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Abstract

Ensuring that AI benefits all, not just the anglo-phonic, nor the big companies, and
remains sustainable covers a multitude of different problems in computing. Low-
resource language is an area of NLP studying the difficulty of training models
with minimal data, annotation or resource (which can include hardware/ financial
motivation). Limits to data quantity challenge many training approaches in machine
learning, reducing models’ ability to generalise and understand text.

This thesis discusses how using multimodal models (those that can use images
AND text to learn) can provide a much-needed grounding to the issue of understanding
text. The introduction will approach this through the lens of detecting hate speech,
a problem that typically disadvantages low-resource domains. After establishing
the merits of using autoencoder approaches, the main body of work will focus on
a training paradigm to bring the large-scale approaches to be replicable. In the
subsequent chapters, alternative perspectives are considered, looking at the viability
of the assignment assumptions that are being made to further boost gradients.

This thesis addresses some of these problems by exploring some of the deeper rules
underlying these generative methods. Learning low-resource languages is explored
in this work as a challenge of scale: A paradigm is presented for training in an
ecologically feasible and academically affordable manner. By reengineering previous
methods, scale is addressed and a new algorithm for efficient training is presented. By
altering the calculations and demonstrating how to add an additional encoder, this
work provides a stepping stone to a greener, academically viable, and open model
for low-resource domains. By addressing novel approaches to training low-resource
language, this thesis also explores a different way to view training as an assignment
problem, which can be abstracted, approximated and provide efficiency improvements
to the more general training frameworks for both NLP and computer vision.
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Chapter 1

Introduction

`Machine Learning' and `AI' have rapidly become buzz-terms in recent years,
signifying a system that uses complex mathematical approximations of problems to
intelligently learn a problem space, with complex rules that cannot be readily coded or
written. Natural Language Processing (NLP) and Computer Vision (CV) are 2 major
areas within machine learning. Many of the popular methods underlying these areas
need signi�cant quantities of data to e�ectively model speci�c tasks or domains as
complicated as language or vision. As these terms captivate the public imagination, it
is important to verify the breakthroughs and gain a better awareness of the capabilities
these systems exhibit, which is summed up in this work as `understanding'.

This thesis explores how well computationally generated embeddings truly un-
derstand what they represent. The thesis demonstrates the performance of multiple
encoders to improve the economies of training available in low-resource contexts, in
the data and hardware domains. Subsequent chapters outline the performance of
di�erent methods in higher-dimensional contrastive training, as well as o�er a cursory
exploration of the myriad applications of this work.

To begin this body of work, it is worth discussing the fundamentals of why
certain tasks remain di�cult in the machine learning space, even with increasingly
complicated LLMs available.

The journey behind this thesis began with the task of hate speech detection.
Making the internet a welcoming, inclusive space involves trawling through trillions
of words, and removing anything that may cause o�ense. The noble goal of being
able to isolate negative speech is quickly hindered by the myriad complexities of
processing such quantities of data, identifying or de�ning hate speech, and being
able to remove it. The detection task simply tackles the problem of identifying it.
Even for such a simple task, a de�nition for hate speech must be agreed upon. The
de�nition must take into account many di�erent factors: Language (not just English
and how this varies by person and context); Context within the 
ow of conversation;
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and subject area that the words are spoken to. There are many comical examples of
�lters naively removing words from the lexicon of users to the detriment of innocent
conversations. (Removing the word `bone' as a euphemism can be deeply detrimental
to a paleontology conference)

In this work, the challenge of what words mean is isolated and considered as a
deeper problem; it is not so simple as just a classi�cation or word embedding problem.
Dictionary curation is slow, requiring much human e�ort and scales poorly to web-
scale data and is insensitive to context. A system is needed that can spot the changing
meanings and contexts of words.

Equal critique can be applied to how computers use language in a generative
context. Some sequences of generated text may seem intrinsically insincere. In such a
case, it highlights why semantic and epistemological understanding of language is so
di�cult; the meaning to be conveyed often betrays the meaning of individual words.
An example would be a generated string of text con�rming the 
ight of the �rst pigs.
A reader may spot the semantic parallel to historical metaphors and hyperbole around

ying pigs and would naturally assume insincerity. More prosaically, an AI writing
about whether a deity exists (and in so doing selecting a belief system), is naturally
assumed to be data bias or nonsense { yet enforcing that a model shouldn't have a
belief system seems laughable if there's no chance of it occurring naturally. In the
semantic parallels of language appearing questionable upon application, illustrate the
domain of semantics, or the examination of word meanings.

Investigating the study of what words mean is an indicative factor in understanding
why there is so little annotated information for detecting hate-speech. It seems a
simple task: processing a natural language input and making a determination. In
actuality, hate (and its detection) is a subjective concept - it relies on an individual
taking o�ense. If a system is only observing what is written, one cannot know that
no other reader will perceive o�ense, nor necessarily whether o�ense was meant in the
�rst place. This perhaps belies why there are relatively few datasets claiming gold
standard annotation for this task.

To demonstrate the focus of this thesis, a statement like `you're a banana' is worth
considering. It is a phrase that many in a western audience may have even heard
growing up, indicating the silliness or absurdity of one's actions. However, to other
audiences, this phrase may be dripping with malice, the in
ammatory accusation
being that someone is `white on the inside'.

That implicit understanding of why something may be in
ammatory in some
contexts and not others is a complicated reasoning task, which several approaches
attempt in supervised ways, using annotated associations and connections [93];
however, the understanding and connection that something may be o�ensive is a
problem that extends beyond the domain of Natural Language Processing (NLP).

The thousands of properties that every object has make the combinatorics
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and reasoning implicit to metaphors incredibly di�cult to annotate for in labelled
examples. Recent philosophers such as Heidegger to as far back as Plato have
understood objects as having near-in�nite properties.

This work therefore will largely neglect supervised approaches and explore
unsupervised learning to attempt to learn the myriad properties that surpass
annotation. Unsupervised learning is a paradigm where a model does not learn from
human labels; instead, it learns the salient features of the input to determine how
to represent the concept in latent space. Conceptually, the idea of a distribution
of embeddings across high dimensions allows a similarly in�nite number of values
a word can be encoded into. Thus, it allows us to approximate and query the
in�nite permutations and properties of objects. However, just because something
can be queried, does not guarantee the model used is encapsulating all the potential
properties, uses, or abilities of objects. This thesis shall explore whether all the
encapsulation of properties can be measured.

1.1 De�ning of Terms

There will be many terms used in this body of work that span disciplines or might be
used in natural language with an imprecise computational meaning. For the purposes
of this document, the following simple de�nitions will be adhered to:

ˆ Semantics : The study of what a token represents or means, often used in
relation to NLP discussing the meaning of individual words, or in CV as to the
prototypical class of an object.

ˆ Semiotics : The study of meaning, which transcends individual tokens to convey
concepts or meaning beyond the sum of tokens.

ˆ Knowledge : A stored statement of justi�able truth.

ˆ Human / humanistic : A reference to the typical human experience, both in
having normative `average' intelligence and `average' potential to learn.

ˆ Understanding : The ability to create robust representations of a concept
that capture the important features as pertains to context which behaves
conceptually as the base concept.

ˆ Reasoning : The ability to apply logic to both the observed, and the
respresentations of, concepts with the goal of a predicted outcome or behaviour.

ˆ Model : An approximation of a system. In Computing models typically require
training to adjust their behaviour and properties towards an optimal behaviour,
often relying on hidden representations and to process an input.
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1.2 Research Goals

The motivation for this research stems from the increasing complexity and opacity
of modern machine learning models, particularly those involving encoders in vision-
language tasks. While existing encoder models have demonstrated impressive
performance, there is a critical gap in their ability to form truly holistic and
interpretable embeddings that align with human understanding. This gap raises a
pivotal question within limited resource contexts: to what extent can we ensure that
these models comprehend the underlying semantic structure of the data they process?
Consequently, this thesis aims to investigate how we can better understand, evaluate,
and improve these models to achieve more robust and interpretable embeddings.
Speci�cally, by addressing the challenge of de�ning and measuring semantic awareness
in model embeddings (RO.1 ), as well as evaluating models in the absence of clear
ground truths (RO.2 ). Additionally, we examine the practical limits of scaling these
models within constrained computational resources, which is crucial for ensuring
academic replicability (RO.3 ). Each of these objectives directly ties to a central
question of how to e�ectively create, measure, and scale models that not only
perform well but also o�er meaningful, interpretable outputs. This inquiry is
foundational to answering several critical research questions, including: how we can
isolate speci�c elements of knowledge within machine learning models (RQ.1 ), how
to facilitate model training and replication within limited computational resources
(RQ.2 ), and how annotation assignment can improve model performance on both
micro and macro scales (RQ.3 ). Furthermore, we will explore the impacts of noisy
approximations on grounding and assignment within models, as these issues are crucial
to understanding the limits of a model's comprehension and its ability to exhibit
true semantic awareness (RQ.4 ). Together, these objectives and questions form a
cohesive framework for evaluating the e�ectiveness of encoder models and advancing
their interpretability in real-world applications.

