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Abstract 
In machine learning, a sub-field of computer science, a two-tower architecture model is a specialised type 
of neural network model that encodes paired data from different modalities (like text and images, sound 
and video, or proteomics and gene expression profiles) into a shared latent representation space. 
However, when training these models using a specific contrastive loss function, known as the multimodal 
infoNCE loss, seems to often lead to a unique geometric phenomenon known as the modality gap. This 
gap is a clear geometric separation of the embeddings of the modalities in the joint contrastive latent 
space. This thesis investigates the modality gap in multimodal machine learning, specifically in two-tower 
neural networks trained with multimodal-infoNCE loss. We examine the adequacy of the current definition 
of the modality gap, the conditions under which the modality gap phenomenon manifests, and its impact 
on representation quality and downstream task performance. 

The approach to address these questions consists of a two-phase experimental strategy. Phase I involves 
a series of experiments, ranging from toy synthetic simulations to true multimodal machine learning with 
complex datasets, to explore and characterise the modality gap under varying conditions. Phase II 
focuses on modifying the modality gap and analysing representation quality, evaluating different loss 
functions and their impact on the modality gap. This methodical exploration allows us to systematically 
dissect the emergence and implications of the modality gap phenomenon, providing insights into its 
impact on downstream tasks, measured with proxy metrics based on semantic clustering in the hared 
latent representation space and modality-specific linear probe evaluation. 

Our findings reveal that the modality gap definition proposed by W. Liang et al. 2022, is insufficient. We 
demonstrate that similar modality gap magnitudes can exhibit varying linear separability between 
modality embeddings in the contrastive latent space, and varying embedding topologies, indicating the 
need for additional metrics to capture the true essence of the gap. 

Furthermore, our experiments show that the temperature hyperparameter in the multimodal infoNCE loss 
function plays a crucial role in the emergence of the modality gap, and this effect varies with different 
datasets. This suggests that individual dataset characteristics significantly influence the modality gap's 
manifestation. A key finding is the consistent emergence of modality gaps with small temperature settings 
in the fixed temperature mode of the loss function and almost invariably under learned temperature mode 
settings, regardless of the initial temperature value. Additionally, we observe that the magnitude of the 
modality gap is influenced by distribution shifts, with the gap magnitude increasing progressively from the 
training set to the validation set, then to the test set, and finally to more distributionally shifted datasets. 

We discover that the choice of contrastive learning method, temperature settings, and temperature values 
are crucial in influencing the modality gap. However, reducing the gap does not consistently improve 
downstream task performance, suggesting its role may be more nuanced than previously understood. 
This insight indicates that the modality gap might be a geometric by- product of the learning methods 
rather than a critical determinant of representation quality. Our results encourages the need to reevaluate 
the modality gap's significance in multimodal contrastive learning, emphasising the importance of dataset 
characteristics and contrastive learning methodology. 
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Gapet i Maskinernas Mentala V�arld
Popul�arvetenskaplig Sammanfattning

Mohammad Al-Ja�

Arti�ciell intelligens (AI) handlar om att utveckla algoritmer som g�or att maskiner
kan uppfatta, l�ara, resonera och fatta beslut i realistiska och sv�ara milj�oer. Fokus i
denna uppsats ligger p�a maskininl�arning, d�ar algoritmer tr�anas att g�ora prediktera
fr�an, och l�ara sig av data. Ist�allet f�or att programmerare kodar exakta instruktioner,
anv�ander man h�ar algoritmer p�a tr�aningsdata f�or att skapa intelligenta system.

Denna uppsats fokuserar p�a multimodal maskininl�arning, vilket inneb�ar att tr�ana
datorer att representera v�arlden genom att kombinera olika datatyper, som bilder,
text och ljud, f�or att skapa en mer helt�ackande f�orst�aelse. Multimodal data �ar kom-
binator av tv�a eller 
era typer av sammanl�ankande datatyper, s�a som t ex ljud-
klipp+videoklipp. Utmaningen �ar att sammanf�ora dessa f�or att bilda en enhetlig
bild. Vi anv�ander en ’Tv�atornsarkitekturmodell’ f�or att hantera dessa olika datatyper.
Modellen best�ar av tv�a separata enheter, var och en specialiserad p�a en typ av data,
med m�alet att skapa en meningsfull representation n�ar dessa kombineras.

Ett centralt problem �ar ’modalitetsgapet’, som uppst�ar n�ar olika datatyper inte inte-
greras v�al i modellens ’mentala rum’ n�ar man tr�anar dessa modeller med en popul�ar
inl�arningsalgoritm som kallas kontrastinl�arning. ’Modalitetsgapet’ kan ses som en
missmatch mellan olika datatyper, vilket kan g�ora det sv�art f�or AI baserade system
att behandla dem som delar av samma helhet. Fas ett av denna uppsats handlar om
att utforska n�ar och hur ’modalitetsgapet’ uppst�ar. Fas tv�a av uppsatsen fokuserar
p�a att unders�oka vilka metoder som kan st�anga ’gapet’ samt utforska fr�agan om
’modalitetsgapet’ alls utg�or ett problem. Resulterar ett st�orre ’gap’ alltid i en s�amre
presterande modell?

Huvudresultaten visar att fokus b�or ligga p�a hur man tr�anar modeller snarare �an
att bara f�ors�oka st�anga gapet. Olika metoder kan prestera lika bra trots att de
har olika stora ’modalitetsgap’. Till exempel genererar standardmetoden (CLIP
loss) f�or kontrastinl�arning oftast ett ’modalitetsgap’ vid l�aga v�arden f�or temperatur-
hyperparametern (givet att denna inte �ar en konstant). Ytterligare p�averkas
’modalitetsgapet’ mycket av vilken typ av underliggande data som anv�ands d�a vissa
dataset, oberoende av metod och modell, alltid genererar ett ’gap’.

Satt i en st�orre kontext kan dessa resultat bidra till att underbygga den forskning som
visar p�a att ’modalitetsgapet’ inte �ar ett grundl�aggande hinder i str�avan efter bra AI
system. D�a ett st�orre ’gap’ inte n�odv�andigtvis betyder en s�amre presterande modell
beh�over enbart existensen av ett ’gap’ inte p�averka e�ektiviteten hos ett AI-system.
Strategier som kan anv�andas f�or att �overvinna gapet beh�over inte resultera i en b�attre
presterande modell. Insikterna som erh�alls h�ar bidrar, inte bara till st�orre akademisk
f�orst�aelse, utan ocks�a med kunskap vid utveckling av avancerade AI-system.
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Reproduciblability and Transparency e�orts:
- Code available at:
GitHub code base - Click here. Or go to
https://github.com/MohammedAlJaff/kth-thesis-code

- Original Raw Data and Results available at (each line is the link):

ˆ Synthetic toy simulations - Learned mode CLIP loss

ˆ Synthetic toy simulations - Fixed mode CLIP loss

ˆ Pseudo multimodality Experiments - Dataset:MHD

ˆ Latent Dim. Experiments - Dataset:MHD

ˆ Experiments - Dataset:MHD

ˆ Experiments - Dataset:CITE - metrics across training

ˆ Experiments - Dataset:CITE - �nal metrics

Disclaimer: The use of language software services and large language models have
been carefully employed in the writing and editing of this thesis. These tools were not
used to generate, copy, or paste text that the author did not input, or, not fully un-
derstand or claim as their own original work. Instead, these tools have served speci�c
functions: 1)Aid in Dictation to transcribe spoken words into text. 2)Sanity Check-
ing to validate consistency and coherence of arguments. 3)Avoiding grammatical
and spelling mistakes and enhancing readabilityto identify and correct grammatical
and syntactical errors as well as to improve the 
ow and structure of the text. 4)
Generation/Transformation into LaTeX Outputs to assist in technical writing and
formatting. All results and methods in this thesis are either the author's own work or
properly cited creations of others. The use of language models does not compromise
the originality or integrity of the work presented in this thesis.
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Part I

Introduction

Broad working de�nitions of Multimodality in Machine Learning
(Parcalabescu, Trost, and Frank 2021)

\ "Our experience of the world is multimodal { we see objects, hear sounds, feel
textures, smell odours, and taste 
avours. Modality refers to how something happens
or is experienced". (Baltrusaitis et al. 2019)

"In the representation learning area, the word 'modality' refers to a particular way or
mechanism of encoding information." (Guo et al. 2019)"
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1 Introduction

This introductory chapter is meant to give a general overview of the thesis topic and
project and describe the fundamental research questions posed in this thesis. Finally,
I will provide a quick overview of the structure and outline of the thesis.

