N V A DEPARTMENT OF
COMPUTER SCIENCE

NOVA SCHOOL OF
SCIENCE & TECHNOLOGY




N V A DEPARTMENT OF
- COMPUTER SCIENCE

NOVA SCHOOL OF

SCIENCE & TECHNOLOGY

STRATEGIES TO BRIDGE MODALITIES IN LARGE VISION
AND LANGUAGE MODELS

AFONSO MIGUEL LOPES SIMPLICIO
BSc in Mathematics

Adpviser: Jodo Magalhées
Full Professor, NOVA University Lisbon

Examination Committee

Chair: Jodo Pires
Associate Professor, NOVA University Lisbon

Rapporteur: Bruno Martins
Associate Professor, Instituto Superior Técnico

Adviser: Jodo Magalhdes
Full Professor, NOVA University Lisbon

MASTER IN ANALYSIS AND ENGINEERING OF BIG DATA

NOVA University Lisbon
September, 2024



Strategies to Bridge Modalities in Large Vision and Language Models

Copyright © Afonso Miguel Lopes Simplicio, NOVA School of Science and Technology,
NOVA University Lisbon.

The NOVA School of Science and Technology and the NOVA University Lisbon have the
right, perpetual and without geographical boundaries, to file and publish this dissertation
through printed copies reproduced on paper or on digital form, or by any other means
known or that may be invented, and to disseminate through scientific repositories and
admit its copying and distribution for non-commercial, educational or research purposes,

as long as credit is given to the author and editor.

This document was created with the (pdf/Xe/Lua)IATEX processor and the NOVAthesis template (v7.1.5) [23].


https://github.com/joaomlourenco/novathesis

ACKNOWLEDGEMENTS

First and foremost, I would like to express my deepest gratitude to my advisor, Professor
Jodao Magalhaes, for granting me the opportunity to explore this exciting field of study.
His unwavering guidance, encouragement, and insights were instrumental throughout
the duration of my thesis, and for that, I am profoundly grateful.

I would also like to extend my thanks to NOVA School of Science and Technology
for providing me with the tools, knowledge, and academic environment that have been
critical in enabling me to complete this work.

To my friends and family, thank you for your constant encouragement and belief in
me over the years. Your support has been a cornerstone of my journey. A special mention
goes to my girlfriend for her steadfast patience and assistance throughout this challenging
period.

ii



ABSTRACT

Vision and language models have achieved remarkable results by leveraging cross-
modality encoders that connect visual and textual information. However, training such
models with large amounts of data is computationally expensive. To address this, recent
models have employed frozen pre-trained image encoders and large language models
(LLMs), focusing on efficiently transforming visual embeddings into a format that can be
processed by text decoders.

In this dissertation, we investigate the methods for establishing this vision-to-language
connection. Building upon the framework used to train the Fromage [14] model, we
conduct ablation studies to explore various techniques for extracting and transforming
visual embeddings to be used as input of the text decoder. We focus on two primary
architectures: (1) one that extracts a single visual embedding from the encoder and
converts it into a sequence of embeddings using a linear transformation, and (2) one that
extracts all token embeddings from a given layer and transforms them into a sequence
of embeddings using cross-attention. Our experiments examine the impact of varying
the number of embeddings generated and the choice of the encoder layer from which the
embeddings are extracted. We evaluate model performance across several tasks, including
image captioning, retrieval, and visual question answering. Based on our findings, we
conclude that utilizing multiple visual token embeddings as decoder inputs significantly
improves model performance.

Additionally, following this framework, we trained a new generative model for Eu-
ropean Portuguese. As part of this effort, we created a Portuguese vision-and-language

dataset by translating existing English datasets using machine translation.

Keywords: Visual Question Answering, Natural Language Processing, Multimodal Mod-
els, Contrastive Learning, Retrieval
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REsumMo

Modelos de visdo e linguagem tém alcangado resultados notédveis ao utilizarem encoders
multimodais que conectam informacao visual e textual. No entanto, treinar esses modelos
com grandes quantidades de dados é computacionalmente caro. Para contornar esta
limitagdo, modelos recentes tém utilizado encoders de imagem pré-treinados e congelados,
assim como Large Language Models (LLMs), concentrando-se na transformacao eficiente
de embeddings visuais para um formato que possa ser processado por decoders de texto.