1.3 Research Objectives and Questions

RO.1 Present a training paradigm that is not tied to a domain prediction but can
create meaningful embeddings. The embeddings generated in the vision-language
space should have a depth of understanding that users can trust is fully aware and
comprehending of concepts. The goal is to create and de�ne a methodology for a
semantic and semiotic awareness to an embedding space. Given the tendency of
models to be re-used on downstream applications, it is imperative our tests show a
robust, dataset-independent method for verifying training and learning of concepts.

RO.2 Show evaluation methods available where there is no clear holistic ground
truth for what the model should have learned. Models in the encoding-only space o�er
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novelty in training: they consume data without predicting an output. Challenges
are presented in evaluating such a model without inferring assumptions such as
a downstream distribution. Di�erent evaluation metrics are available and will be
deployed during training, but this research will show simple methods a�orded to
some training paradigms that do not require separate, distinct evaluation work
ows.
By deploying several metrics, the performance of metrics can be identi�ed partially
by consensus.

RO.3 Demonstrate the limits of scaling within the limits of 24GPUHours, and
the projected performance increase for future work. Core to the remit of this work is
the con�nes to university scaling. At its conception, the maximum available allocation
was 12GPUHours. During that limit, the SOTA approach in this domain was used
on 512GPUs for 19 days. This poses signi�cant academic concerns over the lack of
reproducibility and replicability. This work therefore seeks to understand the scaling
rules present by batch size and how that is felt at di�erent training scales.

The following research questions (RQ s) which will be answered in each chapter:

RQ.1 How can elements of knowledge be isolated within a machine learning
model? This will be answered in Chapter 3, looking at how low-resource language
tasks can be e�ectively taught.

RQ.2 Many state-of-the-art models exist beyond the training capabilities of
academic replication. How can model training be reinvented to facilitate replication
at a smaller scale of compute AND data? Chapters 5 will answer where the limits are
for such models and, moreover, how we can prove the e�ectiveness at di�erent scales,
focusing on replication within the limits of 24 GPU-Hours.

RQ.3 There are many advantages available to models that use weak and
pairwise supervision to learn the relevant associations. Can annotation assignment
have improvements on a micro scale with performance gains comparable to weak
supervision on a macro scale? Chapter 6 will look at other methods that use similar
assignment-based metrics and will use the supporting publication track to isolate
performance bene�ts associated with modifying the assignment criteria.

RQ.4 Many of the semiotic studies that underpinRO.1 point to grounding and
assignment as fundamentals in attributing to a model `understanding'. What are the
impacts of approximating these assignments or using noisy approximations?

1.4 Thesis Structure

This document will begin with a deeper discussion of some of the background and
related methods to this body of work. Latter chapters will present an AI approach
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that can surpass the limitations of supervised and granular annotations and exhibit
capabilities that demonstrate higher-order knowledge.

In Chapter 2, the background and context of this work are discussed and explored.
The problem space is addressed, and some benchmarks are presented. The �rst
chapter seeks to demonstrate the way these models work, presenting an intuitive
guide to why semantic embeddings do not have the same mathematical relations as
simpler embedding spaces that may be more familiar to readers.

Chapter 3 begins to explore the applications for low-resource languages. Experi-
ments are outlined for how these multi-modal models can improve training for low-
resource languages by providing alignment.

Chapter 4 de�nes the challenges of evaluating training. Some of the model
components presented in this research may present a novelty in not returning a natural
embedding in a form that is readable. This chapter, therefore, discusses which metrics
can be used and how they combine to guide training paradigms.

The penultimate chapter details the limits of scaling contrastive training, extend-
ing the training methods presented in Chapter 3. Novel calculations are presented to
address some of the mathematical curiosities, and the labels for these algorithms are
explored.

In the �nal section, Chapter 6, another way of improving low-resource training is
explored: treating training as an assignment problem. Existing methods are improved
with application-speci�c optimisations, and the performance pro�les of inputs are
explored, which present opportunities for optimisation in other contexts.
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Chapter 2

Background and Related work

2.1 Background

This thesis explores how well computationally generated embeddings truly understand
what they represent. But an introduction to standard techniques is imperative to
explain the state-of-the-art models built upon. Machine learning (ML) is a well-
established technique for predicting language output from a wide variety of modalities.
It is now well established that the context of an image provides valuable information
to inform and improve object predictions. The thesis demonstrates the performance
of multiple encoders to improve the economies of training available in low-resource
contexts, in the data and hardware domains. Subsequent chapters outline the
performance of di�erent methods in higher-dimensional contrastive training, as well
as o�er a cursory exploration of the myriad applications of this work.

2.1.1 Word2Vec and Transformers

One of the early approaches to understanding language was the idea that a word can
be de�ned by the company it keeps. The approach was to split a sentence up into
tuples, or (a set of tokens) often called n-grams where `n' is an integer referring to
the spacing of the word. These pairs are then encoded as a set of one-hot vectors, the
index of `1' in the location corresponding to the word. By projecting these vectors into
an embedding space, the size of each vector is reduced from the size of the vocabulary,
down to a more computationally e�cient number (like 512 or 128). This causes words
that have similar meanings, (and likely a similar context) to tend to cluster together.

Subsequently, models have increased in size and complexity, culminating in LLMs,
which power the majority of popular models. LLMs are predicated on a transformer
architecture, popularised by BERT [120], but exist at a signi�cantly larger scale,
and now use more complex training techniques including mix-of-expert approaches
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and reinforcement learning. However, the core technological advancement of the
architecture is the use of attention [116], allowing tokens in a sequence to bi-
directionally a�ect the meaning of other tokens. Crucially, the representations of
each token are modi�ed by the others.

2.1.2 How Computer Vision Understands

The wider task of this thesis is to explore the way that model representations
understand, or rather, generate holistically queriable representations. Traditionally,
the task of computer vision is to receive an input image and classify it. Many examples
might use a simple set of classes like `Cat' and `Dog', and typically, every image is
exclusively a cat or dog. This task can readily be expanded to having an `Other'
category to perform as a detector, or have some architectural changes to be able to
draw a bounding box around the cats or dogs.

The challenge for this body of work is to take a simple example like this and
question whether it really understands the concepts beneath the classi�cation `cat' or
`dog'? Most classi�cation tasks do not concern themselves with explaining the learned
concept, but rather present a con�dence score of whether the image �ts within the
training set of cats, or belongs closer to the training set of dogs.

Because no concepts are codi�ed, the problem of classi�cation scales poorly
with the number of classes. This is partially because there are multiple clusters
in an embedding space for points to move between, and the balance of data must
be accounted for. However, a cornerstone paper [37] used Deep Visual Semantic
Embeddings (DeViSE) to scale e�ortlessly from 1k to 21k classes. Scaling to so many
classes with few-shot learning was achieved by assuming that the classes would relate
to each other in the same way that the labels for each class do. The model used the
geometry of GloVe [101] embeddings (the previously discussed W2V model trained
on web-scale data).

This was arguably one of the �rst e�ective attempts at ensuring a computer vision
framework had some knowledge of what was being classi�ed or predicted: the class
name a�ects classi�cation.

DeViSE paved the way for a plethora of other models, with architectural
similarities seen in more modern DETR [138, 61] and DETIC [137] models that use
transformers for class comprehension and computer vision.