1.1 The long story put very short

Within the computer science sub-�eld of machine learning, a specialised neural net-
work architecture known as the two-tower architecture model e�ectively encodes data
from multiple modalities, such as (text and images) or (sound and video) or (pro-
teomics pro�les and gene expression pro�les), into a shared latent representation
space. However, a peculiar geometric phenomenon arises when employing a partic-
ular contrastive loss function called multimodal infoNCE loss. This phenomenon,
termed the "modality gap" , is characterised by a distinct geometric separation of
the modalities in the joint contrastive latent space W. Liang et al. 2022. This sep-
aration can be so extreme that modality speci�c embeddings can be separated from
each other by a hyperplane. This modality gap phenomenon seems to show up in a
host of large-scale and popular multimodal models applied to various other modality
combinations, the most prominent one being OpenAI's Contrastive-Language-Image-
Pretraining (CLIP) model (CLIP 2023). This modality gap phenomenon is the focus
of this thesis; why does it come about and under what conditions does it appear?
Does the loss function contribute to or 'cause' the modality gap phenomena? Does
the presence and (limited?) expressive capabilities of neural network encoders cause
or contribute to the modality gap phenomena? Are we using the right combinations
of metrics to characterise what we think is the 'modality gap' phenomenon? Does the
degree of this modality gap phenomenon a�ect the performance when these models
are repurposed for other downstream tasks? These are the central questions posed
in this thesis. The main 'why' of this thesis can be framed as 'Is the modality gap
something to be worried about? And if so, what can we do about it?' The 'Why is
this important to study?' of this thesis is instead 'is this an important issue to be
worried about when we train multimodal machine learning models to learn a joint
representation when using contrastive loss functions?"

If this section makes sense to the reader, then they are advised to go straight to
section 1.3. However, if most of the words were utterly foreign and/or the reader
feels that they have not been exposed to machine learning terminology before, please
continue reading. The following section aims to gently introduce the reader to the
thesis topic by guiding them brie
y through the context: �rst, the bigger context
then, bit by bit, delve into the basic description of this thesis project.
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1.2 The gentle, brief and basic version + context

The world is multimodal. Humans sense the world via vision, tactility, sound, taste,
and olfactory modalities. One can argue that the ability to sense multiple modalities
makes organisms well-adapted to their environments. This also implies that what
makes humans and animals intelligent is their ability to synthesise information and
reason about the world from all of these modalities together to achieve goals in various
environments. Using multiple modalities well and representing them in a holistic com-
putational 'space' in the domains of AI, Robotics, Machine Learning, and Computer
Vision is the main topic of this thesis project.Multimodal datasets are datasets
which comprise multiple modalities. Such datasets can be categorised by the number
of modalities, presence of class labels, paired modalities, and any missing modalities.
My primary interest lies in datasets with paired data across two modalities, symbol-
ised asD = f (x1

i ; x2
i gN

i =1 or D = f (x1
i ; x2

i ; y i )gN
i =1 , based on label availability. x1

i and
x2

i are raw representations from two modalities, indicated by the superscript, for the
same underlying 'thing'. This pair we will always refer to as 'positive pairs', andy i

is the label/class of the pair if such a thing is available. Figure 1 below illustrates
a two-modality dataset of four positive data pairs. The two modalities present here
are short video clips and their audio tracks. The dataset is also labelled since each
positive pair comes with an annotation of what class these pairs belong to.

Figure 1: An illustration of a paired and labelled multimodal dataset. Two modalities: video clip and
audio clip, and the class label of each pair.

Machine learning, a subset of Arti�cial Intelligence, revolves around designing systems
and algorithms capable of drawing insights from data. Typically, these insights are
derived from "models" trained on data collections, often denoted byD = f (x i ; yi )gN

for labelled datasets andD = f x i gN for unlabeled ones. The essence of a model is
its capacity to transform raw data representations,x, into more meaningful forms
using some parameterised mathematical or algorithmic function, expressed asf :
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x ! f (x; � f ), where � f denotes the collection of parameters specifying a particular
function f in some functional familyF . In the context of this thesis, we will often
use the words 'encoders' and 'models' to refer to these functionsf (x; � f ).

The process of"learning from data" is fundamentally about determining the op-
timal parameters� f for the model such that it minimises an empiricalloss function
a quantitative score of the deviation between the model's output from a target ground
truth value score of the parameters; described mathematically as:

� �
f = arg � f

min
1
N

NX

i =1

L i (y i ; f (x i : � f )) (1)

Constructing models that can incorporate multiple data modalities is a signi�cant
aspect ofmultimodal machine learning (P. P. Liang, Zadeh, and Morency 2022).
The overarching goal is to craft intelligent systems pro�cient in real-world perception,
recognition and interaction using multiple sensory data. One principal challenge of the
�eld is to derive common joint/aligned representations from the di�erent modalities.
Human cognition often integrate diverse sensory inputs into uni�ed concepts, and
analogously, theseshared representations in machines should demonstrate an
ability to recognise signals from di�erent modalities with the same underlying concept.

Figure 2: General Multimodal Machine learning Model for joint representation learning. The modalities
depicted here are image-text pairs. Inspired from from W. Liang et al. 2022

The model architecture depicted in �gure 2 is referred to as the "two-tower archi-
tecture model" (Yuhao Zhang et al. 2022) is commonly used for learning multimodal
representations where we want to 'align' the learned representations of each modality
(P. P. Liang, Zadeh, and Morency 2022). The core components of this model archi-
tecture are modality-speci�c encoders, one for each modality, tasked to learn useful
embedding functionsEnc1 : X 1 ! Rz and Enc2 : X 2 ! Rz, mapping data pairs
from each modality are transformed and encoded via modality-speci�c encoders into
modality-speci�c vector representations in a shared latent space: (x1

i ; x2
i ) ! (z1

i ; z2
i ).

Within this space, one or moreloss functions are applied to facilitate the learning
of a useful and structured joint representations. The de�nition of "useful" for these
representations varies, depending on the speci�c application or intended downstream
use.
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This type of architecture, once trained, aims at representing multimodal data in a
way that encapsulates intrinsic semantic structures of the information. The semantic
structure of a representation refers to the principle that similar items should ideally
be closer in the learned latent representation space while dissimilar items should be
farther apart. This means that representations of items that share attributes, classes,
or types should cluster closer in this space, e�ectively grouping 'like with like'. For
instance, representations of woodland images during winter should be closer together
compared to representations of urban garages. Similarly, sound clips capturing birds
chirping in forests should have embeddings that group them distinctly apart from the
sounds of bustling automotive factory environments.

