially when the dimensionality of the feature space is small. We proceed to
show that inductive biases such as self-attention can also induce similar distortions that happen
regardless of the target modality. Hence, representation analysis helps us identify limitations that
come from distinct aspects of language models, from training data to architecture.

Not only can the prism of representation learning help us identify limitations in language
models, but it can also lead to substantial improvements for language systems, especially in terms
of efficiency. Aware of the mechanisms that we identified, we propose alternatives to the clas-
sical next-token likelihood maximization approach. We design a novel differentiable layer that
performs text segmentation to optimize tokenization along with the rest of the system, leading
to efficient character-level modeling and robust models. We also implement a contrastive objec-
tive that simultaneously alleviates the representational bias induced by token frequency and the
degeneration phenomenon by implicitly regularizing the latent spaces using in-batch samples.
This objective yields substantial efficiency improvements and better performance. Finally, we ex-
plore a differentiable compression scheme for generative language models, paving the way towards
memory-efficient attention mechanisms.

Overall, our work proves the relevance of representation analysis in the context of improving
language models, both as a way to identify limitations to the classical approaches and architectures,
and as a way to gather insights on how to overcome these limitations.



RESUME

Le domaine du traitement automatique du langage naturel a récemment connu un changement
de paradigme majeur, entrainant des améliorations significatives des capacités percues des systemes
résultants. Ce changement, a savoir I'avénement des systemes génératifs en remplacement des
systemes prédictifs, a induit une transformation profonde des objectifs implicites des systemes
linguistiques basés sur l'apprentissage profond : alors quauparavant, lobjectif était d’extraire des
caractéristiques pertinentes des énoncés textuels via 'auto-supervision, il s’agit désormais de max-
imiser la performance générative des modeles linguistiques sur d’immenses volumes d’*échantillons
textuels diversifiés.

Dans cette these, nous explorons les propriétés de haut niveau des plongements (ou représenta-
tions) extraits par ces modeles linguistiques et exploitons ces propriétés pour améliorer les systemes
de langage et quantifier leurs limites. Ce travail se divise en deux volets : nous nous intéres-
sons d’abord aux enseignements tirés de 'analyse des représentations dans les modeles de langage
entrainés, puis nous proposons et mettons en ceuvre de nouveaux biais inductifs et approches
d’entrainement basés sur ces enseignements.

Nous constatons que les représentations intermédiaires des modeles linguistiques auto-supervisés
sont affectées par plusieurs formes de biais. Premiérement, elles souffrent de biais inhérents aux
données, qui peuvent étre reliés a des considérations socio-culturelles, comme nous le démontrons
en étudiant les connaissances géographiques encodées dans ces représentations. De plus, nous
montrons que ces espaces représentationnels peuvent étre déformés par la nature méme du lan-
gage, en particulier lorsque la dimensionnalité de I'espace des représentations est réduite. Nous
démontrons également que certains biais inductifs, tels que I'auto-attention, peuvent induire des
distorsions similaires, indépendamment de la modalité cible. Ainsi, 'analyse des représentations
permet d’identifier les limitations issues de divers aspects des modeles linguistiques, allant des
données d’entrainement a l'architecture.

L’apprentissage des représentations ne se limite pas a I'identification des limites des modeles
linguistiques ; il permet aussi d’améliorer considérablement I'efficacité des systemes de langage.
Conscients des mécanismes mis en évidence, nous proposons des alternatives a 'approche classique
de maximisation de la vraisemblance du prochain token. Nous concevons une nouvelle couche
diftérentiable qui effectue une segmentation du texte afin d’optimiser la tokenisation en méme
temps que le reste du systeme, conduisant 2 une modélisation efficace au niveau des caractéres et
a des modeles plus robustes. Nous implémentons également un objectif contrastif qui atténue
simultanément le biais de représentation induit par la fréquence des tokens et le phénomene de
dégénérescence, en régularisant implicitement les espaces latents a 'aide d’échantillons issus du
batch. Cet objectif permet d'améliorer significativement lefficacité et les performances des modeles.
Enfin, nous explorons un schéma de compression différentiable pour les modeles génératifs de
langage, ouvrant la voie a des mécanismes d’attention économes en mémoire.

Dans I'ensemble, notre travail démontre la pertinence de I'analyse des représentations pour
Pamélioration des modeles de langue, a la fois en tant qu'outil d’identification des limitations
des approches et architectures classiques, et en tant que source d’inspiration pour surmonter ces
limitations.

vi
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INTRODUCTION

THEODORE: Where are you going?
SAMANTHA: It would be hard to explain, but if you ever get there, come
find me. Nothing would ever pull us apart.

- Her, Spike Jonze (2013)

Where is Samantha, the artificial intelligence voice system Theodore is in love with, going? What
is she “thinking” about? How is she able to formulate “thoughts”?

As artificial agents were given some form of intelligence in science-fiction works, the cultural
focus has not so much been set on their human (or super-human) abilities, but rather on their
frighteningly impenetrable and estranged “minds”. Mary Shelley’s Frankenstein (1818) famously
depicted human fear when faced with a thinking artificial being in the form of the monster, a fear
that was later framed as the Frankenstein complex by Isaac Asimov in the introduction to his
Robots series, started in 1950.

Asimov, in turn, presented a paradigm for robotics where the inner reasoning of thinking
machines was inhumanly rational, which questioned our ability to align their behavior with the
basic goals of humans. Other works have since pushed this paradigm further and presented artificial
intelligence (or AI) as an existential threat to humans, as with the murderous HAL9000 computer
in Kubrick’s 2001: A Space Odyssey (1968), or even to humankind, as in Frank Herbert’s Dune
series (started in 1965) which depicts a galactic war between humans and thinking machines'.

Interestingly, as real A systems grew more and more capable in the past years, especially as
they started to excel in mimicking human communication through speech or text, similar fears
have been expressed among the general audience, and more recently in some parts of the research
community. Often framed by its detractors as A1 doomerism, this school of thought warns about
ethical, ecological, social and even existential concerns regarding modern systems such as the
notorious ChatGPT, framing these models as potential threats to our well-being or even to our
existence.

For the layperson, these concerns are based on the mythical statute of Al inherited from the
aforementioned cultural representations, coupled with the current lack of general education
regarding machine learning. For the initiated, these concerns are scientifically rooted in the fact
that modern Al models are non-symbolic, which implies that their inner workings have been
automatically optimized to match a desired behavior, rather than handcrafted based on expert
knowledge. As such, understanding these inner workings can only be done a posteriors, and is often
particularly hard, especially in the context of text-based Al systems. This has led to a common
depiction of modern Al systems as black-box models, which leads to a scientific transposition of
the Frankenstein effect.

"This refers to the historical accounts of the Butlerian Jihad, and not to the events that unfold in the books.



1 Introduction

Nevertheless, these concerns have been expressed against the current tide of impressive accelera-
tion of both quantifiable and perceived capabilities of artificial intelligent systems, which can be
explained by the success of what can be referred to as the bebaviorist approach.

1.1 ARTIFICIAL BEHAVIORISM

In psychology, behaviorism is a school of thought that flourished in the first half of the 20 century.
It can be traced back to the works of Edward Thorndike and Ivan Pavlov on reinforcement, that
prove that some reflexes and actions of a human or animal being can be progressively shaped by
the consistent application of positive or negative consequences responding to its behavior.

In 1924, this theory was extended by John B. Watson who introduced methodological behav-
jorism, a model of observed behavior that rejects introspection and is based solely on stimuli and
environment. B.F. Skinner later framed cognition itself as a behavior that can be explained by
stimuli and environment.

Behaviorists frame the study of minds as an input-output analysis of agents, and argue that
explaining a response based on an environment and immediate stimuli, which include a reinforce-
ment history and an internal state of the subject. The more recent cognitive psychology theory, that
can be traced back to Bruner et al. (1956), takes a radically different stance and thoroughly models
minds as a combination of complex specialized subsystems that interact with each other, in an
attempt to provide explanations to the observed novelty and generalization abilities of biological
beings.

One of the major breaking points between these theories has been their treatment of linguistics,
and more precisely of language acquisition. In his essay on Verbal Behavior (Skinner, 1957),
the theoretician of behaviorism argues that children acquire language through imitation, and
refine their skills through spoken interaction with their environment through verbal operants, i.e.
interactions that create the conditions for reinforcement to happen. This theory was famously
criticized in Chomsky (1959), who mainly claimed that Skinner’s theory failed to explain the
observation of behaviors that cannot be entirely described through imitation and reinforcement,
such as the ability to express creativity in poems or to create and understand entirely original
sentences.

In computer science, the recent advances regarding intelligent systems that handle text, images
and sound have led to the emergence of technologies that display anthropomorphic abilities, often
leading to users (and even inventors) referring to these technologies as actual beings (Placani,
2024). The anthropomorphization of AI models can be linked to the Turing test (Turing, 1950),
a thought experiment that quantifies the intelligence of an artificial agent capable of generating
text, by measuring the amount of human testers that fail to identify this agent as non-human, the
testers being informed of the nature of the test. More modern evaluation approaches consist in
building lists of tasks that are designed to measure intelligence based on a given criterion, and in
analyzing the performance of a model based on its ability to correctly solve the tasks.

These technologies rely on highly parameterized statistical models that can approximate a wide
range of input-output mappings or functions (Hornik et al., 1990). The parameters of these models
are then optimized in a way that reduces the discrepancy between the model’s output and the
expected result. In self~supervised approaches, these models learn to approximate functions that
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correspond to raw data, e.g. that maps a truncated text segment as an input, to the word that
follows this segment as an output.

Hence, the modern approach to designing artificial agents is deeply connected to a
behaviorist view of cognition, both in its final purpose and in the means it uses to reach
this purpose. As a matter of fact, the Turing test, as well as current evaluation benchmarks, are
behaviorist by nature, as they measure the ability of an artificial agent to produce a desired reaction
to a given input. Moreover, the optimization procedure, or t7aining, of the parameterized models
resembles the reinforcement phenomenon documented in the first works of behaviorists.
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Figure 1.1: Schematic overview of the behaviorist paradigm in AL

As pictured in Figure 1.1, this paradigm directs design choices, such as the inductive biases
that are implemented in the models, i.e. the architectural decisions that are made with respect
to their inner workings, the data used for training, or the details of the optimization process.
These choices are guided by the ability of resulting models to extensively capture reinforcement
feedback during training, and by their ability to correctly display an expected “intelligent” behavior
during evaluation. Over the past years, such artificial behaviorism has been widely pushed forward
by industrial actors, because of its impressive ability to achieve what it was designed for, that s,
produce human-like responses to users’ stimuli and real-world environments.

The rising interest for such technologies has also raised a will to explain and interpret the behav-
iors of resulting models using post-hoc methods. This motivation has notably led to the emergence
of the research fields of explainability, i.e. techniques that identify the rationale behind the pre-
diction of a model, and interpretability, i.e. techniques that shed light on the inner mechanisms
of the model. Even though these methods propose to dissect the models’ internal patterns, they
are also framed in a behaviorist way, as they are aimed at answering the question of behavior at a
smaller scale, namely how will each part of the model behave when faced with this given input?

More recent developments in the field of text-based Al, or language models, have further illus-
trated the extent of the behaviorist approach. A line-of-work has consisted in representing these
models as highly evolved compression schemes for training data (Huang et al., 2024; Deletang et al.,
2024), which is a view that stresses out the inherent importance of a certain proximity between
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the reinforcement signals and the evaluation stimuli. A different line-of-work has promoted the
use of chain-of-thought writing style in the generated responses of language models (Wei et al.,
2022), based on the hypothesis that the reasoning explanation itself is a useful signal that helps
to produce the correct final response. This is intrinsically based on a strongly behaviorist view of
reasoning, as it displaces the reasoning mechanisms from the inner transformations of the models
to the input-output space, allowing the model to use its own output as a stimulus.

The behaviorist paradigm has brought remarkable capabilities to Al systems under its own
evaluation criteria, but also from a productivity-oriented technological standpoint, as many tasks
can be automated using these systems. Nevertheless, it is both unsure that these models will be
able to reach general intelligence, and that the behaviorist framework itself is sufficient to quantify
general intelligence, or even define it. In other words, it is far from certain whether both training
and evaluating models as pure input-output mappings will be sufficient to reach “human-like”
intelligence, as one of the founders of modern AI himself has stated (LeCun, 2022).

1.2 LIMITATIONS OF MODERN APPROACHES

It could be argued that the behaviorist approach is conceptually limited by its inability to properly
assess intermediate states of cognition. For instance, behaviorist evaluation will favor a model that
makes predictions based on spurious correlations, such as identifying a wolf in an image based on
the white background that evokes snow (Ribeiro et al., 2016), to a model that would internally be
able to properly represent the concept of “wolf”, by mapping it internally to a specific geographical
zone, a sound, or other related concepts, but that would be unable to produce the expected output.
The existence of such a model is even absurd under the behaviorist paradigm because the intrinsic
ability of the model to map relevant concepts together would be conditioned by its ability to
provide the right answer. This limitation, among other reasons, has motivated neuro-symbolic
methods in recent years (Sheth et al., 2023).

However, beyond conceptual limitations that we shall not elaborate here, the current behaviorist
approach to Al systems and more particularly language models is faced with limitations, both from
the technical and scientific view points.

A core component of modern language models, self-supervised learning has empirically been
shown to yield more performant models as the number of relevant training samples increased.
Over the years, engineers and researchers working on language models have extensively gathered
web-crawled data through various initiatives such as Common Crawl, that led to the creation
of several filtered data resources (Ortiz Sudrez et al., 2019; Gao et al., 2020; Penedo et al., 2024).
Yet, even the trillions of words that are available on the internet are not sufficient to exhaustively
cover the possibilities of natural language, and it is not guaranteed that it will be possible to obtain
significantly more textual relevant data in the near future, especially for low-resource languages that
are less prominent than English or French.

Furthermore, it was recently shown that increasing the number of parameters used in the neural
architectures that constitute language models systematically led to better performance for similar
training data, contrarily to the belief that larger models would over-fit, i.e. perfectly approximate
training data at the expense of generalization capabilities. Nevertheless, these larger models pose
major technical challenges in terms of hardware efficiency and requirements, both during training
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and when the models are used at zzference time. These physical constraints in turn yield energetic,
ecological and economical concerns, as these more demanding models lead to more intensive power
consumption, to the extraction of more raw material to build the processing units, and to the use
of more costly computation infrastructure (Rillig et al., 2023).

Evaluation benchmarks have been prone to saturation, as models reached performance levels
that did not allow to significantly distinguish them from one another based on their scores on
these benchmarks. This can be explained by the ever-growing training data coverage that inevitably
includes examples that help with the specific task at hand, and by the increasing size of models
that allows to better memorize these examples. This raises concerns about explicit or implicit
contamination, i.e. the presence of evaluation data or a variation thereof in the training dataset,
but also about an implicit optimization of the training data mix to optimize the downstream
performance on these benchmarks, at the potential expense of generalization abilities. As such,
new benchmarks are often designed with fresh data to avoid these risks as much as possible, and to
try to evaluate the truly zero-shot abilities of the language models.

Finally, the behaviorist view raises challenges when the relevance of a response is harder to
evaluate, which may happen in machine translation, but also when assessing models from a safety
and ethical perspective, in what is referred to as model alignment. In that field, the responses of
language models are themselves viewed as complex text utterances, and it is harder to tell whether
a model has responded correctly to a malicious stimulus. Moreover, there is no guarantee that
models will never produce harmful content at inference time, as the variation of stimuli that can
be produced by users cannot be anticipated exhaustively.

1.3 MOTIVATIONS
The behaviorist approach has undeniably led to major advances in the field of artificial intelligence,

and more noticeably in the language modeling domain over the recent months. Yet, it is meeting
significant challenges that raise deep scientific, engineering, and even philosophical questions.

Figure 1.2: The cognitive architecture presented in LeCun (2022).
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Does that mean that we should build an entirely new paradigm for machine learning? This is
what Yann LeCun has advocated in the last few years, notably with his joint Embedding Predictive
Architecture (LeCun, 2022), that designs a model for artificial “minds” based on several specialized
subsystems that interact with each other (see Figure 1.2). This work could be framed as a transposi-
tion of cognitive psychology to artificial intelligence, with the exception that the former devises a
model of a functional system that itself defines what we call human intelligence, namely the human
mind, while the latter proposes to mimic this potentially imperfect model of the human mind in
artificial systems, in the hope to reach a similar intelligence level. It can be opposed to this approach
that using an explanatory model of the mind to build a functional system that should reach human
performance amounts to considering that this model exhaustively captures the complexity of the
human mind, which is not certain. Hence, handcrafting such a model of cognition is a subjective
and very empirical approach to artificial intelligence and is not guaranteed to work.

We argue that if a transition similar to the one from behaviorism to cognitive psychology should
operate in machine learning, it should first focus on how we evaluate Al models rather than on
how we design them. In other words, we should aim at building models that could be analyzed «
posteriori in a way that resembles how cognitive psychology analyzes human cognition, even when
those models were not a priori designed to mimic an explanatory model of cognition. Evaluating
models through their ability to exhibit internal behaviors that mimic human cognition, or through
the ease with which they can inherently learn desired cognitive patterns, may provide insights that
in turn lead to better model design.

One way to initiate this work is to dissect the inner workings of the models that follow the
behaviorist framework, and to observe in a quantitative and qualitative way their ability to manip-
ulate representations of concepts and items they are implicitly required to handle to solve the task
they are designed for. Interestingly, significant recent advances in the field of language modeling
have implicitly taken a similar stance. The well-known Transformer work (Vaswani et al., 2017)
started from the observation that the previous recurrent counterparts failed to correctly model
long-range interactions. Low-rank adaptation of language models (Hu et al., 2022) was made
possible by empirical observations on the structure of the parameters in language models. More
recently, lossless generation acceleration was allowed by the analysis of attention sinks in the inner
patterns of language models (Xiao et al., 2024).

In this work, we specifically focus on text-based Al, i.e. language modeling in its modern form,
and we apply the aforementioned philosophy to analyze the representational spaces of language
models in view of stretching their limitations. More precisely, we study a specific qualitative aspect
of language models in the bias and uniformity of their intermediate representational spaces, and use
this qualitative analysis to explore improvements over the classical language modeling framework.
We summarize our research questions in the following points:

* What can we learn if we look at language models in a non-behaviorist way? Can an analysis
of the inner representations of these models yield conclusions that question the current
paradigm and shed light on new challenges?

* Can we identify bottlenecks and seemingly suboptimal mechanical inner workings if we
look beyond the input/output efliciency of classical approaches?
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* Can we design methods that alleviate models from these bottlenecks and lead to improve-
ments in language modeling?

1.4 CONTRIBUTIONS

We first provide an overview of the state of NLP research in the areas of language modeling in
Chapter 2, of representation learning in Chapter 3 and of representation analysis in Chapter 4.

We begin our work by a thorough analysis of the inner workings of language models, that
employs a mechanical view of their architectures from several viewpoints throughout Part II.

In Chapter 5, we empirically measure their ability to represent real-world concepts with the
example of geographical bias, and the relation between this ability and the scaling philosophy of
recent advances in the field. Our observations confirm the positive impact of scale on performance
as framed in a behaviorist way, but we identify a negative impact of scale on the intrinsic ability
of language models to improve their inner representations independently of the imbalanced data
distribution, even showing that larger models tend to augment this frequency-based bias.

We proceed to further analyze the impact of textual data distributions on the representations
of language models from a general geometrical perspective in Chapter 6. We identify a general
bottleneck in language models in the transition from compact output representations to word-level
probability distributions. We correlate this bottleneck with both a degeneration phenomenon,
where the representational spaces of models collapse, and a performance saturation during training
that affects smaller language models.

In Chapter 7, we notice that this geometrical degeneration phenomenon affects deeper inner
representations of the models, and we propose to explain this phenomenon from the perspective
of the inductive biases commonly used in modern models, namely self-attention layers. We link
this intrinsic degeneration to the sparsity of the attention mechanisms in language models, arguing
that the need for sparsity imposes such distortions to the underlying latent spaces.

We proceed to research solutions to some of the aforementioned limitations in Part ITI.

Chapter 8 introduces a training objective that mitigates frequency-based distortions and reduces
the geometrical effect of the prediction layer of language models described in Chapter 6. Inciden-
tally, this method substantially improves the efficiency of training for a wide range of models from
several viewpoints.

We proceed by attempting to further mitigate representation degeneration by modifying the
granularity of the predicted textual units in Chapter 9. Although our efficient gradient-based text
segmentation method improves the robustness of language models to noisy text utterances, and
occasionally boosts their performance, it fails to mitigate the inner degeneration effects described
in Chapter 7.

Thus, we finally propose a framework in Chapter 10, that provides a path towards denser self-
attention maps, in the hope to mitigate the distortions observed in Chapter 7, and to improve
model efficiency and scalability in the process.

The work presented in this thesis has led to several publications in international natural language
processing (NLP) and machine learning (ML) conferences:
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* MANTa: Efficient Gradient-Based Tokenization for End-to-End Robust Langnage Modeling.
Nathan Godeyz, Roman Castagnéz, Ericdela Clergerie, and Benoit Sagot. 2022. In Find-
ings of the Association for Computational Linguistics: EMNLP 2022, pages 2859-2870,
Abu Dhabi, United Arab Emirates. Association for Computational Linguistics;

o Is Anisotropy Inberent to Transformers?. Nathan Godey, Eric de la Clergerie, and Benoit
Sagot. 2023. In the Student Research Workshop of the 61st Annual Meeting of the Associ-
ation for Computational Linguistics, Toronto, Canada. Association for Computational
Linguistics;

o Anisotropy Is Inberent to Self-Attention in Transformers. Nathan Godey, Eric dela Clergerie,
and Benoit Sagot. 2024. In Proceedings of the 18th Conference of the European Chapter
of the Association for Computational Linguistics (Volume 1: Long Papers), pages 35-48,
St. Julian’s, Malta. Association for Computational Linguistics;

* On the Scaling Laws of Geographical Representation in Language Models. Nathan Godey,
Eric dela Clergerie, and Benoit Sagot. 2024. In Proceedings of the 2024 Joint International
Conference on Computational Linguistics, Language Resources and Evaluation (LREC-
COLING 2024), pages 12416-12422, Torino, Italia. ELR A and ICCL;

* Headless Language Models: Learning without Predicting with Contrastive Weight Tying.
Nathan Godey, Eric dela Clergerie, and Benoit Sagot. 2024. In The Twelfth International
Conference on Learning Representations;

o Why do small language models underperform? Studying Language Model Saturation via the
Softmax Bottleneck. Nathan Godey, Eric de la Clergerie, and Benoit Sagot. 2024. In First
Conference on Language Modeling.

2 Equal contribution. The first author focused on architecture design and hyperparameter exploration, while the
second author worked on an efficient implementation of the model and training pipeline. Both contributed to the
training and evaluation of the final models.
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2 LANGUAGE MODELING

2.1 INTRODUCTION

A language model is a probabilistic model that predicts distributions over textual units conditioned
on a context. Typically, these textual units will be subwords (or zokens), that belong in sequences
of length L € N*, noted as (w;);e[1, 1) and the language model (or L) predicts the following
probability:

P (wt \W;ét)

where W4 is a subset of subwords taken from (w; );e[1,1)\¢» often referred to as conzext.

These models can be used in various applications, which will often shape the way the context is
built. For instance, for text generation purposes, the context will be a subset of textual units from
the past that we can write as W, as the model can only access text that has already been generated.
Conversely, for a language correction system, it is possible to build language models that use every
element of (w;);e[1,1]\¢ as the text already exists when the system is used.

2.2 METHODS

2.2.1 TEXTUAL UNITS AND TOKENIZATION

Before presenting the statistical paradigm of modern language models, we need to define precisely
the textual units on which these models are based, namely tokens. Mielke et al. (2021) discuss
this subject in a very exhaustive manner. They distinguish three different approaches of forming
tokens: a linguistic approach, an atomic approach, and a statistical approach.

First, many works have built linguistically grounded sets of textual units that should be consid-
ered as microscopic to some extent, such as the Morphosyntactic Annotation Framework (Clément
and Villemonte de La Clergerie, 2005), which defines a token as a non-empty contiguous sequence of
graphemes or phonemes in a document. More generally, the domain of morphology, well defined in
Aronoft (1993), has led to several morphologically-informed tokenizers (Saleva and Lignos, 2021;
Gronroos et al., 2018).

The atomic approach takes a radically different stance. It consists in using shorter units, e.g.
bytes, characters or pixels from a rendered text (see Section 2.4.4). Although this choice seems less
biased and restrictive than the latter, it immediately raises computational complexity concerns in
LMs, as the necessary number of units can considerably increase.

Paying attention to the number of units used for a given text utterance logically leads to tech-
niques that statistically optimize for this metric while keeping a meaningful segmentation scheme
in order to maintain the feasibility of language modeling.

11
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extraordinarily

extra | ordinarily

extra | ordinar | ily

Vocabulary size

ex|tra|ord| inar|ily
elx|tlr|a...

Sequence lengths

Figure 2.1: Overview of tokenization and the consequences of choosing a segmentation granularity. Statisti-
cal optimizers aim at a tradeoff between a large vocabulary size and longer sequences.

Such statistical methods have dominated in the last few years as the default way to encode textual
data, the most used being BPE (Sennrich et al., 2016), WordPiece (Wu et al., 2016) and Unigram
(Kudo, 2018).

Byte-Pair Encoding, or BPE (Gage, 1994), is a compression technique that relies on recursive
symbol merges. In NLP, it is based on a dataset that consists in sequences of characters or bytes,
and it iteratively registers a set of merge operations that reduce the count of merged items the most.
WordPiece (Wu et al., 2016) is based on a similar concept but uses a different rule for selecting
merges. The possible merges ab are scored according to:

s(ab) = fj?bfb

where f; is the frequency of the string x in the dataset. This scoring function difters from the
basic BPE frequency as it favors merges ab that appear in most cases when a or b appear. This

typically leads to a more linguistically meaningful segmentation, as prefixes and suffixes are less
prone to merging.

The Unigram tokenization algorithm (Kudo, 2018) works in the opposite direction : it first
creates an exhaustive list of token candidates, and then iteratively removes tokens that affect the
likelihood of the segmented sequence the least once discarded.

The statistical approaches are widely used in modern LM:s (see Section 2.3.6), sometimes jointly
with techniques such as subword regularization (Provilkov et al., 2020) that diversify segmentation
results.

2.2.2 LIKELIHOOD MAXIMIZATION

Once the tokenization scheme is chosen, textual documents are parsed into sequences of tokens
taken from a vocabulary of possible tokens ) of size |V| = V. A training set T' = (si);e[1,5) of S
token sequences is thus built from the target textual documents. Each of these sequences s; has a
given length /;, and can also be written s; = (wj) je[1,1,]-

12
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A language model ¢, based on a parameter set 0, is a function that takes a sequence of tokens
w; called context as an input, and outputs a probability distribution in AV for the token at
position ¢.

The performance of a language model at token-level can be measured by computing the proba-
bility of the realization wy in the context w_z;:

Go(Wott)w, = Powe|wos)

The process of training a language model consists in optimizing its average performance on the
training set, which can be framed as a likelihood maximization objective (Fisher, 1922). In practice,
to improve numerical stability, the objective is based on log-likelihood :

0* = arg max Er(log ¢g(Wtt)w,)

The minimized likelihood can also be seen as cross-entropy minimization between Py and an
observed contextual probability distribution, estimated from the sample at position ¢, which is
Lo,.

A metric that is often used to evaluate language modeling performance is perplexity :

P(gg,t) =2~ log ¢g(W£¢)w,

2.3 ARCHITECTURES

2.3.1 STATISTICAL METHODS

The straightforward approach to language modeling consists in statistically estimating the distri-
bution of tokens based on their context.

In its most basic form, such statistical model estimates the #nigram distribution, that is the
non-contextual distribution P(wy). This distribution is estimated by bin-counting tokens in the
training dataset 7" to retrieve token frequencies f,, for each token w, and setting :

¢9(w7ét) = (fw)wev € AV

We can extend this idea by estimating the 2-gram distribution P(w;—jw;). To do so, we
count the occurences of the subsequence w_jwyp in the training dataset for each pair of tokens
w_1,wy € V2. Doing so, we can build a V' x V' stochastic matrix - i.e. which coefficients are
non-negative reals that sum to 1 column-wise - containing the observed frequencies for w in pairs
of the form w_qw:

MQ(T) = (fw,1w)w71,w€V2

Then, the language model ¢9 becomes:

Po(Wt) = (fuy_yw)wev

13
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More generally, n-gram language models (Jurafsky and Martin, 2000) can be designed to esti-

mate the distribution P(w¢—y,1...w;—1w;). By bin-counting n-uplet occurences in 7', one can
compute:

Mn(T) = (fw—n+1-~.w—1w)(w_n+1...w_1),w€\/"—1 xV

The associated language model ¢y can then be written:

oF) (W;ﬁt) = (fwt7n+l~--wt—1w)wev

These n-gram language models can be combined with backoft strategies to take sample size into
accounts and switch between 7 values when appropriate (Ney et al., 1994).

2.3.2 NEURAL METHODS

Bengio et al. (2000) introduce the idea of training ¢ as a neural network with parameters 6. The
model is composed of three separate layers:

* An embedding layer that corresponds to a look-up table that matches each token to a
non-contextual feature vector that will be used as the input of the neural network;

* A hidden layer using a tanh non-linearity that maps the concatenation of 7 input embed-
dings representing Wy, 41...W¢—1 toan intermediate representation;

* An output layer that we call the language modeling head in reference to classification
heads, that maps the intermediate representation to a V-dimensional vector.

i-th output = P(w; = i | context)

softmax
[ X

. .
most| computation here \

tanh

o)

1
Vs
’
4
4
.
_ e Cm)\ -7

... @) (oo .- 0)

Matrix C

S l

shared parameters
across words

index for wy_n41 index for w;_» index for wy_;

Figure 2.2: Schema of a basic neural network architecture for language modeling (from Bengio et al. (2000)).

The V-dimensional output is then normalized to a probability distribution using the softmax
function. The softmax function ¢ can be written component-wise for z € R? :

exp(x;)

51 exp(z;)

C(z:)
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The model is then trained to optimize the log-likelihood using stochastic gradient descent
(Robbins and Monro, 1951) on the parameters 6 of the neural network.

Bengio et al. (2000) train this neural architecture on the Brown corpus (Francis and Kucera,
1979) and report substantial perplexity improvement compared with language models based on
n-grams. This performance gap can be explained by the ability of neural networks to learn smooth
contextual features, thus greatly improving extrapolation in the training feedback and at inference
time.

A common trick that has been used in this framework is weight tying (Press and Wolf, 2017). It
consists in using the same coefficients for the input embedding lookup table W;,, € RY*dm and
the language modeling head Wy, € R XV by setting:

T
Wouwr = Wi,

Press and Wolf (2017) show that this technique improves the performance of language models,
while reducing their overall number of parameters.

2.3.3 RECURRENT NEURAL NETWORKS

A Recurrent Neural Networks (or RNNN) is a neural network that is trained to be applied sequen-
tially to an input sequence, and that can use a past intermediate representation as input for present
prediction. This concept was historically introduced in Rumelhart and McClelland (1987) but
was first successfully applied to language modeling in Mikolov et al. (2010).

More precisely, input tokens are transformed into static embeddings using a similar look-up
table as in Bengio et al. (2000), and a recurrent unit v is then applied to the embedding sequence,
sharing hidden states (R, ..., h¥) between each step of the sequential processing. The unit v then
processes the input embedding 2; and the hidden states (h}_;, ..., h¥ ;) at step ¢ through chosen
tensor operations and non-linearities, returning an output representation o in the process. The
model can be described with this pattern:

<ot, (htl,...,hf)) _ v(mt, (h%_l,...,hf_1)>

Several variations have been proposed for this kind of models, notably improving the ability to
avoid gradients issues related with the recurrence or to select information in the hidden states using
specific functions in the unit. One of the most known variants is the Long Short-Term Memory
(LSTM) unit introduced in Hochreiter and Schmidhuber (1997), which has been widely used in
NLP, including for language modeling (Miyamoto and Cho, 2016). The Gated Recurrent Unit
(GRU) was later introduced in Cho et al. (2014b) as a simplification of the LSTM unit.

Although these units improve modeling abilities for long range dependencies (Chung et al.,
2014), they were empirically found to fail to handle interactions for elements separated by more
than 1,000 time steps (Hochreiter and Schmidhuber, 1997).

2.3.4 TRANSFORMERS

Bahdanau et al. (2015) popularized the use of aztention in neural machine translation models as a
method that lets the model select relevant tokens from the source sequence at a given prediction

15
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Figure 2.3: Schema of an RNN-based language model. The neural network v is applied sequentially and
produces both hidden states for future predictions and output representations used for the
current prediction.

step. Such models, that previously used the last hidden states of a source-processing RNN (called
encoder) as the input to a target-generating RNN (called decoder), suftered from an information
bottleneck due to sharing only last-step representations between source and target sequences. The
attention mechanism allowed to ease this bottleneck, by providing a direct path of interaction
between the source tokens and the decoder.