This work will continue the approach of using language embeddings as a basis for
building holistic representations. The test, however, will have to be in a zero-shot
context, as this eliminates the ability of a model to be reliant on the training set.
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2.1.3 How to De�ne Representational Robustness

The goal of this research is to show how cross-modal tasks (using linguistic and visual
domains) are the key to better representations that can be said to `understand'.
The use of cross-modal training is to remove the abstraction that all learning is a
classi�cation task. Fundamentally, to know a model is building a correct, robust
representation, the model must be queriable against an open domain. (I.E. not task
limited)

Prior work includes GloVE, a generation of `universal' embeddings that are said
to carry this property. It relies on the assumption that web-scale datasets are a good
source of de�nitions. Comparatively, DeViSE assumes de�nitions that are implicit
in embedding space geometry, have been tried and tested on enough data they must
be correct and precise. However, there is little literature on why such wide samples
of data can simply be aggregated during training. The de�nition of `web-scale' now
is signi�cantly larger and changes more dynamically than over a decade ago when
those methods were proposed. The rapidly changing and evolving space heralds new
challenges in NLP around words that may not have warranted dictionary de�nitions,
or have niche, specialist, or contextual meanings. W2V approaches are inaccurate in
these cases where contexts have unique languages or dialects. In such cases, building
a representation from such infrequent tokens is problematic.

The challenge of robustness to context also applies to computer vision, where
traditional class-based approaches can struggle to be queried for anything other than
labels. There are very few open-set (where there is no limit to the number of classes)
challenges, and using small datasets to represent a robust space, such as can be aligned
to a vector space as in the GloVE or DeViSE paper, has only been realized in work
contemporary with this thesis, in the form of DETIC, which relies on downstream
training from the work presented.

An alternative perspective on this domain is provided in the study of semiotics:
the study of signs and symbols and their use or interpretation. Semiotics suggests that
tokens often refer to an object by a set of properties or multiple names, which allows
us to communicate meaning. Referring to a table as `a 
at surface' or `desk' conveys
the desire to work - either by the property that facilitates work, or by the primary
use of the object. This is a challenge to computer vision that relies on clustering
because the set of objects that receive the classi�cation `desk' may be di�erent but
overlap with `table' and `
at surface'. The set of properties that a particular class
has is usually referred to as a homeostatic property cluster: No one property de�nes
the class, but the presence of enough of them is indicative of the vocabulary used to
describe an object.

In the classic example of a car missing wheels, a car is still a car if it is missing a
component, even when these are a critical part of the functionality. This example is
o�ered to emphasise that the computer vision approach to understanding this scene is

9



Chapter 2. Background 2.1. Background

complex: it predicates on having a su�cient understanding of an object to understand
the purpose or potential of an object even if critical components are missing. Holistic
representations are therefore critical to contexts, where a car missing wheels might be
a critical detail depending on where it is observed.

Representations of an image, and the contents, need to be su�cient that for open-
set works, objects can have myriad descriptors that can match any visible object.
In other words, that objects in the space can be queried or predictably found based
on sets of properties [71]. Typically this can be considered as the embedding space
preserving orders of knowledge. This can be demonstrated in the classic word2vec
example that `Man' is to `Woman' as `King' is to `Queen'. In the example, the
relation between 2 points can be considered a single order of knowledge. That it
pertains to another pair is second-order knowledge, realizing that this relates to other
like properties is a third order and so on.

A way of enforcing orders of knowledge, modern transformer architectures use
Attention : that tokens can be projected as a Query, Key, Value tuple, and used
to create a representation of a value according to Query and Key. This view of a
representation and stepped attention over it is akin to building a tool to consider
where it belongs in an embedding space and viewing a point as a function of the
clusters it sits in. The only caveat is that where philosophically every object has a near
in�nite set of properties, models constrain the dimensions of hidden representations
to �nite numbers (usually integer powers of 2).

2.1.4 Understanding in Low-Resource Languages

The preceding section discussed the use of representations as an encoding of
information about a visual concept. In a computer vision context, building
representations as capable of conveying all queryable information in a scene is critical.
To avoid the trappings of a large number of classes, an open domain must be
used. However, given limitations to the scale of this research, understanding must
be viewed through the lens of low-resource language. Languages are considered
low-resource whenever a language is lacking large monolingual or parallel corpora
and/or manually crafted linguistic resources su�cient for building statistical NLP
applications; it is considered a low-resource language. In a computer science context,
this de�nition extends to including languages with only a limited number of gold-
standard annotations or the (un)availability of wider corpus. From such small samples,
gaining a good understanding of the language is problematic without prior knowledge.

LLMs exhibit excellent ability to learn low-resource languages with prompting
and examples [13], due to wider world knowledge. Therefore, what may be deemed
as `understanding' goes beyond the standard data extraction used in old NLP; it no
longer su�ces to apply data science to POS tags or extract key words because without
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correct interpretation and white-box systems, they are meaningless. Even with the
grammar, structure, and objective de�nition of words, the nuance of language may
still be lost. Modern approaches with such methods often resolve meaning through
LLMs to associate generated labels with more �tting and interpretable labels. As
the user skill/interpretability threshold is reduced, the risk of poor design and poor
usability in our models increases. There is an ever-growing laundry list of models that
fail to meet real-world standards: Idioms, metaphors, and hyperbole regularly escape
researchers' ambitions of `solving' language. This is part of the reason that open-set
language remains di�cult - for the a�rmative case, there are 100s of di�erent methods
of expressing it, and using word-level and token-level loss is no longer adequate when
sentence-level meanings are needed. This also rejects the issues that confront low-
resource languages, where not only is the amount of data available so low that models
are di�cult to train, but the prevalence of LLMs that provide shaky translation
pollutes the space.

In recent years, UNITER [20], CLIP [103] and many other cross-modal approaches
[79] show that open-set language is solved - especially as these have become the SOTA
backbone for other methods like DETIC [138], Flamingo [4], DALLE [73] and many
more. It is worth a consideration of scale - these methods require training measured
in GPU/TPU years. The concept of some languages being solved is a question of
scale, application, and data: the 3 things that this work lacked at conception.

The breakthroughs discussed in computer vision previously that stem from aligning
classi�cation with language are almost entirely anglo-phonic. There are very few
datasets or works that exist in other languages that use richly annotated datasets
in other languages. This is why this work seeks to explore training paradigms that
can leverage vision-language grounding to improve the representations curated in low-
resource contexts.

2.1.5 How CLIP Works

In the last 2 years, CLIP has radically altered the Machine Learning space. Each
component of the CLIP model is nothing new, but the combination of 2 encoders
projected to a shared space is an entirely novel phenomenon. The shared encoding
space, enabling the presence of both visual and text modalities to be projected
together, has been a crucial building block for tools like Dalle, StableDi�usion, Dalle2
and many more generative models.

The CLIP algorithm works by contrastively training samples in an e�ectively
unsupervised manner. During training, a batch of items consists of image and text
componentsI and T, respectively. These are then encoded separately, and loss is
calculated by comparing each encoder's output with cosine similarity and maximizing
the similarity for corresponding items with cross-Entropy Loss.
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Pairing items in batches may seem obfuscated. So here is the 
ow of data: Imagine
2 auto-encoders that, given a batched input, create an output of uniform random
features.

When plotted on a graph, these features appear as follows.

Figure 2.1: This plot shows what a
single batch of normalised vectors in
an example input may look like when
overlayed

Figure 2.2: This plot shows what
a second batch of normalised vectors
in an example input may look like
when overlayed, notably di�erent from
Figure 2.1

These may be di�cult to distinguish to the human eye, but when compared by
multiplying, they produce a set of logits (a batched form of cosine similarity). for
comparison, when we produce the same graph using identical inputs, the result is as
follows: shown in Figure 2.4.

The distinct spikes indicate the cosine similarity of every item in the �rst batch,
corresponding identically to that in the second batch.

Notably, the minor deviations in peak heights are not smoothed by averaging
with the transpose of the logits but rather are a re
ection that the inputs are non-
linear. In the case of dual encoders, it follows that items in the �rst encoder are
independent of items in the second encoder and vice versa. This symmetry is largely
only found in identical inputs; in real-world data, it is unlikely. This can be stated
as: P(A i jB j ) 6= P(B i jA j ) unlessA i = B i and A j = B j )

One novelty of this training methodology is the scaling: contrastive training
requires a batch size greater than 2 to function. Furthermore, the greater the batch
size, the greater the number of in-batch negatives. This has been largely criticised
because it solidly places AI research and validation in the hands of large companies
or organisations with huge training resources. The original model took some 33GPU
years to train. Aside from the ecological impact, this is a prohibitive time scale unless
performed at enterprise scales.
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Figure 2.3: The comparative similarity
of each item in a batch to every other
item (note the x-axis change in scale).