Nesta dissertacdo, investigamos os métodos usados para estabelecer esta conexdo entre
visdo e linguagem. Baseando-nos na arquitetura usada para treinar o modelo Fromage [14],
realizamos estudos de ablagdo para explorar vérias técnicas de extra¢do e transformacgédo
de embeddings visuais para serem usados como entrada do decoder de texto. Focamo-
nos em duas arquiteturas principais: (1) uma que extrai um tinico embedding visual do
encoder e converte numa sequéncia de embeddings através de uma transformacao linear,
e (2) uma que extrai todos os tokens de uma camada especifica e transforma-os utilizando
cross-attention.

As nossas experiéncias examinam o impacto de variar o nimero de embeddings
gerados e a escolha da camada do encoder de onde sdo extraidos os embeddings. Ava-
liamos o desempenho do modelo em vérias tarefas, incluindo legendagem de imagens,
recuperacdo de imagens e resposta a perguntas visuais. Com base nos nossos resultados,
concluimos que a utilizagdo de vérios embeddings visuais como entrada do decoder
melhora significativamente o desempenho do modelo.

Além disso, seguindo este enquadramento, treindmos um novo modelo generativo
para portugués europeu. Como parte deste esforgo, cridmos um conjunto de dados de
visdo e linguagem em portugués, traduzindo conjuntos de dados existentes em inglés

utilizando tradugao automatica.

Palavras-chave: Visual Question Answering, Processamento de Linguagem Natural, Mo-
delos Multimodais, Aprendizagem Contrastiva, Retrieval
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1

INTRODUCTION

1.1 Context and Motivation

Vision and language are two of the most extensively studied modalities in Al, with
significant progress achieved across various tasks. Recently, there has been a tremendous
advance in multimodal models, particularly those that combine vision and language.
These models enable a more comprehensive understanding of the world by integrating
visual and textual information, leading to breakthroughs in tasks such as image captioning,
visual question answering, and image-text retrieval. Advancing these vision-and-language
models is crucial for the continued evolution of Al and its ability to understand and interact
with the world.

However, training large vision and language models from scratch can be prohibitively
expensive. To address this, it is essential to explore methods for adapting existing models.
This is often achieved by leveraging pre-trained vision models and pre-trained language
models. A common approach is to use a vision model as an encoder, which transforms
an image into a vector or a set of vectors, known as embeddings, that represent the
image’s content. Meanwhile, a large language model can be used as a decoder, capable of
generating text from a text input and the image embeddings.

Combining vision and language models is not trivial, and there are numerous ways
to design such systems. In this work, we focus on models where both the image encoder
and the text decoder are frozen—their weights remain unchanged during training—and
we only train a function that transforms the image embeddings. However, there are other
approaches, such as training models where the encoder and decoder are not frozen, or
using more complex methods to connect these two components.

1.2 Problem Definition and Objective

The general research problem of this dissertation lies in how to bridge the visual and the
textual modalities, specifically how to bridge a visual encoder with a text decoder. To
explain our problem, let’s start by defining what we mean by a visual encoder and a text

1



CHAPTER 1. INTRODUCTION

decoder. We define these models as the following functions:

e Vision Encoder:
f() =Y, (1.1)

where [ is an image and Y, € RN*% represents a sequence of N visual embeddings,

each one being a vector of dimension d,.

¢ Text Decoder:
g(Z) = Toutput/ (1.2)
where Z € RMX4: is a sequence of M text embeddings each one being a vector of

dimension d;, and Toytput € RP xd: ig the generated sequence of p output text tokens
that are then transformed into text.

This means that our visual encoder transforms an image into a sequence of vectors (or
1 vector if N = 1), and the text decoder transforms a sequence of vectors (or 1 vector if
M = 1) into text. In a Generative Vision and Language model, the goal is for the decoder
to generate text based on the image I as well as an input text Tj;pt.