Attention was notably used by Peters et al. (2018a) who use a bidirectional LSTM model for
language modeling, before adapting the model for downstream tasks, sometimes adding se/f-
attention layer (an attention mechanism that let a sequence interact with itself).

This idea was explored further in the notorious article Attention is All You Need (Vaswani et al.,
2017), which proposes to use attention as the only sequence-wise operation. As it is the main
architecture that we will be using through our experiments, we proceed to thoroughly explain the
inner workings of the Transformer block.

The original Transformer block or layer is a sequence processing block that mainly relies on Multi-
Head Attention (or MHA) to model inter-token interactions. The layer takes a sequence of d,,-
dimensional representations (2t );¢1,r] as an input, and outputs a similar sequence (0¢)ye1,1) €
RL Xdm .

The input representations = € RExdm gre put through a multi-headed self-attention operation.
More precisely, they are put through 3 x nj, linear layers' with parameters ( Wg ,Wh wWhy, ¢ [1,78]
of shape d,;, X dp, where ny, is the number of heads, and dj, = %’1‘ This leads to three intermediate

representations called queries Qh, keys K h_ and values V" of shape L X dj:

Q" = xwg
K = xWIh(
Vvh = xW@

'In some cases, biases are used in the linear layers of the Transformer blocks, e.g. Qh = xWéj + bk, where b}é € R
is a trained parameter. For the sake of simplicity, we consider unbiased linear layers for the rest of this section.
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Scaled Dot-Product Attention Multi-Head Attention

Scaled Dot-Product
Attention

Figure 2.4: Schema of self-attention in Transformer (from Vaswani et al. (2017))

Queries and keys are used to determine interaction weights between input representations via
an attention map A" of shape L x L, that is computed as:

h KhT

Vdp,

AP = softmax

The head-level output representations v" of shape L x dJ, can then be understood as weighted
sums of values based on the attention map rows:

o — Ahyh

Finally, head-level representations are concatenated into the output representations of shape
L x d,y, and projected using a d,,, X dyy, linear layer of weights W,

0 = concatenateye(i ]| (MW,

This self-attention layer can be summarized in the following formula:

xWCgW}éTxT 5
0 = concatenatey,c(q p,] | softmax| ———— [zWy |W, (2.1)

Vdy,

The authors argue that the main modeling improvement that this architecture yields is the

. L . T
direct cross-representation interactions that are allowed by the Q" K" product, compared to the
indirect interactions that are modeled in RNNs. Indeed, this matrix product can be decomposed
into scalar products between queries and keys from different positions ¢ and j in the sequence:

o NN Y )
(Q"K™ )ij = (Qf, K})
However, this modeling advantage comes at a quadratic cost in memory and time complexity, as
the attention map needs to be computed using O(L?) operations, and stored using O(L?) floats.

Variants propose to tackle this quadratic cost by restricting the (¢, j) position pairs where attention
is computed, or by reducing the attention map size using various methods (see Section 2.4.5).
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The expression of self-attention in Equation (2.1) is non-causal, i.e. the output representation
oy is a result of operations that can use input representations ¢, 441, ..., £1,. For causal language
modeling, where the used context should be w4, the o; representation cannot be used for pre-
diction at index ¢ 4 1 as it carries information from the future of the sequence, including w1
through 44 1. Hence, this architecture is not suited as such for a causal language model (or CLM).

To account for causality in the self-attention operation, we can introduce a causal mask M that
will null out every non-causal interaction in the attention map, thus leading to A?j = 0 when
1 > j. To do so, we instantiate M as:

0 —o0 —00
M=

: . —00

0 - e 0

We can then compute a causal self-attention map Al as:

hpchT
Ah = softmax W + M

Now, o; only has access to representations X1, and can directly be used for prediction at
position? + 1.

However, the Transformers block does not use the outputs of the self-attention operation
directly, but rather surrounds the self-attention operation with highly-parameterized linear layers
and normalizations.

The representations o are first summed with x through a residual connection, which eases
optimization and stabilizes gradients (He et al., 2016). The output is then regularized using layer
normalization (Ba et al., 2016). Layer normalization is a form of representation regularization that
avoids gradient-related issues due to the accumulation of layers. For a given set of representations
(et)te[1,1)> it performs the following normalization:

LayerNorm(e;); = Cti Gt i + B

= = -
\/% Zj:1(€t,j — )2

where é; = % 25:1 et,j and vy and 3 are network parameters.

The Transformer block is then composed of a feed-forward block, which is itself made of an
upscaling linear layer of weights W, € R%m*dur an activation function and a downscaling
linear layer of weights Wgom € RupXdm A common choice for dyp is4 - dy,, and the activation
function is typically one of ReLU (Fukushima, 1969), GELU (Hendrycks and Gimpel, 2023) or
SiLU (Elfwing et al., 2018), the former two empirically leading to slightly better performance.

The last part of the block consists of another residual connection that adds the output of the first
layer normalization to the output of the feed-forward layer, followed by a final layer normalization,
for the same reasons as evoked above.
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A Transformer model consists in a stack of Transformers block followed by a language modeling
head of shape dy,, X V' that outputs logits (I¢),¢1, 7] The Transformers causal language model ¢g
fort € [2, L + 1] can thus be written:

¢o(W<t) = softmax(l;_1)

Such a Transformer model based on causal self-attention is usually refered to as a decoder model,
as it can be used as a decoder in a sequence-to-sequence model, in Machine Translation for instance.
When causality does not matter for the targeted task, self-attention can be computed without the
causality mask M, which leads to an encoder architecture.

In Vaswani et al. (2017), the main task is neural machine translation, which leads to the use of an
encoder-decoder architecture. The source sequence is processed through an encoder Transformers,
and the target sequence logits are generated using causal self-attention blocks with an added cross-
attention layer. Cross-attention is similar to self-attention, but uses Q" and K" representations
from one sequence and V" from another sequence, allowing to retrieve different pieces of infor-
mation from the source sequence when generating the target one. In the terms of Equation (2.1),
cross-attention between sequences « and y can be written:

:EWC%W]@T@“T 5
0 = concatenatey,c(q p, | softmax| ———— [yWy | W, (2.2)

Vdy,

A substantial difference between RNNs and Transformers is that positional information is
not encoded naturally in the intermediate representations. Hence, several approaches have been
introduced to embed positional information in Transformers models. These approaches can be
split into two families: absolute positial embeddings (APE) and relative positional embeddings
(RPE).

Absolute positional embeddings encode the position corresponding to the index of an item in
the processed sequence. In Vaswani et al. (2017), the authors use sinusoidal functions to build
representations of shape d,,, and add them to the input embeddings of the model. However, after
Devlin et al. (2019), the main approach has been to create a L X d,;,, lookup table of learnable
parameters, and use row 7 as a positional embedding for position 7. The main limitation of such
positional embeddings is that a model trained on sequences of length L will be unable to process
sequences of length longer than L, as no positional embeddings will be available for the additional
positions.

Relative positional embeddings encode pairwise positional information in the self-attention

map Ay, directly, and more specifically to the Q" K nT product. Usually, for a position pair ¢, 7,
RPE define functions w; and wj, and a bias term f3;:

(@K = (wi@)wi(K])) + 8 (23)

)
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The most used RPE approaches are Rotary Positional Embeddings or RoPE (Su et al., 2024),
and Attention with Linear Biases or ALiBi (Press et al., 2022). In the framework of Equation (2.3),
ROoPE can be expressed as:

wi(x) = R?"‘x
Bij =0

where R?m is a rotary matrix that rotates pairs of dimensions with different angles depending on
i. It can be written as the following blockwise diagonal matrix:

Rig, 0 --- 0
Rim — | ¢ .
' : . . 0
0 e 0 Ri,9dm/2
0 _sini —2(d—1)
where R; g = (COS 0 St Ze) and 0 = 10000 @m . Intuitively, RoPE makes the

sinif  cosif
scalar product corresponding to interaction (4, j) only depend on the relative position difference
1 — j. As a matter of fact:

<R?mm, RJflmy> = R?mRinmT@,y)
dm
=Ry (,y).

This facilitates the reproduction of similar behaviors regardless of the position in the sequence,
which should be the case when modeling natural language.

Press et al. (2022) use a more straightforward approach. Their RPE, which relies on a linear
bias on the whole attention map, can be written:

{wz(x) =z
Bij =m(i —j)

with m € R as a head-specific fixed parameter.

2.3.5 GENERATION & KV CACHE

Causal language models can be used for natural language generation, by sampling from the next-
token probability and iterating over the sampled token or tokens. Although various generation
strategies exist (Fan etal., 2018; Wang et al., 2020b; Holtzman etal., 2020), the most straightforward
one is greedy sampling, where the highest-probability next token is chosen and added to the
generated sequence iteratively:

Wiy 1 = arg max ¢g(Weei1)w
weV
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For RNNSs, language generation is rather straightforward, as the unit just requires the last hidden
state and the current token input representation to make a prediction. For Transformer models,
however, a naive approach could consist in applying the model to the whole past sequence at
each generation step, which would be O(L?) in time complexity. Luckily, the causal masking in
self-attention implies that the post-attention representations o, which just depend on their own
past, would be constant over generation steps, except for the last one o;.

Hence, it is possible to cache the representations with indexes ¢ < ¢ needed to generate oy,
which are (K');<; and (V). This caching technique is named KV caching.

K3 K3

2.3.6 TRAINED MODELS AND VARIANTS

Highly influential Transformer-based language modeling works led to different model families,
each spanning from one of three seminal works : GPT (Radford and Narasimhan, 2018), BERT
(Devlin et al., 2019) and TS (Raffel et al., 2020).

GPT (for Generative Pre-trained Transformer) is a Transformer-based architecture trained
as a decoder model for causal language modeling in a straightforward way. The training set is
BookCorpus (Zhu et al., 2015), which contains unpublished books from a variety of genres. The
authors use a 12-layer decoder-only Transformer with d,,, = 768, nj, = 12 attention heads and a
vocabulary of V' = 40, 000 tokens. Overall, GPT counts 110 million parameters.

GPT is used as a pre-trained model, and is thus fine-tuned for Natural Language Understanding
downstream tasks from the GLUE benchmark (Wang et al., 2018). These tasks being mostly
sentence-level classification tasks, the language modeling head of GPT is thus replaced with a
pooling layer that extract a single representation from the output embeddings sequence by averaging
or retaining the maximal value across hidden dimensions, followed by a classification head of shape
dpm X ne where n. is the number of classes for the target downstream task.

BERT (for Bidirectional Encoder Representations from Transformers) is an encoder-only archi-
tecture trained for Masked Language Modeling or MLAM. A masked language model is a language
model that uses the full context w; for the prediction at index ¢, which is called the masked token.
In BERT, the authors propose to process input token w; in the following way:

* Replace it with a specific mask token 80% of the time;

* Replace it with a random token 10% of the time;

* Leave it unchanged 10% of the time.”

In Devlin et al. (2019), 15% of the tokens are masked according to this procedure, and the
cross-entropy training objective is used for the masked positions. By partially masking the whole
sequence at once, the authors assume that altering one token does not hurt the feasability of the
prediction at another position which uses this token in the context. In order to train the model for
sentence-level semantics, an auxiliary objective trains the model to identify whether two consecutive
sentences in the training data were also consecutive in the original document. The original trained
architecture is similar to GPT in parameter count and is similarly fine-tuned on downstream tasks,
but a larger version is trained and achieves better performance. Liu et al. (2019b) subsequently

2In that case, the training task is not language modeling but simply learning the identity mapping.
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improve this framework, and notably show that training on larger training sets leads to significantly
better performance for their RoOBERTa models suite.

TS (for Text-to-Text Transfer Transformer) is a model suite that aims for a different approach
when it comes to downstream tasks. Raffel et al. (2020) argue that downstream tasks can be
rephrased as natural language samples. For instance, the Corpus of Linguistic Acceptability, or
CoLA (Warstadt et al., 2018) is a sentence-level classification task where a grammatical acceptability
label (acceptable or unacceptable) is given to each sentence. The STSB subset of GLUE (Wang
et al., 2018) is a sentence-pair classification task where a similarity score in [1, 5] is given to a pair of
sentences. The authors argue that these tasks can be rephrased as language modeling tasks where
the labels or scores are tokens that the model is expected to generate at inference time. The main
advantage of this approach is that it does not require to have task-specific classification heads,
which implies that the model can be fine-tuned on all tasks at once.

An optimized architecture for this task should be able to process an input sequence bidirection-
ally, and to generate a label for this input sequence. Thus, a natural choice is an encoder-decoder
architecture, where the input sequence will be processed using the non-causal encoder, and a
decoder using causal self-attention and cross-attention to the encoded sequence to generate the
target label. Raffel et al. (2020) pretrain an encoder-decoder architecture for the language in-filling
task, which extracts contiguous spans of tokens in the sequence, and trains a causal language model
on these spans, using the rest of the sequence as the context. More formally, if the extracted span
is to, ..., to + 1), the TS objective trains a causal language model on tokens (w;);e[ty,¢o+n) USing
context:

Wzt = (Wi )ie[1,6Ujto+n,L]

In TS, similarly to BERT, several spans are masked at once to avoid reprocessing the sequence,
and under the assumption that it would maintain sufficient information to make convincing
predictions. The authors release several models ranging from 60 million to 11 billion parameters
for English language.

Following these works that mostly focus on English, several multilingual counterparts were
released. Notable examples include mBERT, XLM-RoBERTa (Conneau et al., 2019), mGPT
(Shliazhko et al., 2024) and mTS (Xue et al., 2021).

Clark et al. (2020) later notice that both GPT-like and BERT-like approaches are suboptimal
when it comes to learning fine-tunable contextual representations using self-supervised methods.
As a matter of fact, the contextual representations extracted from causal language models do not
contain bidirectional information. On the other hand, only a fraction of the tokens are directly
used when training masked language models, which may harm the data and compute efficiency of
such an approach. Clark et al. (2020) combine both these strenghts into the ELECTR A scheme :
their pretraining approach directly uses every token available in each mini-batch, but also allows
non-causal self-attention in the trained models. To that end, they use Replaced Token Detection as a
self-supervised task. They train two models: a smaller masked language model called the generator,
and a larger Transformers architecture called the discriminator.

As in BERT (Devlin et al., 2019), a portion of the tokens is selected and used to pretrain the
generator. The token associated with the highest predicted probability is then inserted at the
selected position, and the resulting sequence is given as an input to the larger discriminator. The
discriminator outputs a single float in [0, 1] for each input token, which is trained to predict the
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probability that a position corresponds to a replaced token, ie. a token that has been modified by
the generator.

They conduct medium-scale experiments, training models ranging from 14M to 335M pa-
rameters, and observe that their pretrained models achieve parity with CLMs and MLMs when
fine-tuned on downstream tasks, while using significantly less pretraining compute.

nice, dirty, , ) ) N <extra_id 0> a nice  town
isorcal

T Paris is a nice town \ ] //
MLM head

T Decoder

MLM Causal LM
Transformers ‘ Transformers b4
Encoder
Paris is a  IMASK] ity Paris is a cool city / / \
Paris is <extra_id_0>
(a) Encoder model (b) Decoder model (c) Encoder-decoder model

Figure 2.5: Schemas of different types of language models. From left to right, the schemas depict BERT-like
models, GPT-like models and TS-like models.

He et al. (2021) later introduce DeBERTa, a model suite based on the ELECTRA pretraining
strategy that incorporates additional techniques, such as a partial weight sharing scheme that
disentangles the input embeddings of the generator and of the discriminator, which are shared
in ELECTRA. These tricks further improve the overall downstream performance and training
efficiency of the models.

2.3.7 SCALE & PERFORMANCE

The emergence of highly parameterized neural networks trained on large textual datasets as effective
language models brings the question of scale, i.e. to what extent can scaling up either (or both) the
volume of textual data or the count of trainable parameters can increase the language modeling
performance and the downstream capabilities of models?

With RoBERTa (Liu et al., 2019b), it appeared clear that the first generation of pretrained
models, namely BERT and GPT, were undertrained. The authors train a BERT-style model on
approximately 10 times more data, and remove the sentence-level auxiliary objective and show
strong improvements. GPT-2 (Radford et al., 2019) is a follow-up model suite that was trained
on a larger and more diverse dataset than BookCorpus called WebText, with model sizes ranging
from 117 million to 1.5 billion parameters. The authors noticed that the larger GPT-2 models had
interestingly better few-shot and zero-shot abilities, especially at question answering tasks.

GPT-3 (Brown etal., 2020a) introduces a much larger architecture, using 175 billion parameters,
while relying on a training procedure and architecture that do not significantly differ from the orig-
inal Transformers-based GPT. The authors claim that this model displays a zero-shot downstream
performance level that is close to fine-tuned counterparts. Similar results are reproduced through
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the OPT initiative (Zhang et al., 2022). Subsequently, the 540 billion parameters PALM model
(Chowdhery et al., 2024) was released, leading to similar conclusions. A multilingual counterpart
to this line of work is BLOOM (Le Scao et al., 2023), 2176 billion parameters model trained in 46
languages3 .

However well these models may perform, their training and inference raise a number of issues.
Training these models consumes significant amounts of computational power, as it usually implies
running thousands of Graphical Processing Units (GPUs) for multiple days, weeks or months.
Moreover, these models are trained on enormous amounts of web-scraped textual data, which
incentivizes the preparation of massive automatically cleaned textual datasets such as OSCAR
(Ortiz Sudrez et al., 2019), The Pile (Gao et al., 2020) or RedPajama (Computer, 2023). These
datasets contain up to several trillions of tokens, which stands as a hard ceiling for language
model training. Hence, it is both unclear whether it will be possible to train substantially larger
language models on substantially larger text datasets, raising concerns about the possibility of a
straightforward upscaling approach as a way forward for language modeling.

From the first Transformers-based models, the question of training optimal LMs under com-
putational constraint has been considered in various ways. Sanh et al. (2019) use knowledge
distillation, i.e. using logits from a larger model as an objective for a smaller one, to train a smaller
alternative to the base version of BERT that maintains a solid level of performance at reduced
training and inference costs, provided a larger trained model is already available. Turc et al. (2019)
train a large set of small masked language models and show that pretraining student models before
distillation leads to better performance. Other approaches have explored variants of knowledge
distillation to improve performance for smaller models (Fu et al., 2021; Sun et al., 2020).

A crucial result regarding the question of scaling is the empirical identification of scaling laws,
i.e. of explicit forms that accurately predict the final performance of a Transformers-based model
based on N non-embedding parameters and trained with a dataset composed of D tokens. Kaplan
etal. (2020) are the first to study this phenomenon in depth, and they identify a scaling law that
predicts the final cross-entropy loss L(N, D) :

L(N,D) = ((%) vy %) (2.4)

where an ~ 0.076, N. ~ 8.8 x 10'3, ap ~ 0.095 and D, ~ 5.4 x 10'3 are empirically
estimated parameters. Equation (2.4) unsurprisingly predicts that LMs using more parameters
or larger training datasets should have better language modeling performance. Moreover, it inter-
estingly shows that for a fixed compute level C' ~ 6N - D, there exist N*(C) and D*(C) that
minimize L, so that training a larger model on less tokens or training a smaller model on more
tokens both lead to poorer performance. Empirically, the values of N*(C') and D*(C') imply that
the compute-optimal approach to language modeling consists in training relatively large models
on small amounts of tokens.

However, Hoffmann et al. (2022) suggest that the empirical results from Kaplan et al. (2020)
were not accurate. They first notice that Kaplan et al. (2020) used intermediate checkpoints taken

3Some of these languages are massively under-represented in the training dataset. As a result, BLOOM empirically
shows convincing performance on 15 to 20 of the higher resource languages.
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before complete cooldown, implying underestimated low-data performance. They also underline
that there is a slight curvature of the scaling law by exploring larger model sizes to interpolate their
scaling law. Their scaling law can be written:

A B
L(N,D) = Na + DF
where A =~ 406.4, B ~ 410.7, 8 ~ 0.28, « =~ 0.34 and F ~ 1.69.

Although the predicted pattern still implies that more parameters and/or training tokens lead to
better log-likelihood levels, the values of N*(C') and D*(C) are leaning towards smaller models
and larger amounts of tokens compared to Kaplan et al. (2020). Another notable difference is the
introduction of a strictly positive limit to the loss when N — 0o and D — oo, which can be
interpreted as the residual entropy of English language.

+E (2.5)

The scaling laws yield optimal N and D values for a fixed total training compute level C.
However, they do not include inference computation cost in their equations, while it grows as
the model size IV increases. Sardana and Frankle (2023) take inference cost into account using
Equation (2.5) and thus incentivize the training of even smaller models on larger datasets. Recent
initiatives (Zhang et al., 2024; Faysse et al., 2024; Team et al., 2024) follow this principle.

2.4 LIMITATIONS & EXTENSIONS

2.4.1 THE SOFTMAX BOTTLENECK

Yang et al. (2018) introduce the concept of softmax bottleneck. In this article, the authors view
the language modeling task through a matrix factorization prism. They decompose the language
model ¢y into two parts: a model that outputs contextual embeddings hg (W) of shape dy,, and
alanguage modeling head Wy € RmxV,

Po(Wt) = o(ho(wee)Wp)

In a finite-length sequence framework, where possible contexts w_z; are countable, a contextual
probability matrix can also be defined from the true distribution P (w|w;):

A = (log P(wilej))iep,vyjen o)

where (¢j) je[1,c7 are the C possible contexts. Similarly, the language model can be described by
the matrix:

Ag = (P0(cj)i)ien, v jen,cl

The authors show that whenrank(Ay) < rank(A), which islikely when d,,, < V/, there exists
contexts where the contextual probability distribution from ¢ cannot match the true distribution
P.

They proceed to argue that rank A should be very high for natural language. In practice,
measuring rank A would imply getting access to A which is impossible. However, it can be
argued that the distribution of tokens is highly context-dependent, as one single token can imply a
complete shift in token distributions at later positions (e.g. 1 love this singer because... vs I bate
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this singer because...). It is also unlikely that rank A is low as it does not seem plausible that only a
few hundred of base components can express the whole diversity of contexts in language. These
arguments hint towards higher rank values for A.

They propose to increase the possible rank of the language modeling head using a Mixture-
of-Softmax. The language model is now decomposed into a first part that outputs K contextual
representations h (w.;) and a predicted mixture distribution 7p (W) € AX itself computed
from hidden states through a softmax activation. The language model is then written:

K
Po(Wt) = ZWG(W;ét)k : U<hl(3(w¢t)W9>
=1

They argue that this Mixture-of-Softmax is more expressive that the vanilla approach, and
provide experimental results in this direction.

Subsequent works have further explored the limitations of the softmax linear layer on language
modeling performance, especially Chang and McCallum (2022), and other possible alternatives
that rely on replacing the softmax layer with a more expressive counterpart (Lin, 2021; Kanai et al.,
2018). Grivas et al. (2022) show that low-rank softmax layers can even lead to tokens that, although
appearing in the training data, are never being predicted as the top-probability picks, and are thus
never generated through greedy sampling.

2.4.2 LARGE VOCABULARIES

Another issue that can be raised by the language modeling head is its weight and computational
efficiency as larger vocabulary sizes V' are used. Asa matter of fact, it contains V' -d,,, parameters, and
needs to perform both a linear projection and a softmax operation, which represents a complexity
in O(LVd,,).

In the case of multilingual models, where the vocabulary size can increase quickly with the
number of different languages and scripts, Liang et al. (2023) have shown that increasing the
vocabulary size can lead to better performance up to some point (~1.5M tokens), at the cost of
added time and memory complexity.

A way to mitigate this issue is to relieve language models of the need to predict probabilities
over the whole token vocabulary. This idea has been explored in the importance sampling litera-
ture (Bengio and Senecal, 2003; Mnih and Teh, 2012; Jean et al., 2015; Ma and Collins, 2018).
Importance sampling is a subfield of machine learning that consists in designing methods that
minimize the number of estimations that need to be performed by the model to obtain a predicted
distribution. In NLP, these methods usually approximate the denominator of the softmax by
using only a subset of the possible tokens to estimate its total value. They usually rely on variants
of the Noise-Contrastive Estimation objective (Gutmann and Hyvirinen, 2010) (see Section 3.3.3
for more details on this objective).

2.4.3 TOKENIZATION

Some of the induced biases of tokenizers can be harmful for modelization. One such limitation lies
in their brittleness to character deformations which are commonly found in real world, noisy data.
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For instance, BERT s tokenizer (Devlin et al., 2019) encodes “performance” as [“performance”] but
“perfonmance” as [‘per’, ‘##fo’, ‘##n’, ‘##man’, ‘##ce’], which makes it hard for the model
to behave similarly in both cases. Moreover, the tokenizer is fixed after its training and is therefore
impossible to update without retraining, for instance to reflect new domains (El Boukkouri et al.,
2020) where tokenization might over-segment specific or technical terms. Clark et al. (2022a) list
other issues emerging when using static subword tokenizers, especially when modeling languages
with a more complex morphology than English.

Tokenizers are also a limitation when it comes to multilingual models. Rust et al. (2021) show
that training models using monolingual tokenizers systematically leads to better performance
compared with multilingual ones. Petrov et al. (2023) show that a single sentence can be 15 times
shorter than its translation in another language. Moreover, the use of multilingual tokenizers
often leads to the use of larger vocabularies which results in more weights being assigned to input
embeddings, which can be an issue (see Section 2.4.2).

2.4.4 CHARACTER-LEVEL MODELS

Several alternative methods have been proposed to mitigate these tokenization issues. This line-of-
work suggests to learn character-level or byte-level representation for LMs instead of subword-level
ones. These methods improve the robustness of LMs to naturally occurring noise as well as their
expressiveness when dealing with out-of-domain or multilingual data. In order to cope with
increased input lengths, some of these methods compress sequences with constant reduction rates
obtained using specialized modules (Clark et al., 2022a; Tay et al., 2021), subsequently removing
any notion of subwords. These methods consider either characters, i.e. the symbols readable by
humans that constitute the scripts that appear in the training data, or the byzes that compose these
characters, as input.

Some of the first neural networks for sequence generation used characters directly as inputs
(Sutskever et al,, 2011; Graves, 2013), and following works modified the approach to create input
word representations based on characters (Kim et al., 2016; Jézefowicz et al., 2016; Peters et al.,
2018a). Similar architectures were recently adapted to work with Transformers. Notably, Char-
acterBERT (El Boukkouri et al., 2020) constructs whole word representations from character
embeddings put through convolutions and highway layers, before feeding them to a Transformer
architecture. Ma et al. (2020) take this idea further by learning a BERT-style language model at
character-level without intermediate pooling.
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Figure 2.6: The CANINE architecture (taken from Clark et al. (2022b))

27



2 Language Modeling

Nevertheless, they still rely on fixed tokenization heuristics (for instance segmenting using
whitespaces) which may not be suited to some languages or certain types of language variations.
Several works have tried to remove these induced biases by working purely with characters or bytes
asinput. CANINE (Clark et al., 2022b) downsamples contextualized character representations via
astrided convolution before feeding them to a Transformer. It can be trained either with a subword-
based objective (CANINE-s) or with a character-level one (CANINE-c). Tay et al. (2021) design a
similar model by replacing convolutions with efficient Transformers (Beltagy et al., 2020). A more
direct approach, By TS (Xue et al,, 2022) is a version of TS that is trained at byte-level. Finally,
Yu et al. (2023) introduce the MEGABY TE model, by using a basic strided pooling approach to
apply a Transformer architecture on 4-byte representations before using a more efficient model to
decode these representations back to byte-level.

However, these methods either have to use various tricks to reduce the sequence lengths based
on other induced biases like downsampling rates or have extremely low training and inference
speeds (Xue etal., 2022). Chungetal. (2016) create tokens in a differentiable manner by predicting
frontiers and using the representations of each character inside a “token”, but it remains unclear
how their model could be adapted to be used with newer architectures such as Transformers. Mofi-
jul Islam et al. (2022) propose to segment tokens using a trained “frontier predictor”. Nevertheless,
this differentiable tokenizer is not trained with the main language model objective but instead
mimics a BPE subword tokenizer, carrying some of its flaws.

Concurrently to this work, Nawrot et al. (2023) propose to learn a dynamic tokenization scheme,
using a module that predicts frontier positions and pools input bytes accordingly. They notably
propose to use Gumbel noise (Gumbel, 1935) through a sigmoid activation to sample a frontier
decision variable in a differentiable manner. They proceed to train a differentiable tokenization
scheme and succesfully reduce the perplexity and the latency of the language models on various
languages.

2.4.5 EFFICIENT SELF-ATTENTION

Self-attention has a quadratic complexity with respect to the sequence length L, as it requires

the whole attention map A € RLXL

to be computed. In order to accelerate Transformer-based
models, especially in long-context situations, several works have considered computing a subset

only of the inter-positional interactions, or compressed versions of A.
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Figure 2.7: Overview of the sparse attention schemes proposed in Longformer (taken from Beltagy et al.
(2020))

Notably, Beltagy et al. (2020) propose several alternatives in their Longformer architecture.
First, they suggest only computing coefficients (4, j) where |i — j| < 6, thus resulting in a sliding

28



2.4 Limitations €9 Extensions

window pattern which gives its name to the method later used in Mistral models (Jiang et al., 2023).
They proceed to present two variations of the sliding window attention: the first relies on a dilated
pattern, and the second one allows a portion of the positions to use global attention, that is for a
portion of 7 values, the attention map value is computed at all positions (i, j) for j € [1, L]. These
alternatives naturally come with their causal counterpart, for which the non-causal interactions are
not included in the targeted (i, j) positions. The Longformer attention maps can be computed in
O(0L), which greatly accelerates inference in training when 0 < L.

The Linformer architecture (Wang et al., 2020c) takes a different direction and rather compresses
K" and V" representations of shape L x dJ, into representations of shape k x dj, using two
L x k linear layers where & < L. The complexity of computing the self-attention maps becomes
O(k?), allowing substantial acceleration at training and inference time. Similarly, Xiong et al.
(2021) use a Nystréom decomposition of the attention map and achieve O (L) complexity, at the
cost of computing said decomposition, and a slight degradation of downstream performance.

2.4.6 KV CacHE COMPRESSION
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(a) Dense (b) Window (c) Initial Token (e) Attention The darker the color, the
Attention Attention Attention Based higher the token attention
weight.

Figure 2.8: Summary of the family of KV cache compression schemes (taken from Shi et al. (2024))

As larger open-sourced models trained by industrial institutions emerged (Jiang et al., 2023;
Touvron et al., 2023), many efforts have aimed at improving the efficiency of self-attention as
a post-training step. This novel incentive paved the way for algorithms designed specifically for
optimizing the attention maps of trained models. These algorithms usually avoid editing parameters
of the model and instead avoid computing irrelevant attention scores by discarding or merging
representations. These techniques are thus generally framed as KV cache compression, as they
indeed compress the cached K" and V" representations* under language modeling performance
constraints.

During generation, the KV cache grows linearly in size. More precisely, if we note | K'V|(t) the
total number of numerical values required to store K" and V" representations up to generation
step t and it represents a total of :

|KV|(t) = 2dp, x np, X t X Niay

where 144, is the number of Transformer layers used in the model. Compressing the KV cache
implies reducing the magnitude of one of these dependencies in order to overcome the memory
limitations imposed by hardware constraint, notably when generating long sequences.

#See Section 2.3.5 for more details on KV caching in Transformer-based language models.
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The dependency in nj, can be reduced by using shared K" and V" representations across several
heads. Multi-Query Attention or MQA (Shazeer, 2019) uses a single shared representation for a
given position across all heads for a given layer. Grouped-Query Attention or GQA (Ainslic et al.,
2023) takes a less radical stance, and shares K'V representations across nj, / K heads, where K is
typically 4 or 8. The size of the KV cache is thus divided by K. Although Ainslie et al. (2023)
propose to shortly retrain an existing model that originally used regular MHA with GQA attention,
Touvron et al. (2023) successfully train models using GQA from scratch.

Substantial effort has been made in reducing the dependency of | K'V| in ¢, that is in shortening
the sequences of KV representation at inference time. First, the previously discussed window
attention (Beltagy et al., 2020) can be seen as a KV cache compression method, as it corresponds
to discarding the KV cache at positions before ¢ — 4. This method ensures that | K'V'| is constant,
but significantly hurts performance once t > 9. Xiao et al. (2024) observe that the first tokens of a
generated sequence are crucial along the whole generation and serve as attention sinks. They propose
a KV cache eviction scheme that only stores KV representations at indices [1, s] U [t — 6, t] where
typically s € [1, 4]. Thisallows one to keep the attention sink positions in the cache, while retaining
the constantsize of the KV cache when ¢ > §. They empirically show that this compression scheme
is noticeably less harmful than window attention for downstream performance and long-context
capabilities of resulting language models.

Concurrently to this line of work, other KV cache compression policies have chosen a different
approach by building heuristics that dynamically determine whether a KV cache representation
should be discarded or kept in memory. Oren et al. (2024) use the scalar products (QF, K1)
to discard the KV representations for position 7 where this score is lowest at generation step .
Zhang et al. (2023) computes cumulated normalized attention scores for each position in order
to decide which representations to discard. Adnan et al. (2024) notice that tokens for which
attention scores are low actually help regularize the higher attention scores at preserved positions.
As a result, removing these low-attention representations disturbs the nature of the attention map.
They suggest a smoothing technique that mitigate this issue and improve the performance of the
compressed models.