Figure 2.4: A plot showing the
comparative similarity when the 2
batches match each other, each line
has its own distinctive peak which
corresponds to order within the batch.

The subsequent work aims to reduce that. Tying into the introduction, considering
understanding and embedding spaces in high dimensions, instead of con�ning
individual points by 2 projections, allowing them to move accordingly, this work
explores using greater numbers of dimensions.

The goal here is to introduce additional data to add additional dimensional
constraints. We consider what happens when a batch consists ofI; T0; T:::; Tn .
Naturally, such a set might undergo di�erent encoder architectures depending on the
modality. However, for the sake of proof of concept, we train the0theta0

T parameters
by guiding the representations of all inputsT0; :::Tn . However, in contrast to training
these samples, we create an n-dimensional loss table. This shows far better scaling
for training for a given batch size.

func t i on make Logi ts ( I , C1) :
# Normal ize image and tex t f e a t u r e s
I = I / norm( I , dimension= = 1, keep dimension=True )
C1 = C1 / norm(C1 , dimension== 1, keep dimension=True )

# Ca lcu la te l o g i t s
l o g i t s p e r i m a g e = dot product ( I , t ranspose (C1) )
l o g i t s p e r t e x t = dot product (C1 , t ranspose ( I ) )

# Ca lcu la te l o s s and re tu rn the r e s u l t
re tu rn l o g i t s p e r i m a g e * exponen t ia l ( l o g i t s c a l e ) ,  -

l o g i t s p e r t e x t * exponen t ia l ( l o g i t s c a l e )
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Figure 2.5: A graph showing the similarity with each batch transposed, bearing
identical shape to Figure 2.4, thus proving the matrix multiplication of these batches
will preserve a gradient in both directions

A good way to understand the e�ects of contrastive training in high-dimensional
vectors is to ascertain the signi�cance level of 2 vectors of the same magnitude having
a good Cosine Similarity.

In 2 dimensions, we have the simultaneous equations:

v1 = ( x1; y1); v2 = ( x2; y2)
q

x2
1 + y2

1 = 1
q

x2
2 + y2

2 = 1

x1:x2 + y1:y2 > 0:5

The value of 0:5 has been picked here because it is easily recognizable geometrically.
To simplify the problem and plot the values on a graph that satisfy this equation,

choose a simple value of (v2) that simpli�es the above equation: where

v2 = (0 ; 1)

x1:0 + y1:1 > 0:5

simpli�es to y1 > 0:5 These means can be mathematically calculated with the identity
of v1 = ( x1; y1) where

p
x2

1 + y2
1 = 1. Or, on a graph, we can say that the angle at

which the threshold is atv2 is � wherearccos(0:5) = �
When we use a threshold of 0.5, as the number of dimensions of our vector,n,

increases, we �nd that the signi�cance level for a cosine similarity� 0:5 becomes 0:5
follows 1=n + 1.
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� Cosine Similarity n = 2 n = 3 n = 4 n = 5
� 0 0.5 0.5 0.5 0.5

1.47063 0.1 0.46870 0.45000 0.43607 0.42097
1.36944 0.2 0.43609 0.39992 0.37329 0.35009
1.26610 0.3 0.40323 0.35006 0.31185 0.28078
1.15928 0.4 0.36906 0.30002 0.25228 0.21549
1.04720 0.5 0.33333 0.25003 0.19551 0.15554
0.92730 0.6 0.29499 0.19996 0.14243 0.10421
0.79540 0.7 0.25456 0.15024 0.09414 0.06091
0.64350 0.8 0.20500 0.10007 0.05210 0.02820
0.45103 0.9 0.14397 0.05018 0.01873 0.00739

Table 2.1: For ann-dimensional sphere, this table shows� , an angle at the centre,
compared to the volume, (or equally surface area), contained within the angle. The
experimental approximations of these volume ofn-dimensional sphere for di�erent
threshold values of cosine similarity rounded to 5.S.F. This shows the decrease in
probability as n increases, showing why this method is especially e�ective in high-
dimensions

2.2 Related Works

As will hopefully be well known to any researcher in this or adjacent �elds, 2020-
present has been a turbulent and exciting time seeing a rise from machine learning to
advanced deep-learning systems. Beneath the confusion and controversy, AI has been
obfuscated by the myriad systems claiming to be AI; there are well-coded databases,
distributed models each with radically di�erent domains, and the others all claiming
the illusive goal of intelligence. Against this backdrop, cataloguing the contemporary
works that claim novelty, even down to those being based o� the same model,CLIP
[105], is a near impossible feat. It has been cited over 26,000 times and is considered
foundational to many di�ering domains and applications.

There are many works that seek to improve, use and replicate CLIP, even o�ering
enhanced re�nement of the training pipeline by reintroducing supervision via region
selection with an RPN component [136]. Approaches like this emphasize the computer
vision application over the holistic language capability. There are other works
[24], that emphasize similar capabilities in less supervised fashions, representing
semantic masks with embeddings. However, such works and others gently neglect
how hierarchical object detection works.

One key advancement in the �eld, published 2 years after the main body of
research, is Llip [70], which uses the same training paradigm of multiple captions
per image to signi�cantly improve the zero-shot capability. They focus on combining
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captions with visual tokens with cross attention across each caption. Then they used
the output through a more traditional clip-style contrastive loss. While the results
are impressive and show potential, it should still be noted that CommonCrawl [15]
datasets were used, which are far larger than this work can manage: 2.5 Billion
image-caption pairs, pre-trained on a larger 12.8B pairs. Compared to the original
512 GPUs, they only used 128 and 256 larger A100s for a bigger batch size in their
experiments. That work not only validates the premise of this thesis, but also proves
that it scales unquestionably to bigger training pipelines.

On a smaller scale, the works focus on very �ne-grained detection rather than
semantic comprehension in open-vocabulary contexts [126]. This builds on prior work
using a 2-stage detector aligned with a multi-modal transformer that receives both
image and text tokens. However, this test is still constrained to the classi�cation
of nouns rather than the true open set testing. It does not demonstrate semantic
capability or nuance in a way that might theoretically be present.

In the last year, SigLIP has been proposed [128], suggesting the use of sigmoid loss
over cross entropy for loss. The key advantages of this approach are rapidity in scaling
and batching, allowing scaling across multiple devices asynchronously. The work
validates several key contributions of this work: that the exact activation function
is not strictly relevant and that scaling rules are a key factor in model training and
overall e�cacy. Although the sigmoid loss performs equally well and faster than
stock CLIP (though not compared on the same hardware), by removing the reliance
on contrastive training on logits, it may a�ect training. It is unclear due to other
training di�erences whether this removal of the graph is signi�cant in its impact on
training and downstream applications. Speci�cally, it can be argued that because the
gradient for a given logit is not only being minimised or maximised, it is not clear
in which direction it will move: contrastive training would ensure it moves towards a
single point and away fromB other points. The counterargument is that whenB is
large enough, this is not a relevant concern.

An alternative approach to increasing batch size despite hardware limitations is
to investigate the use of pre-computed values that are detached from their gradients
[39]. Normally, calculatem mini-batches per batch and aggregate them2 gradients to
approximate the batch between devices. This is similar to the abstraction that occurs
in transformer heads to accelerate transformer operations. Precalculating features
and, therefore, gradients requires a signi�cant RAM footprint and execution time
overhead. The work is notable for being at a scale similar to this work, but lacking
in training details or scale, and therefore, even though there is a marginal speed
overhead, it is unclear whether the synthetic batch sizes achieved are meaningful.