Learning such structured representations bene�ts numerousdownstream tasks.
These tasks range from classi�cation, modality-to-modality retrieval, cross-modality-
inference, etc. and serve as practical applications where pre-trained models can be
employed directly or transferred to new scenarios. One prevalent approach is to use
frozen encoders, where the pre-trained weights of the architecture are kept �xed. This
results in a �xed but meaningful latent representation passed through a task-speci�c
layer for prediction or inference tasks.

Furthermore, ensuring semantic coherence between di�erent modalities becomes cru-
cial, especially when considering cross-modality inference. Here, the architecture's
capability to perform tasks like using text to query an image database or using image
data to generate descriptive text comes into play. Such alignment between modalities
in downstream tasks serves as a validation for the quality of the learned representa-
tions, a�rming the architecture's robustness and versatility.

This inter-modality semantic structure can be thought of as 'alignment' between em-
beddings of di�erent modalities, creating a harmonised representation space where
contextually related items from varied modality sources are aligned. Figure 3 depicts
an idealised illustration of this desired outcome. Before training models, each modal-
ity embedding is randomly initialised to be projected somewhere in the latent space
(left sphere). Ideally, we want to end up with a learned representation that resem-
bles the right sub-�gure, where not only do we have between-modality overlap and
alignment between positive pairs, but also semantic structure within each modality's
embeddings: all things' stars', 'circles', and 'points' are clustered properly together
yet apart from each other.

To facilitate the learning of semantically structured representation, one approach is
contrastive representation learning . This general collection of methods seeks
to minimise a contrastive loss functions to ensure that similar items from both
within and across modalities are represented closely in the joint latent space while
ensuring "dissimilarity" is emphasised for items that are semantically di�erent. Con-
trastive loss functions come in many 
avours, but the essential of these involve forc-
ing the encoders of multimodal models to align representations ofpositive pairs
(z1

i ; z2
i )) while encouragingnon-alignment between any and all negative pairs
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Figure 3: Illustration of the transition from initial representation and an ideal �nal learned representation
during training of multimodal contrastive representation learning models.

(z1
i ; z2

k); i 6= k. The general mathematical framework for contrastive loss functions
can be expressed as:

L contrastive =
NX

i =1

disgreement(z1
i ; z2

i ; � ) +
X

i 6= k

agreement(z1
i ; z2

k ;  ) (2)

where  and � being possible hyperparameters for these loss-functions. Note that
here, conceptually, minimising the loss amounts to bothminimisingdisagreementbe-
tween positive pairs andminimising agreementbetween non-negative pairs across a
multimodal dataset. By minimising the disagreement between positive pairs while
also minimising the agreement of negative pairs, the overall loss function is also min-
imised. Note that we use the term 'minimising the agreement' for negative pairs and
not, say, maximising the negative of the disagreement between positive pairs'. This
is deliberate because the latter would imply the idea that all and any negative pairs
should have an "opposite" representation: something that would both be impossible
and useless from a geometric point of view.

One speci�c famous instance of the multimodal two-towers model trained to minimise
a multimodal contrasted loss is OpenAI's CLIP model for image-text modalities, de-
picted in �gure 4 (Radford et al. 2021). As seen from the �gure, given an image
x img and its corresponding text-captionsx text , CLIP encodes these into a shared nor-
malised latent space (technical details mentioned later), meaning that these encoding
vectors, zimg and ztext have unit length and thus 'live' on a unit hypersphere. CLIP
then is trained using a speci�c type of multimodal contrastive loss function, which
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essentially encourages the embeddings of an image to be closer to its text/caption
embedding than to any other caption, and vice versa for a caption embedding w.r.t
its corresponding image embedding relative to all other image embeddings.

Figure 4: The two tower / CLIP style architecture and its training on bimodal paired data (images
and text). For a collection of image-text pairs(img). Adapted from Radford et al. 2021. Used with
permission from �rst author Alec Radford.

When training neural network-based encoders to transform multiple modalities into
a shared representation space via contrastive learning, a peculiar phenomenon seems
to emerge, this phenomenon, termed the"modality gap" , is characterised by a
distinct geometric separation between modalities in the joint latent representation
space W. Liang et al. 2022. This separation can be so extreme that the embeddings
of each modality become linearly separable. This modality gap phenomenon seems
to not only show up in CLIP but in a host of other two tower models trained with
contrastive loss functions for various other modalities, (W. Liang et al. 2022) In �gure
5 Each sub-graph depicts a visualisation of the latent spaces of four di�erent CLIP
style models train on di�erent modality pairs (The visualisation method used here is
a very common dimensionality reduction method to visualise high dimensional data,
the particular one used here is theUMAP : Uniform Manifold Approximation and
Projection for Dimension Reduction method) In each case, we see a complete geo-
metric separation between each modality embedding. These modality gap phenomena
are the focus of this thesis; why this comes about under what conditions it appears
and whether it even matters for downstream performance are the central questions
posed. This thesis's main 'why' can be framed as 'Is the modality gap something to
be worried about? And if so, what can we do about it?'
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Figure 5: The observed modality gap phenomenon for several trained multimodal models trained in a
similar fashion to Radford et al. 2021 . W. Liang et al. 2022 (Figure used with permission by Prof. James
Zou (Stanford))
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1.3 Technical Project Description, Context and Problem Formulation

Relevant to the modality gap phenomenon, the speci�c version of the general two-
tower architecture model used in learning bimodal dataset in multimodal contrastive
representation learning that will be considered in this thesis is depicted in �gure 6
below: Let D = f (x1

i ; x2
i ; yi )gN

i =1 be a bimodal paired and labelled dataset of sizeN .

Figure 6: The two tower architecture model for (self-supervised) multimodal contrastive representation
learning with contrsastive loss

For all positive pairs (x1
i ; x2

i ), the two tower model encodes each modality speci�c
xm

i by its modality speci�c encoders, depicted asf � f and g� g . These will be neural
networks parameterised by� f and � g respectively. Each of these encoders outputs
modality-speci�c vectors

x1
i ! f � f (x1

i ) = h1
i 2 Rd1

h (3)

x2
i ! g� g (x2

i ) = h2
i 2 Rd2

h (4)

in modality-speci�c intermediate latent spaces, which we'll callh-space(s). In gen-
eral, these do not have to be the same size for each modality because the model
allows for encoder 
exibility. These intermediate vectors then get projected into the
same joint/shared latent space where contrastive loss functions can be applied to the
embeddings during model training. These projections are done via modality-speci�c
"projectors", essentially any function that maps intermediate representations to a
normalised latent space,Rdh ! Rdz , these projectors denoted here asv� v and u� u :
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h1
i ! v� v (h1

i ) = z1
i 2 Rdz ; jj z1

i jj 2 = 1 (5)

h2
i ! u� u (h2

i ) = z2
i 2 Rdz ; jj z2

i jj 2 = 1 (6)

It is in this space, which we'll callz-space, where a contrastive loss function is used
throughout training to force the model to learn 'useful' between-modality and within-
modality representations, according to the general notions that were mentioned in the
previous section.

Much like the cartoon illustration of �gure 3 of what an ideal representation should
look like, �gure 7 shows a more realistic simple toy version of a multimodal contrastive
representation learning run. The �rst column provides a zoomed-in view of the latent
space, showing the embeddings from each modality; points are coloured based on
their modality. The second column is similar to the �rst, but points are coloured
based on their semantic labels. The third column o�ers a global view of the latent
space, illustrating the distribution of embeddings from both modalities. All plots
are shown in spherical coordinate projections. Each row is a snapshot of the learned
representation at some epoch. The top row indicates the beginning of training and
progresses downward, whereas the last row is the �nal learned representation at the
end of training (the precise epochs each row corresponds to is not important, only
the dynamics of the learned representation from start to �nish). We begin (top row)
with modality embeddings in distinct regions where there is no between- and within-
modality clustering structure present. At the end of the training, we end up with
very good overlap between the two modalities while also exhibiting good semantic
clustering both within and between modalities by how points of the same semantic
category (depicted as di�erent colours).