To enable the text decoder to generate text based on both the image and the input text,
we need a way to map the visual information into the same space as the text tokens. Let
Z; be the sequence of embeddings corresponding to the input text T;;,p,:. We define a
bridging function & that transforms the visual embeddings Y; into a compatible format
with the text embeddings. The output of this bridging function is Z,, a sequence of vectors

in the same dimensional space as the text embeddings:

h(Yy) = Z, € RMoxd: (1.3)

Here, Z, represents the visual embeddings in the text embedding space after the
transformation, being composed of M, embedding with dimenstion d;. Note that our
function h transforms N vectors into M, vectors, these values may not be the same
depending on what function we use, as it will become clearer when we present the
different functions later on.

Once we have Z,, the transformed visual embeddings, we combine them with the
text embeddings Z; from the input text T;;;p,t. The combined sequence Z is formed by

concatenating the visual and text embeddings,
Z=1[2y,2] € R Mo+Mi)xd;

where the combined sequence Z is then passed to the text decoder g(Z), which processes
the mixed modality input and generates the output text Toyspyt. In a practical example,
consider an image I representing a dog in a park and an input prompt T;;;,¢, such as "A

dog is". The process would proceed as follows:

1. Visual Encoding: The image I is passed through the visual encoder f(I), producing
visual embeddings Y.
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2. Text Encoding: The input text T;;;,; is converted into a sequence of text embeddings
Z;.

3. Bridging Function: The visual embeddings Y, are transformed by the bridging
function h(Y;) into Z,, so that they reside in the same embedding space as the text
tokens.

4. Concatenation: The visual embeddings Z, and text embeddings Z; are concatenated

into a unified sequence Z = [Z,, Z;].

5. Output Generation: The combined sequence Z is passed to the text decoder, which

generates the final output text, such as "A dog is running in the park".

The central objective of this dissertation is to explore the bridging function / that
transforms the output embeddings from the visual encoder into a form compatible with
the text decoder. Specifically, our goal is to find / such that the transformed visual
embeddings Z, = h(Y,) can be seamlessly integrated into the text generation process of
the decoder.

The simplest approach would be to directly use the output of the visual encoder Y,
as input to the text decoder, making h the identity function. This approach would only
be feasible if the dimensions of the visual embeddings d, and the text embeddings d; are
identical (i.e., d, = d;). However, even in such a case, the embeddings from the visual
encoder would reside in a different latent space from the text embeddings, meaning that
the text decoder would not properly interpret the visual embeddings.

Therefore, it is crucial to design a bridging function h that can map visual embeddings
Y, into the same semantic space as the text embeddings Z;. This will allow the text decoder
g to process the concatenated sequence Z = [Z,, Z;] and generate the final output text
Toutput-

In mathematical terms, the complete process can be described as:

§(Z =12, h(Y, = f(D)]) = Toutput/ (1.4)

where f is the visual encoder, g is the text decoder (both typically frozen), and # is the
bridging function that is trained to enable smooth modality interaction.

This dissertation focuses on investigating different architectures and strategies for
the bridging function /i, with variations in the number of visual embeddings N and the
dimensionality M,, in order to optimize the performance of the vision-and-language
model.

1.3 Contributions

The main contributions of this dissertation are:
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1.4

A comprehensive literature review detailing various approaches to bridging vision

models with natural language models in Vision and Language systems.

The development of European Portuguese Vision and Language datasets through
machine translation of widely used English datasets.

The creation of a new European Portuguese Vision and Language model designed

for multimodal tasks.

Submission of an article presenting the European Portuguese Vision and Language
datasets and model.

An ablation study on different bridging functions for Vision and Language models

with frozen encoders and decoders, evaluating their impact on model performance.

Document Structure

Chapter 2, Background: In this chapter we introduce some of the base concepts
important to understanding the rest of the document. This includes the base elements

used to process images and text and how these are trained.