Many other works have attempted to replicate CLIP at various scales [80],
including attempts to alter how multiple GPUs are used in training, or using simpler
approximations of loss. Such attempts are contemporary with this work.
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2.2.1 Related works in Low resource domains

In recent years, LLMs (GPT-x [82], BERT [30], ELECTRA [22], LLama [115], to name
a few) have boasted phenomenal zero-shot and few-shot performance in low-resource
domains. Even approaches that rely on only altering a few layers with �netuning have
shown exceptional results [59]. However, the di�culty for the extreme cases of low-
resource languages is that many underserved languages share minimal philological
heritage with others - meaning the structure, syntax and form of the languages
are fundamentally di�erent. Consequently, structures, grammars, phonemes, and
characters are used in signi�cantly di�erent manners and represent barriers to models
being adapted readily across languages. It is widely held that the intermediate layers
of a network enable the performance of reasoning and meaning extraction from the
text, processing the input domain to an output domain, whether that be instruction
following or masked language modeling. These intermediate layers, with attention
mechanisms sculpted by positional embeddings pertaining to a speci�c language, have
no reason to be transferable across contexts.

There are epistemological issues with assuming that many of these languages
share any common structures or ideas with those that �t well with LLMs. Many
of the problem areas for detecting hate speech or metaphor-infused language can
be derived from a lack of visual grounding. Idioms, emotive and visual language
are largely cultural and vary massively across cultures, languages, and even dialects.
It is the goal of this chapter to attempt a visual grounding approach to teaching
low-resource language, to maintain this grounding. This can be shown by the work
translating CLIP into other languages [14], that the visual domain does not have the
same parallels to a purely linguistic one, but rather the geometric constraints are not
all subjective.

The underlying assumption that languages occupy a subset of universal language
must be challenged. If this were true, it would be fair to assume that there was a set
of rules that govern the geometric transformation of one text to another. Instead, the
use of Computer Vision as a grounding domain will improve translation through the
use of weak-noisy labels. The concept of visual grounding means that the captions
do not have to agree but are likely to have semantic similarities, which is su�cient to
train from. This approach, akin to many NMT (Neural Machine Translation) ideas
[112], abstracts away from the traditional word-to-word or sentence-piece approaches
that dominate the literature. A BERTScore [132],[54] like approach is needed: to aim
for a semiotic match, not token conversion.

2.2.2 Related Analysis Methods

Approaches like BERTScore work on the assumption that intermediate representa-
tions point to single, comparable tokens. The approach underlying BERTScore [132,
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54] assumes that there is a permuted one-to-one mapping of tokens with comparable
semantics. As discussed earlier, the attribution of language as being a sum of its parts
is to ignore the semiotics and meaning inferred. Therefore, analysis of translation or
language tasks ought not to rely on equivalency between sets of tokens. Such methods
can be further discounted because of the clip architecture that uses [EOS] (End Of
Sequence) token as a semantic summarization, referred to as CLIPScore. However, in
testing for LiSAScore, a work culminating from this chapter and Chapter 6, this was
shown to be a good approximation to BERTScore, as shown in Figure 2.6, showing
the correlation between them, using a dataset that only some of the trialed models
were trained on, to pro�le the correlation of the metrics across a range of performance.

(a) Model scores over the WMT dataset
measures with BERTScore

(b) Model scores over the WMT dataset
measures with CLIPScore

Figure 2.6: A �gure showing that CLIPScore and BERTScore produce very similar
results across language models on the WMT dataset

Figure 2.6 shows how there is a strong correlation between the 2 metrics, where
one is a signi�cantly smaller calculation. In this chapter, other evaluation metrics will
be explored for evaluating how training can be measured in low-resource contexts.

Prior training to visual grounding of the embeddings could theoretically yield false
positives: captions that are semantically apart but might describe the same image.
This explains the use of cosine similarity as a non-directional proximity metric.

Works like BERTScore can be applied to intermediate layers too. However, these
modes of operation have also been discounted due to computational complexity and
disparity between encoder architectures between modalities. Such works show the
potency of intermediate layers for accurate comparison. In this chapter, optimizations
are presented to metrics that can apply to heterogeneous architectures.
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2.2.3 Related Works for n-dimensional Training

In recent years, much work has been done on distilling LMs for e�ciency and to
reduce the overhead associated with �ne-tuning large models [17][5][48]. It is clear
from the body of existing research that grounding language in a visual domain is a
very important component of understanding and is key to capabilities like concept
referencing and visual and spatial reasoning. In the low-resource language domain,
there is a wide body of work looking to use pre-trained models to rapidly demonstrate
viable translation models. NMT-based approaches [112] seek to build embedding
spaces from context embeddings, stating that they have a similar topology to which
a small set of samples can anchor to the target domain. There are other approaches
based on �ne-tuning that attempt to alter the projection of a space onto another.
This has been frequently and successfully applied to CLIP-based systems as a way
of very quickly tailoring models to a new language, even by just �ne-tuning a single
projection or encoder [14].

There are also works that replicate these �ndings in spoken linguistic sources,
although these are not direct parallels for the implications due to the addition of
voicing, tonality, and intonation. The signi�cance of Dalmia et al. [27]'s LegoNN is
to demonstrate not only an interchangeable intermediate embedding space, but one
that models can be trained to directly. This poses signi�cant rami�cations for our
approach, seeking to replicate a similar result at smaller scales in an encoder-only
model.

If the goal here was to emphasise the importance of simply �nding an intermediate
embedding space, the emphasis would be training translation models using a
BERTScore-style metric. However, there are many practical limitations, such as the
additional overhead of a whole extra model on a system that presents millions of
parameters to track gradients through. If the code were su�ciently adapted to add a
contrastive loss, which would favour sequences that had varying semantics of tokens,
which �ts the majority of cases.

The limitations of these works are that they do not appreciate the nuances of
language that impact grammar, emphasis, or cultural norms that pull out di�erent
features, especially in smaller sequences. As a result of these problems, the presented
system is trained from scratch, as very few LMs exist in a pre-trained form to deal
with short sequences with visual grounding like captions. CLIP is a baseline, but there
is little experimental evidence that the visual embedding space shares topography
between languages.

It is also especially evident when considering the magnitude of existing work that
the required hardware and scale, using web-scale data, 1000 +GPUHours per run
and collaborative teams, are not a suitable goal for the remit of a single thesis.
Optimisations are needed given very limited run times: minimise the model overhead
and loss overhead of using a metric like BERTScore. Running BERTScore on any
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meaningful dataset is beyond most run-time capabilities in the university. Running
it to govern training in an RL approach is almost unthinkable!

This work also projects all languages through the same encoder, assuming them to
be the same, and thus that the tokenisation schemes and embedding spaces suitably
model a set of all languages. Shared embedding spaces can be problematic in languages
that do not share scripts or grammatical syntaxes, as exhibited in the Thai language
or Chinese, where the typical word separation on whitespace rarely applies.

In the landscape of training enhancements for CLIP, several studies have explored
the potential of gradient caching to mitigate the constraints imposed by limited
hardware resources. These methods primarily focus on optimising the use of
available memory and computational power by storing gradients from previous mini-
batches and reusing them in subsequent training steps. This approach aims to
increase the e�ective batch size without requiring proportional increases in hardware
capacity. Despite these e�orts, the scalability of such techniques often faces signi�cant
challenges. Issues such as the staleness of cached gradients and the overhead
of managing cached data can degrade training e�ciency and model performance,
particularly in complex downstream tasks. Therefore, while gradient caching presents
a promising avenue for hardware optimisation, its practical implementation requires
careful consideration of these trade-o�s to truly enhance the training process of models
like CLIP. They still su�er from the same scaling issues that are present around limited
data shapes and cannot overcome this di�erence in hardware and training scales.

After this research was carried out, Llip was presented, by [70] sponsored by FAIR,
indicating the advantages that variety in captions presents. The approach they use
is similar to that in models like BART [75], Flamingo [4] and others, using cross-
attention between caption and visual tokens to improve the image encoder prior to
the �nal contrastive loss. Using this cross attention is an elegant approach to ensuring
that the image can be queried by all captions; comparatively, our implementation
assumes all captions agree on the visual semantics of the image and focus on the same
thing. Llip, on the contrary, shows that variance in captions improves comprehension,
and integrating this approach into the training pipeline could be very promising for
future endeavors.