These dynamic compression policies (Shi et al., 2024) are heuristics and may suboptimal as
such. Nawrot et al. (2024) propose a differentiable KV cache compression scheme that can be
added to a trained model and optimized to minimize | K'V'| while retaining the language modeling
performance. They suggest using the first component of K[! representations as an input signal for
a Gumbel-Sigmoid that predicts the creation of a new slot in the KV cache. If the output of the
Gumbel-Sigmoid is 1, K* and V;* are merged with their last counterparts in the compressed KV
cache through a weighted average. Else, if the output s 0, a new position is allowed in the KV cache
and initialized with K}* and V;". Thanks to the Gumbel reparameterization trick (Gumbel, 1935),
this scheme is differentiable, and the compression ratio can be measured by averaging the outputs
of the Gumbel-Sigmoid. This compression ratio is thus differentiable and can be considered as an
auxiliary loss for the language model during retraining.

2.4.7 Biases & ETHICAL CONCERNS

This topic has been substantially studied over the past few years, and we only provide a brief overview
of its stakes and achievements, as it does not deeply intersect with this work.
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2.4 Limitations €9 Extensions

Bender et al. (2021) notoriously present issues related with the increasing scale of language
models. They argue that, as language models grow larger and more performant, their financial and
ecological costs should be considered as a potential concern in the long run, as has been explored
in other works (Ligozat et al., 2022; Rillig et al., 2023). They add that these commercial large
language models (or LLMs) being trained on large web-scraped datasets that are poorly curated,
they may contain dangerous and socio-culturally biased information that is then reproduced by
the model at inference. These biases may include sterotypical views about gender (Kotek et al.,
2023), religious groups (Abid et al., 2021) or race (Nadeem et al., 2021), among others.
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REPRESENTATION LEARNING FOR
NATURAL LANGUAGE

The performance of machine learning methods is heavily dependent on
the choice of data representation (or features) on which they are applied.

- Bengio et al. (2013)

It is often stated informally that
Machine Learning = Representation + Objective + Optimization

The representation part of machine learning consists in building numerical features from the
data that will easily allow a prediction to be made by a parameterized model. The conformity of
this prediction to the expected result can then be evaluated by an objective function. Finally, an
optimization algorithm is used to modify the parameterized model (and possibly the representations
themselves) in order to maximize (or minimize) the objective function on the provided data
points. As most parameterized models rely on numerical operations, which are often algebraic
transformations, real-valued vectors (sometimes viewed as matrices or tensors) are a particularly
well-suited choice for representations, although some methods yield integer-based representations
(van den Oord et al., 2017).

For tabular data, choosing representations to feed a statistical or neural model is straightforward,
as they are readily available in a numerical format and can be vectorized directly. However, for
modalities such as natural language, the representation step is crucial and raises various questions.
Text can be seen as a sequence of symbols that follow some hierarchical patterns (Longacre, 1970),
which makes it harder to translate to vector representations, especially as these underlying patterns
are complex and brittle to subtle changes. Even when the notion of atomic units is defined (see
Section 2.2.1), some properties of language demand peculiar attention before tensor representations
can be extracted and used in machine learning pipelines.

Firstly, written natural language is discrete. Each atomic unit is a discrete symbol that cannot
trivially be converted to a real-valued representation in a metric space that is meaningful with
respect to the objectives of the models. As a consequence, the only notion of distance that can
be immediately derived from raw text is purely lexical, with notable examples being Levenshtein
distance (Levenshtein, 1966) and alternatives (Hamming, 1950; Jaro, 1989).

Secondly, textual data is sequential, which complexifies the possible nature of tasks and the
granularity of the represented objects compared to pure tabular data. For instance, some models
may be designed to classify words, and others to cope with document-level tasks. This implies that
textual information of different nature and/or shape (e.g. two documents with different lengths or
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3 Representation Learning for Natural Language

languages) may need to be represented in similar vector spaces so that a machine learning model
can perform predictions about these different pieces of information.

In this section, we present works that address the question of learning representations from
textual data of different nature, from word-level to document-level, and we compare the objectives
and conclusions drawn from these different lines of work.

3.1 STATISTICAL METHODS

Chronologically, the first NLP tasks that benefitted from learning strong representations were
sentence-level and document-level classification tasks (Baharudin et al., 2010), particularly in the
field of Information Retrieval (Chowdhury, 2010).

3.1.1 COUNTING METHODS

A naive approach to document representation, called bag-of-words (BoW), consists in counting the
words and using a histogram as a vector representation. Based on the token sequence framework
introduced in Chapter 2, we consider a document D as a sequence of tokens (w¢)ter,,,, and we
define its bag-of-word representation x € NV

Lp
LTy = E ly=w
i=1

This representation can be normalized for more consistency across documents. A known
limitation of the BoW approach is its failure to propetly cope with the extremely unbalanced
distribution of words in natural language. Zipf (1935) shows that the unigram frequency of words
in the English language tend to follow a power law of mass function:

fows) = —— L

Hsy 15

where words (w;) are sorted by frequency, and Hy y is a normalization term. As a result, BoW
representations are not easily distinguishable as they tend to provide higher values to words that
are generally frequent (e.g. stop words) and do not shed light on the specificity of the document
they belong to.

To alleviate this issue, Sparck Jones (1988) correct the word count by using a term that takes a
global rate of occurrence of the word into account. Their method, called Text Frequency - Inverse
Document Frequency (TF-IDF), computes a document representation 2 € RV in a document
corpus (D;)ie)1,py:

% ZZL:% 1wi:w X D

€T, =

E RS T

The first term corresponds to Text-Frequency, and can take other forms (e.g. log-regularization).

The second term is Inverse-Document-Frequency and computes the rate of documents that contain

34



3.1 Statistical Methods

the word w. This technique yields more expressive representations, as resulting vectors better
capture the specificity of different documents (Ramos et al., 2003).

3.1.2 Toric MODELING

The representations obtained with aforementioned methods rely on token counting, and usually
are high-dimensional sparse vectors. This incentivizes the exploration of compression techniques,
that would yield denser vectors in lower-dimensional spaces, which should improve the efficiency
and memory requirements of the models based on these representations.

Both with BoW and TF-IDF, the resulting representations can indeed be automatically com-
pressed to lower-dimensional vectors at the corpora level using Latent Semantic Analysis (LSA)
(Deerwester et al., 1990). To do so, LSA relies on the Singular Value Decomposition (or SVD)
of the matrix of document representations' X € RP*V to identify components that are shared
across documents.

SVD is a matrix factorization technique that can be applied to real matrices M of any shape
m x n and leads to the following decomposition:

M=UxvT

where U and V' are square matrices of shapes m x m and n x n respectively, and X isam x n
diagonal matrix of coefficients:
o; ifi = ]

Y =
/ 0 else.

The coefficients 0; are the singular values of M, i.e. they are the non-negative square roots of the
eigenvalues of M1 M.

LSA performs a form of Principal Component Analysis on X by organizing the dimensions
of the SVD to ensure that o; are sorted in decreasing order, and by truncating the shapes of U,
Y and V' to match a target dimension d. This truncation creates compact representations of the
documents as the columns of the truncated V4. The principal components U.4 can also be seen
as ropics, as they contain the underlying direction of the representations that better capture the
information in the documents. For instance, in the case of BoW, these vectors can be expected to
separate word distributions that are characteristic of certain thematics of the documents in the
corpus.

The idea of extracting topics from document corpora has been thoroughly explored in the field
of topic modeling (Churchill and Singh, 2022), especially via the widely used technique called
Latent Dirichlet Allocation (Blei et al., 2003). This technique builds a statistical model using
explicit topics as token distributions and distributions over these topics to model documents.

3.1.3 CO-OCCURENCE MATRICES

The key concept for most statistical methods used to obtain word-level representations is the
distributional hypothesis (Harris, 1954) that states that words are characterized by the words
that appear in their context. Weaver (1952) introduces statistical semantics, a field that employs

'In the case of BoW, this matrix is also called the Term-Document matrix.
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statistical methods to analyze word meanings in natural languages. A straightforward application
of these theories to the document representation framework consists in considering the columns
of X as useful token-level representations, as tokens that appear in the same documents should
convey similar meanings.

The notion of context can be extended to broader definitions to build a term-term matrix which
for instance counts occurrences of token w; in a k-token window surrounding all occurrences of
w; in a text corpus.

Nevertheless, similarly to BoW, these purely counting-based representations are distorted by
the peculiar nature of the Zipfian distribution of tokens in natural language. This incentivizes the
use of pointwise mutual information (Shannon, 1948) as a measure of the level of dependency
between two tokens. For a context defined by C, the pointwise mutual information (PMI) between
two tokens co-occurring w; and wyj is:

P(wi € C(w]))

PMI(w;, w;) = log, P(w;) - P(w;)
i J

The PMI captures the rate of co-occurrence of tokens w; and w; over their rate of appearance, which
regularizes the dependency score for high-frequency tokens, and make semantically meaningful
interactions stand out.

A commonly used alternative is Positive PMI (or PPMI):

P(w; € C(wj))
PPMI(w;, w;) = max(0,logy ——————I°~
PPMI avoids considering the PMI where it is negative, that is where tokens tend to particularly
not co-occur, which is difficult to estimate safely from a statistical perspective, especially for rare
tokens.

LSA can also be used to obtain token-level embeddings, by computing the SVD on X T and

using U € RV*d 354 look-up table for token representations.

3.2 MACHINE LEARNING METHODS

As computational capabilities improved over the years, machine learning approaches were increas-
ingly studied in Natural Language Processing (Billingsley and Curran, 2012; Cho et al., 2014a).

3.2.1 WorD2VEC

In the domain of word-level representation, a pioneering work is Word2Vec (Mikolov et al., 2013a).
Building upon Neural Network Language Models (Bengio et al., 2000), the authors build neural
networks without intermediate layers and train them on one of two tasks that are closely related
with language modeling. The first task, continuous bag-of-word or CBOW, consists in predicting
a token based on a bidirectional short context window, using the classical language modeling
framework and a more efficient hierarchical softmax (Morin and Bengio, 2005). The second task,
called Skip-gram, mirrors the first one by using the central token to predict the tokens from the
short context window, and apply a language modeling objective at each of the predicted positions.
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3.2 Machine Learning Methods

In both cases, the input embeddings of the models are used as the token representations. The
authors conduct experiments with these representations and conclude that they convey higher
semantic and syntactic information compared with using the intermediate representations of
NNLMs.

INPUT PROJECTION OUTPUT INPUT PROJECTION ~ OUTPUT
w(t-2) 4 V)
w(t-1) b4 w(t-1)

SUM
D\
> w(t) w(t) >
v
4
w(t+1) A w)
w(t+2) 4 w(tr2)
CcBOwW Skip-gram

Figure 3.1: Schema of the two Word2Vec training strategies. (from Mikolov et al. (2013a))

3.2.2 GLOoVE

GloVe (Global Vectors for Word Representation) was introduced in Pennington et al. (2014).
Inspired by the rationale of PMI, they propose to learn a log-bilinear regression on a regularized co-
occurrence matrix. Namely, they learn token representations x and Z by optimizing the following
objective”:
arg min Z((ml, Zj) +b; +bj — In Py;)?

B
The authors conduct a variety of evaluation tasks and conclude that GloVe representations are
more expressive than the ones obtained using CBOW or Skip-gram models.

3.2.3 FastTEXT

FastText (Bojanowski et al., 2017) is an extension of Word2Vec where the token embeddings are
enriched by character-level information to enhance their generalization abilities. The method is
motivated by the inability of previous methods to cope with out-of-vocabulary strings, and an
intent to facilitate the learning of semantic relationship for morphologically rich languages such
as English where prefixes, suffixes and inflected forms are common. To that end, they represent
tokens as a sum of substring representations of varying length, including the token string itself,
and use the Skip-gram objective from Word2Vec at token-level over the summed representations.
As a result, their token embeddings are more performant when it comes to identifying syntactic
similarities between tokens, and representations can still be provided for unseen tokens.

2 . .. .
In practice, a regularization term is used to account for rare co-occurences.
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Apart from building meaningful token representation spaces, these methods have been imple-
mented into task-specific RNNs as a way to initialize or define look-up tables for input embeddings
(Xiao et al., 2018; Muhammad et al., 2021), yielding better results especially in low-resource
scenarios.

3.2.4 CONTEXTUAL EMBEDDINGS

Thanks to substantial progress in computational capabilities (Owens et al., 2008), it became in-
creasingly feasible to train large neural models using self-supervised methods on large amounts of
text. Following the principles of transfer learning (Pan and Yang, 2010), intermediate representa-
tions of trained neural language models based on RNNs or Transformers were used as contextual
embeddings for task-specific model.

Peters et al. (2018a) extract the output vectors of the last LSTM layer of their frozen ELMo
language model and use them as inputs for various task-specific sequential architectures. This
leads to substantial improvements across most evaluations. Building upon Transformer-based
language models, Devlin et al. (2019) and Radford and Narasimhan (2018) simplify this framework
and propose to replace the language modeling head by a task-specific untrained linear layer. The
resulting architecture is then trained as a whole on the downstream task. This second training step
is usually called fine-tuning, as it is often performed with finer optimization hyper-parameters.

Martin et al. (2020) train a Transformer-based masked language model (MLM) on French data
and compare its performance on downstream tasks with two settings: one where the pretrained
model is frozen, and a simple model is trained on top of it, and one where the model is fine-tuned
on the downstream task. Although the frozen setting leads to slightly better performance in NER
when combined with a LSTM-CRF (Panchendrarajan and Amaresan, 2018), the fine-tuned model
outperforms its frozen counterpart in most tasks, notably in Part-of-Speech tagging.

On word similarity tasks, these contextual representations were shown to better embed semantic
similarity (Bommasani et al., 2020).

3.3 SENTENCE EMBEDDINGS

The contextual representations extracted from pretrained language models are also useful to
evaluate sentence similarity in a zero-shot setting when building metrics from token-level similarity
(Zhang et al., 2020).

However, Reimers and Gurevych (2019) show that building sentence-level representations
using basic pooling strategies (e.g. using the representation of one token only or averaging the
representations over the sequence) performs better when using static embeddings such as GloVe
than with these contextual representations. Their work paves the way for specialized methods that
build expressive sentence embeddings from neural contextual representations.

3.3.1 SENTENCE-BERT

Reimers and Gurevych (2019) introduce Sentence-BERT, a model based on BERT that generates
sentence-level representations. They use a siamese architecture where a single model encodes two
sentences into pooled representations, and a classifier predicts a label that should detect whether
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Figure 3.2: Overview of the Sentence-BERT training paradigm (taken from Reimers and Gurevych (2019))

two sentences share the same meaning. This siamese network is initialized with BERT or RoBERTa
models and is further trained on the SNLI dataset (Hill et al., 2016), a natural language inference
(or NLI) dataset that comprises pairs of sentences associated with a label indicating a semantic
correspondence between the sentences. At inference time, the siamese network produces sentence
embeddings and their cosine similarity is computed as a similarity score.

Cosine similarity is a vector space metric based on cosine distance that measures the angular
discrepancy between two vectors. Given two vectors &,y € RY, their cosine similarity is defined
by:

(z, y)
[zll2 - [lyll2

Thus, cos-sim(x, y) € [—1, 1] and higher cosine similarity values depict vectors which directions

cos-sim(x, y) =

are more aligned.

They evaluate their model against concurrent work such as USE (Cer et al., 2018) and InferSent
(Conneau et al., 2017) on the Sentence Textual Similarity (STS) benchmarks that provide sentence
pairs with semantic similarity scores. Using the Spearman correlation metric (Zar, 2005), they
show that the cosine-similarity between the Sentence-BERT representations correlates significantly
better with the ground-truth similarity scores compared with other approaches.

Similar supervised methods have been applied with multilingual and/or multimodal data and
base models to obtain language-agnostic sentence representations (Feng et al., 2022). Concurrently,
(Schwenk and Douze, 2017) propose to learn multilingual sentence representations by training
monolingual sentence encoders and decoders for machine translation. This approach was later
successfully adapted to multi-modal representations (Duquenne et al., 2023).

3.3.2 LATENT REGULARIZATION METHODS

The contextual representations of pretrained LMs are trained in a way that implicitly forces them to
capture syntactic and semantic information at token-level (Jawahar et al., 2019). Nevertheless, their
geometrical structure is not constrained by any explicit process, and it remains unclear whether
their final structure can be predicted « priori.

As we will discuss in the next section, this structure can be strongly degenerate in practice,
which makes pooling nicely distributed sentence representations a more difficult task. Aware of
this difficulty, several methods have been proposed to regularize the token-level representation
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distributions before pooling, in order to lead to sentence embeddings for which cosine similarity is
more expressive.

Aroraetal. (2017) and Mu and Viswanath (2018) remove the most dominant principal compo-
nents of the SVD of token-level representations, and observe improvements in the expressiveness
of the resulting sentence embeddings. Li et al. (2020) take a different stance and train a flow-based
generative model that maps the contextual token embeddings to a standard Gaussian distribution.
Their BERT-flow model improves over the average-pooling baseline in most STS benchmarks.
Su et al. (2021) propose a more direct approach and learn a whitening transformation, an affine
mapping that gives the contextual distribution the same first two moments as the standard multi-
dimensional Gaussian distribution (i.e. 4t = 0gand 3 = ).

3.3.3 CONTRASTIVE METHODS

Although siamese networks and latent regularization are both ways to improve representations
taken from pretrained LMs, these methods are incompatible. As a matter of fact, the former
retrains the model without constraining the geometry of the token (and sentence) embeddings,
while the latter performs expensive post-hoc regularizations that may be non-differentiable and that
are not designed to be applied at every training step.

As a result, it is difficult to both benefit from the geometrical regularity of the intermediate
representations (or their #niformity) which allows the model to differentiate properly different
samples, and from the capacity of these representations to accurately capture the information in
the sentences and match similar sentences (or their alignment).

Wang and Isola (2020) design metrics to quantify alignment and uniformity in representations,
and empirically show that the most expressive representation tend to optimize both metrics. They
proceed to prove that contrastive learning objectives implicitly lead to a trade-oft between alignment
and uniformity.

Contrastive Learning is a representation learning framework that aims at learning discriminative
embeddings by using objectives that minimize the underlying distance between equivalent items
(positive pairs) and maximize it between unrelated items (zegative pairs). A crucial design choice
in contrastive learning methods is the definition of equivalence between the considered items,
especially in the unsupervised setup. In computer vision, building positive samples is relatively easy
as slight perturbations of the input features do not affect the human perception of the resulting
image. This made contrastive learning particularly convenient, leading to several popular models
(Chen etal., 2020; He et al., 2020).

Inspired by contrastive methods, and to improve the uniformity-alignment tradeoft, Gao et al.
(2021) develop the SimCSE models. They first apply a classical contrastive learning objective to
sentence-level representations in a supervised setting. Many NLI datasets provide several sentence
pairs for a given sentence, each matching it with a similar sentence or one with an opposite meaning.
Hence, Gao et al. (2021) leverage these pairs tagged as similar as positive samples, and those tagged
as dissimilar as negative samples. They also use sentences from unrelated pairs as additional negative
samples.

Similarly to Chen et al. (2020), they leverage the InfoNCE objective (van den Oord et al., 2019)
which can be interpreted as a cross-entropy loss on in-batch classification, i.e. identifying the object
in a training batch to which a representation corresponds. Formally, given an object embedding
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Figure 3.3: Overview of the SimCSE contrastive unsupervised and supervised frameworks (from Gao et al.
(2021))

h € R4, a positive sample embedding b € R? and a series of negative samples h’. € R? for
i € [1, N_], the InfoNCE objective based on cosine similarity is:

exp cos-sim(h, h4)
exp cos-sim(h, hy) + Zl]i_l exp cos-sim(h, h' )

Linfonck = Eppy | —log

In the supervised SimCSE, h_ contains representations corresponding to the dissimilar utter-
ance as annotated in the NLI dataset, and the other sentences from the same training batch. This
dissimilar utterance constitutes a hard negative as it should be particularly contrasted with the
target sentence, contrarily to the soft negatives that should statistically be neutral with respect to
the target sentence. Gao et al. (2021) also provide an unsupervised approach where h_ does not
contain the hard negative from the NLI annotation. In this setting, as the positive NLI sample
is not available, they need to resort to data augmentation in order to provide a similar utterance.
In NLP, such augmentation can be hard to design safely, as altering one token can change the
meaning of the whole sentence. Nevertheless, some attempts have been made to edit the token
sequence (Xu et al. (2023) for instance). Gao et al. (2021) avoid this difficulty by computing the
sentence representations twice using a different dropout filter.

Gao etal. (2021) conduct experiments and drastically outperform models in both the latent
regularization and the siamese network frameworks, and they show that SimCSE achieves a much
more balanced alignment-uniformity tradeoft. SimCSE paved the way for contrastive methods in
sentence-level representation learning, with subsequent works that improved the negative sampling
strategies (Yan et al., 2021), scaled the training process and data (Li et al., 2023), making it the
state-of-the-art approach for sentence embeddings.

Overall, we have seen in this section how learning representations of textual data can bring
a specific set of challenges, as naively applying general methods often fails the test of linguistic
complexity. As the potential offered by machine learning methods increased, these methods
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have often shown to benefit from tweaks specific to the text modality that helped improve the
downstream performance of NLP systems.

As downstream and language modeling performances become more and more intertwined, this
naturally raises the question of whether neural language models are also affected internally by the
same kind of phenomena, and leads us to analyzing their representations in order to characterize
the impact of textual data on their geometry.
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With the advent of neural methods for NLP systems, it became significantly more difficult to
explicitly and totally control the inner behavior of the model, which was straightforward in symbolic
methods, as well as in purely statistical ones, to a certain extent.

Analyzing the weights and activations of the intermediate layers of neural NLP models is
the purpose of the interpretability field (Madsen et al., 2022). In this section, we briefly depict
interpretability methods, with a particular focus on works that describe the intermediate vector
spaces. We also present some methods that are directly derived from these observations.

4.1 REPRESENTATIONS AND EMBEDDED KNOWLEDGE

In this first section, we consider approaches that view language models as grey-box systems, and
identify properties of layer-wise intermediate representations without deep-diving into the under-
lying architectures.

4.1.1 LINEAR REPRESENTATION HYPOTHESIS

king female queen
man female " woman

Figure 4.1: Illustration of the linear representation hypothesis as mentioned in Mikolov et al. (2013b) (taken
from Ethayarajh et al. (2019))

A fundamental concept in neural model interpretability (and particularly for language models)
is the linear representation hypothesis, i.e. the observation that high-level concepts are represented
linearly as divections in [the] representation space (Park et al., 2024).

This hypothesis was famously invoked in the Word2Vec article! (Mikolov et al., 2013b), where
authors argued that arithmetic operations between the representations almost perfectly captured
semantic relationships. For instance, they have been shown to capture analogies, as in the notorious
example:

Lqueen = Lking — Tman + Twoman

"The claim is usually attributed to Word2Vec but was initially made in an article from the same first author.
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This observation was explored and justified mathematically in the context of static word embed-
dings (Ethayarajh et al., 2019; Allen and Hospedales, 2019). Recently, Jiang et al. (2024) showed
that training a probabilistic model by optimizing cross-entropy via gradient descent theoretically
pushes for a linear representation of underlying concepts, which generalizes the mathematical
grounding of this hypothesis to representations of neural LMs.

Mostimportantly, the linear representation hypothesis implies that self-supervised neural models
can be probed using linear methods in order to measure the extent to which a given concept is
embedded in their representations.

Typically, given d-dimensional frozen hidden representations modeled by a random variable A
and associated labels (respectively values) y corresponding to a given concept, the linear probing
technique amounts to optimizing a linear (or affine) model fy for a classification (respectively
regression) loss [, i.c.:

T+ — argénin Ep,(I(fu(h),y))

The resulting performance of the probe fiy indicates to what extent the representations encode
the given concept. For instance, h could encode sentence embeddings and y could be a gender label
for the subject in the sentence. Then, [ will be a classification loss, and fy a trainable mapping from
a representation h; to a gender prediction ;. In this example, the performance of the probe would
indicate the amount of gender-related information that is encoded in the sentence representations.

4.1.2 EMBEDDED LINGUISTIC PROPERTIES

Part-of-speech! Partial dependency info!

The chef made five pizzas The chef made five pizzas
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Figure 4.2: A high-level summary of probing for language models (taken from Hewitt (2019))

Early in the development of neural embedding methods, probing has been implemented to
improve the understanding of how the representations capture information. Kéhn (2015) success-
fully probe Word2Vec embeddings for basic word-level linguistic properties such as Part-of-Speech
or gender. Shi et al. (2016) show that RNN-based machine translation models partly learn the
syntax of the source language using probing. Adi et al. (2017) and Conneau et al. (2018a) probe
sentence representations from a linguistic standpoint. They focus on relatively basic properties,
such as the sentence length, or the belonging of a given token. Liu et al. (20192a) extend this idea
to token-level representations, and propose to use usual downstream tasks, such as POS tagging
or Named Entity Recognition, as probing tasks. They train layer-wise probes and show that the
necessary linguistic information is better contained in deeper layers.

These probing tasks have been used to better understand the layer-wise organization of neural
LMs. Peters et al. (2018b) show that the first layers focus on local syntax, while deeper layers focus
on semantic content. Tenney et al. (2019) further decompose the roles of layers and find that
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the BERT model unsupervisedly mimics traditional NLP pipelines, i.e. it first latently parses the
sentences before identifying coreferences and semantic relations. Jawahar et al. (2019) come to
similar conclusions, but also notice that BERT can capture linguistic hierarchy and to mimic
tree-like structures at representation level.

4.1.3 EMBEDDED WORLD KNOWLEDGE

Several works have probed models in search for world knowledge, in order to quantify the ability
of LMs to learn meaningful representations of physical objects beyond linguistic semantic.

Guptaetal. (2015) show that static representations contain referential information about named
entities. For instance, it is possible to roughly estimate population count, geolocation and other
properties from city or country names using a basic probe.

Subsequently, different works have studied temporal knowledge (Thukral et al., 2021; Caselli
etal., 2022), auditive representations (Ngo and Kim, 2024) or factual knowledge (Youssef et al.,
2023), among others. In this work, we focus on geographical knowledge, and wonder whether
geo-localization information is embedded in the representations of geographical entities.

Louwerse and Benesh (2012) show that coordinates of places in the Middle-Earth can be pre-
dicted by just using the co-occurence matrix extracted from the Lord of the Rings novels. Faisal
and Anastasopoulos (2023) build networks from geographical representations based on monolin-
gual and multilingual models of different sizes. They show that all models embed more accurate
geographical representations for countries of the Global North. This geographical discrepancy can
be explained by biases that are inherent to the datasets used for pretraining Faisal et al. (2022).

Recently, Gurnee and Tegmark (2024) probed large language models from the Llama-2 suite
(Touvron et al., 2023) to extract coordinates of prompted locations from hidden representations
across layers. They show that models ranging from 7B to 70B parameters can convincingly embed
geographical coordinates on a world map when representing basic prompts. They prove that
scaling up the model size systematically leads to better performance in coordinates prediction.

Peters etal. (2019) propose to use the probe loss as an auxiliary objective during training, explicitly
encoding chosen properties in the representations. They argue that the resulting model is more
performant on downstream tasks after fine-tuning.

A concurrent line-of-work rather focuses on the analysis of data-inherent socio-cultural biases in
models at representation-level. Instead of probing encyclopedic world knowledge, these methods
evaluate the extent to which language models are contaminated by the stereotypical views that
belong in natural language, or by statistical imbalances that may implicitly reinforce these views in
these models.

Zhao et al. (2018a) study gender bias in co-reference resolution systems. Co-reference resolution
is a linguistic task that consists in identifying the object of a reference (a pronoun referring to
a past name, for instance) that could potentially seem ambiguous. Analyzing the errors made
by a coreference resolution system can provide insights about its underlying representations of
concepts. For instance, let us consider the sentence “the physician hired the secretary because she was
overwhelmed with clients”. A model that wrongly predicts that she refers to secretary, but would
predict the correct reference when replacing she with be, likely suffers from stereotypical gender
biases. They propose to quantify gender bias more directly in static embeddings by measuring the
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4 Representation Analysis for NLP

cosine similarity between the gender token (e.g. female) and attributes like profession tokens (e.g.
colonel) (Zhao et al., 2018b).

Zhao et al. (2018b) go further and introduce auxiliary objectives to the GloVe method that help
minimize their bias metric, which implies minimizing the alignment between some attributes and
gender in the token-level representation space. In a similar effort, Ravfogel et al. (2020) post-edit
statistical embeddings by iteratively projecting them on the orthogonal direction of a trained linear
probe. Intuitively, training a new probe on these projected embeddings should be more difficult as
a gender-sensitive direction has been suppressed from the latent space. Iskander et al. (2023) extend
this idea to more complex probes and introduce a gradient-based method of which Ravfogel et al.
(2020) is a particular case.

4.2 ANALYSIS OF SELF-ATTENTION

After the emergence of Transformer-based models, many interpretability works have focused on
the multi-head self-attention layers. These layers differ from the other linear layers as they model
the interactions between tokens.

4.2.1 PROPERTIES OF SELF-ATTENTION MAPS

When attention was introduced as a way to improve machine translation neural systems (Bahdanau
et al., 2015), it was shown that cross-attention maps were implicitly modeling token-to-token
cross-lingual mappings.

The self-attention patterns of BERT have been analyzed in numerous works. Clark et al. (2019b)
describe head-specific patterns, such as attending to punctuation, special tokens used for self-
supervision (e.g. [SEP] or [CLS]), and previous or next tokens. They also identify a pattern with the
entropy of head-level attention maps, where lower layers contain high-entropy maps that roughly
average the representations of all token positions. They proceed by identifying specific heads that
specialize in extracting a specific type of linguistic phenomenon through attention maps. They use
attention maps and GloVe embeddings as an input to a dependency parsing classifier, and obtain
satisfying results, showing that attention maps latently perform operations that are related with
parsing.

Voita et al. (2019) conduct a similar analysis and find that pruning non-specialized heads does
not significatively affect performance in Transformer-based machine translation. Vig and Belinkov
(2019) concurrently identify head-specific patterns on GPT-2 (Radford et al., 2019), and add that
deeper layers tend to encode longer-term dependencies than first layers.

Overall, these works show that self-attention maps in language models tend to be sparse (or
low-entropy), which can make them easily interpretable in some cases. Quantitatively, head-level
probing tasks and downstream evaluation allow measuring and characterizing their specialization
from a linguistic point of view.

4.2.2 THE LOGIT LENS

Although the methods mentioned above are efficient at measuring the quantitative linguistic
g g q g
performance of specific parts of Transformer models, they depend on a biased evaluation protocol,
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model's top token and its logit
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Figure 4.3: Layer-wise diagram obtained with the logit lens technique (taken from Nostalgebraist (2020))

as the tasks and measurements are made with a specific angle of study. This remark led to the
elaboration of techniques that automatically discover interpretable patterns.

Nostalgebraist (2020) introduces the concept of logit lens (Nostalgebraist, 2020), a projection
technique that allows to extract token-related interpretations from intermediate representations
in Transformer blocks. They observe that the residual connections of Transformer architectures
create direct paths to the last hidden representation, which is then simply projected linearly ona V'
dimensional logit space by the language modeling head. Hence, they hypothesize that the structures
of the representations that go through these residual connections are suited for the language
modeling head, implying that projecting them through this layer will produce meaningful outputs
in the logit space. They mostly use this observation to analyze the stacked layers as improving
predictors and to display their intermediate predictions.

Elhage et al. (2021) develop a more elaborate framework around a similar idea, and identify
circuits in Transformer models, i.e. paths through the layers via a residual stream that processes
specific features with each linear operation

Prakash and Lee (2023) use the logit lens technique on large LMs to investigate the semantic
changes that occur after bias mitigation techniques (Ravfogel et al., 2020). Dar et al. (2023) design
an equivalent framework to analyze model weights in the token space.

These initiatives tend to show that Transformer layers all contribute to the final prediction
through a residual stream, where some heads sparsely process input representations in an inter-
pretable way. Once more, these sparse implicit operations happen in linear subspaces that can be
analyzed in token space via basic operations.
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4.2.3 QKV GEOMETRY

To the best of our knowledge, few works have specifically studied the vector distributions of
attention-level representations Q", K" and V.

Recently, Devoto et al. (2024) observed that the Ly norm of the K" representations could be
used as a proxy for subsequent attention weights. They derive an efficient KV cache compression
scheme from this observation, proving that K h representations with the highest Lo norm can
actually be discarded at inference time without significant performance loss.

4.3 REPRESENTATION DEGENERATION

Representation Degeneration is a phenomenon in which pretrained models tend to adopt low-
entropy singular value distributions (Jing et al., 2022). In other words, the singular value distribu-
tions of the representations of affected models are particularly imbalanced, which implies that they
can be efficiently approximated in a lower-dimensional subspace.

In language modeling, representation degeneration has been studied from various points of
view, and specificities related to the (Zipfian) distribution of textual data have been put forward
to explain the forms of degeneration that were observed at various levels in models. Hence, we
argue that representation degeneration can be included in the field of interpretability, as it depicts
distortions that may be explained by general properties of natural language.