Chapter 3, Related Work: In this chapter we present some of the most important
Vision and Language architectures, exploring the different possibilities for encoder

models and the different decoder state-of-the-art models.

Chapter 4, V&L Tasks and Datasets: In this chapter we present some of the different

datasets and tasks used to train and evaluate Vision and Language models.

Chapter 5, A Portuguese Vision and Language Model: In this chapter we present
the paper we submitted, presenting a new European Portuguese Generative Vision
and Language model and new Portuguese datasets by translating commonly used
English datasets using machine translation.

Chapter 6, Ablation Study: CLS based models: In this chapter we present an
ablation study following the FROMAGe [14] architecture where we extract CLS
tokens from the visual encoder and study how the model behaves by changing the
layer from we extract, in how many tokens we transform it and how we can use CLS

tokens from different layers together.

Chapter 7, A Ablation Study: All tokens Based Models: In this chapter we present
an ablation study similar to the previous one but where instead of using only CLS
tokens we use all tokens from a given layer. We try different strategies to transform
and reduce these tokens, ending up with a cross-attention mechanism from which

we then explore the number of tokens and ViT layer.
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¢ Chapter 8, Conclusions: In this chapter we present our conclusions with our main

takeaways and possible future work.



2

BACKGROUND

2.1 Elements of Vision and Language Model Architectures

Before exploring how multimodal models handle image and text processing together, it
is essential to first understand how each modality is processed individually. This section
focuses on the core architectures used for single-modality processing, the Transformer
and Convolutional Neural Networks.

2.1.1 Transformer

The most common algorithm used to encode text is the transformer, in this section we will
explain step by step how it works.

Decoder

|
I -
I I

\
: Add & norm [ :
I I
I
| Positionwise :
Encoder : FFN :
I I
I ]
Reaintuinials inlnlalaie \ 1 Add & norm [y |
I~ Add & norm : : [ :
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| : | Masked |
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Sources Targets

Figure 2.1: Architecure of the Original Transformer, with an encoder and a decoder. [43].



2.1. ELEMENTS OF VISION AND LANGUAGE MODEL ARCHITECTURES

The original Transformer [37] is composed of two parts, an encoder which will trans-
form the text into embeddings, and a decoder which will create new text as we can see in
tigure 2.1. Most recently, it is common to use only a decoder or only an encoder depending
on the use.

2.1.1.1 Tokens and Embeddings

The first problem we have when trying to process text is its unstructured nature, in order
to give it a structure the text needs to be tokenized, this means that the text will be broken
into words, terms, sentences, symbols, or some other meaningful elements called tokens.
Given a text T, a tokenizer will transform it into a sequence of these so called tokens
(to, t1,---,tN).

Now in order for a model to fully understand these tokens, they will be transformed
into embeddings which are vector representations that capture semantic information
about the tokens. These vectors are designed to encode relationships in a way that a
machine learning model can understand and learn from.

After replacing the tokens with the corresponding embeddings we have a vector
sequence X = [xo, X1,...,XN] € RN* ywhere N corresponds to the number of tokens the
text has been broken into and d the dimension of the vectors.

2.1.1.2 Positional embeddings

In language, the order and position of words are important to understand a sentence. In
order to give the position information of each token in a sequence, positional embeddings

pos pos] € RNX? each vector

are used. These will be learned vectors X?% = [xgos, X1 e Xy

xh’ representing the n-th position.
Now we add these positional embeddings to our initial sequence of vector X, obtaining

the following sequence of vector which will be the input of the transformer:

Y0 = X + XPOS = [x0+xgos,x1+xfos,...,xN+x§IOS (2.1)

2.1.1.3 Self-attention

The most important feature of the transformer is self-attention, it allows the model to
compute each token with respect to the others. Let Q' = XW<!, K/ = XWX and V' =
XWV! where WQ! € R¥*dq WKI ¢ Rixdg and WV! € R are trainable weight matrices
for layer I, we have Q! € RNxdq Kl € RN*d3 and V! € RN*4_ In order to avoid a too
confusing notation, we will be using these matrices without the / but it is important to

note that this will work inside some layer. We define Attention as:

AtHQ,K, V) = w (QKT) v 2.2)

where w(e) = softmax(O/\/%). This means that if we have O = Att(Q, K, V), letq; , k; ,
vj, 0j be j-th rows from Q, K, V, and O respectively then o; will be a weighted average of

7



CHAPTER 2. BACKGROUND

all the v; ’s where the weight of each v; will be decided by the inner product of q; with k;.
In practice, this means that for each token x; we will output a token o; that took attention

from all the tokens.