The speci�c contrastive loss that will be at the core of this project is the so called
Info-NCE loss function (Yuhao Zhang et al. 2022), (Radford et al. 2021), (Oord,
Yazhe Li, and Vinyals 2019) , made popular in a multimodal representation learning
version and context by OpenAI in when developing and training their image-and-text
Contrastive Language Image Pretraining (CLIP) model Radford et al. 2021, (CLIP
2023). In this thesis, we will call this multimodal infoNCE loss function simply as
CLIP-loss, de�ned mathematically as :

L (1) := �
1
N

NX

i =1

log
exp((z1

i � z2
i )=� )

P N
k=1 exp((z1

i � z2
k)=� )

(7)

L (2) := �
1
N

NX

i =1

log
exp((z1

i � z2
i )=� )

P N
k=1 exp(z1

k � z2
i )=� )

(8)
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Figure 7:A more realistic illustration of desired learned representations during bimodal contrastive
representation learning, where the contrastive latent space is the unit sphere inR3.
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LCLIP =
1
2

�
L (1) + L (2)

�
(9)

Where the summationN represents the batch size. The hyperparameter of this loss
function is the so-calledtemperature � , which scales the similarities. It can be
either �xed and global or set as an additional learned parameter during training.
In the �xed temperature mode CLIP , � is constant, whereas in thelearned
temperature mode CLIP , � is a trainable/learnable parameter.

Note that the expressions inside the logarithms are essentiallysoftmax functions ap-
plied over the similarity scores between positive modality pairs.

softmax(x) i =
ex i

P n
j =1 ex j

(10)

The soft max function transforms these similarity scores into a quisi-probability dis-
tribution. Speci�cally, for each positive pairs of embeddingsz1

i and z2
i . The logarithm

in the loss function is associated with thecross-entropy loss function in multi-class
classi�cation. The � log term penalises the model more when it incorrectly assigns
high probabilities to non-matching pairs (when placing negative pairs close to each
other) and rewards it when placing positive pairs close to each other. The purpose
of this loss function is to ensures that embeddings from corresponding pairs (z1

i and
z2

i ) are closer in the embedding space, while distancing those from non-corresponding
pairs. In other words, CLIP loss turns the problem of placing positive pair embed-
dings near each other into a classi�cation problem.

One �nal thing to note is that the loss function in no way uses any label/annotation
information for the datapoints, only that we are given a pairing between points from
di�erent modalities. As such, using CLIP loss for learning representations makes it a
non-supervised learning task.

1.3.1 The Modality Gap Phenomenon & Previous Work

The concept of "modality gap" in multimodal datasets, �rst identi�ed by W. Liang
et al. 2022, refers to a distinct separation in the contrastive latent space, orz-space,
of embeddings from di�erent modalities. LetZ 1 = f z1

i gN
i =1 and Z 2 = f z2

i gN
i =1 rep-

resent these embeddings for two modalities in a dataset. This gap often appears as
a clear geometric divide betweenZ 1 and Z 2 (see �gure 5), and in some cases, is
nearly linearly separable. This indicates a lack of alignment or overlap in the post-
training distributions of modality-speci�c embeddings. The modality gap measure, as
de�ned by W. Liang et al. 2022, is the di�erence between the means of each modality
embedding:
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� gap =
1
N

NX

i =1

z1
i �

1
N

NX

i =1

z2
i (11)

This phenomenon is observed in models trained with CLIP loss, across various multi-
modal datasets, neural network architectures, and temperature settings in CLIP loss.
Figure 8 shows two instances of this gap in a biological sequencing dataset, trained
with a two-tower model using CLIP loss. The �rst example depicts two facing fronts
with aligned semantics, while the second shows two distinct rings separated by the
gap.

The authors of W. Liang et al. 2022 attribute this gap to the 'cone-e�ect', initial
di�erences in projected embeddings from each encoder, and the contrastive learn-
ing process itself. They suggest that adjusting the gap distance post-training could
improve performance in tasks like zero-shot classi�cation and fairness. Additionally,
Yuhui Zhang et al. 2023 provides evidence of the gap's geometry being perpendicular
to each modality embedding plane.

Udandarao 2022 conducted a comprehensive analysis of the modality gap in vision-
text models, o�ering insights from simulating multimodal contrastive representational
learning on the unit-hypersphere. Their focus centred on the concepts of 'alignment'
and 'uniformity', as introduced by T. Wang and Isola 2020, and their relationship
with the contrastive loss landscape.

Shi et al. 2023 delve deeper into the topic speci�c to CLIP-style multimodal represen-
tation learning method arguing that the modality gap phenomenon is actually linked
to local minima within the CLIP loss function. They demonstrate through proof-
of-concept experiments that these local minima are challenging to avoid in practice,
o�ering new insights into the underlying causes of the modality gap, prime of these
is the inclusion of between positive pair terms in the denominator of the CLIP loss
function.

The work of Poklukar, Vasco, et al. 2022 indirectly addresses the modality gap by
primarily focusing on enhancing alignment between positive pairs in multimodal data.
Their approach is particularly relevant for learning representations that are robust,
especially in scenarios where certain modalities might be missing during testing. This
work predates the reporting of the modality gap phenomenon by W. Liang et al.
2022, and therefore does not explicitly mention the gap. However, their evaluation of
representation alignment, using dimensionality reduction methods and topologically
inspired metrics like Delaunay Component Analysis (DCA) (Poklukar, Polianskii, et
al. 2022), indirectly contributes to the understanding of this gap. Their framework
can be seen as a generalisation of the two-tower model, featuring a single shared
projector for all modality-speci�c embeddings. The set of loss functions they propose
aims to promote alignment and robustness to missing modalities at the inference
stage. The �ndings from their study suggest that this alignment generally leads to
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improved quality of learned representations in some cases, indicating the potential
signi�cance of addressing the modality gap.

Against the urge of wanting to close the modality gap, Jiang et al. 2023 suggested the
creation of multiple meaningful latent spaces by projecting onto di�erent orthogonal
sub-spaces. The authors reason that focus on aligning modalities complete results in
models only accounting for the shared information present in both modalities while
discounting any within-modality speci�c information. Their proposed framework al-
lows for both between-modality multimodal contrastive learning and within-modality
self-supervised learning (akin to methods like SimCLR (T. Chen et al. 2020), and
MoCo (X. Chen et al. 2020) for within-modality contrastive learning). The authors
propose novel intra- and inter-modality regularisation techniques, demonstrating their
e�cacy in various computer vision and image-text translation tasks.

Figure 8: Modality gap examples when the contrastive latent space is the unit sphere, inR3. Left sup-
�gures are coloured based on modality. Right sub-�gures are coloured according to class labels.

According to �gure 6, multimodal contrastive representation learning consists of sev-
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eral key 'components' and 'elements': the speci�c multimodal dataset being used, the
choice of modality-speci�c encoders used, and the speci�c choice of the multimodal
contrastive loss function and its speci�c choice of the values of its hyperparameters.
Based on these elements, when trying to seek a 'blame' and 'reason' for the modality
gap phenomenon a la W. Liang et al. (2022), we can ask the following broad question
to guide our investigative e�orts, these making up the key research questions of this
thesis.