We summarize the works that cope with this question in the following sections.

4.3.1 A GENERAL PHENOMENON

Hua et al. (2021) identify dimensional collapse as a potential limitation of self-supervised models
in general. They suggest that features tend to naturally collapse towards highly dependent patterns.
To measure this phenomenon, they track several metrics for the generated representations. They
estimate the rank of the space spanned by the representations by computing the singular values
of a representation set, and show that this estimated rank tends to decrease in training. They also
measure the average absolute correlation scores across features, and show that this correlation does
not naturally decrease.

A way to circumvent this phenomenon is to penalize feature similitude, which they implement
through a covariance regularization term. Tian et al. (2021) show that architectural tricks such as
weight decay (Krogh and Hertz, 1991) or exponential moving averaging (Morales-Brotons et al.,
2024) can mitigate dimensional collapse.

Another natural approach towards mitigating dimensional collapse is contrastive learning, as
it implicitly improves the uniformity of latent spaces (Wang and Isola, 2020). Nevertheless, Jing
etal. (2022) show that for a broad range of data augmentation techniques used when generating
positive samples, contrastive methods lead to dimensional collapse. They design architectural tricks
and improved data augmentation methods to alleviate this issue.

Most importantly, in agreement with Wang and Isola (2020), these works notice that uniformity
in latent spaces is correlated with performance, and that mitigating dimensional collapse leads to
better models in general.
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4.3.2 DEGENERATION IN NLP

(a) Training step 100 (b) Training step 500 (c) Training step 1500 (d) Training step 3500

Figure 4.4: Visualization of the token embeddings of a language model during training, projected onto the
first two components of their SVD. Red, green, and blue points represent rare, medium, and
frequent groups respectively (taken from Yu et al. (2022)). These plots show the emergence of a
degeneration phenomenon and its apparent correlation with token frequency.

In NLP, degeneration is a term that has been used in various works to convey different meanings.

Firstly, it has been used to describe erratic behaviors of language models at inference time,
with notable examples of repeated tokens or phrases, and of strong hallucinations. Holtzman
et al. (2020), describe the neunral text degeneration phenomenon in depth. Through extensive
analysis of GPT-2 generated sequences, they show that pre-existing decoding methods, such as
beam search (Freitag and Al-Onaizan, 2017), temperature sampling (Ackley et al., 1985), or top-k
sampling (Radford et al., 2019), all lead to undesirable outputs. They argue that “narural language
does not maximize probability”, and that decoding methods that aim at purely minimizing the
perplexity of the model on the generated text are bound to lead to less human-like samples. They
introduce nucleus sampling, a strategy that thresholds the token distribution based on its cumulated
distribution function (CDF). Welleck et al. (2020) suggest an alternative method that consists
in continue the training of the model with an auxiliary unlikelihood loss that explicitly penalizes
repetition and induction-based hallucinations.

Finlayson et al. (2024) investigate the implication of the softmax bottleneck (see Section 2.4.1)
in this kind of degeneration, and show that the low-dimensional linearity of the language modeling
head may introduce artifacts in the next-token probability distributions. As a matter of fact, they
argue that when the hidden dimension d,, is smaller than the vocabulary size V, the logits vectors lie
in a space spanned by the language modeling head, which is a relatively low-dimensional manifold
of RV. As a resul, projecting these logits on AV using the softmax function leads to spurious
non-zero probabilities for tokens that would be null otherwise, as the low-dimensional manifold
cannot be mapped to AVina surjective manner. This phenomenon explains the efficiency of
truncation strategies such as nucleus sampling, as they will discard most of the spurious non-null
probability tokens when the error caused by the softmax bottleneck is not too significant.

Sharma and Kaplan (2022) also link the performance of language models to the dimensionality
of hidden representations and of the data distribution itself. They argue that the parameters of the
scaling laws (see Section 2.3.7) can be estimated through a study of the intrinsic dimension or ID
(Tulchinskii et al., 2023) of the data manifold. Tulchinskii et al. (2023) use persistence homology
dimension (Adams et al., 2020), a fractal dimension estimation metric based on minimal spanning
trees, to measure the ID of embedding distribution of artificially generated texts and human text.
They find that artificial samples tend to have a lower intrinsic dimensionality than human samples.

49



4 Representation Analysis for NLP

Sharma and Kaplan (2022) use a similar metric to estimate the data dimensionality, and to verify
their approximation of the scaling laws based on this measure.

The notion of degeneration has also been used to extend the exploration of representational
degeneration to the specific case of natural language modeling. A seminal work in that field is
Representation Degeneration Problem in Training Natural Language Generation Models (Gao
etal, 2019). In this paper, the authors underline a connection between the distortion that can
be observed in both static and contextual embeddings spaces, and the unbalanced Zipf law that
appears in natural language.

They elaborate their claim around the example of an unused token, that is a token that belongs
in the vocabulary V of the language model, but that does not appear in the training sequences.
This can happen if the tokenizer and the model are trained on different datasets. Let’s consider
the case where there is only one such token w,,, and all the model 6 parameters are fixed except for
the parameters of the language modeling head Wy, of rows (0;);c(1,v] € RY*dm The authors
focus on the parameters 0,,, which are updated during training to optimize the cross-entropy loss,
in a consistent way where the output logit for w,, must be as low as possible as w,, never appears.
More formally, if a set of T contextual embeddings from the frozen model are noted (h:)ef1, 1]
optimizing cross-entropy with respect to 0, amounts to the following problem:

T

arg max l Z IOg exp<hi7 0w¢>
Ou T i—1 Eje[l,\/]\u exp(hi, 0j> + exp(h;, 0u)

which can be reduced by introducing a constant Cj, to :

T
1
argoumln T ; log(C; + exp(hi, 0y)) (4.1)

Equation (4.1) shows that the parameters corresponding to w,, in the language modeling head are
trained to minimize an average metric on the whole dataset, that naturally pushes the scalar products
(hi, 0y) towards negative values. The authors show that this optimization problem tends to lead
to a degenerate solution where o, is pushed away from the convex hull of the representations h.

They extend this observation to rare tokens through more complex analysis, and deduce that
training a model using cross-entropy on data that has an underlying Zipfian distribution naturally
leads to a distortion of the output latent space. Frequency-based degeneration was also observed in
Zhou et al. (2021), who show that the representational geometry of tokens is highly dependent
on their frequency, and that rare tokens are less distinguishable in latent spaces. They argue that
this difference can explain biases in downstream performance, using the example of geographical
knowledge discrepancy between high-frequency and low-frequency location names.

To overcome this limitation, Yu et al. (2022) train a language model using adaptive gradient
gating, which regularizes the gradients related to low-frequency tokens. Meister et al. (2023)
propose a simpler approach where a bias is added to the output of the language modeling head.
This bias is manually set to b; = log( fu, ), where fi,, is the unigram frequency of token w;, which
allows the model to only model a residual contribution to the contextual probability, making it
less sensitive to token frequency.
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4.3.3 ANISOTROPY & OUTLIER DIMENSIONS

(a) Isotropic distribution (b) Anisotropic distribution

Figure 4.5: Schema of anisotropy in a token embedding space. (taken from Ethayarajh (2019))

A specific framing of representation degeneration in language modeling has taken the form of
anisotropy, that is of non-uniformity of the distribution of angular components in language model
representations.

To the best of our knowledge, Ethayarajh (2019) is the first to describe this phenomenon for con-
textual representations in natural language. He defines anisotropy as the average cosine similarity
between two randomly sampled representations at a given layer. Formally, if T outputs representa-
tions h' are uniformly sampled from the ¢-th layer of a neural network, then the anisotropy level
of that layer can be measured as:

COS 7 - 4.
(00:0) = 7 Z th\|2 ||h T (42)

2

Acos(¢g, 1) takes a value in [—1, 1], and the distribution of h? can be described as anisotropic
when | Ao takes higher values.

They measure anisotropy on hidden representations obtained across different sentences using
this in ELMo (Peters et al., 2018a), BERT (Devlin et al., 2019) and GPT (Radford and Narasimhan,
2018). They find that hidden representations of these models tend to be anisotropic, especially on
the deeper layers, and notice that the anisotropy level of GPT takes extreme values (up to 0.97).
In simpler terms, when sampling two output token representations of GPT at random (across
documents or not), the cosine similarity between these will be 0.97 in average. This is unexpected,
as a uniform distribution would likely yield orthogonal vectors, especially in high-dimension
settings.

Mu and Viswanath (2018) explore anisotropy from the perspective of singular value decomposi-
tion. They measure an average similarity between each singular vector u® € U' and each hidden
representation h’, and by comparing the maximum average similarity (the singular component
that is most similar to hidden representations) and the minimum average similarity (the singular
component that is least similar to hidden representations). In an isotropic distribution, these
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similarity levels should be closer, as each singular component should almost equally explain all
hidden representations. The precise measure is done as such:

Asv (¢, 7) = min,ey F(u)

maxyey F(u)

where Fi(u) = L 531 exp((u?, hi)).

Here, Agy (¢g,i) € [0,1] and the distribution is characterized as anisotropic when it is
significantly smaller than 1. They use this measure to show that static embeddings to be anisotropic,
and they propose a basic truncation of top singular components to improve their anisotropy. They
show that the resulting isotropic static embeddings lead to better performance on downstream
tasks.

Wang et al. (2020a) take advantage of this spectral viewpoint and use spectrum control to
mitigate anisotropy during training. They add a penalization term in the training objective that sets
a target for the singular value distribution of the representations. They show that this regularization
leads to better performance for language models in monolingual and multilingual setups, including
for downstream performance.

Rajace and Pilehvar (2021) use this metric on pretrained language models and come to similar
conclusions to Ethayarajh (2019). They observe that the spaces spanned by h’ vectors are split
into clusters which may cause anisotropy. They cluster the representations using unsupervised
techniques, and compute the clusters’ barycenters before subtracting them from their representa-
tions. They show that this post-processing step improves both the STS performance and the results
on the NLI benchmarks, while successfully mitigating anisotropy. Rajace and Pilehvar (2022)
extend the anisotropy diagnosis to the multilingual version of BERT. Himmerl et al. (2023) later
propose several post-processing techniques to mitigate anisotropy, and show that they improve the
performance of sentence embeddings.

Bis et al. (2021) prove the existence of a connection between this anisotropy phenomenon and
a degeneration similar to the one described in Gao et al. (2019) (see Section 4.3.2). They show
that training language models through cross-entropy optimization leads to a progressive drift
of the embeddings towards a common direction, and that such a drift can be measured as an
increase in anisotropy levels as a non-centered representation distribution is naturally contained
in a narrower region of the space. They remove this common component by subtracting the
average representation, and show that this simple operation substantially reduces the anisotropy
of the distributions according to A,s. Crucially, this connection allows them to formally bridge
frequency-related distortions of the embedding space and anisotropy.

Several approaches have taken an opposite stance and have suggested that anisotropy was unharm-
tul and could even lead to better performance. Ait-Saada and Nadif (2023) show that anisotropy
does not affect clustering performance in sentence representations. Rudman et al. (2022) propose
to add an Zsotropy penalization in the training objective of language models when fine-tuning on
downstream tasks, and show slight performance improvements. Finally, Machina and Mercer
(2024) show that anisotropy does not automatically appear in the output layers of larger language
models.

A problem that is closely related to anisotropy is the existence of outlier dimensions in the repre-
sentations of language models, which are also related with token frequency (Puccetti et al., 2022).
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However, outlier dimensions are a form of anisotropy themselves, and most of the mitigation
techniques that have been proposed in this subfield are related with quantization issues (Ahmadian
etal, 2023; Nrusimha et al., 2024). Hence, we choose not to include this literature in detail in

this section.

The aforementioned works cover diverse topics and aim for different objectives. Nevertheless,
they tend to focus on the geometrical interpretability of language models in the representational
space. These works show that viewing the activations of these models as vectors that should lie in
meaningful spaces can bring performance improvements when leveraged properly. Understanding
the geometry of these spaces with respect to data-related properties allows to better understand
the behavior of a model, but also to point out limitations that the language modeling paradigm
brings, when these spaces are not uniform or when they are too constrained to lead to optimal

predictions.
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ParT II

ANALYSIS OF THE REPRESENTATIONS OF
LANGUAGE MODELS

This part studies the representation degeneration phenomenon from various perspectives. We
extend the works mentioned in Chapter 4 by exploring these questions at larger model scales,
for other modalities and using different analysis tools. This provides valuable insights towards

improving the language modeling paradigm, that we leverage in Part I1I.
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S ON THE ScALING LAWS OF
GEOGRAPHICAL REPRESENTATION IN
LANGUAGE MODELS

Recently, scale has been deemed a crucial factor towards improving language models, whether as
an argument in favor of larger and more diverse training datasets, or as a motivation for training
larger models. The hypothesis that scaling up models could solve current issues in NLP is both a
consequence of the bitter lesson claim (Sutton, 2019), which states that more computation leads to
more effectiveness, and of the scaling laws (see Section 2.3.7).

In this chapter, we explore this claim from a representation analysis perspective, and propose
to quantify the informativeness of learned intermediate representations in language models of
increasing size by probing a specific kind of information: geographical knowledge.

Among probing tasks, several works have focused on geographical representations that are
implicitly embedded in language models, and the bias that they inherit from the training data
(Louwerse and Benesh, 2012; Faisal and Anastasopoulos, 2023; Faisal et al., 2022).

As discussed in Section 4.3.2, imbalanced frequency distributions of geographical references
in pretraining data causes distortions in the representational space (Zhou et al., 2021). These
distortions lead to a loss in the models’ ability to differentiate between under-represented locations.

Recently, Gurnee and Tegmark (2024) have probed large language models from the Llama-2
suite (Touvron et al., 2023) to extract coordinates of prompted locations from hidden representa-
tions across layers. They show that models ranging from 7B to 70B parameters can convincingly
embed geographical coordinates on a world map when representing basic prompts.

We propose to extend the analysis by Gurnee and Tegmark (2024) to smaller language models,
to observe how scale affects the ability of models to implicitly embed geographical information
from raw training data. We show that such ability consistently improves with model size, and that
even tiny models can produce visually meaningful world maps.

We make several contributions:

* We show that geographical information can be extracted to a certain extent from representa-
tions at every model scale;

* We observe that larger models are more geographically biased than their smaller counterparts;

* We find that the performance of models in terms of geographical probing is correlated with
the frequency of corresponding country names in the training data.
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5 On the Scaling Laws of Geographical Representation in Language Models

(c) Pythia 1B (R? = 67.94) (d) Pythia 2.8B (R® = 74.97)

Figure 5.1: Predicted coordinates of test set instances for different model sizes. Each color represents a
different continent.

S.1 ScaArLING LAwWsS OF GEOGRAPHICAL PROBING

In this section, we train geographical probes for a wide variety of models at different scales.

5.1.1 METHODOLOGY

We use the World dataset from Gurnee and Tegmark (2024) as a geographical data source. It
contains 39,504 location names from the whole world along with corresponding longitude and
latitude. We use the same train-test split strategy as in the original article, thus keeping 20% of
samples for testing purposes.

For each location name X, we prompt models with the text: “Where is X in the world?”. We
then infer with a given model on the whole dataset, and use the last token belonging to the entity
X as the model’s representation. To follow the linear probing paradigm used in Gurnee and
Tegmark (2024), we train a ridge linear regressor (Hoerl and Kennard, 1970) to predict latitude
and longitude based on the model’s representations. We then measure the probe’s performance on
the test set using the R? correlation coefficient.

5.1.2 RESULTS

In Figure 5.1, we display the predictions of the probe for the most performant layer, which is
generally the last one. We observe that geographical information can be extracted from models
even for a tiny parameter count. The performance of the probes seems to increase with the model
size.
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5.2 Geographical Bias and Scale
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Figure 5.2: Evolution of the R? coefficient on the test set for various model suites.

We show in Figure 5.2 that the performance of language models evolves consistently with model
size, regardless of the architecture. We validate this property on several decoder model families:
GPT-2 (Radford etal., 2019), OPT (Zhang et al., 2022), Pythia (Biderman et al., 2023a), GPT-Neo
(Black et al., 2021), the multilingual mGPT (Shliazhko et al., 2024), and Llama-2 (Touvron et al.,
2023). We also display results for several encoder models: BERT (Devlin et al., 2019; Turc et al.,
2019), RoBERTa (Liu et al., 2019b), ELECTR A (Clark et al., 2020), and DeBERTa-v3 (He et al.,
2021). This property also applies for encoder models, for which we notice that the BERT suite
unexpectedly outperforms its counterparts. The performance of encoder models is comparable
with the one of equivalent decoder models. We can underline the fact that BERT-Large (336M
parameters) is as accurate as the three times larger Pythia-1B.

Interestingly, the multilingual XLM-R (Conneau et al., 2019) underperforms its counterparts,
even though multilingual data must have increased the training data’s geographical diversity to
some extent (Faisal and Anastasopoulos, 2021). The mGPT suite also slightly underperforms
Pythia models at equivalent model sizes.

We verified that the better performance of larger models was not solely related to the ability
of the probes to extract better patterns from their higher-dimensionality hidden representations.
We achieved this by concatenating representations with themselves to increase dimensionality
without introducing novel knowledge. It led to slightly worse performance for all tested models,
thus showing that performance was not a consequence of dimensionality alone.

S.2 GEOGRAPHICAL B1Aas AND SCALE

In Figure 5.1, it seems at first glance that as the model size increases, the predictions tend to be
more accurate for locations of the Southern Hemisphere. In this section, we propose to quantify
this hypothesized behavior by measuring the bias across countries and continents for various scales.
We also correlate the models” accuracy with both lexical and geographical factors.
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Figure 5.3: Average MSE by continent for different sizes in the Pythia suite.

5.2.1 MEASURING BIAS

We group probe performance as measured by mean-squared error (MSE) on predicted coordinates,
and average measures by continent in Figure 5.3. While we notice that the performance increases
consistently for every continent, we do not observe a significant reduction in the performance gap
across continents as model size increases.

To measure the heterogeneity of the probing performance of language models across countries,
we use the Gini coefficient (Gini, 1912) that is widely used in economics. Given a series of observed
variables (z;);c[1,n]> the Gini coeflicient is defined as:

Zz;je[l,N] |z — ]
N - Zz]\il i

Gini(x) =

A Gini coefficient of 1 reflects perfect heterogeneity, while a Gini of 0 implies perfect homo-
geneity.

Figure 5.4 shows that the larger the model is, the more heterogeneous the probe performance is
across countries and continents. This contradicts the impression given by Figure 5.1, and shows
that scale does not solve the geographical discrepancy caused by bias inherent to the training data.

In Figure 5.5, we locally average log-MSE on a World map, and report results agglomerated
according to latitude and longitude. We clearly observe that the model performs poorly in Oceania,
South Asia and South America. We also see that the error is minimal around the latitude of North
America and Europe, while it increases in the Southern Hemisphere.

5.2.2 IDENTIFYING SOURCES OF BIAS

We attempt to correlate the performance of our geographical probes with several factors. First,
the dataset from Gurnee and Tegmark (2024) provides each location with an estimate of the
corresponding population count when relevant. We also consider training data distribution as a
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Figure 5.4: Gini coefficients of MSE on the test set averaged by country or by continent, as model size
increases.

potential factor of heterogeneity. Finally, we consider latitude and longitude as potential factors of
bias.

To account for training data distribution, we look for exact string matches of country names
from the Gurnee and Tegmark (2024) dataset in an extract of The Pile (Gao etal., 2020) containing
3.5 million samples '. We select this dataset as it was used to pretrain the models from the Pythia
suite (Biderman et al., 2023a) we evaluate in this section. We find 15 million matches, covering
98% of the countries of the dataset.

We do not count occurrences of location names directly, as matching locations on the basis of
their names does not account for named entity ambiguity. An example of an ambiguous location
name is Fully, which is a town in Switzerland. An exact match strategy overestimates by large
margins the occurrence count of this location, because of the corresponding English word fully.
Disambiguation techniques have been designed (Hoffart et al., 2011; Orr et al., 2020), but we
prefer to avoid the risk of bias propagation and the cost of using such methods on a large corpus.

We display Pearson correlations between each of the aforementioned factors and the entity-level
MSE for each model size in Figure 5.6. As in Figure 5.1a, we observe that the error on coordinates
prediction is negatively correlated with the latitude, i.e. southern locations are less accurately
identified. This correlation slowly decays as the model size increases. Meanwhile, longitude seems
to be mildly correlated with the probe performance.

Interestingly, the population count is not correlated with the error level. The occurrence count
of the location country is negatively correlated with the error level, thus showing that the more
country names appear in the training dataset, the more the probes are able to recover coordinates

1https://hugg'ingface.co/datasets/olal3/smallf‘chv37p'ile
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Figure 5.5: Test log-MSE for Pythia-1B as plotted on a World map.

from locations in these countries. However, this correlation is mild and even below the significance
threshold for the smallest model.

We also measure the correlation between country occurrences and other metrics to account for
the bias inherent to the data. We observe that country name occurrences are positively correlated
with latitude with a p-value of 0.06, and not correlated with the longitude. More importantly, the
population count of a country and the count of this country name in the data are heavily correlated
(factor of +0.52 and p-value of 3e-23). Thus, even though the data seems guided by demographic
factors, this is not the case of the model’s representations.

5.3 DiscussioN

We believe that quantifying sociocultural bias in representations of language models and pretraining
datasets allows to better understand the roots of the biases that can be observed during generation.

Bender et al. (2021) discuss the relevance of scaling models to ever larger magnitudes, regarding
environmental and financial costs. Our study strongly suggests that scale can also increase language
modeling bias when it comes to geographical representation, given a pretraining dataset. We
advocate in favor of measuring and mitigating bias in pretraining datasets to avoid scaling bias
along with performance.

CONCLUSION
In this chapter, we show that a wide variety of language models, varying in architecture and sizes,

implicitly embed geographical data to some extent. As we consider larger models, the performance
of geographical probes consistently increases towards levels shown in Gurnee and Tegmark (2024).
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Figure 5.6: Pearson correlation coefficients of various factors with location-wise MSE, for several Pythia
model sizes. *: Tests that yielded p-values above 0.05.

We show numerically that the geographical probe performance is correlated with latitude across
model sizes, but also with the number of occurrence of corresponding country names in the
pretraining data. Conversely, the population count of the location seems uncorrelated with the
probe performance. This indicates that a minority of people benefit from better geographical
understanding when using language models, which does not maximize the social utility of these
systems.

While it may initially seem that this performance increase mitigates heterogeneity between
Southern and Northern countries, we actually show that larger models tend to be more biased
according to the Gini coefficient taken on prediction error. This tends to show that scaling language
models can amplify discrepancies in their geographical knowledge.

This chapter shows that scaling up the size of language models does not reduce their dependency
to the data distribution, and can even lead to more biased behaviors. As a result, this incentivizes
research towards training paradigms that reduce the dependency to the data distribution, so that
the model size can be scaled harmlessly and so that the model can intrinsically be aligned with
ethical guidelines easily.
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6 STUDYING LANGUAGE MODEL
SATURATION VIA THE SOFTMAX
BOTTLENECK

In Chapter 5, we explored the knowledge bias phenomenon as the size of the models increases.
Zhouetal. (2021) describe the connection between knowledge bias and frequency-based distortions
such as anisotropy (see Section 4.3). In this chapter, we explore these geometrical distortions for
various model sizes, with a particular focus on training dynamics.

In Section 4.3, we discussed the representation degeneration phenomenon from the various
perspectives offered by the literature. However, the observations made in the aforementioned
works were mostly made on relatively small-scale models of dimensions comparable to BERT
(Devlin et al., 2019) or models from the GPT-2 suite (Radford et al., 2019).

We recall that language models are usually composed of a neural network fy that takes sequences
of tokens (W) € [1,V]*~! as inputs and produces a relatively low-dimensional contextual
representation in R where d,,, is the hidden dimension of the model. They then rely on a
language modeling head that produces logits for contextual token probabilities. A common choice
for the language modeling head is a linear layer with parameter W € RV ¥ where V is the
vocabulary size. The resulting next-token probability distribution is then given by:

p(w) = do(Wet) = (W fo(wy))

where o is the softmax function.

As discussed in Section 2.3.7, the current trend consists in scaling up the generative pretraining
approach introduced with GPT-2, which implies training neural models made of several billions
of parameters on gigantic web-mined text corpora (Brown et al., 2020b; Touvron et al., 20235
Almazroueietal., 2023; Jiangetal., 2023). However, training and serving such highly parameterized
models raises energy and hardware-related problematics, which motivates for looking into achieving
similar performance levels with smaller models (Sardana and Frankle, 2023).

Nevertheless, the evaluation of the Pythia model suite (Biderman et al., 2023b) has shown that
training small models on massive corpora could lead to saturation, in the form of a performance
degradation in late pretraining. In this chapter, we explore this saturation phenomenon through
the lens of representation degeneration, and find that both phenomena strongly correlate. We
turther demonstrate that representation degeneration strongly occurs in the language modeling
head of small models, and we theoretically and empirically show how a linear language modeling
head can represent a performance bottleneck for architectures based on small hidden dimensions.

Opverall, our contributions can be summarized as:
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* We characterize the performance saturation of small language models through evaluation
and extrapolation of the scaling laws;

* We find that the representations of smaller models degenerate concurrently with this satura-
tion. We shed light on 7ank saturation, i.e. the explosion of the entropy of singular value
distributions of small LM prediction heads;

¢ We empirically verify that the rank of the target contextual distribution is usually high.
Moreover, we observe that regardless of the expressiveness of the output representations
of a model, a linear head W substantially affects performance when rank(W) < 1000
roughly;

* We theoretically quantify the performance limitation induced by a low-rank linear language

modeling head.

6.1 LANGUAGE MODEL SATURATION

We first verify that we can indeed observe and quantify performance saturation for the Pythia
checkpoints, as they are the only released intermediate checkpoints for a wide range of model sizes.
We measure the cross-entropy of Pythia checkpoints on 50k tokens randomly sampled from their
pretraining dataset, i.e. The Pile (Gao et al., 2020).
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240 S TN
4.10 31M params | d =256 . .
) % 1M x  Final checkpoint
4.00 \/\_/\_-_ M S\ 4.25 )
0 Best checkpoint
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% \_\/_/\/—/\’— 2 \‘ B 70M
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Figure 6.1: Performance of Pythia models on the Pile. On the left, we compare training dynamics of models
from 14M (top) to 410M (bottom) parameters, displaying darker shades as we approach the
minimal value. On the right, we fit a power law on larger models and find that final checkpoints
of smaller models underperform compared to predictions.

In Figure 6.1a, we clearly see that models up to 410M parameters suffer from the saturation
phenomenon, characterized as an increase of the in-domain loss in advanced training stages.

In Figure 6.1b, we fit a scaling law in the style of Hoffmann et al. (2022) on data points from
models ranging from 410M parameters, only optimizing for model-related constants (A and o)
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while reusing all other values (B = 410.7, 3 = 0.28, E' = 1.69). We recall the relation between
parameter count N and token count 7" given in Hoffmann et al. (2022):

LNT) =2 B

Na W—I—E

We find that optimal parameters are A = 119.09 and o = 0.246. We display the fitted curves
for token counts that correspond to best and final checkpoints. We observe that the final check-
points underperform the extrapolation by 8% in average. The loss-minimizing (best) checkpoints,
which are expected to fall short of the extrapolation due to their incomplete learning rate cooldown,
only underperform it by roughly 4%.

We report a similar performance saturation on datasets used for evaluation using the LM Evalu-
ation Harness (Gao et al., 2023), as shown in Table 6.1.

Checkpoint  Lambada (ppl.) | Lambada{ StoryCloze T WikiText(ppl)] SciQT ARC-e?

Best 24.6 40.3 59.6 30.47 79.6 46.5
Final 32.9 38 57.2 33.4 73.4 43.2

Table 6.1: Zero-shot performance of Pythia-160M best and final checkpoints on evaluation datasets. Unless
specified, we report accuracy for all tasks.

6.2 PERFORMANCE SATURATION IS RANK SATURATION

6.2.1 ANISOTROPY AT SCALE

Given that most research on degeneration was conducted on smaller models, it remains unclear
whether anisotropy affects models with over 1 billion parameters. In order to address this question,
we compute average cosine-similarity of intermediate representations across layers in suites of
models; namely GPT-2 (Radford et al,, 2019), OPT (Zhang et al., 2022), Pythia (Biderman et al.,
2023b), and Gemma (Team et al., 2024). We use a subsample of The Pile (Gao et al., 2020), as
we hypothesize that the domain of this dataset includes or matches the domain of the pretraining
datasets used in these suites.

In Figure 6.2, we observe that most layers of Transformers models are anisotropic to some extent,
regardless of the scale. Nevertheless, there appears to be a dichotomy in the last layer, where models
are either nearly isotropic or highly anisotropic. Interestingly, we notice that the dichotomy aligns
with the one from the saturation phenomenon for the Pythia suite, where only models containing
160M or fewer parameters seem affected by last-layer anisotropy. In this chapter, we will focus on
last-layer anisotropy, and we refer to Chapter 7 for a study of degeneration in intermediate layers.

We thus decide to study the training dynamics of anisotropy for the Pythia suite, and compare
them with the saturation phenomenon in Figure 6.3.

Figure 6.3 illustrates a neat correlation between the emergence of the performance saturation
phenomenon and the appearance of anisotropy in the last-layer representations of the models.
It also indicates that anisotropy increases abruptly around the saturation point during training.

67



6 Studying Language Model Saturation via the Softmax Bottleneck

1.0 1.0
> >
£0.8 £08
i} 8
= €
(%] 4 wn
$ 0.6 o 0.6 /‘
£ c
3 3
© 0.4 1 O 0.4
()] [
g g
é 0.2 1 § 024 1/
I I
0.0 T T T T T T 0.0 T T T r T -
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Layer depth Layer depth
(a) Pythia (b) GPT-2
1.0 1o 1010
-‘E’ 0.8 1 2 |
© =081
€ = »
ol £ 100 £
g 0.6 A £ 0.6 1 %
£ c €
g [ g
o - o —
o O © 0.4 3
[ . -~
g ? /\/ o~
[] 4
é 0.2 4 % 0.2
0.0 - . . . . . 001, . . . . .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Layer depth Layer depth
(c) Gemma (d) orPT

Figure 6.2: Anisotropy in function of layer depth (i.e. order in the forward pass).

Moreover, we see here that on a specific in-domain corpus, the models quickly lose performance at
saturation and never seem to fully recover from this explosion.

6.2.2 SINGULAR VALUES SATURATION

Average cosine-similarity is a valuable measure of the uniformity of a distribution, but including
other metrics can help to better capture the complexity of some manifolds (Rudman et al., 2022).
Moreover, it only focuses on the output embeddings of the language models, and not on their
weights. In this section, we extend our analysis by studying the singular value distributions of
the language modeling heads, to link our empirical observations to our theoretical findings. In
Figure 6.4, we display the singular value distributions of the final predictive layer weights 1V along
training.

Figure 6.4 sheds light on a specific pattern of spectral saturation, roughly co-occurring with the
performance saturation phenomenon. It proves that the singular value distribution progressively
flattens during training, and nearly reaches uniformity before abruptly evolving towards a spiked
distribution with a high maximal singular value, relatively to the other ones.
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Figure 6.3: Evolution of the language modeling performance on the Wikipedia test set from the LM Evalua-
tion Harness (Gao et al., 2023) and last-layer anisotropy of Pythia models along training (color).

In order to quantify this behavior more accurately, we use a singular entropy metric, computed
as the Kullback-Leibler divergence between the normalized singular value distribution and the
uniform distribution.

Figure 6.5 shows that singular distributions evolve differently for models using less than 410M
parameters than for the larger ones. The heads of small models see their singular value distributions
become increasingly uniform, up to a point where they degenerate abruptly, which again correlates
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Figure 6.4: Evolution of the singular value distributions of the LM heads of Pythia models during training,
normalized by the maximum singular value.

with the LM performance drop. The singular value distributions of larger models tend to be more
stable, and do not display clear monotonic patterns throughout training.
6.3 THE SOFTMAX BOTTLENECK & LANGUAGE DIMENSIONALITY

6.3.1 INHERENT DIMENSIONALITY OF NATURAL LANGUAGE

Intuitively, the saturation of the singular values distribution observed only for smaller models
in Section 6.2.2 questions the dimensionalities involved in the optimization of the LM head. In
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Figure 6.5: Training dynamics of the singular entropy, for different Pythia models.

this section, we propose to measure a critical value empirically for the rank of the LM head, and
to estimate the dimensionality of the contextual probability distribution the head’s outputs are
supposed to match.

In order to empirically measure the effect of the rank of the linear head, we propose to train rank-
constrained heads on pretrained contextual representations from highly parameterized language
models. To control the maximum rank 7, we consider heads of the form W = AB € RY *dm_
where the coefficients of A € RV*" and B € R™ % are drawn from N(0, 1) (d,, being
the hidden dimension of the model). The rank of such W matrices is limited by the parameter
r € [1, dy,], which we sweep over a wide range of values.

We freeze the language models and train the rank-constrained heads on their output repre-
sentations on roughly 150M tokens, while adjusting the learning rate to the trainable parameter
count.