2.1.1.4 Multi Head Attention

Since there are multiple relationships that the tokens can have between each other, a multi-
head attention architecture is used to concatenate the output of multiple self-attentions. In
equation 2.3 we see how this is computed using WO € RH%*? to reduce the dimensionality
back to d, @ is denoting concatenation and / identifies the head.

MHA(X)=(01®0,®---® Oy)W° (2.3a)
Oy, = Att(Q,K, V), (2.3b)

where H is the total number of heads.

2.1.1.5 Normalization Layer

Each transformer layer will be composed of a multi-head attention layer and a feedforward
network layer, each of these layers will be followed by layer normalization with a residual
layer. A residual layer consists of adding the output of a layer to the input, for an input X
and a function f we would have f(X) + X.

Layer Normalization consists of normalizing the output of a layer getting LN (X) = %
where u and o correspond, respectively, to the mean and the standard deviation. This
way, for each Transformer layer we will have two trainable matrices W; and W, obtaining

the final output of the transformer layer as

M = MAB(X) = LN(X + MHA(X)) (2.4a)
FFB(M) = LN(M + ReLU(MW;)W5) (2.4b)

This way we get that Y1 = FFB(MAB(Y")).

2.1.1.6 Contextual embeddings

As explained earlier, text embedding involves transforming words into vectors that repre-
sent their meanings in relation to other words. Some algorithms only perform this initial
step, using a dictionary-like approach where each word is transformed into a static vector,
independent of the surrounding context. While these algorithms have proven useful,
they do not account for contextual information, as they assign a single representation
to each word, regardless of how it’s used in different contexts. However, it is crucial to
acknowledge that a word can have multiple meanings. For instance, the word left in the
sentence "I left my phone on the left side of the table.” carries two distinct meanings. This

8
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Next word long and thanks for all
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Figure 2.2: Structure of a transformer decoder. [11]

is where the transformer architecture becomes essential. By using mechanisms such as
self-attention and positional embeddings, transformers can capture the context in which
a word appears, producing what we call contextual embeddings. These embeddings
provide a more nuanced representation of words based on their specific usage within a
sentence.

2.1.1.7 Decoder

Until here we described how the transformer encoder works, now we will see how the
decoder works. A transformer decoder works similarly to the transformer encoder but
with some important differences. First of all, instead of self-attention, we have causal
self-attention meaning that each token will pay attention to itself and the previous tokens
but not to the preceding tokens. This happens because it predicts the next token with the
present tokens, using softmax over the vocabulary to get the probabilities of each token,
choosing the one with the highest probability. The selected token is then attached to the
input to generate the next token until it has generated the answer, as seen in figure 2.2.

Instead of predicting always the token with the highest probability many decoders
use beam search which takes the top n tokens to compute the next top n tokens until some
number of tokens ahead, which will be the beam size, and then choose the token with
which the combination with the highest probability begins.

2.1.2 Image Encoders

Next, we aim to apply a similar process to images, transforming them into vectors that can
effectively represent the content within the image. It is important to note that an image
can be seen as a tensor I € RF>WXC where H is the height and W the width, each pair
(h, w) corresponds to a pixel usually with 3 channels (C = 3) using to the RGB system.
The following methods will work with this tensor.

9
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2.1.2.1 Convolutional Neural Networks

One of the most important and most used algorithms for Image processing is the Con-
volutional Neural Network (CNN) [16]. CNNs are very useful because their structure
has inductive biases for images by introducing components that take into account the
structure of images.