The improvement o�ered by Llip would be high, as the variance between captions
is the cause of much instability in regions of then-dim training: when captions focus
on di�erent ideas that may cross into relevance for other in-batch samples. Therefore,
by querying each caption against the image �rst, a latent embedding is created that
should be unique, which aligns to a speci�c visual token in the transformer.
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2.2.4 Related Works for Linear Sum Assignment

Numerous attempts exist to create LSA-capable networks Aironi et al. [2] document
many of the approaches that have been put forward for mathematically complete
approaches (where the input domain is any real number,< ). However, other
approaches have been trialled for approximation using neural networks, such as
bidirectional LSTMs, allowing rows and columns to be aware of each other as shown
by Nguyen and Kim [97] o�ering good approximation results, with the added positive
that being gradient-based approaches, they can carry a gradient, allowing the inputs
(outputs from other models) to be trained to a speci�c assignment. However, other
approaches look to use the computational graph itself for this di�erentiation, similar
to the di�erentiation used in methods like gumbel softmax, where an assignment can
be di�erentiated as if a softmax output. This is seen in graph approaches as proposed
by Aironi et al. [1]. The most interesting aspect in approaching the problem as a DNN
is the assumption that neurons can implicitly learn the assignment as a function of
their activations as o�ered by Lee et al. [72]: not dissimilar from the assertion of VAE
approaches elsewhere in this work. These paint a picture of numerous architectures
used to implement LSA approximations; all are acceleration-capable, and my function
of being neural networks is intrinsically capable of gradient carrying.

From these works, there is a clear benchmark of precision 70%. This is not to
be confused with the assignment score. The score totals the selected assignments,
where the precision re
ects whether the row of the permutation matrix is correct. A
precision score of 80% does not mean an 80% score. This is a very powerful approach
for evaluating against ground truth: it is more sensitive to teach the optimum and
only the optimum solution.

The precision is mathematically de�ned as the operation

� =
tr (Y T

gt )

tr ((Ygt)T � Ygt)

where tr(·) returns the trace of a given matrix, and� denotes a matrix multiplication.
The result is a similar measure to the graph produced in Figure 6.4.

The signi�cant drawback is that there are a large count of matrix con�gurations
that can have multiple solutions, precision is indi�erent to the assignment score, and
can therefore be unfairly low for an equal score. In further tests, continuous values
are used to avoid these con
icts, with enough tests used so that any introduced error
is statistically insigni�cant.

For use as a metric during training,Y is transposed so that the smallest dimension
is the last. This ensures that, for the loss, every column has an assignment.
Retrospectively, an auxiliary metric is used, which, based on similar metrics, will
be called the Recall. Recall performs the same operation on the transpose of the
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matrix, where columns or rows can have null assignments. Recall therefore measures
the algorithm's ability to assign only the values it should.

For training a DNN, the formula for � is modi�ed to o�er just the confusion matrix
of:

L = CELoss(Y T Y gt; I )

In this formula, I represents an Identity matrix, signifying each row and column only
matches itself.

Using CELoss here rather than the CELoss on the logits directly, is inspired by
the prior use of contrastive training, with the hope of a persistent gradient that is row
and column sensitive compared to doing an operation asL = CELoss(Y; Ygt) The
latter approach is curiously preferred in literature alongside a set of inputs that take
only integer values with L2 normalisation and loss, giving Precision as an evaluation
metric.

2.3 Exploring the Robustness of Embeddings

The term `robustness' in the literature tends to approximately mean that the
embeddings or encodings encapsulate a su�cient set of properties to perform well
in many down-stream tasks. Quite counterintuitively, the resultant set of tasks
invariably descends to linear probes. Even at conception, CLIP was tested by linear
regressions at various depths to ensure distinctions. This demonstrates the power of
high-dimensional (512) feature spaces in which linear transformations can be applied
to solve myriad tasks. This shows that properties are preserved, but not always that
they can be expressly targeted other than �nding tasks for which a certain property
or knowledge is uniquely required.

For this reason, the following tests are devised using standard datasets (COCO,
VisGenome) to expressly evaluate CLIP, and ultimately, versions trained within this
work on speci�c knowledge. This is used for modeling as the best way to provide a
broad, but small dataset that appears in the literature despite the work to show the
importance of contrast and variance [125].

The questions answered by this are several, with myriad applications:

ˆ How e�ectively do CLIP encoders predict class entities from the text in a
supervised manner rather than top-k retrieval?

ˆ How e�ectively does CLIP verify knowledge triples of entity-relation-entity in a
cross-modal manner?

ˆ Can CLIP predict object masks within an image, and which encoding is best?
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ˆ Can CLIP embeddings perform relation extraction from images where multiple
objects exist?

Unsurprisingly, all of these tasks seek explicit formalized grammars for the entity
relation tuples. Whilst useful for veri�cation, it misses the point of such complex
approaches. Tools like DETIC, which utilize 2 stage detectors to semantically label
objectness, are more signi�cant for their open-set capability. Indeed, many works
focusing on relation extraction emphasize a very speci�c scale - training sets often
have objects with similar sizes in relation to whole images. It is almost impossible to
label everything in an image. It would be ludicrous for an annotator to select each
grain of hay in a haystack; there are so many that the act is almost meaningless.
However, part of the core understanding needed to isolate the visual object of a
`haystack' is knowing that it is made up of many component parts. There are several
approaches to help encoder models like CLIP isolate such bits of information, such as
contrastive counterfactuals and linear probes. Linear probes are much stronger and
have applications in many computer vision spaces, such as dealing with adversarial
attacks [91].

Nevertheless, trialling these approaches is key to understanding the style of
semantics embodied within the geometry of CLIP embeddings in 512-space.

2.3.1 Mask Prediction from 512 Space

Black-box thinking often assumes that if the model is capable of a function and
humans would break these tasks into subfunctions, then a model must be capable
of the subfunction too. This glosses over the complexities and assertions beneath
approximations with models.

Such thinking can be dangerous. In the case of CLIP, if the function of the model
is considered as querying the contents of an image, a subfunction might be sensing a
�xed element at a location within the image. Such thinking would be to assert that
if CLIP can query images for objects, surely the locations are knowable. Practically
speaking, the probability bounds produced are insu�cient for a production model
based solely on the CLIP architecture.

Beyond the well-established need for global embeddings from early works like
GloVE [101] Works like DALLE ([28]), DALLE2 ([73]), stable di�usion methods,
and especially NERF approaches ([38, 123]) all point to extreme capabilities of the
embeddings learnt from contrastive training of encoders to encapsulate semantic
information including localisation to speci�c object geometry. Latent embeddings
are especially key in conveying semantic ideas that often span novel token sets. A
common misconception is that 512 spaces simply encode detection information within
an image. To highlight that this is not how it is working, and CLIP instead has a good
semantic knowledge, it can be demonstrated that the embeddings do not encapsulate
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the information of entity masks. This means that instead of training these methods are
not rebuilding an image but rather understanding the gist of an image and capturing
salient semantics while understanding the role and expectation of forms within the
image.

The following experiment shows that using the loss metrics available to DETIC
[138] frameworks to calculate masks using DICE loss, does not meaningfully converge
on CLIP - partially because the areas in question are so large in the image that
masking is meaningless.

DICE loss is used because it is one of the few loss metrics available for pixel-by-
pixel loss.

Figure 2.7: This plot demonstrates a hyperparameter sweep that re
ects the problems
that arise from assuming that semantic embeddings carry visual information. A
transformer architecture does not converge in a hyperparameter sweep to being able
to predict a rough mask from a caption, across many varied sizes, shapes and other
hyperparameters

This �gure shows the convergence down to a plateau in most cases: printed samples
show full mask cover indicating the issue with pixel-wise prediction: each pixel path
through the network receives the same input. As a theoretical experiment, this is
where di�usion-based methodologies triumph by introducing su�cient noise levels
that neighboring pixels are disambiguated.

Figures 2.9 and 2.10 show how the embeddings from Images and Captions are able
to predict the masks: both were trialled because ostensibly they result in the same
value in the embedding space (or at least within a linear projection of each other).
They show that both are very unstable and result in high mean error. The error in
each case is remarkably similar to the fraction of the image covered by the annotated
mask which is consistent with the generated images' masks being full. A key heuristic
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Figure 2.8: A Graph plotting a hyper parameter sweep of transformer models
rebuilding object masks from CLIP prompts. Notably, no models converged and
the loss is unstable.