1.4 Key Research Questions

1. Does the de�nition of the modality gap adequately encapsulate the observed
separation of modality embeddings within the latent space?

2. Under what speci�c conditions does the modality gap become apparent in var-
ious multimodal datasets when using CLIP loss function as contrastive loss
function, and are these conditions consistent across datasets or particular to
individual ones?

3. What are the main drivers of the modality gap, and is it possible to system-
atically measure or neutralise their e�ects within the representation learning
framework?

4. Following the identi�cation of the elements that contribute to the modality gap,
what approaches can be formulated to diminish or entirely close the gap under
certain conditions?

5. How does the modality gap in
uence performance on downstream tasks? In
essence, is there a notable di�erence in outcomes when the modality gap is
managed or resolved?

28



1.5 Approach

In this thesis, we will explore our primary research questions through a two-phase
approach, each phase comprising computational experiments involving the training
or simulated training of two-tower multimodal contrastive representation learning
models.

ˆ Phase I: Exploring and Characterising the Modality Gap under CLIP
Loss

1. Experiment Set 1: Toy Synthetic Simulations with CLIP Loss
In this set, we will isolate the impact of the CLIP loss function on the
modality gap. We will use a synthetic dataset to simulate the representa-
tion learning process, thereby avoiding potential confounding factors from
datasets or neural network encoders.

2. Experiment Set 2: Pseudo-Multimodal Contrastive Learning
with CLIP Loss
We will use real-world data processed through neural network encoders in
this experiment. By employing 'pseudo-multimodal' datasets, which use
identical data for both modalities, we aim to negate the in
uence of inher-
ent information di�erences between modalities in multimodal datasets.

3. Experiment Set 3: True Multimodal Contrastive Learning with
CLIP Loss
In this set, we will conduct experiments with genuine multimodal datasets
from various sources, including a basic dataset and a more complex biolog-
ical dataset in the single-cell -omics �eld. Our goal is to verify whether the
�ndings on the modality gap are consistent with the previous experiment
sets.

ˆ Phase II: In
uencing the Modality Gap and Analysing Representa-
tion Quality

1. Experiment Set 4: Modifying the Modality Gap in Multimodal
Contrastive Learning
We will evaluate various loss functions or approaches to multimodal con-
trastive representation learning to determine if they can in
uence the
modality gap and enhance representation quality. We will test and com-
pare nine di�erent methods against the baseline established in Phase I's
third experiment set.
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1.6 Thesis Structure

Part II: Background

ˆ Chapter 2: Background
Focuses on foundational concepts, including mathematical preliminaries (Sec-
tions 2.1 to 2.1.6), neural networks (Section 2.2), deep learning optimisation
(Section 2.3), logistic regression, and visualisation techniques (Sections 2.4 to
2.6).

Part III: Methodology

ˆ Chapter 3: Methodology I - Datasets and Model Architectures
Discusses the datasets (Section 3.1) and model and encoder architectures (Sec-
tion 3.2), along with linear projectors (Section 3.3).

ˆ Chapter 4: Methodology II - Metrics for Characterising and Evalu-
ating Learned Representations
Details metrics for evaluating learned representations (Sections 4.1 to 4.4).

ˆ Chapter 5: Methodology III - Phase and Experiment Set-Up & Al-
ternative Contrastive Loss Methods
Elaborates on methodology for phases of experiments (Sections 5.1 and 5.2) and
various methods to in
uence the modality gap (Section 5.3).

Part IV: Results

ˆ Chapters 6-9: Results
Presents key observations, results and outcomes of experiments across Phases I
and II.

Part V: Discussion and Conclusions

ˆ Chapter 10: Discussion
Discusses results in a broader research context, addressing research questions,
limitations of the thesis work, and possible future work.

ˆ Chapter 11: Conclusions
Synthesises key �ndings and contributions, followed by acknowledgements.
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Part II

Background

2 Background

This chapter aims to provide the relevant background and prerequisite knowledge
underlying the major components, ideas and methods used in this thesis. Three
areas of information will be presented brie
y here: mathematical concepts, neural
network and optimisation concepts and a description of one of the key visualisation
plots used in reporting the results.

2.1 Mathematical Preliminaries

The section will provide the core mathematical concepts relevant for the understand-
ing of many of the evaluation metrics of learned representations and the mathematical
concepts underlying some of the alternative contrastive loss functions we will use in
this thesis.

2.1.1 The Euclidean Distance and Cosine Similarity

Much of the e�ort of this thesis will revolve around notions of distance between points
and similarity between points. The main concepts of relevance here are the Euclidean
distance, the cosine similarity, and their relationship. Letx and y be any two vectors
in RD . The Euclidean distance between them is de�ned as:

deuclidean (x; y) =
p

kx � yk2 =

vu
u
t

DX

i

(x i � yi )2 (12)

The cosine similarity betweenx and y captures the angle of separation between the
two vectors, and is de�ned as:

cosim(x; y) =
x � y

kxkkyk
(13)

Almost always in this thesis, we will use the cosine similarity on unit-normalised
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vectors, i.e. vectors wherekxk = 1. This simpli�es the cosine similarity formula
down to the simple dot product:

cosim(x; y) = x � y ; 8x; y : kxk = kyk = 1 (14)

The relationship between the euclidean distance between any two unit-normalised
vectors and their cosine similarity is:

(deuclidean (x; y))2 = 2 + 2 cosim(x; y) (15)

2.1.2 Distance and Similarity Matrices of a collection of points

Let X = x i
N denote a collection ofN points in any dimension. The distance matrix

D is the matrix where the i; j 0th element,D i;j , of the matrix represents the distance
between the pointsx i and x j , ie

D i;j = d(x i ; x j ) (16)

for some distance functiond. Similarly, in this thesis, s usually represents any sim-
ilarity function between vectors. At times when we have indexed vectorsx i and x j ,
their similarity will shorthanded as sij = s(x i ; x j )

2.1.3 Unit Hyperspheres

The unit circle in two dimensions and the unit sphere in three dimensions both have
a radius equal to 1. The unit hypersphere is a generalisation of these to arbitrary
dimensions. The unit hypersphere, also known as the n-sphere, is the set of points in
an Rn+1 space that is exactly unit distance away from the origin.Sn is the standard
mathematical notation for the n-spheres, de�ned formally as:

Sn = f x 2 Rn+1 : kxk = 1g (17)

Note that the dimension surface of the hypersphere is one less than the ambient space
the hypersphere is embedded in. Normalised vectors inD dimensions can be viewed
as residing on the unit hypersphereSD � 1. Thus, any two points can have at most a
Euclidean distance of two times the radius, which is equal to 2 when their is cosine
similarity is � 1.
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2.1.4 Sampling Points on the Unit-Hypersphere: The Uniform Distribution,
The von Mises{Fisher Distribution and The PowerSphereical Distribution

During some computational experiments within this thesis, it becomes necessary to
'simulate' the training process of multimodal contrastive representation learning al-
gorithms. A fundamental aspect of this simulation involves generating points on a
unit hypersphere based on sampling from speci�c distributions de�ned on the surface
of these hyperspheres. This section provides an overview of methods for sampling
from these distributions, starting with the uniform distribution, progressing to the
von Mises-Fisher distribution, and concluding its computationally more stable and
e�cient version, the PowerSpherical distribution.