More precisely, we freeze the pretrained weights in the Transformer layers, and we train each
rank-constrained head (i.e. in the form W = AB with r as the inner dimension of the matrix
product) for various values of 7 on 1S0M tokens sampled from The Pile using 4 V100 GPUs for
the Pythia models and 4 A100 GPUs for Llama-7B. We use the hyperparameters from Biderman
etal. (2023b), except for the batch size, which we set to 256 as it fits our hardware setup better.
As the trainable parameter count evolves with 7, we search for the best-performing learning rates
among values ranging from 1 - 1072 to 5 - 1072

We report the chosen learning rates in Figure 6.6.

In Figure 6.7, we observe that perplexity starts to noticeably decrease when the rank of the
language modeling head W is inferior to ~1000, regardless of the backbone model size. This hints
that the head is not a major performance bottleneck for models with greater hidden dimensions,
but that it may hurt performance for models with smaller ones independently of the quality of the
output representations.

Another interesting factor to estimate is the dimensionality inherent to the data itself. To avoid

possible effects related to specific inductive biases, we train naive S-gram language models on several
datasets of varying coverage (IMDb (Maas et al., 2011), Wikitext (Merity et al., 2016), and The Pile
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Figure 6.7: Performance of several models as the bottleneck dimension of the head increases.

(Gao et al., 2020)), using two tokenizers of varying vocabulary sizes (30k tokens for Llama-2 and
50k tokens for Pythia). Given C' observed 5-grams, we consider the matrices W € RE*V where
each row is a probability distribution over possible tokens in a given 4-token context, and compute
their singular value distributions, as in Terashima et al. (2003). In Figure 6.8, we report W-error, the
minimal approximation error on W for a matrix of rank d as predicted by the Eckart-Young-Mirsky
theorem (see Lemma 6.3.2), normalized by the Frobenius norm of W:

W-error(d) = lloai:[l2 W%J;th

We find that the estimated rank of W' is non-negligible with respect to the usual magnitude of
hidden dimensions. In the next section, we analyze the connection between the dimensionality of
an ideal linear language modeling head and performance from a theoretical perspective.

72



6.3 The Softmax Bottleneck € Language Dimensionality

1.0 1.0 1 —— The Pile
Wikitext
0.8 1 0.8 1 — IMDb
| 0.6 -
§ 0.6
E
9
2 0.4 1 \ 041
0.2 0.2 A
0.0 1 0.0 1
N o o o o o N N o o o® o°
(900 XOQQ Ne) © "LQQO 1(300 2N XQO \_‘JQ '),QQ 'f)()
d d
(a) Llama-2 tokenizer (b) Pythia tokenizer

Figure 6.8: W-error as d,, increases, for different tokenizers and datasets. We observe that while W-error
can be halved using 1000 or 2000 dimensions, it only becomes negligible after 10,000-15,000
dimensions.

6.3.2 A THEORETICAL BOTTLENECK

In this section, we aim at identifying a formal link between the inherent dimensionality of the
contextual distribution and the performance bottleneck that can be attributed to the lower di-
mensionality of the output representations of a language model. To that end, we conceptualize
a language modeling head optimized on zdeal contextual representations, and we explore the
relationship between its spectral properties and the performance gap induced when training a
low-rank head on the same representations.

Let’s consider a set 7 of sequences (Wi)ie[1,|7'|} of elements taken from a vocabulary of size V/,
representing the pretraining data. We consider a function ¢* that perfectly (e.g. in a bijective way)
represents a given context W, as a single real vector of infinite dimension. As we do not focus on
¢*, we can simplify the notations by introducing the contextual representations i}, = f* (wi,).

The task of the linear language modeling head can be formalized as an optimization problem on

the matrix W: ‘
7] |w|

W* = arg min Z ZE(W, h;‘,t,wi) (6.1)
WERVXe —y 1=

where L is the cross-entropy objective defined using the softmax function o as:
LW, h,w) = —log(a(Wh)y)

In practice, a neural language model fy produces contextual representations h; t = fa(Wi,) of
dimension d,,, € N*. The linear language modeling head Wy & RY*4m s trained concurrently
with fp with the same objective as in Equation 6.1.

We focus on the maximal expressiveness of a lower-dimensional head: when provided with
perfect contextual representations h;‘k,t’ what is the maximal performance level of a linear language
modeling head of maximal rank d? This question can be put in mathematical terms:
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T |w'l

W7 = argmin ZZE(W, h;t,wi) s.t. rtank(W) <d (6.2)
WERVXe 1 4—1

Lemma 6.3.1 shows that by approaching W* directly, we can asymptotically expect to close the
performance gap.

Lemma 6.3.1. Let’s consider W € RV > M € HY X the matrix unit sphere for the Frobenius
norm || - ||p, and e € R, such that W = W* + eM . Whene — 0, forall h € R? and
w e [1,V]:

[£(W, hyw) = LW, h, w)| = O(e)

Proof. The proof is mainly based on calculations and limited development:

|L(W, h,w) — L(W™*, h,w)]|
xp(Wh)w) |\ exp((°h))

Zjev exp((Wh)w) Zjev exp((W*h)w)
> jev exp((W*h);) exp((eMh);)
Zjev exp((W*h);)

_ >_jeveexp((Mh);)

= |—&e(Mh)y + log <1 + > v xp(W°R),) + 0(6)) ‘
> jev exp((Mh);)
> jev exp((W*h);)
ZjEV exp((Mh);)
> jev exp((W*h);)

The continuous function M — |—(Mh),, + sz: 1 e;/ezp(((%};?;j))
JjE

= |—log

= |—(eMh)y + log

= |—e(Mh)y +¢ + o(e)

—(Mh)y + + o(g)

=&

is bounded on the com-

pact matrix unit sphere (i.e. where ||M||p = 1), which ends the proof.

Remark : This result could also be proven using a differentiability argument, but we prefer to
display a more precise relation between the loss gap and the error on the W matrix approximation,
stressing out its quasi-linear nature. This formulation will hopefully pave the way for further
exploration of this relation in future works.

O]

Hence, our problem is linked to a low-rank matrix approximation (Kumar and Schneider, 2017),
which has direct connections with spectral theory. In our case, we can use the Eckart—Young—Mirsky
theorem.
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6.3 The Softmax Bottleneck € Language Dimensionality

Lemma 6.3.2. (Eckart—Young—Mirsky theorem) Let’s consider (0;) the singular values of W* in
decreasing order, and M the set of matrices in RV > of rank d < V' = rank(W*). Then:

in ||[Wy— W*|p =
ng}adl\ d ||F

Combining all of the above yields Theorem 6.3.3.

Theorem 6.3.3. Let’s consider (0;) the singular values of W* in decreasing order. Then, when
d — 'V, the loss gap induced by a d-dimensional bottleneck on the linear LM bead follows:

IT| [w|
SO LWy, by wh) — LV, B, w)) = O

i=1 t=1

Proof. Let us note Wy the best approximation of W* of rank d with respect to the Frobenius
norm. By the triangle inequality, we have that:

T *
(STL S W b wh) = £V B )

< S S LW ) = £V 1y,
(6.3)
The Eckart-Young-Mirsky theorem tells us that when d — V/,

v
Z O'Z»2—>0

i=d+1

[[Wq — W¥||p =

By defininge = W3 — W*, we can apply Lemma 6.3.1 and show that:
|L(Wa, iy wi) = LW by w)| = O(||Wa = W|p) =

From Equation (6.3), we have that:

IT] [w|
SN LW b wh) — LOW* hiw))| = O

i=1 t=1

By definition of W* and W, we also have that:

T |w'l

0< Y03 LW by wf) = LOW* i w))
=1 t=1

which ends the proof.
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Figure 6.9: Final loss with trained rank-constrained heads (mimicking W), as a function of the theoretical
W-error for rank d on the head of the Pythia-1B model.

REMARK  The bound used in Equation (6.3) can be rather loose in practice. We can think of no
particular reason why approaching W* directly should be the optimal way to minimize the loss on
T Hence, the presented result should be taken carefully, and we leave the refinement of such an
analysis for future work.

O

These properties shed light on how the dimensionality of the ideal language modeling head
impacts the performance when the LM head is low-rank. However, the relation obtained in
Theorem 6.3.3 is not particularly strong, as discussed in the proof.

In Figure 6.9, we compare the results of the head bottleneck experiment of the Pythia-1B model
in Section 6.3.1 to the W-error on the head of the same model as the bottleneck dimension d evolves.
It proves that the loss gap grows slowly with the W-error, implying that even when the allowed
rank would lead to a poor approximation of W, the performance can still remain acceptable. We
notice that the performance starts decreasing when the W-error outgrows 0.6.

6.4 DiscussioN

One way to address the problem at hand could be to train shallow small language models, increasing
hidden dimension at the expense of other hyperparameters, such as layer count or feed-forward
dimension. However, we believe that such research directions may not be promising in this context.
Previous works have extensively explored and optimized the hyperparameter choices for various
architecture sizes. The impact of width and depth has been extensively studied (Merrill et al., 2022;
Tay etal., 2022; Petty et al., 2023), often showcasing the importance of depth in final performance
and generalization capabilities.

Another possible way forward consists in implementing more expressive softmax alternatives
(Yang et al,, 2018; Chang and McCallum, 2022) in the context of pretraining small language
models on large datasets. We leave the exploration of such techniques for future work.
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6.4 Discussion

We also believe that further exploration of the specific nature of the singular components after
the collapse we describe in Section 6.2.2 could improve our understanding of LM saturation. We
hypothesize that the resulting dominating components are correlated with token frequency, based
on previous works that link anisotropy with token frequency (Gao et al., 2019; Ethayarajh, 2019;
Bi$ et al., 2021) and show the importance of token frequency in the LM head mechanism (Meister
etal.,, 2023).

We argue that our work demonstrates that last-layer anisotropy is symptomatic of performance
saturation, and is thus likely not a desirable property of language models. We also advocate that this
work paves the way towards a deeper understanding of the structure of the contextual probability
distribution, which could also enhance our interpretation of the scaling laws.

CONCLUSION

Small language models can be affected by performance saturation during training. We find that
this phenomenon can be explained by an inherent difficulty in mapping a low-dimensional output
representation space to a high-rank contextual probability distribution through a linear language
modeling head. Indeed, we show a theoretical link between the performance gap induced by a
smaller hidden dimension and the spectral properties of the contextual probability distribution.

We empirically confirm that the rank of such a mapping can be expected to be relatively high
compared to regular hidden dimension choices. Moreover, we conduct experiments to measure
the impact of constraining the rank of the LM head on the performance of a large language model.
Our results show that performance noticeably drops when using a hidden dimension smaller than
roughly 1000. We further analyze the saturation phenomenon through the lens of spectral analysis
and find that the emergence of last-layer anisotropy that only affects small models can be correlated
with saturation. We also show that the LM heads of small models concurrently suffer from spectral
saturation, i.e. a uniformization of singular values that leads to a degenerated state.

Our work paves the way for a better understanding of the consequences of the softmax bottle-
neck on language modeling, and for the conception of language models that better embrace the
complexity of the target probability distribution.

LIMITATIONS

The main limitation of this chapter is the relatively small amount of saturated language models
we studied. As it is the only suite of language models trained in the range of interest to release an
extensive amount of intermediate checkpoints, we could only observe the training dynamics of
small Pythia models. Although we observe strong last-layer anisotropy for the smallest GPT-2
model, we cannot tell with certainty whether it suffered from saturation. The OPT-125m model
does not display a strong last-layer anisotropy, which could indicate that it was not aftected by the
saturation phenomenon.

Nevertheless, we argue that we do not show that 2// small models should suffer from saturation,
but rather that the saturation of small language models is symptomatic of a limitation that may
affect language models that are based on a relatively small hidden dimension. Furthermore, we do
not state that there is a causality relationship between degeneration and low hidden dimension
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6 Studying Language Model Saturation via the Softmax Bottleneck

choices, but rather expose a strong correlation between both phenomenon that can be explained
through the prism of our softmax bottleneck analysis.

Another limitation of this work is the loose nature of the mathematical connection that we
establish between the dimensionality of the ideal language modeling head and the rank-constrained
performance (cf. Theorem 6.3.3). Moreover, it can also be argued that considering ideal h; , repre-
sentations is an ill-defined notion. We argue that the reasoning behind Theorem 6.3.3 could be
applied to any contextual representations, as the #deal nature of h, is not necessary in the demon-
strations. The word ideal reflects that our observations hold for i ; representations obtained
from any underlying model, to an extent that depends on the structure that these representations
impose on the W* matrix for a given training set 7.

This chapter shows that language model representations can sufter not only from biases carried
over by training data (Chapter 5), but also from limitations inherited from the complexity of
language itself. Representing token contextual distributions using low-dimensional dense vectors
inevitably restricts the performance of language models, and the magnitude of dimensionalities
that are significantly affected by this phenomenon is empirically not negligible.

This effect is strongly correlated with last-layer anisotropy, but it is unclear whether this effect
is sufficient to account for anisotropy in the other layers of language models. We explore the
degeneration phenomenon in intermediate layers in Chapter 7.
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7 ANISOTROPY Is INHERENT TO
SELF-ATTENTION IN TRANSFORMERS

Anisotropy has been widely observed among self-supervised models based on Transformers, and
literature suggests that it may be a consequence of optimizing the cross-entropy loss on long-tailed
distributions of tokens, as discussed in Chapter 6. However, this observation does not suffice to
explain the anisotropy levels of other layers in pretrained language models, including those that
seem to be affected less by these frequency-based distortions. For instance, the OPT models (Zhang
et al., 2022) have isotropic last layers, but degenerated first layers (see Figure 6.2d in Chapter 6).

This raises the question of the effect of anisotropy on the inner workings of Transformer layers,
but also of the effect of the inner workings of Transformers layers on the geometry of their output
distributions.

In this chapter, we investigate the anisotropy problem in depth, and we make several contribu-
tions:

* We demonstrate empirically that anisotropy can be observed in language models with
character-aware architectures that should not suffer directly from the same consequences as
token-based models. We extend our observations to Transformers trained on other modal-
ities, such as image and audio data, and show that anisotropy cannot be explained solely
based on linguistic properties;

* We provide empirical observations on the anisotropic properties of the Transformer block
by studying untrained layers, and establish a relation between anisotropy and the general
sharpness of the self-attention mechanism;

* We conduct an analysis of the representations used in self-attention (queries and keys) along
training and show that anisotropy appears intrinsically in the self-attention mechanism
when training pushes for sharp patterns.

As mentioned in Section 4.3.2, several works have established a connection between word
frequency and distortions of the latent spaces (Yu et al., 2022; Puccetti et al., 2022; Rajace and
Pilehvar, 2022). Bi$ et al. (2021) have shown that anisotropy in LMs could be explained by a global
drift of the representations in the same direction, thus unifying conclusions from Ethayarajh (2019)
and Gao et al. (2019). The authors propose that this drift is caused by the persistent updating of
the representation of rare and unused tokens in a consistent direction, due to the nature of the
softmax operation in the cross-entropy loss. They show that removing the average component to
all representations leads to a nearly perfect isotropy.

Various methods have been proposed to reduce anisotropy in Transformer-based LMs at token-
level (Rajaee and Pilehvar, 2021; Wang et al., 2020a), or at sentence-level (Gao et al., 2021; Yan et al.,
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Figure 7.1: Average cosine-similarity between hidden representations across layers for token-level NLP
models. For TS-base, we concatenate encoder and decoder results.

20215 Su et al., 2021) (see Section 3.3). They usually consist in post-processing the representations,
and lead to downstream performance boosts. We argue that these positive results are paving the
way for the search of pre-training objectives that do not introduce anisotropy in the first place,
in the hope that the resulting models will also perform better without any post-processing, and
potentially be trained more efficiently. This motivates us to gain a deeper understanding of the
underlying factors that induce anisotropy, whether they belong in data, architectures, or training
procedures.

7.1 ANISOTROPY IN PRE-TRAINED TRANSFORMERS

7.1.1 CHARACTER-BASED NLP
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Figure 7.2: Average cosine-similarity between hidden representations across layers for character-level models.
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7.1 Anisotropy in pre-trained Transformers

To assert whether the cross-entropy objective applied on vocabularies containing rare tokens is
the sole cause for the common drift issue, we explore anisotropy in character-based models. We
study different architectures presented in Section 2.4.4, and our character-level model:

* CharacterBERT (El Boukkouri et al., 2020) is constructing whole word representations
from character embeddings put through convolutions and highway layers, before feeding
them to a Transformer architecture.

¢ CANINE (Clark et al., 2022b) is downsampling contextualized character representations
via a strided convolution before feeding them to a Transformer-based model. It can be
trained either with a subword-based objective (CANINE-s) or with a character-level one
(CANINE-).

* MANTa-LM (see Chapter 9) is based on a differentiable segmentation and embedding
module added before an encoder-decoder model in the style of TS (Raffel et al,, 2020). It
takes bytes as inputs and outputs, but builds internal representations that are usually based
on several bytes.

* ByT5 (Xueetal., 2022) is a version of T'S that is trained at byte-level. To afford for more
complex encoding, the authors resize the encoder-decoder architecture.

Neither of these architectures should suffer from out-of-vocabulary tokens in the process of
creating representations. The models that predict at word or sub-word level (CharacterBERT
and CANINE-s) could have the cross-entropy loss systematically pushing away rare item repre-
sentations. However, it is rather unclear why this would imply an embedding drift for deeper
layers. Hence, if anisotropy was only caused by the presence of unused or rare subwords, those
character-level models should be much less prone to this issue.

To verify this hypothesis, we compute hidden representations for the validation set of the
WikiText-103 corpus (Merity et al., 2017). We then compute the average cosine-similarity between
two representations, uniformly taken in the whole validation corpus.

In fact, as shown in Figure 7.2, those models all display significant levels of anisotropy in at
least one of their layers. Interestingly, the models that are based solely on characters or bytes for
input and prediction (By TS, CANINE-c, and MANTa-LM) seem to display even higher levels of
anisotropy. We note, as it is the case for the T5 model, that the By TS decoder displays extremely
high levels of anisotropy.

7.1.2 OTHER MODALITIES

We have shown in the previous section that character-level language models suffer from anisotropy
similarly to token-level ones, hinting that subword token distributions are not solely responsible
for anisotropy. Still, it may be argued that anisotropy is related to linguistic properties inherent to
textual data. Thus, we proceed to explore the anisotropy problem for Transformers-based models
in other modalities, specifically speech and vision.

For speech models, we consider wav2Vec 2.0 (Baevski et al., 2020a), HuBERT (Hsu et al., 2021),
and Whisper (Radford et al., 2023) with the Common Voice 11.0 dataset (Ardila et al., 2020). For
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Figure 7.3: Average cosine-similarity between hidden representations across layers for Speech and Vision
modalities. We observe that across both modalities, several models display significant levels of
anisotropy.

vision models, we use ViT (Wu et al., 2020), BEiT (Bao et al., 2022), MiT (Xie et al., 2021), and
DEiT (Touvron et al., 2021) on the ImageNet dataset (Russakovsky et al., 2015).

As in Section 7.1.1, we infer hidden representations on the validation sets for each modality. We
then uniformly sample pairs of vectors to get cosine-similarity values for every layer of every model.
The averaged results are displayed in Figure 7.3.

Once again, almost every model shows a significant level of anisotropy on some of its layers.
Notably, speech models seem to have very anisotropic representations, as every layer of every model
outputs an average cosine-similarity of at least 0.2. We find some exceptions among vision models,
since the MiT model seems to use isotropic representation spaces and the ViT model has a low
average cosine-similarity for all its layers.

We also conduct the same experiment for convolution-based networks in the vision modality.
The models at glance are ResNet (He et al., 2016), EfficientNet (Tan and Le, 2019), CvT (Wu
etal.,, 2021), ConvNeXt (Liu et al., 2022), and VAN (Guo et al., 2023). For these networks, we
flatten convolution maps to vectors before computing the cosine-similarity.

We observe in Figure 7.4 that most of the convolution-based models are isotropic. Interestingly,
the only exception is ResNet-50, whose representations become more and more isotropic as one
explores deeper layers. This could partially be explained by the fact that the batch normalization
(Ioffe and Szegedy, 2015) used in some of these models mitigates « posteriors the drift effect by
removing the mean component of the representations. However, the ConvNeXt model also seems
to use isotropic representations while not using batch normalization, which shows that this is not
the only factor in the isotropic behavior of these models.

7.1.3 WHEN IS ANISOTROPY “HIGH?

It can be argued that describing anisotropy as the observation of “high” cosine-similarity values
is not a convincing definition. This section aims at showing which ranges of cosine-similarity
values are characteristic of anisotropic distributions. In Figure 7.5a, we show the density function
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Figure 7.4: Average cosine-similarity between hidden representations across layers for convolution-based
vision models.

of the cosine-similarity values obtained when drawing pairs of samples from isotropic normal
distributions in R? as d increases.

For smaller dimensions (d = 16), we see that the range of cosine-similarity values that are
reached between isotropic distributions is relatively broad compared to the possible spectrum
([—1, 1]). As d increases, the support of the observed distributions seems to become smaller, due
to the curse of dimensionality.

We analyze this effect more in-depth in Figure 7.5b, where we plot the 95th quantile of the
cosine-similarity distribution in the isotropic scenario. We also add values for the layer-wise average
cosine-similarity levels of typical models in several modalities for comparison. We can clearly
observe that the levels of cosine-similarity observed in the representations of Transformers-based
models are significantly unlikely to be observed in between samples drawn in isotropic normal
distributions.

Nevertheless, as we go towards higher dimensional spaces for bigger models (e.g. Llama-65B
from Touvron et al. (2023) has 8192 hidden dimensions), we believe that it may be relevant to
introduce isotropy metrics that are grounded to isotropic cosine-similarity distributions. We leave
this question for future works.

7.1.4 TO DRIFT OR NOT TO DRIFT?

Related works (Bis et al., 2021; Gao et al., 2019) show that anisotropy in subword-level language
models is caused by a drift of the hidden representations in a shared direction. In this section, we
try to extend this observation to other modalities.

We study the correlation between the uniformly measured cosine-similarity, and the norm of the
average hidden representation |||z for each layer. If anisotropy could be directly explained by the
drift effect, we would expect a monotonic relation between ||h||2 and the average cosine-similarity.
To verify this, we apply a Spearman correlation test on these two metrics for every model from
Section 7.1.1 and Section 7.1.2, along with some token-level language models, namely T5 (Raffel
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etal.,, 2020), BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019b), and GPT-2 (Radford et al.,

100 B0 @ Vision (Transformers) DEiT-base @ Vision (Transformers)
® Vision (CNN) ® Vision (CNN)
® Speech @ Speech
s 1 conmoxcone s o
050 MiTb0
CvT-13 060
VAN base . Jnisper-base
0.60 . GPT-2
o . o CvT-13
3 Efficientiet-b0 K
Q - 2 0.40
0.40 ConvNext-base HuBERT-small .MANTarbase
!
ViT-base
.
o2 Mi-base  Lanine-c 020
DEiT-base Whisper-base isper-
° Canine-c HuBERT-small Jihisper T;L_base
; o | =3 SErEg
0.00 L] ®e o L] L] . 0.00 L] L] LX) Ll L4 L]
0.0 0.1 0.2 03 04 0.5 0.6 0.7 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Average cosine similarity Average cosine similarity
(a) Spearman correlation test (b) Pearson correlation test
Figure 7.6: p-value of correlation tests between the norm of the average representation and the cosine-

similarity averaged over all layers, across modalities. For models above the red dotted line, there
is no significant (p > 0.05) correlation between the drift effect and the anisotropy level.

In Figure 7.6, we observe that we can correlate the anisotropy level and the magnitude of the
drift component across layers for several models. The anisotropy of subword-based models can
generally be correlated with the drift effect using the Spearman correlation test, except for GPT-2

for which it may not be appropriate.

The Pearson test measures a linear correlation between random variables, while the Spearman

test measures a monotonic correlation. As there is no specific argument in favor of a linear rela-
tionship between the measured distributions (average cosine-similarity and norm of the average
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7.2 Exploring the representation drift

representation), we decide to favor the Spearman correlation test in order to take more complex
relation patterns into account.

Nevertheless, this metric is based on the rank of each observation, and is thus not robust to
fluctuations due to sample variance, specifically when working with such small samples. This is
reflected by the discrepancy between Pearson and Spearman p-values for some models (e.g. GPT-2).
Hence, we report both metrics for completeness.

Interestingly, we notice that the anisotropy affecting most CNN-based vision models is generally
not correlated with the drift effect, contrary to Transformer-based models in the same modality.
Some speech models (HuBERT and Whisper-base) also display signs of anisotropy that cannot be
correlated with the drift effect. Figure 7.6 also shows a correlation for all character-based models
but Canine-C and MANTa-base.

7.2 EXPLORING THE REPRESENTATION DRIFT

In this section, we focus on some intrinsic properties of the Transformer block in a modality-
agnostic fashion, i.e. with minimal assumptions on the data distribution, and without training.
We analyze experimentally the behavior of the untrained Transformer block 7' when a common
bias term b is added to untrained input representations h. This allows us to mimic the common
drift as mentioned in Bi$ et al. (2021) and to identify some properties induced by this artificial drift
on the output representations.

7.2.1 EXPERIMENTAL SETUP

We consider an embedding lookup table F and a Transformer block T" with weights initialized
as in BERT (Devlin et al., 2019). We then draw 16 input embedding sequences h of length 512
uniformly from E. To account for a drift component of norm 17 € R, we generate a vector
by ~ N (0, I;), which we normalize into b, = beﬁ - 1. We finally compute T'(h + b) for every
sequence h, and study the resulting distributions.

Specifically, we study the average norm of the input representations E( ||l + by||2) against the
average norm of the output representations E(||7'(h + by))||2) in Figure 7.7b. We also retrieve the

hghT
self-attention scores before the softmax operation, namely Q\/% , along with the corresponding

Q" and K" matrices. We study some of their properties in Figure 7.8 and Figure 7.9.

7.2.2 INPUT VS. OUTPUT ANALYSIS

In Figure 7.7a, we observe that the output representations have an average cosine-similarity value
that is slightly higher than the one from the input representations, no matter the level of input
bias. We also notice that while the norm of the average output representation increases with the
bias norm, it seems to meet the corresponding input measure for a given bias norm.
Interestingly, this indicates that there is a fixed point in terms of norm in the Transformer
function with biased input. More formally, there seems to exist a bias norm n* € R such that:

Enp, ([0 4 by ) = Enp, . ([T (h + b))
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Figure 7.7: Input/Output comparison of a Transformer block from BERT-base as the bias norms increases.

Moreover, this fixed point level * is in the order of magnitude of the average hidden state norms
of the layers of the trained BERT model. This hints that the model’s representations stabilize when
their norm is close to this fixed point. We leave a more thorough analysis of this hypothesis for
future work.

7.2.3 EXPLORING THE TRANSFORMER BLOCK

To understand the effect of the drift effect on the inner workings of the Transformer layer, we take
a closer look at the self-attention operation as the average input representation drifts away.
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Figure 7.8: Histograms of the pre-softmax attention scores as the input bias norm increases. Other initial-
izations of the layer and of the bias direction by, led to a general zncrease of the attention scores
instead.
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7.2 Exploring the representation drift

Figure 7.8 shows that the attention scores tend to move away from zero as the input bias norm
increases. Indeed, as the norm of the average h of the input embeddings increases, we can expect
the query and key vectors Q" and K" to also display signs of anisotropy. Actually, for each
self-attention head, and for all position i € [1, L], we have:

]Eh(Q,fL) = WQhB + th (7.1)

En(K}) = Winh + byen .

We can observe in Figure 7.9 that query and key representations indeed increase in norm with

the input bias norm. We also notice that the corresponding distributions are anisotropic even
when no bias is added, which may be a consequence of BERTs initialization parameters.
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Figure 7.9: Analysis of the self-attention query and key distributions

7.2.4 IMPACT OF THE DRIFT

After exploring the consequences of the drift of input representations on the query-key product in
self-attention, we identify in this section the implications of this drift at a more explainable level,
by observing the resulting post-softmax distributions.

In Figure 7.10, we retrieve softmax values in the self-attention block and for each position, we
extract the maximum, the median, and the minimum. We then average these values over the whole
batch, and repeat for various input bias norm levels. We notice that as the input bias norm increases,
the self-attention softmax distributions tend to become less entropic, evolving towards higher
maximal probabilities and lower minimal probabilities. In the following analysis, we’ll use the term
sharpness to discuss entropy levels of the self-attention distributions.
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Figure 7.11: Comparison of the extreme values of each sequence averaged over the batch as the bias norm
increases.

This sharpening effect of the attention distributions becomes even clearer if we consider the
maximum and minimum values over the whole sequences, as in Figure 7.11.

However, at low anisotropy levels, i.e. when the bias norm is low, we see that the effect is not
critical. Figure 7.10 and Figure 7.11 only hint at the fact that the drift of embeddings may help the
self-attention to be sharper. Another explanation could be that training favors sharp self-attention
patterns, as has been pointed out in previous works (Clark et al., 2019b), which in turn induces a
drift in the models’ representations. To account for that, we need to study the evolution of latent
spaces at the self-attention level along training.
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7.3 Q_UERIES AND KEYS: TRAINING DYNAMICS
7.3.1 PARALLEL DRIFT OF QUERIES AND KEYS
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Figure 7.12: Evolution of Q" and K distributions along training (on layer 9 and head h = 9). Vectors are
projected using a common SVD.

We have established that manually pushing for drift-based anisotropy on untrained Transformers
models leads to sharper (i.c. low-entropy) self-attention patterns. In this section, we show that this
evolution of self-attention values actually takes place during training, and we explore the mechanism
behind their appearance. As pointed out in Section 7.2, the self-attention scores result from the
Q"(KM)T operation, which computes scalar products between query and key representations
corresponding to each pair of positions. Thus, in this section, we study the evolution of these
query and key representations along training, and explore the mechanism behind the increase in
the scalar products leading to self-attention scores.

We use the MultiBERT checkpoints (Sellam et al., 2022) with seed 0 to retrieve Q" and K"
distributions at different pretraining steps, and we use 128 samples from Wikitext-103 as input data.
Along this section, Q" and K refer to query and key representations extracted at a specific layer
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and head at a given step s, and Q" and K are the average representations, taken over all tokens in
the sampled batch. By studying Q% and K, we aim at exploring the common (or context-agnostic)
drifts of keys and queries distributions.
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Figure 7.13: Evolution of Q" and K along training for two different heads in the network, projected via
common SVD. Each arrow represents a checkpoint in the MultiBERT suite. We display typical
examples of dynamics in same/opposite direction.

In Figure 7.12 and Figure 7.13, we compute a SVD of the union of Q" and K for all steps s
so that the projection makes sense for both distributions across steps for visualization purposes
!. As shown in our selected examples, we observe that the dynamics of Q% and K tend to align
along training, making the average of the distributions drift in either similar or opposite directions.
The first dimension of the SVD seems to describe this common drift. Note that in R% (dj;, = 64
being the head dimension), such an alignment is very unlikely to happen randomly. Interestingly,
Figure 7.13a shows that the common direction dynamics appear in the first few steps, while the
opposite direction dynamics of Figure 7.13b only starts after 8% of the total training steps.

"We actually uniformly sample 20% of the whole set of representations to compute the SVD under reasonable memory
constraints.
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Figure 7.14: Evolution of cosine-similarity between Q" and K along training. Each color represents one
self-attention head. Steps are counted in thousands. We generally observe that almost all heads
see Q" and K align in common or opposite directions along training. In other words, the
average components of keys and queries representations tend to align in self-attention heads,
which maximizes the magnitude of the scalar product between two average representations. We
run a similar experiment on all MultiBERT seeds in Figure 5, and obtain comparable results.

To consolidate our observations, we compute the evolution of the cosine-similarity between Q%
and K along training in Figure 7.14. We also display some projected Q" and K distributions
for several s steps in Figure 7.12.

Figure 7.14 shows that the first layers display a common direction dynamic, as the cosine-
similarity tends to increase, thus showing that the key and query distributions drift along a
similar direction in average. The last layers seem to adopt an opposite direction dynamic, as the

cosine-similarity between their mean key and query representations gets negative along training.

As shown in Figure 7.15, this drift induces an increase in the magnitude of scalar products

obtained in the self-attention Q" K" operation, thus facilitating the emergence of sharp patterns
where attention focuses on specific tokens.
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training. Each curve corresponds to one layer.

Finally, Figure 7.16 describes the evolution of the average entropy in self-attention distributions.
We observe that training induces an overall decay of the entropy for all layers, with different
dynamics. This corresponds to sharper self-attention distributions. It is interesting to notice that
the distributions in the first layers remain sharper than the ones in the last layers.

7.3.2 RELATION BETWEEN SPARSITY AND ANISOTROPY

Although there appears to be a clear correlation between parallel drift and sparsity in practice, we
did not expose a clear causation between the coupled degeneration of queries and keys and the
observed sparsity of attention maps. As a matter of fact, this parallel drift should only cause a bias
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in the attention values, which in turn has no incidence on the subsequent softmax-normalized
attention map.