Figure 2.9: This plot shows the error when predicting bounding boxes from captions,
the 
uctuations are caused by an unpredictable number of boxes between images and
therefore batches, and not converging across a hyperparameter sweep

to consider when looking at any training, is stability. If the assumption that the image
and caption embeddings were similar held true, it can be expected that they are both
equal predictors of mask. In an attempt to put a numerical value on this balance, a
weighting factor is used for both inputs' respective losses: (� � L1)+((1 � � ) � L2) = L.
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Figure 2.10: A graph showing the loss when predicting boxes from the image
embedding across a hyperparameter sweep, showing the same 
uctuations and issues
as the model using captions, which is indicative of a very well trained underlying CLIP
model, with very well aligned captions and images within the VisGenome dataset

Figure 2.11: This graph plots the alpha factor which balances the prediction based
on visual and textual domain. The negative value across all hyperparameters re
ects
training instability

2.3.2 Relation Extraction

For Visual Relation Extraction, the CLIP embeddings are interrogated using an-
notations known to be in the image to indicate whether they can either generate
or validate predicted entities. The underlying test here is that models like DETR
naturally use the generated embeddings to govern class prediction, though this is
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initially demonstrated using object names (and other nouns in general).
Given that CLIP is famous for capturing semantic information in a way hitherto

unheard of. A rudimentary experiment is performed using the data in the Visual
Genome dataset [68] which annotates a proportion of the visual relations present
in an image. During data collation,bounding boxes are aggregated and basic NLP
tricks are used to encapsulate the annotation in a pseudo-natural language sequence
to generate a CLIP embedding, then pass the aggregated box and caption to CLIP
to be fed into the DETR model [64, 139] to learn using the masks generated from the
DETIC model to train from.

The following set of graphs is the result. The loss graphs show a large number of

Figure 2.12: The VRE Loss here is derived from the combined bounding box and
caption generated by combining boxes predicted by DETIC and generating a prompt
to combine items. That the model does not converge indicates that the visual semantic
does not contain information on any single prevalent visual entities. This graph has
a logarithmic scale because several hyperparameters tried involve scaling the losses
being agregated across orders of magnitude

unstable training runs: even though the loss slightly improves, which is inconsistent
with the published training pro�le, indicating that the embeddings are not queriable
by a stage detector in this way.

Contrastive loss in this setting is a means of making the model parameters converge
in a more stable manner. PairDETR [60] uses a pair of encoders which each use the
backbone features as inputs. The assumption is that in using contrastive loss between
the produced logits, it forces the salient features to be emphasized and encourages the
2 encoders to learn from each other during training. The reason why 2 encoders are
used is to ensure they capture complementary features and are often fed annotations
that di�er on where they center on an object. Figure 2.13 compares the logits that
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Figure 2.13: A graph showing that pair-DETR frameworks contrastive loss for
relations not converging when given a long-distance relation, they are lower because
of the architecture of pair-DETR uses the centre of the image for comparison on the
�nal encoder, allowing each to have separate, complimentary losses

are decomposed into box localization. The di�erence in how the loss is calculated
is why the latter is signi�cantly more stable. The DETR variant model fails to
converge meaningfully here due to two main factors: �rstly, 2-stage detectors prioritize
objectness before labeling, �ltering out boxes with multiple objects, which hinders
the model's function; secondly, CLIP embeddings are trained with weak image-level
supervision, di�ering from the target domain of smaller sub-image box predictions.

2.3.3 Object Detection Using 2-stage Detectors

From the literature underneath two stage detectors [33], it is clear that this is a
practical approach to many computer vision applications [35]: the exact nature and
interactions of an object are meaningless if all that's needed is to avoid it. Figure
2.16 shows a prototypical training step for the tested pair-DETR [60] framework.
Many individual parts of the image are isolated and (mostly) correctly labelled, but
the relations are not detected. The nouns show some awareness of purpose, but
it is unclear whether that is intentional or just a remnant of verbose labelling. In
this image, an understanding of why relation extraction, annotating, evaluation, or
comparison is a di�cult task is demonstrated in this image: from both an annotation
and algorithmic standpoint. The reader is invited here to consider every pair of items
and how their relation might be annotated, described, and listed in an e�cient data
structure. During this task, it will become apparent how interconnected, redundant,
and intricate many of the relations are. This observation governs the latter chapters,
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Figure 2.14: DICE loss during training. DICE is calculated with a Cross Entropy
Loss at a pixel level

Figure 2.15: This graph best demonstrates the weakness of PairDETR, that the
bounding boxes do not correctly converge onto relations of items
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Figure 2.16: This �gure shows the annotations generated by DETIC, which relies
on a set of engineered prompts through the CLIP model is excellent at predicting
segmentations for entities with high `objectness'. This is the tool used to generate
captions and bounding boxes that combine pairs of objects

emphasising encoder systems that encapsulate such information without requiring
such information to be annotated so verbosely.

2.3.4 Conclusions

Thus far, a lot has been said on how CLIP works, and the similarities to other works
in the NLP space are that the advancement that CLIP makes over prior work is the
implicit inclusion of in-batch negatives in an unsupervised manner.

Against the background of semiotics, it is clear that this o�ers the underlying
semantic embedding space access to 2 + orders of knowledge. An ability to group
entries such as separate from other clusters.

In an academic context, there are many issues with this methodology.

1. Researchers cannot replicate models at this scale

2. The quantity of data is unreasonable for any researcher to verify, interrogate or
compete with

3. Academic institutions are reliant on a private company for insight and access
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Therefore, replication should be a signi�cant priority. This work hypothesises that
the extreme e�cacy of CLIP in both vision and language domains comes from these
additional orders of knowledge, and that the scaling of this with batch size is due to
the multiple logits per item in each training step.

We therefore seek to exploit this scaling with the addition of extra dimensions.

2.3.5 Section Acknowledgements

The benchmark and demonstration experiments in this section were greatly aided
by the provision of hardware, time, supervision, and equipment by the SPARC 2023
workshop.
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Chapter 3

Using Additional Dimensions for
Teaching with Visual Grounding

In this chapter, the focus is onRO.1 and RQ.1 :
RO.1 Present a training paradigm that is not tied to a domain prediction but

can create meaningful embeddings.RQ.1 Demonstrate where and how elements of
knowledge can be isolated within a machine learning model.

3.1 Teaching an Encoder with Visual Grounding

3.1.1 Objective

The goal of this work is to train a visually grounded language model encoder using a
data source comparable to that available for many low-resource languages.

3.1.2 Goals

ˆ The work will show that it gains a reasonable understanding of a toy language
compared to an MLM training approach.

ˆ Catalogue the scaling implications of new methods on the accepted scaling
paradigms of CLIP.

3.1.3 Hypothesis

The work produced by CLIP was revolutionary in the creation of zero-shot perfor-
mance encapsulated in a single embedding space. Therefore, this work proposes the
use of CLIP encoders of both image and language to train a tertiary encoder.
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There are also merits to �ne-tuning pre-trained encoders with these additional
languages, as much research has latterly been focused on the di�erences in reasoning
and world-view that is inherent to di�erent philological views; however, it is likely
that this would require a magnitude of knowledge, by de�nition, not available to
characteristically low resource languages. The idea of training two encoders to
replicate CLIP training must be quickly discarded despite its e�ectiveness. Training
cannot be replicated on academic scales of hardware and data.

Therefore, our experiments will focus on the impact of training on the tertiary
encoder, infusing teacher-student training with an additional teacher to instil visual
grounding. The hypothesis is that by obeying the scaling available in the contrastive
method, a model can be trained with visual grounding requiring signi�cantly fewer
samples.

3.1.4 Experiment De�nition

To aid understanding of a toy language space by adding visual grounding. By
replicating the success of CLIP's text encoder at a smaller scale, the usefulness of this
work to low-resource domains will be demonstrated. Given CLIP's ability to use large-
scale noisy data, this experiment shows a proof-of-concept architecture for learning
from social media where images have noisy captions and may feature incomplete input
sets.

To achieve this goal, a text encoder will be trained alongside the pretrained CLIP
Vision encoder, allowing the text to be supervised both by the comparative learning
of the text components but enforcing an embedding space to carry the constraints of
visual semantics.

The test will include 3 encoders. 2 will be pre-trained, and the �nal encoder will
be trained from scratch, converting an unseen language to CLIP-space as guided by
the 2 pretrained CLIP encoders.

A benchmark will be an MLM training approach. The encoder-decoder model
will be trained with the same masked captions as the original model with the same
number of iterations.