Uniform Distribution on the unit hypersphere U(Sd � 1): This distribution
generates samples that are uniformly distributed over the surface of a unit hyper-
sphere inRd. The algorithm for uniformly sampling points on a hypersphere surface
is surprisingly straightforward, as detailed by Marsaglia 1972. The procedure uses the
isotropic nature of the normal distribution, that is, its radial symmetry. Uniformly
sampling N points on the surface of a unit hypersphere inRd e�ectively amounts to
simply samplingN points from the standard normal distribution in Rd and normal-
ising each sample point to have a unit length.

Algorithm 1 Uniform Sampling on the Surface of a Unit Hypersphere

1: procedure Input (dimensiond, sample sizeN )
2: Initialise an empty list samples
3: De�ne a d-dimensional multivariate standard normal distribution N (0; I d).
4: for j  1 to N do
5: x  draw from N (0; I d)

6: norm  
q P d

i =1 x2
i

7: x0  x=norm
8: Append x0 to samples
9: end for

10: return samples
11: end procedure

The von Mises-Fisher distribution the PowerSpherical distribution : The
von Mises-Fischer (vMF) distribution is the equivalent of the multivariate normal
distribution in Rd, but constrained on the surface of the unit hypersphere instead.
Recall that the probability density function of the multivariate normal distribution
has its single mode at its 'mean'� 2 Rd and tapers o� according to the covariance
matrix. The von Mises-Fischer has a mode in the 'unit-direction'� on the unit
hypersphere, which then 'tappers' o� according to aconcentration hyperparameter�
which indicates how concentrated the probability mass is centred around the mean
direction � (Banerjee et al. 2005). The probability density function of the von Mises-
Fisher distribution is given as:
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vMF (x; �; � ) := p(xj�; � ) =
� d=2� 1

(2� )d=2I d=2� 1(� )
e�� T x (18)

The particular term I d=2� 1(� ) in the denominator is a so-calledBessel function, which
is beyond the scope of this thesis, we refer the reader to Banerjee et al. 2005 for more
details.

In practice, sampling from the von Mises-Fisher distribution is computationally in-
e�cient and numerically unstable when d is large. De Cao and Aziz 2020, deal with
these issues by proposing an approximation to it, thePowerSpherical distribu-
tion , which, in addition to having well-de�ned and tractable mathematical properties
(eg expectation, variance and entropy), deal with the short-comings of the von Mises-
Fisher distribution. According to the authors, the unnormalised probability density
function of the PowerSpherical is given by:

p(x : �; � ) / (1 + � T x)� : (19)

Sampling from the PowerSpherical distribution for the unit-hypersphere inRd is done
algorithmically by:

Algorithm 2 Pseudo code for Power Spherical sampling from De Cao and Aziz 2020

1: Input: dimensiond, direction � , concentration �
2: samplez � Beta

�
z; (d� 1)

2 + �; (d� 1)
2

�

3: samplev � U (Sd� 2)
4: t  2z � 1
5: y  [t;

p
1 � t2v]T . concatenation

6: ~�  e1 � � . e 1 is the base vector [1; 0; : : : ; 0]T

7: �  ~�
k~� k2

8: x  (I d � 2�� T )y . I d is the identity matrix d � d
9: Return: x

Note the use of the uniform distribution over the unit hypersphere (line 3) and the
Beta distribution on line 2 (please see any standard textbook on statistics and prob-
ability for more information on the beta function). Figure 9 illustrates three di�erent
samples from the PowerSpherical distribution, each with directional means and con-
centrations. In this thesis, the PowerSpherical distribution will be used in the form
Python code provided by De Cao and Aziz 2020.
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Figure 9: Three samples from a von Mises-Fischer / PowerSpherical distribution on the surface of the
sphere, each sample coloured is generated using a directional mean� and concentration� . Image taken
and modi�ed from De Cao and Aziz 2020, with permission by the author Prof. Wilker Aziz

.
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2.1.5 Information Theoretical Concepts

The following basic concepts from information theory will be useful to understand
the key workings one of the methods I propose to potentially in
uence the modality
gap phenomenon (see the AIEET method in chapter Methodology III).

Shannon Entropy & The Perplexity of a Distribution
The Shannon entropy of a discrete distributionp(x) is de�ned as (MacKay 2003):

H := �
X

x

p(x) log2 p(x): (20)

We can think of the Shannon entropy as a measure of the "spread" of the probability
distribution across the possible outcomes thatx can take. The Shannon entropy is
highest when the spread is minimal and lowest when the distribution is ass uniform
as possible. For a probability distribution over a �nite outcome space of sizek where
all outcomes ofx are equal, i.e.p(x) = 1

K , the Shannon entropy is given by.

H (p) := �
X

x

1
K

log2
1
K

=
X

x

1
K

log2 k

=
K
K

log2 K = log2 K

(21)

.

The perplexity of a probability distribution p(x) is de�ned in terms of its Shannon
Entropy H (p) de�ned by:

Perp(p) := 2 H (p) = 2 �
P

x p(x) log2 p(x) (22)

One way to think about the perplexity is as as a measure of thee�ective number
of outcomes of the the distribution. This can be seen in the case of a �nite Uni-
form distribution p(x) where each outcome has probability1

K . The entropy of this
distribution is log2 K making the perplexity of the distribution PP(p) = 2 log2 K = K

2.1.6 Cover's Theorem and Linear Separability in High Dimensions

The notion of linear separability deals with the feasibility of classifying two distinct
sets of points using a linear decision boundary. In high-dimensional spaces, this
concept becomes particularly signi�cant due to the relationship between the dimen-
sionality of the space these points live in and the number of points in the two sets
used to determine such a boundary.
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This thesis investigates the conditions that contribute to a 'modality gap' in high-
dimensional latent spaces. When evaluating the linear separability of embeddings, it
is of utmost importance to ensure the robustness of the separability criterion used,
especially in higher dimensions. Here is were Cover's theorem comes in handy (Choe
2017): both as a cautionary result, and as a prescription to 'robustify' any linear
separability metrics used:

General Position in High-Dimensional Spaces: A collection of points are
in general positionif they do not lie within any lower-dimensional subspace. When
dealing with randomly distributed points, these are typically in general position.

Let's denote two sets of points in ad-dimensional space,Rd, as A = f xA;i g
NA
i =1 and

B = f xB;i g
NB
i =1 , whereN = NA + NB .

According to Cover's theorem Cover 1965, there are two key regimes relating the
dimensionality of the space and the number of points needed to 'claim linear separa-
bility' :

1. For N � d + 1: Any such sets A and B can be perfectly separated by some
hyperplane inRd, which implies the existence of a linear classi�er that can distinguish
between them without error.

2. For N > d + 1: The probability that sets A and B are linearly separable inRd

increases with the dimensionalityd.

The core insight that is relevant to us for this thesis is the following: if two embed-
dings are actually linearly separably, what do we need to do to ensure that a metric
will indicate and detect this? And if two embeddingstruly are not linearly separable
(think: well 'mixed' collection of two points), what do we need to do to 'detect' this.
As mentioned above: a core objective of this thesis is to discern conditions leading to
a 'modality gap' in the high-dimensional latent space, if we think of a 'modality gap'
as the inability to linearly separate two sets, our task hinges on ascertaining the lin-
ear (un)separability of two embeddings. We must ensure that when our methodology
declares two sets as 'linearly inseparable', it stands robust, especially in higher di-
mensions. If we merely opt forN < d + 1 embeddings and these embeddings overlap,
a linear classi�er might still excel, misleadingly signalling separability. Therefore, we
consistently need to use much more thand + 1 points when determining the linear
separability of modality embeddings.
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2.2 Neural Networks

In this section, a brief overview of the core arti�cial neural network concepts that
are used to this thesis is provided. For an in-depth treatment and further details,
the readers are encouraged to refer to Lindholm et al. 2022, which this exposition is
based on.