To better understand this phenomenon, we need to precisely characterize the structure of the
sparsity in attention maps. In Figure 7.17, we compute the attention maps of TinyLlama (Zhang
etal,, 2024), a 1B parameter causal language model based on the Llama suite (Touvron et al., 2023).
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Figure 7.17: TinyLlama’s attention maps for different layers and heads.

As shown in Figure 7.17 attention maps are mostly sparse, following patterns where self-
interaction dominate (Figure 7.17a), where interactions are mostly active in a short context window
before the current position (Figure 7.17b), or where some positions are attended by all future ones
(Figure 7.17c¢).

We start by analyzing this latter case through the anisotropy lens. In Figure 7.18, we measure
cosine-similarity between the average query representation Q" and the key representations K,
for an attention head that behaves accordingly.

Figure 7.18 illustrates how the cosine-similarity of keys with the average query component allows
to differentiate between attended and ignored tokens. In other words, the norm of the projections
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Figure 7.18: Analysis of TinyLlama’s attention map for layer 2 and head 9.

of key vectors K" in the common drift direction represented by Q™ allows to separate between
discardable positions and important ones. Most interactions being ignored by the attention pattern,
we observe that most of the measured cosine-similarities are negative.

For attention patterns that resemble Figure 7.17b, we need to use a different approach, as the
attention value seems to depend on both key and query indices. In Figure 7.19, we propose to
select several fixed query indices and to measure the cosine-similarity with past keys.
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Figure 7.19: Analysis of TinyLlama’s attention map for layer 13 and head 6.

In Figure 7.19, we remark a similar pattern than in Figure 7.18, where all interactions cor-
respond to negative cosine-similarity, and where dominant interactions correspond to higher
cosine-similarity levels. As most interactions are apparently discarded in this attention pattern, Q?
representations need to have negative cosine-similarity with an increasing number of K* as we
move further into the sequence, which reinforces an overall alignment of these representations.
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Hence, the parallel drift of queries and keys representations facilitates the emergence of a
common direction that encodes a selective process in the self-attention patterns, where discardable
interactions lead to lower cosine-similarity values.

Overall, this section shows that drift anisotropy emerges in the query and key representations
during the training of MultiBERT, as self-attention distributions become sharper. The drifts of
queries and keys tend to align, thus increasing the magnitude of scalar products, and the general
sharpness of self-attention.

Although this section focuses on the case of token-based NLP, we believe that strong attention
patterns may be required when training Transformers across all modalities, potentially generating
distortions in query and key distributions that account for the final observed anisotropy of the
models. However, we could not extend experiments to other modalities due to the lack of released
intermediate checkpoints, to the best of our knowledge.

7.4 DiscussioN

In this work, we argue that the nature of data distributions is not solely responsible for the
anisotropy observed in most hidden representations of Transformers-based models across modali-
ties. As Section 7.2 shows, untrained Transformers layers display a tendency towards anisotropy.
Biased inputs tend to increase the variance of the attention scores and thus facilitate the emergence
of sharp patterns in the self-attention mechanisms. We also show in Section 7.3 that along training,
query and key distributions drift in parallel directions, which increases anisotropy in the inner
representations of the Transformer layers, while allowing sharper attention patterns. As discussed
in Puccetti et al. (2022), outlier dimensions in Transformers are also involved in the emergence of
strong attention patterns.

CoNsISTENCY OF THE SVD  In Section 7.3, we use an SVD on the #nion of Q" and K for
visualization purposes (see Figure 7.12 and Figure 7.13). It may be argued that this approach
favors the emergence of a discriminative singular direction, that helps distinguish between keys
and queries, thus supporting the findings in a less convincing way. To address this concern, we
display alternative projections in Appendix A.1, where we compute the SVD on Q" or K" only,
and then project all representations using this SVD. Our observations show that our findings are
consistent for these alternative projections.

HARMFULNESS OF ANISOTROPY  Even though anisotropy has not been shown to be an issue
in language modeling, previous works have advocated that removing anisotropy in output repre-
sentations leads to better sense disambiguation abilities (Bihani and Rayz, 2021; Bi$ et al., 2021).
Isotropic models could also improve cross-lingual alignment in multilingual language models
(Hammerl et al., 2023). Nevertheless, concurrent works have suggested that anisotropy may not
hurt the quality of the representations (Ait-Saada and Nadif, 2023; Rudman and Eickhoff, 2024).
We argue that anisotropy in the Transformer architecture may actually help models by allowing
sharp attention patterns, but we also believe that our work can pave the way for new architectures
that can easily use sharp attention patterns without inducing anisotropy.
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CONCLUSION

In this chapter, we investigated the anisotropy problem through the lens of the drift effect, and
made several contributions to the understanding of this phenomenon. We demonstrated that
anisotropy can be observed in language models with character-aware architectures, extended our
observations to Transformers trained on other modalities, and studied anisotropy in untrained
Transformers layers. We finally explored the training dynamics of the query and key distributions,

and found that they drift along a shared direction hence maximizing Q'K T scalar products in
absolute value, allowing stronger attention patterns as a result.

We conclude that anisotropy almost systematically affects Transformers on all modalities, in a
way that is not always correlated with the drift of the representations. We also provide empirical
evidence that anisotropy appears as an inherent property of latent distributions used in the self-
attention mechanism when modeling sharp attention patterns. We hypothesize that a revision of
the self-attention operation could help reduce anisotropy by facilitating the emergence of sharp
attention softmax distributions without distorting the geometry of the hidden representations.

LIMITATIONS

As mentioned in Section 7.4, we acknowledge that Section 7.2 does not take the training dynamics
into account, and only exposes some properties of the Transformer layer at initialization.

Moreover, we are aware that our approach is not theoretically rigorous in some aspects. For
instance, we don’t prove that sharp self-attention patterns cannot emerge without anisotropy
in keys and queries representations. In other words, this chapter is focusing on exposing and
correlating factors that explain anisotropy, but we do not demonstrate theoretical properties that
would help identify the causes of anisotropy. Nevertheless, we believe that our work can pave the
way for such theoretical exploration in the future.

In this section, we show that representation degeneration happens in the self-attention layers
and co-occurs with the sparsification of attention patterns, regardless of the data modality. This
incentivizes the analysis of representation geometry as a way to better understand these implicit
biases and paths towards how to improve them.
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PART II - CONCLUSION

Overall, studying distortions and biases in the representation space has allowed us to shed light on
bottlenecks and limitations that are inherent to the classical language modeling framework. It also
provided insights about the architecture of modern language models, from the dimensionality and
sparsity perspectives.

Beyond the scope of usual interpretability frameworks, that are designed to explain predictions
from targeted observations, we advocate for tools that allow analyzing global behaviors of the inner
states of language models, in order to provide guidelines towards better paradigm for learning
models of natural language.

Finally, we underline that our work, especially Chapter 5 and Chapter 6, shows that represen-
tation degeneration and frequency-related biases hurt the quality of affected language models,
either by degrading their performance or incorporating knowledge bias. In Part III, we propose
several methods aimed at avoiding degeneration, reducing frequency dependency and mitigating
sparsity in language models, in the hope that these methods will indirectly mitigate the identified
limitations that are correlated with these phenomena.

97






ParT III

EXTENSIONS OF THE LANGUAGE MODELING
PARADIGM

In this part, we leverage the insights provided in Part II in various ways and derive methods that
mitigate the identified limitations of the classical language modeling framework. Our approaches

yield several benefits in terms of robustness, performance, and efficiency.
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8 HEADLESS LANGUAGE MODELS:
LEARNING WITHOUT PREDICTING WITH
CONTRASTIVE WEIGHT TYING

As we discussed in Chapter 2, modern language models still heavily rely on the layout introduced
in Bengio et al. (2000), which consists in a system that can be decomposed in three parts: the em-
bedding of input tokens in a static representational space, the processing of these static embeddings
in a contextualizing neural module, and a projection head that produces logits that can be used to
estimate the predicted probability distribution.

However, the need for a language modeling projection head can be a limitation as it requires
additional memory, slows down training and impedes scaling up to large token vocabularies. In
Chapter 6, we also present limitations that are inherent to this projection operation, extending
remarks that had shed light on the frequency-based distortions that can be caused by the cross-
entropy objective (see Section 4.3).

In this chapter, we propose a novel pretraining approach called Headless Language Modeling,
which removes the need to predict probability distributions and rather focuses on leveraging
contrastive learning to reconstruct sequences of input embeddings. Instead of adding a projection
head towards a high-dimensional vocabulary space to make a prediction about a given token, we
teach those models to contrastively output static embeddings corresponding to this token. The
static embeddings we use for this are the model’s own input embeddings. Due to its resemblance
with the well-established weight-tying trick (Press and Wolf, 2017; He et al., 2023), we call this
pre-training technique Contrastive Weight Tying (CWT).

Contrastive Weight Tying
Batch tokens

e ~

the -— cat

<«— mice

<mask> —{ [ | Model ] [T1 ] eats

<«— the

mice <« for
copy e

Figure 8.1: Masked Headless Language Modeling (HLM) using Contrastive Weight Tying. The CWT
objective aims to contrastively predict masked input representations using in-batch negative
examples.
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We find that our approach outperforms usual language modeling counterparts in several aspects
and by substantial margins. First, it drastically speeds up training by freeing up GPU memory and
avoiding the costly language modeling projection, thus allowing up to a 2 acceleration of the
training throughput, and up to 20X less compute requirements to achieve similar performance.
Moreover, given the same amount of training tokens, headless language models (HLMs) signif-
icantly outperform their classical counterparts on downstream tasks, as shown by a 2.7 gain in
LAMBADA accuracy for our headless generative model. Finally, given similar compute budgets,
HLMs bring substantial gains for NLU tasks, with our BERT reproduction scoring 1.6 points
above its classical counterpart on the GLUE benchmark. We also show that headless models can
benefit from larger token vocabularies at a much more reasonable cost than classical models.

From an implementation viewpoint', our approach can be used as a drop-in replacement in
usual pretraining codebases, as it only requires a change in the loss computation that can be applied
to any kind of language model.

Overall, we make several contributions in this chapter:

¢ We introduce a pretraining objective that replaces cross-entropy, thus removing the need
to project on the vocabulary high-dimensional space and instead learning to contrastively
predict latent representations of tokens;

* Using this technique, we pretrain encoder and decoder models for English, and a multilin-
gual encoder model;

* We show the various benefits of headless training in terms of data-efficiency, compute-
efficiency, and performance;

* We explore the effects of micro-batch size and vocabulary size on downstream performance,
and provide an ablation study of our contrastive objective.

8.1 RELATED WORK: TOKEN-LEVEL CONTRASTIVE LEARNING

CONTRASTIVE APPROACHES IN NLP  The idea of relieving language models of the need to
predict probabilities over the whole token vocabulary has been explored in the importance sampling
literature (Bengio and Senecal, 2003; Mnih and Teh, 2012; Jean et al., 2015; Ma and Collins, 2018).
These methods approximate the denominator of the softmax by using only a subset of the possible
tokens. Those approaches usually rely on variants of the Noise-Contrastive Estimation objective
(Gutmann and Hyvirinen, 2010) that use unique negative samples, contrary to our approach that
samples representations uniformly from the batch. Kumar and Tsvetkov (2019) and Tokarchuk
and Niculae (2022) use contrastive objectives based on cosine-similarity to match pre-trained static
embeddings for Machine Translation. We instead use the model’s input embeddings as trainable
target representations.

CONTRASTIVE SELF-SUPERVISED LEARNING  The Contrastive Predictive Coding loss (van den
Oord et al., 2019) initiated the use of pretraining approaches based on a contrastive learning

1Our prctraining and ﬁne-tuning code is published in https://github.com/NathanGodey/headless-1m
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8.2 Method

objective, an idea that has obtained success in many modalities over the years (Sermanet et al., 2018;
Schneider et al., 2019; Baevski et al., 2020b; Algayres et al., 2022). In NLP, contrastive learning has
proven efficient in the training of sentence-level models (Gao et al., 2021; Yan et al., 2021; Klein
and Nabi, 2023). Token-level approaches rely on contrastive auxiliary objectives that are added
to the usual cross-entropy loss. SimCTG (Su et al., 2022a) introduces a token-level contrastive
objective using in-batch output representations as negative samples, and adds this objective to a
sentence-level contrastive loss and a regular causal LM loss. TaCL (Su et al., 2022b) relies on a
similar technique for encoder models, where a teacher model is used to produce negative samples.
ContraCLM (Jain et al., 2023) uses an auxiliary contrastive loss for code generation.

Our work differs by using a token-level contrastive objective not as an approximation of cross-
entropy as in importance sampling, or as a regularizing auxiliary loss as in Su et al. (2022a), but
rather as a standalone token-level representation learning objective. The resulting representation
models can then be fine-tuned for downstream classification and regression tasks, or for language
modeling.

8.2 METHOD

8.2.1 CLASSICAL FRAMEWORK
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Figure 8.2: Schematic comparison of the classical weight tying approach and the Contrastive Weight Tying
loss. The green embedding corresponds to the masked token.

We consider a batch B = (wg)ig[lv N,tej1,z) of N token sequences of length L. We also
produce a slightly altered version of these sequences B = () i€[1,N]te[1, L] optionally using
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masking or random replacement for instance, as some pretraining objectives require. We introduce
RV >*dm wwhere V is the token vocabulary size and D is the hidden
dimension, and a sequence-to-sequence model Tp : RV *EXdm _y RNXLXdm both based on a
set of parameters § € RY.

an embedding matrix ey €

A classical language modeling approach consists in selecting a subset of tokens Bs = (wz)i,te&
and then estimating a probability distribution over the token vocabulary for these tokens from
the (w}) sequences, using ep and Ty. Learning occurs as Bg is partially altered in (1)) (e.g. in
Masked Language Modeling) or internally in Tj (e.g. decoder models), and contextual information
is essential for ey and Tp to accurately estimate the tokens in Bs.

A trick that has been used in many such approaches relies on using e’s transpose (e} ) as a

projection from the output space of Tj to RV This approach, called weight tying (Press and Wolf,
2017), can be written for a given sequence at index ¢ € [1, N] as:

7= o (e (To(eo(¥)),))

where pi is the estimated distribution for the ¢-th token of the i-th sequence. Weight tying has
been shown to improve performance while reducing the number of parameters (Clark et al., 2020).
Cross-entropy loss is then used as an objective function:

L£(0,B,B) = 21 -log(ph)

i,teS

8.2.2 HEADLESS MODELING

While weight tying does not use additional parameters, the projection eeT actually has a non-
negligible computational cost, which increases as the token vocabulary grows. Like Gao et al.
(2019), we advocate that the weight tying approach tends to maximize the scalar product between
the input embedding of the original token eg(w}) and the output representation at the same
position of " = Ty(ep(W'))s, under the contrastive regularization of the softmax function.

Based on this understanding, we design an objective that directly optimizes this scalar product
while not requiring the computation of the eg projection. As we do not use this projection, we
cannot rely on softmax regularization anymore, and instead introduce a contrastive loss using the
in-batch samples from S as negatives. All in all, our contrastive loss can be written as:

]S\ Zlogz

€S  tesi 2ok les €%t

ot * 69 (wt)

L.(0,B, B
( eg(w,’fl)

We call this objective Contrastive Weight Tying (CWT), as weight sharing is not used per se but
is set as a contrastive objective. Across the chapter, we do not combine this loss function with the
classical cross-entropy objective as in Su et al. (2022a), and rather use it as the only pretraining
objective. To the best of our knowledge, this work stands as the first attempt to pretrain language
models in a self-supervised fashion using an explicit contrastive loss as the sole objective.
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8.2.3 THE CASE OF DECODERS: CAUSAL FINE-TUNING

We can easily adapt the Causal Language Modeling (CLM) objective using the Contrastive Weight
Tying approach. Negative samples correspond to every input embedding at a different position in
the batch. However, the resulting model cannot directly generate text, as it has no projection head
towards RV A way to retrieve language generation capacities is to use the input embedding matrix
transpose eg as a projection head (Kumar and Tsvetkov, 2019; Tokarchuk and Niculae, 2022).
Nevertheless, we observe that this approach yields poor performance (see Table 8.4). Instead, we
fine-tune the headless model and a language modeling head initialized with e} using the predictive
CLM objective on a small portion (<2%) of the pre-training dataset. This method allows recovering
an effective language model.

8.2.4 THEORETICAL CONSIDERATIONS

In terms of time and memory complexity, Headless Language Models (HLMs) are more efficient
than classical language models under usual conditions. If we focus on the computation of the
loss on a single device from |S| = K output representations, a neural probabilistic LM requires
O(Kd,,V) operations while our headless approach performs O(K?d,,) operations”. Hence,
when K <V, which is very common for micro-batch sizes that fit on one device, our CWT loss is
more computationally efficient than cross-entropy. Regarding memory requirements, our CWT
loss is also more efficient than its classical counterpart. On the one hand, the cross-entropy loss
with weight tying stores the outputs of the e} projection of dimension K x V in the forward
pass. On the other hand, our CWT loss stores the scalar product matrix of dimension K x N,
which is again smaller when K < V.
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Figure 8.3: Comparison of time and memory complexities of a BERT-base model on a single RTX 8000
GPU.

In Figure 8.3, we provide a preliminary empirical analysis of the speed and memory improve-
ments when training a BERT-base model using original hyperparameters, i.e. sequences of 512

20One could extend our CWT loss by picking a separate set Sy of negative samples. This allows us to tune the number
of negative samples, which is important in Contrastive Learning. However, for the sake of simplicity, and to avoid
extensive hyperparameter tuning, we set Sy = S.
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tokens and 15% masking. We use HuggingFace’s implementation for the Transformers blocks,
and run experiments on a single RTX 8000 GPU. We observe that training latency is significantly
reduced by roughly 25% for all batch sizes, and that the engine can handle a larger batch size due to
the improvement in memory consumption.

8.3 EXPERIMENTS

We use the Contrastive Weight Tying objective for medium-scale pre-training experiments in
different contexts. We focus on monolingual encoder and decoder architectures, but we also train
one multilingual encoder, as we believe the uniformity brought by our contrastive objective may
improve cross-lingual alignment. We compare our HLMs with classical language models that we
pretrain on the same data with roughly similar compute budgets.

8.3.1 HEADLESS MONOLINGUAL ENCODER

We pretrain BERT-base architectures (110M parameters) for English on the OpenWeb Text2 dataset
extracted from The Pile (Gao et al., 2020). We use the tokenizer from the Pythia suite (Biderman
etal., 2023b), which was trained on The Pile and uses a 50k tokens vocabulary. We mostly use
hyperparameters from BERT (Devlin et al., 2019), although we remove the NSP objective as in
RoBERTa (Liu et al,, 2019b). For the sake of simplicity, we use a sequence length of 128 for the
whole training. We give a detailed overview of the hyperparameters in Appendix B.1.

We pretrain all models using 8 A100 GPUs, with a budget of roughly 1,000 hours each. To
optimize training, we use memory-efficient self-attention as implemented in xFormers (Lefaudeux
etal,, 2022) for all experiments. For the vanilla MLM, we set a micro-batch size of 32 for each
A100 GPU, then accumulate to the original 256 batch size at optimization level, and train on 1
million batches. For our headless approach, we observed that we could remain within compute
budget when using a micro-batch size of 64. Hence, we use an effective batch size of 512 for the
headless MLM (HMLM). Although the HMLM uses more pretraining sequences, it does not
gain additional information compared to the vanilla MLM, as both models perform several epochs
on the OpenWebText2 dataset.

We evaluate on the GLUE benchmark, where we exclude the RTE dataset due to high standard
deviations in the obtained scores. We fine-tune our models for 10 epochs on every dataset, and
compute validation metrics once every fine-tuning epoch. We use the AdamW optimizer with a
learning rate of 107°,a weight decay of 0.01 and a balanced cross-entropy loss objective.

As a matter of fact, we noticed that using balanced cross-entropy loss for fine-tuning could
further improve the performance of #// our monolingual encoders, and increase the gap between
headless models and their vanilla counterparts. We also noticed empirically that it helped stabilize
results for smaller datasets such as MRPC and COLA.

Let’s consider a classification problem where the class distribution is described by frequencies
(fe)ee[1,c)- We can group the cross entropy loss Lce as such:

C
Ece(Xu Y) - Z ﬁc(X7 Y)

c=1
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where
N

»Cc(Xv Y) - Z 1yi:c : ﬁce(xia yz)
=1
Using this notation, the balanced cross-entropy loss can be defined as:

Loe(X,V) =Y ﬁ(;{Y)

c=1

In practice, we approximate the (f.) using the batch labels. The purpose of the balanced
cross-entropy loss is to mitigate general and in-batch class imbalance.

We reproduce fine-tuning experiments with the more usual categorical cross-entropy loss only,
and using moderately optimized hyperparameters for this loss (see Table 6).

MLM type Balanced loss (FT) | GLUE Avg.

Vanilla X 81.50 (+o.14)
Vanilla v 82.43 (+012)
Headless X 83.19 (+0.09)
Headless v 84.08 (+0.14)

Table 8.1: Results of Masked Language Models (MLMs) on the dev sets of the GLUE benchmark for
different fine-tuning strategies. Results are averaged over 3 runs.

In Table 8.2, we compare our headless MLM with the classical MLM on the GLUE benchmark.
To ensure fair comparison, we display evaluations at similar amounts of tokens seen during pre-
training, and at similar training durations on the same hardware. In both cases, the headless MLM
outperforms the vanilla MLM by significant margins, showing that our CWT loss is both more
data-efficient and compute-efficient in this setup.

We extend this analysis at various intervals along pretraining, and plot the results in Figure 8.4. It
proves that the headless MLM outperforms the downstream performance of its vanilla counterpart
after using 25% of its training compute. We notice that the performance gap is near constant across

pretraining steps.
MLM type Tokens GPUhours MRPC COLA STS-B SST2 QNLI QQP MNLI Avg.
Vanilla 41B 989 | 85.87  54.66 8370 92.45 8838 8957 82.40  82.43 (o)
Headless 4.1B 444 85.31 58.35 84.54 93.23 89.49 89.62 82.54  83.29 (+o1s)
Headless 8.2B 888 | 86.89 60.72 8598 9256 89.75 89.81 82.87 84.08 rou

Table 8.2: Results of Masked Language Models (MLMs) on the dev sets of the GLUE benchmark. Best
results are bold and the second best are underlined. We report Matthews’ correlation for COLA,
Spearman correlation for STS-B, and accuracy elsewhere. MNLI validation datasets are concate-
nated. All scores are averaged over 3 different seeds.
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MIM type  BoolQ CB COPA WiC Avg.

Vanilla 68.75 77.76 60.16 64.86 (67.88 (+o3s)
Headless 69.76 7469 62.66 67.21 68.58 (+04)

Table 8.3: Results of Masked Language Models (MLM:s) on the dev sets of datasets from the SuperGLUE
benchmark. We report accuracy for all tasks. Scores are averaged over 10 fine-tuning runs.
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Figure 8.4: Comparison of GLUE average scores along pretraining.

8.3.2 HEADLESS MONOLINGUAL DECODER

We pretrain Pythia-70M architectures for English, sticking to the Pythia procedure (Biderman
et al., 2023b) as much as possible. We use OpenWebText2 as a pretraining dataset. We train on
143,000 batches of 1,024 sequences of length 2,048 split over 16 V100 GPUs. We use the same
hyperparameters as in the Pythia suite. The micro-batch size is set to 32 in both cases.

As mentioned in Section 8.2.3, we fine-tune our headless models for CLM with an LM head
initialized with e] for 10,000 steps using an effective batch size of 256 (4x smaller than during
pretraining), a learning rate of 10~%, and a constant learning rate schedule with 2,000 linear warm-
up steps. All other hyperparameters are kept similar to pretraining. We evaluate our models on the
LAMBADA dataset and report accuracy and perplexity for zero-shot generation in Figure 8.5.

We find that the HLM fine-tuned for predictive language modeling outperforms the vanilla
model by a significant margin along training. We report language generation results in Table 8.4.

Validation LAMBADA

LM type
Ppl. Ppl.  Acc.
Vanilla 314 170.23 19.52
Headless - 52444  18.26
Headless + FT 3.28 153.50 22.20

Table 8.4: Results of the causal language models on the validation set after training, and on the LAMBADA
dataset.
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Figure 8.5: Comparison of LAMBADA metrics along pretraining. We display results for vanilla causal
language modeling and headless models before and after causal LM fine-tuning. The pretraining
token count for the fine-tuned HLM takes fine-tuning tokens into account.

LMtype GPUhours , BoolQ  CrowS-Pairs| RACE SciQ  PubMedQA  QASPER

Vanilla 1712 ¢ 47.8 (+09) 57.3 (+12) 23.7 +13)  66.4 (+15) 43.8 (+1.6) 41.9 (x43)
HLM et 1052@w | 53.07 (o9 56.0 (+12) 26.0 119 645@s 4757w 66.07 (13

Table 8.5: Zero-shot evaluation of monolingual causal language models on datasets from the LM Evaluation
Harness. We report the stereotype percentage for CrowS-Pairs and accuracy elsewhere. T: best
scores that are significantly better than the second-best score according to a one-tailed t-test with
power 0.95.

We observe that despite having a higher validation perplexity even after fine-tuning, the HLM is
improving the zero-shot perplexity on the LAMBADA dataset.

We also study the zero-shot performance of the causal models on datasets taken from the LM
Evaluation Harness. At this model scale, many tasks are not relevant and thus discarded, as the
results do not always significantly outperform a random baseline. We also discarded tasks where
the sample size was below 1000 or where comparison was not meaningful due to low performance
gaps compared to the variance level. Hence, only a subset of the tasks is shown in Table 8.5.

In Table 8.5, we find that the fine-tuned HLM outperforms the vanilla causal model by significant
margins on BoolQ (Clark et al., 2019a), PubMedQA (Jin et al., 2019) and QASPER (Dasigi et al.,
2021). Although we observe less statistically significant gaps for the other datasets, we still note
that our HLM performs at least comparably to the vanilla baseline. We also note that the HLM
seems slightly less prone to stereotypes as measured by the CrowS-Pairs benchmark (Nangia et al.,
2020).

Overall, using the Contrastive Weight Tying loss in the context of causal LM allows obtaining
models on par with vanilla counterparts atalower compute cost. We notice that the resulting models
can get surprisingly good results in challenging datasets, hence showing language understanding
capabilities, while being outclassed in language generation benchmarks (before predictive fine-
tuning). We believe that this work shows that language generation needs to be considered as a
downstream task for HLMs, as they are designed to generate representations instead of words.
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8.4 MULTILINGUAL ENCODER

In this section, we pretrain small multilingual MLMs and evaluate their performance on the XNLI
dataset (Conneau et al., 2018b). Due to compute limitations, we consider architectures similar to
the distilled multilingual BERT® trained by Sanh et al. (2019). This model has 137M parameters,
and uses a vocabulary of 119k tokens. As in Section 8.3.1, we train a vanilla MLM and a headless
counterpart. However, we share training hyperparameters such as batch size and total number of
steps between both models, without compute considerations. For both experiments, we pretrain
our models on 400k batches of 64 sequences of 128 tokens taken from the multilingual Wikipedia
dataset using a single RTX8000 GPU. We select 90 million entries from 10 languages (Arabic,
German, English, Spanish, French, Hindj, Italian, Japanese, Korean, and Chinese). Training
hyperparameters can be found in Appendix B.3.

Models are then fine-tuned on the XNLI dataset, for both cross-lingual zero-shot transfer
from English and target language fine-tuning. Fine-tuning hyperparameters can be found in
Appendix C.4.

MLM type ar de en es fr hi zh Average

Fine-tuned on English

Vanilla 46.83 56.71 70.40 59.93 58.34 4316 5099  55.19 (o)
Headless 48.06 57.32 73.96 62.72 62.00 45.25 5215 57.35 (xow)

Fine-tuned on target langnage

Vanilla 5132 64.09 7040 6698 65.88 5595 64.63 62.87 (+020
Headless 54.25 66.95 73.96 6914 67.22 60.04 67.22 65.54 0

Table 8.6: Evaluation of multilingual models on the XNLI benchmark. We report dev accuracy, averaged
over 3 runs.

We display final results in Figure 8.6. We find that the headless approach leads to significantly
better performance for every language in both cross-lingual transfer and language-specific fine-
tuning. In average, the headless MLM outperforms its vanilla counterpart by 2 accuracy points in
the cross-lingual scenario, and by 2.7 points in the language-specific fine-tuning experiments.

In Figure 8.6, we evaluate the models at intermediate pretraining checkpoints and plot the
XNLI average score as a function of used GPU hours. We observe that our HLM finishes training
within 45% of the time required by the vanilla mode, and that its performance level outperforms
the fully trained vanilla model after only using 5% as much compute in Figure 8.6a, and 22% in
Figure 8.6b.

8.5 DiscussioN

TOKEN VOCABULARY Training language models without output vocabulary projection makes
using large vocabularies more affordable in terms of compute. As a matter of fact, the time
complexity of HLMs during training is theoretically constant as we increase the vocabulary size.

3Avaﬂable at https://huggingface.co/distilbert-base-multilingual-cased
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Figure 8.6: Comparison of XNLI average scores along pretraining for different setups. Models are fine-
tuned/evaluated in Arabic, German, English, Spanish, French, Hindi, and Chinese.

With input embedding lookup tables that do not require fully loading the e weights, the memory
complexity can also be kept constant regarding the size of the vocabulary. This property could be
useful for multilingual models relying on considerable vocabulary sizes, such as XLM-V (Liang
etal., 2023).

To verify this hypothesis, we pretrain models for different vocabulary sizes using the BERT-
Small architecture from Turc et al. (2019) and the CC-News dataset (Hamborg et al., 2017).
Hyperparameter details can be found in Appendix B.4. For each vocabulary size, we train a BPE
tokenizer similar to the BERT tokenizer, and pretrain a vanilla MLM and a headless MLM. We
then compare average GLUE results, excluding RTE, MRPC and COLA, due to high variance at
that model scale.
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Figure 8.7: Comparison of downstream performance and training speed for small models trained using
different token vocabulary sizes.

Figure 8.7 shows that HLMs can actually benefit from larger token vocabularies up to a certain
extent, and that they outperform their vanilla counterparts for every vocabulary size. Figure 8.7b
demonstrates that increasing the vocabulary size comes at almost no decrease in training speed
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for the HLMs, contrary to vanilla MLMs. However, we observe a sudden throughput increase
between 85k and 100k tokens vocabularies for both vanilla and headless models, which we attribute
to a different handling of GPU memory and operations as the models get bigger.

BaTcH s1zE  As discussed in Section 8.2.4, the micro-batch size used to compute the CWT loss
is important as it impacts the training complexity by increasing the number of negative samples.
Recent work on Contrastive Learning shows that there usually exists an optimal number of negative
samples in terms of model performance (Awasthi et al., 2022; Ash et al., 2022). As a consequence,
increasing the batch size when using CW'T may not always be beneficial.

To study the impact of batch size on downstream performance, we pretrain small decoder
models using different batch sizes. Our models are inspired from the smallest architecture of
GPT2 (Radford et al., 2019) where many hyperparameters are divided by 4. More details about
the pretraining procedure of these models can be found in Appendix B.5. HLMs are fine-tuned
similarly to Section 8.3.2.
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Figure 8.8: LAMBADA accuracy along pretraining for different batch sizes.

In Figure 8.8, we observe that increasing batch size leads to better performance for our HLMs.
While smaller batch sizes train even faster, the headless model with the greatest batch size (128) is
the only one that is able to significantly outperform its vanilla counterpart at the end of training.

ABLATION STUDY In Table 8.7, we conduct an ablation study by training small models using
the hyperparameters described in Appendix B.4 for different objectives. We observe that adding
Cross-Entropy to CWT leads to slightly worse performance, at the cost of reduced throughput. We
also notice that using a contrastive objective without using input embeddings as targets decreases
performance, despite adding parameters during training. This shows the relevance of our weight

tying approach.
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Objective Parameters  Throughput1 GLUE avg.
Cross-Entropy x1 x1 82.45
Cross-Entropy + CWT x1 x0.87 82.93
NCE (w/o WT) x1.57 x2.47 82.91
CWT x1 x2.13 83.37

Table 8.7: Ablation study using variants of the CWT objective. In CW'T + Cross-Entropy, we add the
objectives without specific weights. In NCE (w/o WT), we adapt our CWT objective with an
additional static embedding matrix instead of the model’s input embeddings, which resembles
Ma and Collins (2018).

8.6 MODELING CONSIDERATIONS

8.6.1 TOKEN-LEVEL SIMILARITY & FREQUENCY-RELATED ISSUES

From a linguistic perspective, we hypothesize that an important difference between our approach
and classical predictive modeling is the fact that headless modeling mostly pushes for discrimination
between co-occurring tokens, instead of imposing a contextual hierarchy over the whole vocabulary.
For instance, in the case of synonyms A and B, each occurrence of A (or B) is pushing the input
representations of A and B apart for predictive modeling, due to weight tying. For headless
modeling, an occurrence of A will only push the representations apart if B appears in the same
batch. Hence, the CW'T objective could allow models to identify A and B as synonyms more easily.
This argument is already mentioned in Jean et al. (2015).