Comparison will be performed by freezing the weights to the encoders and training
a decoder to the encoder.

3.1.5 Method

This experiment is going to add an extra encoder, as shown in Figure 3.1. A
contrastive loss consisting of 3 sets of logits is used. The goal is to maximize the
case where thei -th item in each set matches. By exploring di�erent combinations
of 3 sets of logits, there is a comparison of how each scales comparatively to the
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Figure 3.1: The 
ow of forward gradient during training. An image, accompanied by
2 captions is encoded, and then a 3D similarity measure used.
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CLIP model. The merit of this case is to allow for a hybrid capability where, in
some instances, 2 modalities may match and be trained accordingly. Positive and
negative logits are monitored to show any signi�cant variance in bad logits, showing
the con
icting cases.

3.1.6 Dataset

Retrospectively, teaching an encoder a language is di�cult from such a limited sample
as a few hundred captions [10]. Therefore, the exact choice of low-resource language
here is a secondary concern to the work as a proof of concept. To demonstrate the
work in this chapter, both a toy Spanish dataset generated using MSCOCOES [42]
and some MSCOCOCN [78] datasets are trialled. The latter being applied because
it has human annotations from another cultural perspective, rather than machine
generated language. This makes the MSCOCOCN a far more �tting choice to tie
back to the RO.1 . For future experiments and exploring the limits of these methods
in subsequent chapters, this work defaults to English as a toy language due to available
data. It is hoped that this work will aid in calls for data in more interesting shapes.

For emulation of a few thousand samples that may be the upper limit of any low-
resource language, the splits of MSCOCO are taken. This gives short-form sentences
that each reference an image. The choice of the �ve captions gives the added bene�t
of emulating a slightly larger language choice available to each encoder but is still
highly comparable to the quantity of gold-standard annotations in many low-resource
languages.

3.1.7 Logit comparison

There are many problems with the 3-way generation of a similarity matrix as is
described and glossed over in Figure 3.1. Deeper analysis of the problem description
can be found Mander, Piao, et al. [88]. However, it is su�cient to consider the issues
surrounding scaling cosine similarity to more than 2 vectors. In this chapter, and the
next, new algorithms are presented that are computationally viable at small scale and
handle multiple terms better.

This work presents numerous di�erent approaches to compare logits through a
contrastive method, while attempting to optimize the scaling a�ordances that are
present.

Each method can be found later in this work along with approximation functions
and other methods that can be e�cient within more limited circumstances.

However, fundamental to the method here is the assumption that CLIP, UNITER
[19], and other referenced VL models excel over traditional NLP approaches due to
the inclusion of in-batch negatives in a way that many prior NLP works aim to include
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with manual supervision, which classi�es rather than clusters points according to a
label: a subtle di�erence - but it has a large impact where attention is applied to a
series of representations.

3.1.8 Results

In initial tests, the loss curve descends quickly and in line with what is found with
CLIP, within the space of just a couple of hours on a single GPU. The graphs
demonstrate how the training of an encoder in a �ne-tuned setting produces a set
of embeddings that carries the properties of the encoder model, even though the
activation function that may be associated with the gradient of the space is di�erent.

Figure 3.2: Using the Linear Probes discussed in the original tuning of CLIP, and in
later chapters, this graph shows how e�ectively the embeddings in our model improve.
This shows that from early in training the probes perform well, and their performance
is improved by training, even over a short period.

3.1.9 Sweep results

The wider training report across a sweep shows some interesting emergent behaviors
which demonstrate the limitations of the approach. In the subsequent results, training
runs with unfrozen pre-trained encoders are included, and runs where no pretraining
has occurred. It is reasonable to hypothesize that given the orders of magnitude extra
training the pre-trained model had and the comparatively reduced size (indicating
model distillation), the untrained model will not converge during our training. This
is the contributing factor in the runs that have a linear probe score that stays static
at a value around 0.2.
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Figure 3.3: This graph shows how training loss descends to minimal values very
quickly. Our proof of concept demonstrates the ability for this training to rapidly tune
language models with a pretrained visual encoder.Tracking the loss during training
shows when the model has mostly converged. Intermittent peaks demonstrates where
the model is not generalising well, so notable that the magnitude of peaks also
diminishes

Figure 3.4: Tracking negative logit value during Training to be minimised relative to
the positive value. The plateauing of the curve shows the model quickly converging
in < 200 steps
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Figure 3.5: Negative logit value during Training

Figure 3.6: This graph shows that the similarity values mean is relatively stable
throughout training, across many di�erent hyperparameters. The plateauing indicates
the logits that are being maximized are commenserate to those being minimized,
indicating a stable training paradigm
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Figure 3.7: This graph shows how many
runs converge to a very high classi�cation
score for text probes against class, which
has been synthetically generated to a
top score is unlikely. Descending runs
re
ect the sweep parameters where a high
learning rate is used, or an untrained
visual encoder

Figure 3.8: This graph shows the training
of a Image-based linear probe, from
similarity with 3 inputs, notable some
of the runs from an untrained visual
model grow and are runs where the text
probe initially drops in performance. This
indicates that both models need to learn
together to create to optimum latent
distribution

Figure 3.7 shows how a caption can be matched to an instance within the image.
Albeit a trivial task for most NLP models against COCO captions, this is zero-shot.
In particular, many models have very high performance in 5k steps! Some arrive even
earlier.

Compared to textual probes, the vision encoder is signi�cantly slower to converge,
where some are immediately high performers, while others take many more training
steps. There are several factors that dictate this behaviour. First, only a single loss
permutation in
uences the visual domain; there are fewer unique samples to train
from, and there is no pre-trained domain teacher in the combination of encoders. This
suggests that image probes will be a better indicator of performance for domains with
reduced data or annotation. As the classi�cation is a reduction of the COCO instance
annotations, even rudimentary NLP approaches would score well, while curating a
visual embedding that encapsulates the semantic information is a far more complex
task. Grounding in the visual domain over the textual domain is the dominant metric
to estimate performance. To con�rm the system's accuracy by decreasing similarity
for incorrect cases and increasing for correct ones, Figure 3.6 includes a heuristic:
mean similarity per batch. This plot ensures logits remain stable and align with
their respective metrics. In 2 dimensions, this is simply the mean of the dot-products
of each possible pairing. This should remain relatively stable as the values deviate,
but as the number of batched inputs increases, it is expected the ratio of di�erent
behaviours to cause increased instability in the mean throughout training. Figure
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Figure 3.9: Within the validation set,
this graph plots the mean similarity score
which tracks how stable the training
is. The stability of the score varies
by both similarity metric, and can be
adversely a�ected by other extreme values
in the hyperparameters (like a learning
rate that's too high)

Figure 3.10: Using the cosine similarity we
compare our latent space to the pretrained
vision model. There are many out-lying
runs where the loss increases re
ecting a
di�erent set of embeddings. Many runs
however, are stable with a loss� 1,
indicating good training in a majority of
cases

3.10 is used for tracking how the overall set of logits is behaving per algorithm, and
we can immediately see that whilst the majority are stable in early training, some of
the algorithms trialled move the logits to a positive or negative value very quickly,
suggesting the models do not converge to the same space, but rather a similarly
semantically charged space that requires other metrics to investigate.

What is notable is that the mean projection values in Figure 3.10 remain �xed,
indicating a minor, if any, change when there are pre-trained encoders. The projection
is set as a parameter to adjust during training. This shows that the projection isn't
doing much, if any, of the heavy lifting around semantics, nor is it being used to correct
encoder values, when multiple may be combining. If it were becoming extremely
positive or negative, it would re
ect training instability, or a mathematical issue with
the output of an encoder, which is perhaps already being removed by the presence of
normalisation, activations, and soft-maxes during penultimate modules. This shows
the instability in some algorithms, where the value can suddenly jump, drop, or
plunge during training, re
ecting that in such a small sample set, minor changes
to topology can have a severe impact, especially when considering the working of
attention mechanisms. The blue line in this graph and its changing direction is a
symptom of the at least B 2 ratio of (maximized : minimized) logits, which �rst
incentivizes the reduction of all logits, before some can be maximized. Performance
against stock cosine similarity is also a good metric to consider. In both cases, the
validation loss did not converge, which reinforces the hypothesis of other training
graphs that the algorithms for measuring the comparative distance of 3 vectors do not
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