Arti�cial Neurons / Nodes At the heart of arti�cial neural networks lies the
arti�cial neuron, which is essentially a function de�ned by a set of parameters,�
or w. It receives an input vector or matrix x or any tensor-like object, applies a
calculated combination of these inputs with the parameters, and outputs the result
through a nonlinear activation function � . Mathematically, this is expressed as:

o = � (w0 + w1x1 + ::: + wdxd) = � (w0 + w> x) = � (w> x) (23)

Here,w0 is the bias parameter, and the inputs may be raw data features or outputs
from other neurons. The notation after the last equality sign uses the 1-padding
convention, which involves augmenting the input vector with an extra 'one' in as a
�rst element. Within this thesis, the most relevant activation functions are:

ˆ ReLU (Recti�ed Linear Unit) (Fukushima 1975):

� (x) = max(0 ; x) (24)

ˆ Mish (Misra 2019):
� (x) = x tanh(ln(1 + ex )) (25)

ˆ Swish (Ramachandran, Zoph, and Le 2017):

� (x) =
x

1 + e� x
(26)

When neurons are aligned in parallel forming a layer, they collectively output a vector
o whose elements are the outputs of the individual neurons. If the layer consists of
L neurons, theno is written as o = [ o1; o2; :::; oL ]> . The matrix notation for a single
layer's operation is then:

o = � (Wx + b) (27)

whereW represents the matrix of weights, andb is the bias vector containing all the
bias paramters for each neuron in the stack. The conventional interpretation of the
above is to apply the non-linearity to each element of the vector inside the parenthesis
on the right hand side.

Multi-Layer Perceptions (MLPs):
MLPs consist of multiple layers of neurons, including the input, then so calledhidden
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layers, and the output layers. The layers are 'placed' sequentially after each other
such that the output of one layer becomes the input of the next layer. A hidden
layer transforms the input through a nonlinear activation function. Then one or
more hidden layers enable the functional composition then transform previous layers
outputs. If we view each layer as a vector valued function then multiple layers,
placed in sequence, is mathematically, equivalent to the composition of vector valued
functions. For an L layer MLP, the mathematical function it represents is:

h (1) = h(W (1) x + b(1) ) (28)
...

h (L � 1) = h(W (L � 1)h (L � 2) + b(L � 1)) (29)

o = W (L )h (L � 1) + b(L ) = f (x; � ) (30)

(31)

Where the last layer and formula indicates that the MLP as a whole can be viewed
and considered a large vector valued function constructed through the composition
of several smaller functions, were the complete parameterisation off is the set of all
the parameters of each node/layer� = f W (1) ; :::; W (L )g
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2.3 The Loss Function, Cost Function, and the Key Optimisation Problem
of Deep Learning

'Training a model' refers to the process of optimising model parameters (� ) such that
it achieves some optima of an objective function speci�ed by a loss function over data.
Here, the terms 'loss function' and 'cost function' are essential. The loss function often
represented asL , measures how far the model's predictions deviate from the actual
target values for individual data points. The cost function (J ) calculates the average
loss over a (sub)set of data. The cost functionJ is de�ned as the average of the loss
function L computed across a mini-batch (B) containing M samples for a multimodal
dataset:

J (� ) =
1

M

MX

i =1

L (x1
i ; x2

i ; yi ; � ) (32)

Here,L (x1
i ; x2

i ; yi ; � ) is the loss computed for thei -th sample in the mini-batch, consid-
ering the data pointsx1

i and x2
i , the corresponding labelyi , and the model parameters

� . The cost function J provides an overall measure of the model's performance over
the mini-batch. The core optimisation objective is to minimise the cost functionJ
with respect to the model parameters� :

min
�

J (� ) (33)

This J is used to update model parameters through Stochastic Gradient Descent
(SGD).

Note: Both 'loss function' and 'cost function' are sometimes often used interchange-
ably in the literature.

2.3.1 Stochastic Gradient Descent (SGD)

Stochastic Gradient Descent (SGD) aims to minimise the cost functionJ in an iter-
ative manner by starting out at an initial randomised parameter value and applying
the formula over and over again on di�erent mini-batches:

� new  � old � � � r � J (34)

In this equation, � is the so calledlearning rate aka step-size. This value controls 'by
how much' to update the current � old to the next � new . r � J represents the gradient

40



of the cost function with respect to the parameters� which guides the algorithm
towards a local minimum of the cost function.

The update rule can also be expressed as partial derivatives for each individual scalar
parameter � j within the model parameter set� :

� j  � j � � �
@J
@�j

(35)

Here, @J
@�j

is the partial derivative of the cost functionJ concerning the parameter� j .
It shows how the cost function changes as� j varies.

The core concept remains the same in more complex models like those used in con-
trastive learning with encoders and projectors. Parameters are updated to minimise
the cost function (J ) using gradients computed from mini-batches of the dataset:

� f  � f � � � r � f J (z1; z2; y)

� g  � g � � � r � g J (z1; z2; y)

� v  � v � � � r � v J (z1; z2; y)

� u  � u � � � r � u J (z1; z2; y)

(36)

In these equations,r � J denotes the gradient of the loss function with respect to all
model parameters� of the model. The 'stochastic' aspect comes from evaluating the
cost function using mini-batches, and parameter updates are performed iteratively
over these mini-batches to optimise the model. The actual gradients of the loss
functions are computed using the back propagation algorithm (Rumelhart, G. E.
Hinton, and Williams 1986), which is in essence the chain rule of di�erentiation using
large computational graphs.

2.3.2 The Adam optimisation algorithm

The Adam optimisation algorithm uses a adaptive learning rate scheme in the update
formulas, which can lead to more stable and e�cient training (Kingma and Ba 2014).
In contrast to �xed learning rates that might be too large, causing overshooting of
minima, or too small, leading to slow or stuck training, Adam's adaptive learning
rates dynamically adjust to the scale of each parameter. Adam involves the two
fold strategy of dynamically adjusting the learning rates for each parameter by using
historical gradient information, a concept known asmomentum. For mathematical
completeness, the Adam optimisation algorithm is stated by Kingma and Ba 2014 in
its entirety as: (modi�ed from Algorithm 1 in (Kingma and Ba 2014)):
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ˆ Algorithm Inputs:
- � : Learning rate (step size).
- � 1; � 2: Exponential decay rates within the interval [0, 1) for moment estimates.
- J (� ): Stochastic objective function parameterized by� .
- � 0: Initial parameter vector.

ˆ Initialisation:
1. m0  0 (First moment vector).
2. v0  0 (Second moment vector).
3. t  0 (Time-step).

ˆ Optimization Loop:
- While � t not converged according to some stopping criteria:
1. Increment timestep: t  t + 1.
2. Compute gradients:gt  r � J (� t � 1).
3. Update biased �rst moment estimate:mt  � 1 � mt � 1 + (1 � � 1) � gt .
4. Update biased second raw moment estimate:vt  � 2 � vt � 1 + (1 � � 2) � g2

t .
5. Compute bias-corrected �rst moment estimate: ^mt  mt=(1 � � t

1).
6. Compute bias-corrected second raw moment estimate: ^vt  vt=(1 � � t

2).
7. Update parameters:� t  � t � 1 � � � m̂t=(

p
v̂t + � ).

Output: - � t : Updated parameters after convergence.