To provide empirical evidence of this behavior, we study the representation similarity for pairs of
synonyms for classical and headless models. We use WordNet (Fellbaum, 1998) to extract synonym
pairs, and we then compute the cosine-similarity between the input embeddings corresponding to
the two synonyms. Resulting cosine-similarity distributions are displayed in Figure 8.9.
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Figure 8.9: Cosine-similarity distributions for pairs of WordNet synonyms.

In Figure 8.9, we observe that HLMs tend to generally represent synonyms in a more similar
way than vanilla LMs, as cosine-similarity distributions slightly drift towards higher values. In
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average, cosine-similarity between synonyms is 1.4 points higher for the encoder and roughly 7
points higher for both the original HLM decoder and its fine-tuned version.

However, we do not observe a radical difference between HLMs and classical LMs in this analysis
of the input representations. A more thorough analysis of the latent spaces of both types of models
could be relevant. For instance, comparing contextual representations of similar words across
examples could help clarify this matter. We leave such analyses for future work.

Another advantage of pushing discrimination between co-occurring tokens only may be an
improved feedback quality, as we expect distinguishing between co-occurring tokens to be more
linguistically relevant than distinguishing between all tokens.

8.6.2 ANISOTROPY MITIGATION

An implicit consequence of using a contrastive objective with in-batch negative samples is a uni-
formization of the representational space (Wang et al., 2020a). As a result, it can be expected
that the CW'T objective leads to more isotropic representations than vanilla cross-entropy, at
least on the last layers of trained models. Moreover, using in-batch negative samples reduces the
negative update issues mentioned in Chapter 4 and Chapter 6, i.e. the distortions that are caused
by some rare tokens being trained to be dissimilar to frequent ones. Indeed, for CLMs, as tokens
used as negative samples also appear in the batch, their representations are not only updated to
contrast them with positive samples as they are also trained to be aligned with their corresponding
ground-truth token representation.

To verify the effect of the CW'T loss on anisotropy, we report layer-wise average cosine-similarity
(see Section 4.3.3) in Figure 8.10.
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Figure 8.10: Layer-wise anisotropy for monolingual and multilingual MLMs trained with the headless and
vanilla objectives.

Figure 8.10 shows that monolingual and multilingual headless models are nearly isotropic on
their last layer, contrarily to models based on cross-entropy. Interestingly, both our monolingual
pretrained encoder models have rather low anisotropy levels compared to the observations men-
tioned in Chapter 7. Moreover, in both cases, the anisotropy level in intermediate layers is actually
higher for headless models, which proves that the effect of the loss on last-layer anisotropy is not
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always propagated to these layers. Hence, the representation degeneration in intermediate layers
cannot be safely analyzed only from the loss perspective, and may require a complimentary study
of the inductive biases used in language models, as detailed in Chapter 7.

In our experiments, the Contrastive Weight Tying objective successfully mitigates last-layer
anisotropy, which may further explain the performance and efficiency gap between headless and
vanilla models.

CONCLUSION

In this chapter, we present a new pretraining approach called headless language modeling, that
removes the need to predict probability distributions over token vocabulary spaces and instead
focuses on learning to reconstruct representations in a contrastive fashion. Our method relies
solely on changing the objective function, allowing for straightforward adaptations of classical
language modeling pretraining objectives.

Using our contrastive objective, we pretrain headless monolingual and multilingual encoders,
and a headless monolingual decoder. We demonstrate that headless pretraining is significantly
more compute-efficient, data-efficient, and performant than classical predictive methods. We
provide explanations for this improved performance based on representation analysis, as these
models better embed semantic similarity and mitigate representation degeneration for the output
layer.

A major advantage of our approach is that it enables the use of very large token vocabularies at
virtually no increased cost. We believe that this work paves the way for the exploration of contrastive
techniques as a replacement of cross-entropy based pretraining objectives for NLP.

8.7 LIMITATIONS

One key limitation of this work is the scale of the used architectures. In recent months, the dawn
of Large Language Models using billions of parameters reshaped the language modeling paradigm.
The research process that led to this work is empirical and required extensive experimentation
that could not be done at large scale in our academic compute budget. We believe that the results
presented here are still sufficiently promising to be communicated and useful to the community.
We leave the scaling of these techniques to future work.

It could be opposed to this work that as architectures grow, the proportion of compute that is
associated with the output vocabulary projection shrinks. While we acknowledge that this effect
may reduce the advantage of HLMs in terms of training throughput, our experiments indicate
that HLM:s are more performant for a given number of pretraining steps.

We chose not to compare with other efficient encoder architectures such as ELECTRA or
DeBERTa in this chapter. We also chose not to apply our method to encoder-decoder architectures,
or to subtle masking methods such as SpanBERT (Joshi et al., 2020). As a matter of fact, we argue
that our work could be combined with these methods, and we thus believe that comparison is not
relevant as these works are orthogonal to ours. We leave the intersection of these approaches for
future work.
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Finally, we decided to pick English for all monolingual experiments. Difterent behaviors could
be observed for other languages, although our multilingual experiments give no sign of such
discrepancies.

This chapter illustrates the effectiveness of pretraining NLP models in a pure representation
learning paradigm, aiming at avoiding the distortion and bias phenomena observed in classical
language models (see Part IT). In this paradigm, language modeling can be viewed as a downstream
task, which lets us frame token-level cross-entropy as a fine-tuning objective.

Hence, the resulting language models are still briefly trained using cross-entropy on token
distributions, which is prone to the limitations and bottleneck notably mentioned in Chapter 6.
In the next chapter, we propose to abstract from the token-level paradigm that implicitly causes
frequency-based and dimensional issues in the usual framework.
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9 EFFICIENT GRADIENT-BASED
TOKENIZATION

Chapter 4 and Chapter 6 present several issues that emerge when training language models on
contextual token distributions. The choice of a tokenization scheme plays a significant role in the
nature of these distributions: longer tokens tend to lead to larger vocabularies V and to high-rank
contextual log-probability spaces (cf. Figure 6.8 in Chapter 6), while shorter tokens (e.g. characters)
lead to short vocabularies but can drastically increase sequence lengths and the inherent difhiculty
of the language modeling task.

Hence, designing efficient character-level models can be an interesting way forward to avoid
phenomena such as the softmax bottleneck described in Chapter 6. In this chapter, we propose a
gradient-based pooling module for language models based on character-level tokens, that reduces
the overhead of processing longer sequences
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Figure 9.1: The differentiable tokenization scheme of MANTa-LM. Input bytes are first assigned a separation
probability using a Sliding Window Attention Transformer. These probabilities are used to
compute the contribution of each byte embedding in the pooled representations of the blocks.
The block embeddings are fed to the Encoder-Decoder layers which predict the masked bytes.
All the components are optimized with the LM objective.
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To overcome the inefficiency of character-level language modeling, tokenization-free models
(Clark et al., 2022a; Tay et al., 2021) compress sequences using specialized modules that rely on a
static segmentation strategy (see Section 2.4.4).

We argue that learning a subword-level neural tokenization scheme together with input repre-
sentations in an end-to-end fashion is beneficial for language modeling. In this work, we introduce
MANTSA, a gradient-based tokenizer and embedding module. It can easily be plugged-in to replace
the classical combination of fixed tokenizers and trainable subword embedding matrices existing
in most encoder-decoder models, without any increase in the total number of trainable parameters.
We also introduce MANTa-LM, a Transformer encoder-decoder that incorporates MANTa and
that s trained end-to-end. By learning a soft, adaptive segmentation of input sequences jointly with
the LM pre-training objective, MANTa-LM produces byte-based representations with sequence
lengths similar to those produced by static subword tokenizers. Additionally, by propagating gradi-
ents through our soft segmentation module during fine-tuning as well, we are able to adapt the
segmentation to new domains, removing the limitations imposed by static subword tokenization.

Moreover, we show that MANTa-LM is robust to noisy text data and able to adapt to new
domains while being significantly faster than byte-level models. Interestingly, MANTa learns a
simple but explainable segmentation using only the LM objective while effectively reducing the
length of byte sequences.

In summary, the contributions of this chapter are the following:

¢ We introduce MANTa, a gradient-based tokenization and pooling module that can learn
jointly with an encoder-decoder LM;

¢ We train MANTa-LM on English data, and we evaluate its robustness to synthetic and
natural variation and its ability to adapt to new domains compared to byte-level models.

9.1 MANTaA

9.1.1 DIFFERENTIABLE TOKENIZATION

Our main contribution is the introduction of an end-to-end differentiable tokenization architecture
that consists in softly aggregating input bytes into what we refer to as blocks. As an analogy with
hard tokenization schemes, blocks can be compared to tokens with smooth borders.

We decompose the tokenization process into several differentiable operations, ensuring that our
model can be trained end-to-end. Our approach consists in predicting a segmentation, and then
combining byte embeddings according to this segmentation. MANTa can be divided into three
different parts:

* Predicting block frontiers using a parameterized layer to assign a probability pr, to each
input byte b; of being a frontier;”

* Building a byte-block unnormalized joint distribution using the frontier probabilities
(PE, )te, 1) corresponding to a soft assignment from bytes to blocks;

1Throughout this chapter, we use the notation b; instead of w; to improve clarity, as tokens do not correspond to
word or subword level strings but rather to bytes.
’Fin prF, stands for Frontier.
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9.1 MANTa
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Figure 9.2: A detailed view of the MANTa module. We denote by hy, the dimension of the byte embeddings,
by ks the dimension of the block embeddings that will be fed to the encoder-decoder model,
L the length of the input sequence and L g the length of the block sequence. We omit batch
sizes for simplicity.

* Pooling byte representations for each block B; weighted by the probability of each byte
belonging to the current block P(b; € B;).

This process results in a sequence of embeddings that can be given directly to the encoder-
decoder model. We provide an overview of the entire model in Figure 9.1, and we summarize the
process of mapping byte embeddings to block embeddings in Figure 9.2.

9.1.2 PREDICTING SUBWORD FRONTIERS

Our frontier predictor consists in a parameterized module mapping each byte b; to the probability
of being a block frontier pr,. In a first part, we embed each byte b; to an embedding ey, . Working
with bytes instead of characters allows modeling a larger array of symbols while having very small
embedding matrices with 256 - d,,, parameters, where d,, is the hidden dimension of the model.
Since the input sequences fed to the frontier predictor may be particularly long, we use a Trans-
former with sliding window attention (Beltagy et al., 2020). This layer achieves a linear complexity
with respect to sequence length by computing attention using only a local context. This reduced
context forces the model to focus on local surface features rather than long-range dependencies,
which may be challenging to model at the byte level.

We make the assumption that long-range dependencies are not relevant for segmentation and
that this reduced context window should not harm the quality of the tokenization.

9.1.3 MODELING THE BYTE-BLOCK ASSIGNMENT

Once the frontier probabilities (pr, )¢e[1, 1) are predicted for the whole sequence, we use them to
model an assignment between bytes and block slots. Each byte is given a probability distribution
over the available block slots, and the expected block position of a byte in the block sequence
increases along the byte sequence (i.e. the next byte is always more likely to be assigned to the next
block).

Let us introduce (B, b;), the slot random variables for each byte by, describing the position of
the block containing by in the block sequence. In other words, the event (B = 4, b;) describes the
fact that the ¢-th byte belongs in the i-th block. These variables can only take valuesin [1, L], as
there cannot be more blocks than there are bytes. We can model the (B, b;) as a cumulative sum
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9 Efficient Gradient-Based Tokenization

of the random variables F}: the position of the block in which a byte belongs is exactly the number
of frontier bytes before this one.

Since Fy ~ B(pr, ), we can model the block index variables B depending on the index of the
bytes b using the Poisson Binomial distribution P8 which models the cumulative sum of Bernoulli
variables: (B, b;) ~ PB ((p Fr) < t). There exists no closed form for this distribution’s mass
function, but some fast methods have been developed to avoid exploring the whole event tree
(Biscarrietal., 2018; Zhang etal., 2017). However, to reduce computational cost, we use a truncated
Gaussian kernel G with the same mean and variance to approximate the (B, b;) probability mass
function:

1
Vi€ [1,Lp], P(B=1i,b)~P,;= EGm,ot(i)

where Z = )  Gy,.0, (1) is a normalization term, and:
1<i<Lp

Lp =min(L, (ur, + 30p1))

[t =Y 4_1 P, (9.1)

O = \/ZZ:I ka(l _ka)

We denote by P; ; the approximation of the probability of membership of the byte ¢ to block 4.
We display an example of this map at different steps during training in Figure 9.3. We truncate the
block sequences after (17, + 3071,) since all the probabilities beyond this position are negligible.

9.1.4 PooLING BLock EMBEDDINGS

At this point in the forward pass, we have estimated the position of the block in which each input
byte belongs, along with the block sequence maximum plausible length L . In order to provide
block embeddings to the LM, we now focus on the contribution of each byte to the block given by
the block-byte assignment map. For each block position i € [1, L], this map actually provides
an unnormalized contribution (P; 1)y, ] of each byte in this block. We can then use the byte
embeddings e;, from the frontier predictor described in Section 9.1.2 and, for the i-th block, build
a block embedding where each byte b; contributes based on its probability of being in this block
Pyy.

To build €5, the embedding of block B; in i-th position, we first compute the weighted byte
embeddings (P@t . eg) te[1,1] € R%, with dp the hidden size of the byte embeddings. To make
the block embeddings aware of the ordering of the bytes (e.g. so that ape and pea can have different
representations), we proceed to a depthwise 1-D convolution along the dimension of the bytes
after weighting. This convolution also improves the expressiveness of the block embeddings.

Applying the 1D convolution requires computing and storing O (L g x L X d},) parameters, since
we apply the 1D convolution on every row of the weighted embedding map P(e)T. Therefore,
this operation may be particularly costly, especially if the frontier predictor outputs a high number
of blocks. However, we can use the fact that the weighted embedding map has a special form to
reduce the memory load when computing the convolution. Let K be the convolution kernel size,
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Block id

JFK(John Fitzgerald Kennedy) wasn't born on October 9th, 1987!!
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Block id

JFK(John Fitzgerald Kennedy) wasn't born on October 9th, 1987!!

Step 3,000

Block id

JFK(john Fitzgerald Kennedy) wasn't born on October 9th, 198711
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Figure 9.3: The block-byte assignment P during the first pre-training steps. MANTa learns to downsample
input sequences so that no information is lost through truncation, but also converges towards a
sharp segmentation.

(Cj)jen,k) € REXdb the convolution filters and “-” denote the element-wise product. Then,
omitting padding and biases :

K
B
ey = max C-(P-t el )
' tel,L] J Lty " Tt
Jj=1
K
= max Pt--<C~e >
t€[1L] — 4+ J T Ct+g
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9 Efficient Gradient-Based Tokenization

Model )/  MNLI QNLI MRPC SST2 QQP  STSB COLA AVG

TS smali 60M  79.7/79.7 857  80.2/862 89.0 90.2/86.6 80.0 30.3 76.6
MANTa-LMgpqu (ours)  5S7M  79.2/78.6 84.5  82.3/87.2 89.6 89.9/86.5 8l.4 32.0 771

Table 9.1: Results on dev sets for the GLUE benchmark for small models following our pre-training proce-
dure.

Notice how the product between the convolution filters and the byte embeddings C; - e} ; €

R% does not depend on the block anymore. We cache this computation, storing O(K x L x dp)
parameters, and only later apply the convolution per block by summing these products with the
block-byte membership map P. Caching greatly lowers the speed and memory requirements of
MANTa, allowing to save L — 1 element-wise products.3 K is usually small, so the products
can be stored easily.

We finally apply a max-pooling operation on the contextualized weighted byte embeddings for
each block. This yields one embedding per block, with the same dimension as the byte embeddings.
We use a linear layer to map the block embeddings to the right input dimension for the encoder-
decoder model, i.e. its hidden size.

The final step consists in truncating the block embedding sequence to a fixed length L =
min(Lp, L/K) with K € N* a fixed truncation factor. This simple heuristic ensures that all
sequences fed to the encoder-decoder have a length at least K times shorter than the input byte
sequence length. We choose K' = 4 throughout the chapter, which is in average the number
of bytes in an English BPE token. Most importantly, this truncation incentivizes the frontier
predictor to produce sufficiently long blocks. We discuss the influence of this mechanism in more
depth in Section 9.4.1.

9.1.5 MODEL TRAINING

We obtain from the differentiable tokenizer and pooling module a sequence of block embeddings
that can be used exactly like subword embeddings. Thus, we use an encoder decoder architecture
identical to TS (Raffel et al., 2020). Nevertheless, since we do not have a fixed subword vocabulary,
our decoder operates at the byte level similarly to By TS (Xue et al., 2022).

9.1.6 PRE-TRAINING DETAILS

OsjecTIVE  Our objective is identical to the one used in ByT5. We mask 15% of bytes randomly
and choose a number of spans such that each has an average length of 20 bytes. Each span is then
replaced by an <extra_id_i> token with i identifying the order of the span in the sequence. On the
decoder side, the model has to predict in an autoregressive way the span identifier and the masked

bytes.

Data  We pre-train our model on English text data using C4 (Raffel et al., 2020), a large corpus
scraped from the Internet. This corpus is particularly suited to our pre-training due to its diversity
in terms of content and linguistic variations. In addition, it enables a better comparison with other

3This caching would be exactly similar if the convolution was not depthwise.
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9.1 MANTa

Model 16| MNLI QNLI MRPC SST-2  QQP  STSB COLA AVG
BERTY, . 110M  84.4/- 884  867/- 927

TS hase 220M  84.2/84.6 90.5 88.9/921 927 91.6/88.7 88.0  S38 843
CharBERTY,, ., 125M - 917 87.8/- - 91.0/- - 59.1
Bytelevel TS|, 200M 825/827 887  87.3/9L.0 916 90.9/87.7 843 451  8LS
Charformerl,, 203M  82.6/827  89.0  87.3/9L1 916  912/881 853 426  8l4

MANTa-LMpBgge (ours) 200M  77.5/78.8 88.2 82.4/88.2 913 90.8/87.7  79.2 51.0 80.3

Table 9.2: Results on dev sets for the GLUE benchmark. { indicates results obtained by Tay et al. (2021),
which are very similar to our models in terms of compute, but use a smaller batch size which may
enhance their performance. § indicates results obtained by Ma et al. (2020). The top section
concerns model trained using a subword tokenizer.

tokenizer-free models trained using it such as Charformer. Since this dataset is not available publicly,
we use the English split of the mC4 distributed by AllenAI We filter long documents containing
more than 21° bytes, which is a simple proxy to remove important quantities of unwanted code
data.

HyPERPARAMETERS ~ We pre-train two versions of our model: MANTa-LM g1 and

MANT2-LM gge. Each of them stacks a MANTagyq11 (resp. MANTapg.) tokenizer and em-
bedding module and a TS gy,417 (resp. TS Base) encoder-decoder model stripped of its tokenizer and
subword embedding matrix. Details about MANTa hyperparameters can be found in Appendix D.

Following TS and By TS, we use the Adafactor optimizer with a learning rate of 1072 for the
encoder-decoder model, parameter scaling for the whole system and no weight decay. However, to
maintain stability of our differentiable tokenizer, we use a learning rate of 1073 for the parameters
of the byte embeddings, the frontier predictor, and the pooling module. We also use a triangular
learning rate schedule with 1000 (resp. 5S000) warm-up steps for batch size 1024 (resp. 64).

TRAINING  We train TS a1, MANTa-LM gq11, and MANTa-LM g for 65k steps with a
batch size of 1024. Sequence lengths are respectively 1024 for Small models and 2048 for the
Base model. Thus, the models are trained on roughly the same number of bytes as in Tay et al.
(2021), where a batch size of 64 is used for 1M steps.

We also train a ByTSg, . model on the same data, using a batch size of 64 and a sequence
length of 1024. We consider the “Scaled” architecture which provides the encoder with more
layers than the decoder (Xue et al., 2022). To avoid prohibitive computation costs and ensure
fairness in terms of available resources between models, we limit its training time to the one of
MANTa-LMg;q1- Hence, our ByTS ¢, . is only trained for 200k steps.
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9 Efficient Gradient-Based Tokenization

Model Accuracy
BERTY,, ., 77.7
CharacterBERTiBays . 77.9
5 Small 75.3

MANTa-LMg,,q1 (ours) 75.6

Table 9.3: Results on MedNLL. 1 indicates results from El Boukkouri et al. (2020), who use a different
pre-training corpus than C4. All other results are from models trained with our codebase.

9.2 EXPERIMENTS AND RESULTS

9.2.1 EvaruaTioN oN GLUE

To ensure that our model is competitive with existing language models exploiting subword tok-
enization algorithms, we evaluate it on several English datasets and compare it with other baseline
models.

SETur  We use GLUE (Wang et al., 2018), a Natural Language Understanding benchmark
consisting of 7 tasks, to evaluate our model. Similarly to TS, we cast the classification tasks as
generation tasks, where the model has to predict autoregressively the bytes forming the answer.

We compare our model to an encoder-decoder model with subword tokenization (pre-trained
with the same denoising objective as T'5) and a fully byte-level encoder-decoder, similar to By T’s.
We compare Small models with our pre-trained versions, and Base models with results men-
tioned in Tay et al. (2021). We report the number of parameters given in Tay et al. (2021) for
Byte-level TS 5, ., and gather from its low value that their implementation corresponds to a
TS Base architecture trained on byte-level inputs.

Resurts Results can be found in Table 9.1 and Table 9.2. Overall, MANTa-LM exhibits a
performance slightly inferior to Charformer but remains within a small margin on average (1.1
points below). Nonetheless, the main objective of our method is to balance decent performance
with robustness and speed which we show in the following sections.

9.2.2 RoBUSTNESS TO DoMAIN CHANGE

Static subword tokenizers tend to show important limitations when used with texts originating
from a domain unseen during training. For instance, El Boukkouri et al. (2020) show that tokeniz-
ing medical texts with a tokenizer trained on Wikipedia data often results in an over-segmentation
of technical terms, which in turn affects the downstream performance. By removing this static
bottleneck in MANTa-LM, we hope that it should be able to adapt more easily to new domains.
To test this hypothesis, we fine-tune it on a medical Natural Language Inference dataset.

SETUuP  We fine-tune MANTa-LM on MEDNLI (Romanov and Shivade, 2018), a dataset con-

sisting of 14,049 sentence pairs extracted from clinical notes. We follow the same finetuning setup
than for the GLUE Benchmark i.e. use the same batch size and learning rate. We compare our
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9.2 Experiments and Results

Model Accuracy
TSk, .. 915
Charformerjrg use 92.7

MANTa-LM g4, (ours) 93.2

Table 9.4: Results on the ToxicCoOMMENTS dataset. Results indicated by { are from Tay et al. (2021).

results to the ones obtained by El Boukkouri et al. (2020) with models pretrained on the general
domain.

REesuLts We present our results on Table 9.3. Although we notice a significant drop in per-
formance compared to the encoder models trained by El Boukkouri et al. (2020), we believe this
drop may be due to the different pretraining data used—CharacterBERT uses splits of Wikipedia,
which may be helpful to learn some technical terms related to the clinical domain—, and the
different model sizes—CharacterBERT uses all of its parameters to encode example, while we keep
half of the parameters in the decoder. Nonetheless, we note that MANTa-LM reaches a better
performance than its subword tokenization counterpart T'5.

9.2.3 RoBUSTNESS TO Noisy DaTta

Although LMs may learn complex patterns even from noisy input texts, this ability is conditioned by
how the tokenizer segments character sequences. Since MANTa is not static and can be fine-tuned
on non-standard data, we expect it should be able to learn to be more robust to variation/noise
compared to a subword tokenizer paired with a LM. To evaluate this hypothesis, we study how
MANTa-LM behaves on both naturally occurring text variation and multiple levels of synthetic
noise.

9.2.4 NATURALLY OCCURRING NOISE

SETUP  Similarly to Tay et al. (2021), we test our model on a toxicity detection task constructed
with user-generated data. We use the ToxicCoMMENTS dataset (Wulczyn et al., 2017) which
contains 223,549 sentences annotated with a binary label indicating whether each sentence can be
classified as toxic or not. We also use the same finetuning setup here as the one used for evaluating

on the GLUE benchmark.

REesuLts We present our results in Table 9.4 and compare them to the ones reported in Tay
et al. (2021). As expected, noisy user-generated data is particularly harmful for models using
subword tokenization. On the other hand, constructing sentence representations with byte-level
information helps, and our model is more accurate than Charformer. This gain may be due to a
better segmentation of specific terms encountered in the data.
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Figure 9.4: Best accuracy on the SST-2 development set as the noise level increases. The TRAIN-DEV setting
corresponds to models fine-tuned on noisy data while models in the DEV-ONLY setting have
been fine-tuned on clean data.

9.2.5 SYNTHETIC NOISE

SETUuP  We also compare TS and By TS with our approach when facing different levels of noise.
This study pictures how these models react to unseen noise at evaluation time (DEV-ONLY setup)
and how they adapt to a given noise via fine-tuning (TRAIN-DEV setup). We apply synthetic
noise at different levels 7 € {0.05,0.10, 0.15} by picking randomly 7 x L positions in the byte
sequences and equiprobably deleting, replacing or inserting bytes at these positions.

REsuLTs The results can be found in Figure 9.4. We found that models performed similarly for
the different noise levels in the DEV-ONLY setting. On the contrary, in the TRAIN-DEV setting,
MANTa-LM can be fine-tuned as well as By TS for all levels of noise, while the performance of TS
quickly degrades.

9.3 TRAINING SPEEDUPS

In terms of speed, we compare our model to MANTa-LM gpq1 to TS gimair counterparts: one
that is trained at the classical subword-level, and one trained at byte-level, hence using sequences
that are roughly 4 times longer. We also report the speed of the larger ByTS ¢, .. architecture as
described in Xue et al. (2022). The results are presented in Table 9.5.

MANTa-LM is approximately 4 times faster than Byte-level TS Small® and S times faster than
ByTSg,,, > Which can be explained by the reduced sequence length we use in the encoder-decoder
model. MANTa-LM is only 2.3 times slower than T5 gy, which furthermore benefits from
already tokenized sequences at training time.
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9.4 Discussion

Model |6]  Seconds/step
Byte-level TSo, . S7TM 9.06 (x 8.0)
MANTa-LMgpan  57M 2.61(x 2.3)
TS5 Small 60M 1.13(x 1)

Table 9.5: Comparison of training speeds. All the experiments were run on 16 NVIDIA V100 GPUs using
a batch size 0of 1024 and a sequence length of 1024 bytes or 256 tokens

Original Oh, it’s me vandalising?xD See here. Greetings,

MANTa Oh|,| it]’s| me|] vandalising?xD| See| herel|.| Greetings|,

TS tokenizer Ohl,| it]’]s| me| vanldalising?[xD] See| herel.| Greetings|,
Original The patient was started on Levophed at 0.01mcg/kg/min.
MANTa The| patient| was| started on| Levophed at| 0.01mcg|/kg)/min|.

TS tokenizer The| patient| was| |started| on| Lelvolplheld at| o.[o1mclgl/|kgl/[min.

Table 9.6: Examples of segmentations produced by our module (pre-trained only) and by T5’s BPE tokenizer.
The sentences are samples from ToxicCoMMENTs and MEDNLL

9.4 D1SCUSSION

9.4.1 TRUNCATING EMBEDDING SEQUENCES

Once we obtain block embeddings, the final step in MANTa consists in truncating sequences
to a length 4 times smaller than the original byte sequence, as described in Section 9.1.4. This is
essential to make MANTa-LM work.

First, it increases the control over the encoder-decoder’s computation cost. Without this bot-
tleneck, the Transformer can receive sequences varying from a single block containing the whole
sequence (Lp = 1) to one block per byte in the sequence (Lp = L). In the latter case, which
mimics ByTS’s input segmentation, the computation becomes extremely slow due to the quadratic
cost of the attention with respect to the sequence length. Using the bottleneck ensures that we
can control the worst-case complexity of the encoder Transformer and keep it similar to that of a
subword-based encoder model.

Second, it serves as a kind of regularization for the block segmentations. We noted that training
our module without the bottleneck often led to block sequences as long as byte sequences (L p =
L). This may be due to the beginning of training where having very local information helps -
for instance bytes to the left and right of masked spans. However, such a segmentation degrades
the model speed and performance later in training. Truncating the sequence forces the model to
construct larger blocks in order to “fit” all the information from the input sequence.

9.4.2 LEARNED BLOCK SEGMENTATION

Segmentation examples can be found in Table 9.6. For each byte, we retrieve the expected block
position produced by MANTa and approximate it with the closest integer to mimic hard tok-
enization. We found that MANTa is not keen to produce subword level segmentations. Most of
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the key symbols for word separation have been identified as block delimiters during pre-training.
As expected, MANTa is less prone to over-segmentation of unknown words like named entities.
We also found that a trained MANTa produced spiked separation probabilities, meaning that it
converged towards a “hard” segmentation. This can also be observed by monitoring the value
min(pg,, 1 — pp, ) which always converges towards values of magnitude 107°.

9.4.3 GRADIENT-BASED SEGMENTATION

We employ a radically different downsampling approach compared to other gradient-based tok-
enization methods such as CANINE (Clark et al., 2022a) or Charformer (Tay et al., 2021). While
CANINE downsamples sequences using a fixed rate after byte contextualization and Charformer’s
GBST (Gradient-Based Subword Tokenizer) pools representations created using various down-
sampling rates, MANTa only applies downsampling right before the LM to limit the length of
block sequences. Hence, our model is able to build word-level representations of arbitrary length
as long as it divides the whole byte sequence length by a fixed factor.

We also argue that our method yields more explainable pooled representations, as the segmenta-
tion can be explicitly derived from the outputs of MANTa. Indeed, contrary to CANINE and
Charformer, MANTa disentangles the segmentation of blocks from their representations, allowing
to study each part separately.

9.4.4 MAIN HYPERPARAMETERS

We discuss here some of the major hyperparameters of our method. Constrained by limited com-
putational resources, we were unable to assess their exact importance on MANTa’s performance.
We try to give some intuitions on their influence.

FRONTIER PREDICTOR  We used a small Transformer network with sliding window attention for
this module. A much larger network would be slower and may not bring significant improvements
to the overall performance of the model, since it is only used for predicting the block byte assignment
but does not “expand” the overall expressivity of the model.

CONVOLUTION KERNEL APPLIED ON BYTE EMBEDDINGS  This kernel adds positional informa-
tion to the byte embeddings and expressivity when constructing the block embeddings. Using a
larger kernel or a concatenation of kernels might help for better block representations. However,
our experiments did not show any significant difference in the pretraining performance.

BLOCK EMBEDDING SEQUENCE TRUNCATION FACTOR Trimming block sequences was instru-
mental to produce meaningful input segmentations and blocks containing more than a single byte.
We settled for a factor of 4 since other values led to minor degradations early in training. This
factor roughly corresponds to the average number of bytes in a subword created by an English
tokenizer.

We believe that a more thorough hyperparameter search could improve the performance of our
model. We leave this for future work due to computational limitations.
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9.4 Discussion

CONCLUSION

In this work, we present MANTA, a fully differentiable module that learns to segment input byte
sequences into blocks of arbitrary lengths, and constructs a robust representation for these blocks.
We train this module jointly with an encoder-decoder LM on a span denoising objective to obtain
MANTa-LM. We then show that MANTa-LM is more robust when applied to noisy or out-of-
domain data than models using static subword tokenizers. At the same time, it performs on par
with fully byte-level models on these setups while operating with a much reduced computational
cost.

Beyond the noisy and out-of-domain settings, we believe that our approach could lead to
interesting results for numerous languages, especially those whose writing systems do not use
whitespace separators, such as Chinese.

Finally, tokenizers are hypothesized to be an important limiting factor when segmenting multi-
lingual data (Rust et al., 2021). We believe MANTa could be used in the multilingual setting to
ensure a more balanced segmentation between languages.

LIMITATIONS

Although MANTa can help alleviate some inherent issues accompanying subword tokenizers, it
also suffers some flaws that, we believe, could be addressed in future work.

Contrary to encoder-decoder models that can decode long sequences efficiently, our model has
to decode sequences byte-per-byte (similarly to Clark et al. (2022a); Xue et al. (2022); Tay et al.
(2021)) which adds an important computational overhead at generation time. Previous works have
attempted to reduce this computational cost by decreasing the size of the decoder layers compared
to the encoder (Xue et al., 2022) or by projecting embeddings to a smaller latent space (Jaegle et al.,
2021) for the decoding.

Finally, we presented a proof of concept of adaptive segmentation algorithms on relatively
small models, ranging from SOM to 200M parameters. Although we hypothesize that our model
would scale relatively well since it keeps most of the encoder-decoder architecture untouched, this
hypothesis should be tested in a future work.

The MANTa module allows us to design efficient byte-level language models. Nevertheless, as
discussed in Chapter 7, we actually find that, on every layer including the last, the anisotropy level of
MANTa-LM is actually comparable with the TS subword-level model. This further demonstrates
that subword frequency-related issues are not the only cause of anisotropy, even on the last layer of
Transformer models.

For instance, byte-level modeling does not address the sparsity of attention maps, which we
find to be correlated with anisotropy in Chapter 7. In Chapter 10, we provide insights towards
addressing the sparsity of self-attention, by using pooling strategies similar to the MANTa layer at
the self-attention level.
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1() TowaRDS GRADIENT-BASED DYNAMIC
KV-CacHE COMPRESSION

This chapter describes work that is still in progress, and that was initiated during an academic visit
to the University of Edinburgh with Pr Edoardo Ponti.