Adam has been the go-to optimiser since its introduction due to its faster convergence
and insensitivity to wide hyperparameter ranges compared to traditional stochastic
gradient descent (SGD). Unfortunately, adaptive learning algorithms are not without
issues since they sometimes fail to reach "the best"/lowest loss compared to SGD
when choosing the best learning rate (Wilson et al. 2017).
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2.4 A Note on Relevant Deep Learning Models, Regularisation Methods
and Other Training Stabilisation Heuristic Methods

Training neural networks e�ectively have historically required the use of sophisticated
models, regularisation techniques (methods that prevent over-�tting to training data),
and various heuristics to enhance task performance and stabilise the stochastic op-
timisation process during training. This thesis incorporates several deep learning
models and methods beyond those previously mentioned above. It is important to
acknowledge that a comprehensive discussion of all these models and techniques, in-
cluding their theoretical foundations and detailed mechanisms, is beyond the scope
of this thesis. The models and methods discussed below are well-established in stan-
dard training schemes and have been extensively described in academic literature.
To maintain brevity, this section will brie
y introduce each topic and direct inter-
ested readers to relevant original works and educational resources for more detailed
information:

1. Convolutional Neural Networks (CNNs) are arti�cial neural networks distin-
guished by their use of convolutional kernels, small matrices that areconvolved
with the input data to generate an output, often calledfeature maps. The term
'convolved' refers to the mathematical operation of a discrete convolution oper-
ation between the kernel and the input. These kernels are akin to the nodes in
an MLP, with the di�erence being that kernels are relatively few in the number
of parameters (equal to the size of the kernel matrix). In contrast, each node
in an MLP has the same amount of parameters as the entire input. Indeep
CNNs, several layers of these kernels are used to create stacks of feature maps,
with each subsequent layer using the output of the previous as its input. CNNs
were �rst introduced by Fukushima in Fukushima 1975 and Fukushima 1980,
drawing inspiration from the neuro-anatomy of the visual system. Their signif-
icant breakthrough occurred with their application in optical digit recognition
in LeCun et al. 1998. For further understanding, resources such as Z. J. Wang
et al. 2020, Goodfellow, Bengio, and Courville 2016, and Lindholm et al. 2022
are recommended.

2. Weight Decay & AdamW: Weight decay is a regularisation method that pe-
nalises large parameter values during the optimisation process. The method
applies to a wide range of machine learning models, not just neural networks
(Lindholm et al. 2022). The primary rationale behind weight decay is to restrict
the model's parameters and the optimisation algorithm's 
exibility in adjusting
these parameters 'too freely'. This restriction is important to avoid over-�tting,
where the model also learns to �t the noise component of the training data, po-
tentially reducing generalisation capabilities. A specialised version of the Adam
optimiser (Kingma and Ba 2014), which integrates weight decay was introduced
in Loshchilov and Hutter 2017. This version, known asAdamW, has become
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particularly popular in multimodal contrastive learning. This optimiser is used
for all experiments involving the two-tower architecture models in this thesis.

3. Dropout: Dropout is another regularisation method speci�c to neural networks.
Proposed by Srivastava et al. 2014, the method involves randomly 'deactivat-
ing' a certain user-speci�ed fraction of nodes/kernels in each layer during every
gradient update calculation and update. The basic idea behind the method
is to prevent the network from being over-reliant on any particular set of in-
put features by setting the weights of those features to zero. Dropout thus
encourages/forces the model to use all of the information contained in all the
input features at hand. For a more comprehensive explanation of Dropout, see
Lindholm et al. 2022 and Goodfellow, Bengio, and Courville 2016.

4. Gradient Clipping: Gradient clipping is a technique used to control the norm
of the gradient vector of the cost function,r � J , during training/optimisation,
and thereby 'stabilising' the training process. The process involves simply trun-
cating the gradient norm if it exceeds a user-de�ned threshold. The idea behind
gradient clipping is to address the 'exploding gradient' problem. When gradi-
ent norms become very large, they can lead to 'overshooting' during parameter
updates, causing the model's objective function to deteriorate instead of im-
proving. The method seems to be �rst mentioned in the literature by Mikolov
2012, but according to Goodfellow, Bengio, and Courville 2016, the practice of
'truncating' gradients had been known and used long before.
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2.5 Logistic Regression and Classi�cation Performance

In this section, we present the relevant classi�cation concepts that are used parts of
this thesis.

2.5.1 Linear Classi�ers and Logistic Regression Classi�ers

Linear classi�ers (those classi�ers that partition space with hyperplanes) will play a
role in one of the evaluation methods used to assign some 'quality' measure to learned
representations of our two tower multimodal models (see linear probe evaluation in
the chapter on evaluation metrics for learned representations). The linear classi�er
used will be the multi-class version of the logistic regression classi�ers. The following
treatment and exposition is from Lindholm et al. 2022.

The multi-class logistic regression models used for classi�cation ofM -classes is a
parametric model of the form

g(x; � = f � 1; � 2; :::; � M g) =

2

6
6
6
6
4

g1(x; � 1)
g2(x; � 2)

...
gM (x; � M )

3

7
7
7
7
5

(37)

where each elementgm (x; � m ) models the class speci�c conditional probabilityp(y =
mjx; � m ), that an x belongs to the classm. We can view eachgm (x; � m ) as specialising
in 'identifying' a speci�c class. Eachgm has the functional form:

gm (x; � m ) =
e� >

m x

P M
j =1 e� >

j x
; m = 1; : : : ; M (38)

parameterized by the function parameters� m , which enforces non-negative values
and make the sum of all elements ofg (x; � ) sum to one, a condition required to view
g(x; � as a discrete probability distribution over them classes.

For eachx i in a labelled dataset, its labelyi can take on valuesyi = 1; 2; ::; m; ::; M .
For points x i belonging to classm, ie yi = m, we want to �nd the class speci�c
parameters � m such that the value gm (x i ; � m ) is the largest compared to all other
gm0(x i ; � m0). Given this probabalistic formulation and the classi�cation setting, the
suitable cost function used to determine the model parameters� = f � 1; � 2; :::; � M g is
the multi-class cross-entropy loss:

J (� ) =
1
n

nX

i =1

� ln gyi (x i ; � ) (39)
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with the ultimate goal of �nding

� � = arg min
�

J (� ): (40)

2.5.2 Multi-class classi�cation, Accuracy and F1 score

This thesis will use two classi�cation performance metrics to evaluate the 'quality' of
the representations of our multimodal models (See chapter on Evaluation methods
for Representations): accuracy and the F1 score. Accuracy is used for datasets with a
relatively even distribution of classes. For datasets with pronounced class imbalances,
the macro-averaged F1 score is used. In the context of labelled dataset classi�cation,
the following notions are useful to de�ne:

ˆ True Positives (TP): when the modelcorrectly predicts a positive instance.

ˆ True Negatives (TN): when the modelcorrectly predicts a negative instance.

ˆ False Positives (FP): when the modelincorrectly predicts a positive instance.

ˆ False Negatives (FN): when the modelincorrectly predicts a negative instance.

The formula for multi-class accuracy is the ratio of the sum of true positives and true
negatives to the total number of predictions:

Accuracy =
TP + TN

TP + TN + FP + FN
(41)

For datasets with signi�cant class imbalances, accuracy my be a misleading and un-
informative measure of classi�er performance. The average accuracy across classes
would in such cases less be sensitive to poor performance on some come of the classes.
The F1 score tries to address this by combining the both precision (TP/(TP + FP))
and recall (TP/(TP + FN)) to provide a more informative classi�er performance
metric, de�ned as:

F1 Score = 2�
Precision� Recall
Precision + Recall

=
2TP

2TP + FP + FN
(42)

The macro-average F1 scoreis calculated as the mean of the F1 scores for each class.
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