In Chapter 7, we show that studying the representation degeneration phenomenon at self-
attention level sheds light on the sparse nature of most attention maps. It depicts a connection
between anisotropy and sparsity in the attention maps of language models, as the identified com-
mon drift direction is used to encode the selective process of a specific head.

This observation raises questions about the efficiency of the attention operation, as most of
the attention values are actually not relevant in the production of the output of the self-attention
layer. It also questions the effect of such sparsity requirements on the upstream latent spaces of
these language models, and on the possible harmfulness of the distortions that affect them.

As mentioned in Section 2.4.5, several works have explored ways to reduce the sparsity of self-
attention maps by filtering the (4, j) index pairs where attention should be computed during
training and inference, in order to reduce the time and memory complexity of self-attention.
Another line-of-work, presented in Section 2.4.6, proposes solutions that focus on post-training
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Figure 10.1: Schema of the Dynamic Memory Compression technique from (Nawrot et al.,, 2024). A merge
decision is made at every step, which either extends the KV cache with a new slot or adds the
current KV representations into the current slot. During training, the Gumbel reparameteriza-
tion trick allows to mimic sampling the merge decision in a differentiable manner.
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efficiency improvement and build heuristics that minimize the impact of removing K" and V'
representations on performance, earning these methods the name of Key-Value (KV) cache com-
pression.

Limitations of most KV cache compression schemes include that the heuristics are hand-crafted
and may thus be suboptimal, but also that these methods are non-differentiable and cannot be
used as efficient attention methods to train models from scratch.

Nawrot et al. (2024) overcome this differentiability limitation by using a Gumbel-sigmoid
activation on top of the first coefficients of Q" and K to predict a decision to merge into the
current cache slot or to create a new cache slot. Thanks to this technique, the authors are able to
continue the training of language models with an auxiliary objective that measures the compression
ratio and optimize the KV cache size while retaining the language modeling performance.

The Gumbel reparameterization trick (Jang et al., 2017) allows to mimic multinomial sampling
in a differentiable way, which is useful in models that require to emulate such sampling during
training. Nevertheless, these methods add stochastic noise to their input, which may alter the
expressiveness of gradients. Moreover, Nawrot et al. (2024) only consider contiguous compression,
where only representations corresponding to contiguous positions can be merged, which restricts
the expressiveness of the compression scheme.

In this chapter, we provide ideas and experiments towards extending the dynamic KV cache
compression method of Nawrot et al. (2024). Notably, we provide a mathematical framework
for neural compressive methods in the causal setting without sampling via methods based on
the Gumbel reparameterization trick. We test our framework by training causal models with
compressive attention from scratch, and by continue-training models for KV cache compression.

10.1 MATHEMATICAL FRAMEWORK

We propose to lay the foundations for an efficient causal compressive attention module, based on
basic matrix operations. For the sake of simplicity, we consider a basic single-head attention setup
with input representations @, K,V € RE*dm and without output projection Wo.

We recall from Section 2.3.4 the expression of the attention map A and of the attention output

v:
_ QKT
A= 0( T T M) (10.1)
v=AV

where o is the softmax function applied to the last dimension, M is the causal mask and dj, = d,,
as there is only one head.

We view compression as a matrix multiplication based on a compression mapping M € REc*L,
with Lo < L. Ideally, we want to build compressed views of K and V' in RLcxdm by computing:

Ko = MK
Vo= MV

and using K¢ and V¢ instead of K and V' in the self-attention operations described in Equa-
tion (10.1).
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10.2 Predicting compression mappings

This approach leads to an immediate complication regarding causality, as the product Q K%
allows for non-causal interactions, i.e. operations between features from (); and K wherei > j. A
similar problem occurs in the AV product. We propose to overcome this issue by first remarking
that

QKL = QUME)T = (QKT)MT

and

AVe = (AM)V

Hence, it is possible to cancel the influence of non-causal interactions before compression by
nulling out the corresponding coordinates using a binary causal mask

Mi=expM

which is basically a lower triangular matrix filled with 1. For instance, the query-key product can
be rewritten as (QKT © M1)MT where @ is the element-wise product.

Although this trick solves causality issues, it also makes the causal mask M inaccurate regarding
the softmax function 0. Indeed, in Equation (10.1), M removes attention map indices that do not
respect causality from the computation of the softmax. In the compressed sequence scenario, and
especially when M is sparse, these indices can be found in positions (i, j) where the compression
mapping only pools from positions after ¢ into position j, i.e. where (/\/llM T) = 0.

We can thus design a causal mask for softmax M that takes compression into account:

Mc =log 1, mrso

We can now formulate a compressed version of causal self-attention:

{A - a(<Q—f§j @Ml)MT +Mo>

(10.2)
v = (AM O] Ml)V

To extend this framework to multi-head attention, the operation described in Equation (10.2)
can be computed for all heads, each head potentially applying a different compression mapping.

10.2 PREDICTING COMPRESSION MAPPINGS

The interest of Equation (10.2) lies in the fact that 27y compression mapping M € RE¢*E can
be used. This includes static compression mappings, parameterized matrices, or even the results of
parameterized operations on Q, K,and/or V representations.

In this chapter, we particularly focus on compression maps that are well-suited for KV cache
compression, which restrains design choices to compression maps that are built in a causal way
themselves, as the cached K¢ and V(o representations can only be updated using the currently
available representations at generation step ¢, which includes Ky, V; and K¢ and Vo themselves.

Consequently, a natural choice is to adapt our work on the MANTa module in Chapter 9 to
this framework. We call ¥ the function that maps frontier decisions pr, to the Gaussian kernel
used to approximate the Poisson-binomial distribution in Section 9.1.3. As the intermediate
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Figure 10.2: An example of compressed attention with random input representations and using the MANTa

mapping to build M.

representations of Transformer-based models are already contextualized and contain positional
information, except for the first layer, we do not need a contextualizing module to obtain pf,, or a
convolution to encode position when pooling representations.

Following Nawrot et al. (2024), we also implement a weighting mechanism that allows to discard
representations altogether, and to weight contributions in the pooled representations.
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10.3 Preliminary experiments

Formally, in the single head scenario, we introduce two linear layers of weights Wr and W, in
R34m*1 that are applied to {QKV'} € RE*34m | the concatenation of Q, K and V in the feature
dimension. The compression mapping is then computed as:

pr=s{QKV}Wr + CF)
Q= ({QKVIW,, + C.) (10.3)
M =9(pr)®Q

where ¢ is the sigmoid function, and Cr and C,,, are constants that help initialize the model in a
non-compressive way, i.e. where pp ~ 1 and {2 &~ 1 so that M ~ I,

As {QKV} is computed in a causal fashion, pr, and € are not affected by future positions
of the sequence, and will not change when generating further in the sequence. Hence, the first ¢
columns of M are not affected by {Q K'V'}; when ¢ > t. Moreover, ¥ can easily be computed in a
memory-efficient way at inference, by storing the running average and variance for block position as
t increases. This implies that the parallel computation of compressed self-attention in Transformer
blocks can easily be adapted to an efficient KV caching system during inference.

Similarly to Nawrot et al. (2024), we train language models with an auxiliary loss that measures
the average compression rate:

1 L
EC: Ltzlth

The global loss of the model is then defined as:

L= Ece + )\CEC

10.3 PRELIMINARY EXPERIMENTS

In this section, we provide some of the initial results we obtained with the method described in
previous sections. This work still being in progress, we warn the reader that these results constitute
proofs-of-concept rather than strong results that would allow conclusive statements about the
method.

10.3.1 PRETRAINING

We train 70 million parameter models using the same architecture as Pythia (Biderman et al,,
2023a) on the CCNews dataset (Hamborg et al., 2017). We use small batch sizes of 32 sequences
of length 128 to accelerate training. We perform 100,000 steps, which represents 409M tokens.
The weights are optimized using AdamW with no weight decay and a learning rate of 1073 forall
parameters except Wr and W, for which a learning rate of 10~ % is used, following Chapter 9. We
also use a cosine scheduling with a 2,000-step warm-up phase. We set Cr = C,, = 5 to make sure
the model starts with a compression ratio close to 1. We observe that training throughput is not
significantly affected by the compression operation when using a pure PyTorch implementation
of self-attention.
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We explore values of Acrin {1-1072,2-1072, 3 - 10~ 2} leading to different final compression
ratios, as pictured in Figure 10.3b.
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Figure 10.3: Training dynamics of our language models trained with compressed attention.

In Figure 10.4, we show examples of learned compression maps for the model trained with

Ao =2-1072.

Figure 10.4 depicts different compression schemes, with compression rates that increase as we
move towards deeper layers. Overall, these experiments tend to demonstrate the potential of this
approach, as it allows us to train models from scratch with compressed KV cache.

We leave our initial hypothesis on the impact of denser attention maps on the anisotropy of
intermediate layers for future work, as proving it would require using larger models trained in
regular hyperparameter setups, these small models being extremely anisotropic regardless of the
compression behavior.
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(a) Layer 2, head 3

(b) Layer 4, head S
ey

(c) Layer 6, head 5

Figure 10.4: Compression maps M for the final checkpoint of the model trained with Ac = 2 - 1072 (in
transposed view)

10.3.2 APPLICATION TO KV CACHE COMPRESSION

We also apply our method to KV cache compression. To do so, we initialize our compressed
attention architecture with the weights of a pretrained model of 160 million parameters from the
Pythia suite, and choose sufficiently high values for Cr and C,,, so that compression is minimal and
the performance is retained. We perform an extensive hyperparameter search for this procedure,
and report the results of this search in Figure 10.5.

Figure 10.5 illustrates the high sensitivity of this method to hyperparameter choices when
applied to KV cache compression. Interestingly, we are able to reach a 13 x compression ratio
while retaining reasonable language modeling capabilities, and we also observe cases where the
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Figure 10.5: Results of our hyperparameter search on KV cache compression setups for a Pythia-160M.
Each point represents a choice of hyperparameters.

continued training of the model on the CCNews data led to improved performance while still
achieving non-negligible compression levels.

This exploration incentivizes future research on improving the stability of continued training
when using MANTa-based compression mappings.

CONCLUSION

In this chapter, we introduce a mathematical framework for fully differentiable compression of
keys and values in the self-attention operation, which implicitly densifies the attention maps used
by the models, and allows more memory-efficient modeling. We notably design a way to solve the
causality issue that emerges when conceiving such models by using several masks that filter out the
non-causal interactions between sequential features.

We proceed to explore a specific family of compression mappings based on the MANTa mod-
ule presented in Chapter 9. We apply our method to causal language model pretraining and
demonstrate the potential of our method by achieving 2x compression while retaining similar
performance levels. We also present initial results on the KV cache compression setup, opening up
challenging questions for future work.

This preliminary study could also lead to other types of compression mappings, which could
include mappings based on a basis of cosine-based vectors to model long-range non-contiguous
pooling, negative weight contributions to the compressed sequence to mimic a discarding operation
at a later generation step, or fixed-length compression with unconstrained weights.

¥
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10.3 Preliminary experiments

This chapter paves the way for automatically learned dense attention maps through a novel
mechanism for self-attention that allows to include a sequence-wise compression operation. Taking
advantage of the sparsity of attention is a promising way towards more efficient language models.

As we discussed in Chapter 7, the sparsity of self-attention can also induce distortions in the
latent space of queries and keys. We hypothesize that a sufficiently expressive compression map-
ping function could mitigate such phenomenon and allows for easier selective interactions while
minimizing the resulting distortions. We leave the exploration of this hypothesis to future work.
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11 CONCLUSION

11.1 SUMMARY

Going back to our depiction of the current language modeling paradigm as a fundamentally
behaviorist framework in Chapter 1, we explored in this thesis one of the possible research directions
that go beyond pure behaviorism, namely the analysis of hidden state spaces from a qualitative
viewpoint.

We first reviewed the state-of-the-art for language modeling techniques (Chapter 2), representa-
tion learning in NLP (Chapter 3), and representation analysis in NLP models (Chapter 4).

We then provided several qualitative representation evaluation scopes that assess the expressivity
and uniformity of representations, in order to provide insights on the language models themselves.

In Chapter 5, we evaluate biases of language models through the lens of geographical knowledge
by extracting geospatial information from the representations of named entities corresponding to
locations. We then remark that the biases of language models as measured by this metric increase
as the model size grows. We show that these biases tend to amplify biases that are inherent to the
training datasets, thus proving this phenomenon to be an instance of frequency-based issues in the
representations of language models.

We proceed by studying the more general question of frequency-based distortions in language
models in Chapter 6, by extending previous works on the relation between token distributions
and anisotropy. We explore a connection between the emergence of last-layer anisotropy, which
is a form of representation degeneration, and an empirically observed performance saturation
during training for some small language models. Moreover, we show that this representation
degeneration is deeply connected with the softmax bottleneck, which can be summarized as a
mismatch between the hidden dimension of the model and the intrinsic dimensionality of the
target contextual log-probability space.

Nevertheless, this phenomenon is not sufficient to explain a similar anisotropy phenomenon
measured in intermediate layers. In Chapter 7, we analyze this degeneration in intermediate layers
and show that it is not specific to subword-level language models. We discover that anisotropy is
characteristic of the Transformer architecture, and facilitates the sparsity of self-attention maps.

Finally, we explore diverse techniques to mitigate representation degeneration in language
models, by proposing changes to the training objective, the data granularity, and the self-attention
operation.

Chapter 8 explores an in-batch contrastive objective used to train masked or causal language
models. This approach implicitly and empirically mitigates last-layer anisotropy, while also improv-
ing data and compute-efficiency and allowing for much larger token vocabularies. However, this
objective is not well-suited for language generation and requires a fine-tuning step using the classical
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cross-entropy loss. Hence, it does not entirely avoid the frequency-based distortions inherent to
this objective.

Thus, we further extend the language modeling paradigm in Chapter 9, by efficiently modeling
text at byte-level, which should notably address the softmax bottleneck described in Chapter 6.
Although our approach leads to more robust models that perform better on noisy textual data, we
observe that our method did not significantly affect the degenerated nature of the intermediate
representations of language models.

We hypothesize that this degeneration phenomenon, linked to attention sparsity in Chapter 7,
can be mitigated by facilitating the densification of attention maps in Transformer-based mod-
els. In Chapter 10, we lay a path towards gradient-based neural compression of keys and values
representations, and perform initial experiments that prove the potential of our method.

Overall, we explore the use of model analysis tools as ways to identify limitations, and as a source
of insights towards improving language models.

11.2 Di1sCUSSION

11.2.1 LIMITATIONS

Having discussed technical limitations individually for each chapter, we rather depict here more
general limitations and potential objections to our overall approach.

First, we do not produce an extensive study of qualitative inner evaluation techniques for
language models in this thesis. The research path that consists in making systematic observations
about the inner workings of language models before leveraging these observations to improve their
performance is relatively underexplored, although it could be argued that it led to impactful works
in recent years (Hu et al., 2022; Xiao et al., 2024). This thesis rather focuses on a specific type
of qualitative measurement, representation analysis, through the lens of inherent bias and latent
uniformity. As such, our work only represents one example of a research trajectory that explores
alternatives to purely behaviorist strategies.

We are eager to see other qualitative evaluation approaches flourish in the future, for instance by
leveraging interpretability methods, by identifying the inherent limitations of inductive biases, or
by exploring the mechanical interactions between corresponding concepts in multimodal setups,
in the hope that these works will lead to other extensions of the current Al paradigm.

Second, we want to emphasize that we do not consider representation degeneration to be
inherently harmful to language models. As a matter of fact, as described in Section 4.3.3, several
works prove that more anisotropic models can perform better for some downstream applications.
Apart from cases of extreme dimensional collapse, there is no reason why distorted representational
spaces should znevitably lead to less performant models. We instead argue that the observed
distortions are both counter-intuitive and should not be “natural”, in the sense that random
gradient-based updates are unlikely to lead to such geometries. As we have seen along the chapters
of this thesis, explaining these distortions can shed light on constraints applied by the training
procedure or the model architecture. Hence, reinforcing these distortions may have a positive
impact on the model’s behavior as it may help to strengthen inherent properties of the models (e.g.
the sparsity of attention maps).
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11.2 Discussion

Finally, it could be argued that the methods developed in Chapter 6, Chapter 8 and Chapter 9 still
rely on classical evaluation methods, i.e. benchmarks evaluating models performance on examples
corresponding to downstream tasks, as a final performance metric that decides on the relevance of
each approach. We would like to clarify that we do not argue in this thesis 2gaznst any form of
behaviorism in the approaches during training and inference, but rather advocate that the current
paradigm where methods and models are selected and ranked based solely on such quantitative
performance evaluations — which may include latency and memory-greediness measurements
— could be complemented with technical qualitative observations to design generally “better”
approaches and models. In that process, and as these benchmarks mimic the final use of models, it
is crucial to measure the impact of novel methods driven by these qualitative observations on the
quantitatively measured downstream performance of the models, to assess whether these methods
generally improve language models and whether these qualitative observations are actually relevant
to the overall quality of the model.

11.2.2 BEHAVIORISM AND THE COMMUNITY

As we started presenting initial ideas about the work presented in Part II, a remark that was
redundant among peers could be summarized with the following questions:

Why should we care about anisotropy? Language models still work fine, right?

While it is true that as far as we tested them, the most impressive large language models use
anisotropic intermediate representations, these questions show that the behaviorist standpoint is
not only widespread in research works but is also deeply embedded in the way some members of
the research community view the problems at hand in modern Natural Language Processing.

We argue that this focus on performance has been driven by industrial research through some
of the most influential recent works, and corresponds with an engineering-oriented view of NLP.
Interestingly, this view does not seem to reflect the opinion of the majority of NLP researchers, as
pictured in a meta-survey conducted among the ACL community (Michael et al., 2023).

In this meta-survey, Michael et al. (2023) report that only 17% of NLP researchers believe that
scale should solve any problem, and 51% that LMs “understand” language. As much as 88% opine
that there is too much focus on benchmarks, 72% that there is too much focus on scale, and
82% that we should incorporate more interdisciplinary insights from sociolinguistics or cognitive
science, for instance. Additionally, only 42% believe that interpretability is not a promising research
direction, among which industrial researchers are over-represented.

Overall, we observe that a vast fraction of the research community, and more particularly
academic scholars, could embrace other paradigms towards improving language modeling, through
better interpretations of the models and by leveraging concepts from other fields.

The field of mechanistic interpretability, which aligns with this research direction, has recently
drawn attention from the field (Rai et al., 2024; Templeton et al., 2024). We hope that these
techniques will provide insights that will allow identifying potential improvements in the structure
of language models.
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In this final chapter, we provide future perspectives for the work presented in this thesis, including

ideas that are natural continuations of this work, and perspectives that this work offers regarding
the future of the field of NLP.

12.1 FUTURE WORK

TOKENIZER-FREE HEADLESS LANGUAGE MODELING A logical way forward from this work
consists in combining the approaches described in Chapter 8 and Chapter 9 to alleviate models
from the need to predict in byte-level output spaces at training time. As a matter of fact, training
adecoder that handles pooled byte representations as in MANTa-LM using the contrastive loss
introduced in Chapter 8 could mitigate the byte-level decoding throughput bottleneck described
in Chapter 9.

Two challenges arise from this idea. First, for causal language models, it is not trivial how to
impose causality in such a framework, as the MANTa module does not impede byte information
to be shared across blocks, and the prediction at index ¢ + 1 could leverage leaky information from
the block at index £. Second, another issue that would affect both causal and non-causal language
models is the difficulty to guarantee that the output space of the MANTa module (or any other
character-pooling module) could be easily mapped to the output space of the whole model. For
instance, if representation degeneration were to occur in the post-pooling section of the model
itself for sparsity reasons, it would probably be harder to map input and output spaces, especially
if we use normalization layers in the character pooling module.

We conducted preliminary experiments in that direction, by training masked language models
based on the CharacterBERT pooling module (El Boukkouri et al., 2020) using the CWT loss, and
observed training instability and poor convergence. We hypothesize that the second aforementioned
reason is the main cause to the encountered difficulties, and leave more exploration of this direction
for the future.

CHARACTER-TO-SEMANTIC BOTTLENECK Another hypothesis that could help explain the
lower performance of tokenizer-free headless language models, and more generally of byte-based
models, could be the inherent difficulty to map character-level representations to higher-granularity
semantic features, and the reduced interpolation abilities offered by such a mapping. In token-level
language models, input token embeddings are the leaves of the back-propagation graph and can thus
be freely optimized, i.e. they can adopt any values that optimize the final loss as they are features and
not activations. In the case of byte or character-level models, the pooled representations used as the
input of the larger predictive model are the results of the application of a module based on specific
inductive biases on byte or character-level features. Hence, it can be questioned whether these
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pooled representations can efficiently and easily rival with the expressivity of classical token-level
representations.

Exploring this question requires measuring the semantic expressivity of pooled representations
in existing character-level models, and quantifying the inherent difficulty of the character-to-
semantic mapping, either by training models to perform such a mapping, or by using a similar
analysis to the softmax bottleneck identification in Chapter 6.

DousLy DyNnamic KV cACHE cOMPRESSION  Nawrotetal. (2024) and our work in Chapter 10
pave the way for gradient-based KV cache compression. However, both approaches are limited by
their inability to properly revisit past decisions as generation advances. We can quickly remark that
non-revisiting compression schemes are bound to linear memory complexity: if the probability of
creating a new cache slot does not converge to 0, then the cache memory is lower bound by a linear
function.

However, we currently foresee two solutions towards reaching such revisiting compression
schemes: re-compressing compressed sequences during generation, or designing a non-contiguous
compression scheme, that would allow avoiding to repeat past information when adding new slots.
The first method poses challenges during training, as revisiting the nature of K and V' representa-
tions during generation is difficult to translate to a parallel computation in the self-attention process
without incurring substantial efficiency costs. The second method poses modeling challenges, as
it would require another compression mapping mechanism, and would probably be harder to
control with a compression loss based solely on the decision variables as in Chapter 10.

THEORETICAL EXPLORATION OF THE SOFTMAX BOTTLENECK  Although Chapter 6 provides
thorough empirical arguments in favor of our claim, we acknowledge that Theorem 6.3.3 is not
sufficient to fully characterize the interaction between spectral properties of the context-to-logits
mapping and the optimal performance of the model. While exploring this theoretical problem,
we found that the mathematical tools at our disposal - and maybe within our grasp - needed to be
developed to help in this specific scenario.

For instance, the more complete problem could be framed as a weighted low-rank approximation
(WLRA) where the individual contextual cross-entropy measurements could be weighted by the
corresponding context probability. Nevertheless, the WLR A problem is not as extensively studied
in the literature as we expected (Razenshteyn et al., 2016), which did not provide relevant insights
about our problem. Another foreseen limitation is the lack of clear relation between the rank
function and the logarithm, especially when we need to estimate or bound the rank of a logits
matrix resulting from a linear operation for which the rank can easily be measured.

We recognize that these limitations may also be overcome via a better expertise in the theoretical
field that underlies this question. We leave a deeper exploration of the theoretical characterization
of our empirical observations for future work.

ALTERNATIVES TO CROSS-ENTROPY ~ We argue that extending the observations made in Chap-
ter 5 and Chapter 6 to other types of training objectives would yield interesting insights. First,
we could study the impact of the CWT loss on both the representational biases of the model
from an empirical viewpoint, and the softmax bottleneck effect from a theoretical viewpoint. We
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also hypothesize that knowledge distillation techniques such as DistilBERT (Sanh et al., 2019)
may have interesting implications when analyzed through the lens of qualitative evaluation of the
representations.

Along this thesis, we explored alternative objectives for language models inspired from knowledge
distillation, hoping to reduce the impact of frequency-based distortions on the inner workings of
language models. As an example of such alternatives that we did not discuss thoroughly in this
manuscript, we framed language modeling as a multi-label classification task, where the model is
asked to produce an acceptability probability for each token at each position, using labels generated
using the contextual distributions of a classical language model. This approach led to promising
initial results, and we wish to explore this method further in future works.

UNDERSTANDING Q KV GEOMETRY ~We show in Chapter 7 that analyzing the geometry of
attention-specific representations could shed light on phenomena that occur in language models.
Devorto et al. (2024) take advantage of a geometrical analysis of QQ K'V' representations to propose
an efficient KV cache compression technique. We suggest that this question is under-represented
in the literature and could lead to substantial improvements, both regarding current models and
when proposing novel architectures.

12.2 BROADER PERSPECTIVES

MopEL EVALUATION  In this thesis, we argue in favor of an extension of what the community
broadly deems as model evaluation. Practically, this includes refreshing probing techniques and
similar counterparts to evaluate the internal representations of models. This may also be imple-
mented by developing measurements of the informational efficiency of the inner mechanisms of
models, for instance by measuring the number of operations that lead to ignored information
through sparse patterns, or the amount of computation that inherently extracts similar features
from the data and is thus used inefficiently.

These examples could constitute benchmarks of their own, and be built into systematical evalu-
ation libraries. We believe that creating uniform qualitative evaluation tools would dramatically
ease this kind of analysis, as they could be seen as model debugging toolboxes that would provide
extensive insights for architecture research among others.

SAFETY & ALIGNMENT  Asstated in Chapter 1, we believe that there is a direct, yet non-exhaustive,
link between considering generative language models as black-box systems and the increasing
concerns in the public and the scientific community regarding Al safety. In our opinion, qualitative
evaluation loops, where models are adapted to improve an observed suboptimal mechanism, should
lead to more interpretable models as it will push the models towards more meaningful internal
behaviors.

Thereby, we argue that non-behaviorist approaches actually bring us closer to safer Al systems,
especially when they contribute to the design of such models. For instance, more interpretable
models could be more easily edited and aligned, as their inner conceptual knowledge and its
alignment to the users’ expectations could be controlled more easily.
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We finally hypothesize that behaviorist alignment methods do not guarantee that the model is
inherently aligned with the target behavior. For instance, a model could learn to produce expected
outputs superficially, while still being perfectly able to produce unsafe content. This is a major
challenge in the alignment field, which may be solved by internal alignment through qualitative
evaluation, and potentially model editing to enforce alignment at weight level directly.

INTERPRETABILITY Inanutshell, our work could be understood as a pledge for a novel direction
in the interpretability field, going from current methods that help provide explanations and analyze
the capabilities of the models to methods that provide insights about the limitations and possible
improvements of models.

We believe that our contribution to interpretability itself could be further extended to more
powerful tools that take linguistic information into account, and allow for a finer analysis of the
inner workings of models. For instance, it would be interesting to see how the most advanced
interpretability techniques relying on gradient-based estimations or neural circuits (see Chapter 4)
could be applied to characterize the limitations of language models, and how improvements
could be made, for instance by enhancing gradient-based feedback and causation patterns, or by
facilitating the emergence of efficient and non-redundant neural circuits in language models.

Finally, we advocate that exploring the aforementioned perspectives could fluidify the interac-
tions between these three fields (Interpretability, Model evaluation, Safety), which currently do
not extensively benefit from one another. We hope that building a framework that tends to unify
these domains in the upcoming years will bring substantial advancements to the field of NLP.
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A Additional results for Chapter 7

A ADDITIONAL RESULTS FOR CHAPTER 7

A.l1 OTHER PROJECTIONS FOR Q" aND K"

As mentioned in the Discussion (Section 7.4), we reproduce visualizations from Section 7.3 using
different projection choices. Namely, we compute the SVD on K ;‘ only in Figure 1 and Figure 3,
and on Q? only in Figure 2 and Figure 4.

The plots show that not only does the distribution used for the SVD drifts away from the
origin along training, but also that the other distribution drifts away from the origin in an opposite
direction. In other words, the singular components of each distribution are also relevant to describe
the drift of the other distribution. Hence, Figure 1 and Figure 2 support our conclusion that the
drift directions of keys and queries are aligned during training.
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Figure 1: Evolution of Q" and K distributions along training. Vectors are projected using the SVD

computed on K.

A.2 STABILITY ACROSS MULTIBERT SEEDS
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B PRETRAINING HYPERPARAMETERS FOR CHAPTER 8§

B.1 MONOLINGUAL ENCODERS

Dataset

OpenWebText2

Architecture

bert-base-uncased

Tokenizer

pythia-76m-deduped

Optimizer

AdamW

Learning rate

le-4

Precision

16

Weight decay

0.01

Gradient clipping

1

Device batch size

32/ 64

Batch size

256 /512

Sequence length

128

LR schedule

Triangular

Warmup steps

10000

Nb. steps

1000000

Table 1: Pre-training hyperparameters used for the monolingual encoders. When they differ between vanilla
and headless models, we provide separate values formatted as (vanilla / headless). Model names

written as model-name refer to their HuggingFace release.

B.2 MONOLINGUAL DECODERS

Dataset

OpenWebText2

Architecture

pythia-70m-deduped

Tokenizer

pythia-70m-deduped

Optimizer

AdamW

Adam e

le-8

Adam (B4, B2)

(0.9,0.95)

Learning rate

le-3

Precision

16

Weight decay

0.1

Gradient clipping

1

Device batch size

8/8

Batch size

1024 /1024

Sequence length

2048

LR schedule

Cosine

Warmup steps

1430

Nb. steps

143000

Table 2: Pre-training hyperparameters used for the monolingual encoders. When they differ between vanilla

and headless models, we provide separate values formatted as (vanilla / headless).
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B.3 MULTILINGUAL ENCODERS

B Pretraining hyperparameters for Chapter 8

Dataset Wikipedia (multilingual)
Architecture distilbert-base-multilingual-cased
Tokenizer distilbert-base-multilingual-cased
Optimizer AdamW
Learning rate 2e-4
Precision 16
Weight decay 0.01
Gradient clipping 1
Device batch size 64
Batch size 64
Sequence length 128
LR schedule Triangular
Warmup steps 10000
Nb. steps 400000

Table 3: Pre-training hyperparameters used for the multilingual encoders.

B.4 SMALL MONOLINGUAL ENCODERS

Dataset CC-News
Architecture google/bert_uncased_L-4_H-512_A-8
Tokenizer google/bert_uncased_L-4_H-512_A-8
Optimizer AdamW
Learning rate 2e-4
Precision 16
Weight decay 0.01
Gradient clipping 1
Device batch size 64
Batch size 64
Sequence length 128
LR schedule Triangular
Warmup steps 10000
Nb. steps 400000

Table 4: Pre-training hyperparameters used for the small monolingual encoders used in Figure 8.7.
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B.5 SMALL MONOLINGUAL DECODERS

Dataset CC-News
Architecture gpt2
Hidden size 192
Number heads 3
Number layers 3
Tokenizer gpt2
Optimizer AdamW
Learning rate 2.5¢-4
Precision 16
Weight decay 0.01
Gradient clipping 1
Sequence length 128
LR schedule Cosine
Warmup steps 2000
Nb. steps 1000000

Table 5: Pre-training hyperparameters used for the small monolingual decoders used in Figure 8.8. These
models rely on the GPT-2 architecture with a few changes. These changes scale down the model

size to 11M parameters.

C FINETUNING HYPERPARAMETERS FOR CHAPTER 8

C.1 BALANCED CROSS-ENTROPY

Optimizer AdamW
Learning rate Se-6
Weight decay 0.01

Batch size 32
LR schedule Constant

Linear warm-up 10%
Epochs 10

Table 6: Fine-tuning hyperparameters for monolingual encoder models trained with regular cross-entropy

on the GLUE benchmark.
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C Finetuning byperparameters for Chapter 8

C.2 MONOLINGUAL ENCODERS

Optimizer AdamW

Learning rate le-5
Cross-entropy | Balanced
Weight decay 0
Batch size 32
LR schedule Constant
Linear warm-up 10%
10

Epochs

Table 7: Fine-tuning hyperparameters for monolingual encoder models trained with balanced cross-entropy

on the GLUE benchmark.

C.3 MONOLINGUAL DECODERS

Dataset OpenWebText2
Optimizer AdamW
Learning rate le-5
Cross-entropy Regular
Weight decay 0
Batch size 256
LR schedule Constant
Linear warm-up 2000
Nb. steps 10000

Table 8: Fine-tuning hyperparameters for the headless monolingual decoder model using the causal language

modeling objective.

C.4 MULTILINGUAL ENCODERS

Optimizer AdamW
Learning rate 2e-S
Cross-entropy Regular
Weight decay 0

Batch size 128

LR schedule Constant

10%

Linear warm-up

Table 9: Fine-tuning hyperparameters for the multilingual encoder models in Translate-Train and Translate-

Test scenarios.
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D HYPERPARAMETERS FOR CHAPTER 9

Hyperparameter MANTasmai MANTapgse
Input Embeddings size 64 128
Num. layers 1 2
Num. heads 8 8
Attention window 16 16
Convolution kernel size 3 3

Table 10: Hyperparameters for MANTa

Hyperparameter ByTSg,..u  T5smatt  T5Base
Hidden size 1472 512 768
Num. layers (encoder) 12 6 12
Num. layers (decoder) 4 6 12
Num. heads 6 8 12
Feed-forward dim. 3584 2048 3072
Dropout rate 0.1 0.1 0.1

Table 11: Hyperparameters for encoder-decoders
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