The main component of CNNSs is the convolutional layer, implementing convolution
operations which are composed of kernels that work as sliding windows that will multiply

point-wise and sum the values of the window, as shown in figure 2.3.

Input Kernel Output
01112

0] 1 19| 25
3|45 * =

2|3 37|43
6|78

Figure 2.3: Computation of a convolution [43].

There are other components used in CNN architectures like Average pooling and
max pooling that downsample the convolution operation by averaging the values in the
window or getting the maximum of the values, reducing the output dimension. These
possible components of CNNs work well with images because besides maintaining the
image structure they have important properties like translation invariance, meaning that

some object in the image will produce the same output wherever it is.

2.1.2.2 Linear encoding of Image Tiles

Another way of encoding images is with a transformer, using image tiles as tokens, this is
called Vision Transformer (ViT) [10]. Let I € RF*WXC be an image, where H is the height,
W is the width and C is the number of channels. This image is transformed as a sequence
of flattened tiles of the image Iyatches € RNX(P ZC), where (P, P) is the resolution of each
patch and N = HW/P? the length of our sequence of tokens. These patches are processed
by a linear transformation, concatenated with a special class ([CLS]) token, and summed
positional embeddings to transform them in the inputs of our transformer, X € N + ¥ X .
This is illustrated in figure 2.4, and as we can see the final embedding of this special
token is usually used as a representation of the whole image, being used for tasks like
classification as in the figure.

A model also used is a hybrid of those two, where features are extracted from a CNN
and then the patches are created from the resulting image. Even though CNNs have the
advantage of having an inductive image bias, when trained with a lot of data the Visual
Transformers perform on par with CNNs but are much more efficient since most of the
computations can be done in parallel, for this reason, most VQA SOTA models use ViT.

10
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Figure 2.4: Visual Transformer Architecture [10]

2.2 Learning

Now we will see how to train Vision and Language models. We need loss functions
that will be minimized, tasks that this minimization aims to achieve, and algorithms to
minimize the loss. This will be done using batches created with data from some dataset.
Therefore we need all these ingredients in order to properly train a model, we will now
see how each of these works.

2.2.1 Loss functions

Before presenting the various loss functions we present a common notation in order to
better understand the differences and similarities between the losses.

We willuse X = {x1,...,xny}and Y = {y1, ..., ym} from our data, this can represent
observations and its labels/classes or different observations that we want compare. If x is

of class y or x and y are similar we call (x, ) a positive pair, otherwise is a negative pair.

2.21.1 Cross-Entropy Loss

Most models whose purpose is to output a token or a label to obtain these outputs,
tirst obtain a vector where each value corresponds to a probability (between 0 and 1)
of outputting a certain label/token, this means given and input x the model will give a
probability p(y|x) for each possible answer y.

The cross-entropy loss compares the given probabilities with the ground truth, usually
a vector full of 0’s but a 1 in the place corresponding to the right answer.

Cross-entropy loss increases as the predicted probability diverges from the actual label.
Given an input x and a label y, in the case where we only have two classes, thisis y = 1 or

11
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y = 0 cross-entropy can be computed as:

H(x,y) = ylog(pe(y|x) + (1 - y)log(1l - pe(y|x)) (2.5)

This loss allows us to train the parameters of this probability function pg in a way that it
is close to 0 if y is 0 and close to 1 if y is 1.

In the case where we have more than two classes cross-entropy will be computed as:

M
H($,p) = = ) bry log(p(ylx)) (26)
y=1

where M is the number of classes, ¢ the binary indicator (0 or 1) if the class label y is the
correct classification of observation x. Since ¢ is binary, being always 0 except when we y
takes the right label y* we can rewrite it as:

H(x) = —log(p(y*|x)) (2.7)

2.2.1.2 Softmax loss

In order to compute the above probability p(y*|x) we can use the softmax function as

follows:
ef@(x/y+)/T

Zer efolx.y)/t (2.8)

p(y*lx) =

This way we train a function fgp : X X Y — R, we can also represent this function as
fo : X— > RM, giving us for each label y a value that will be transformed this way in a
probability. This function will take the largest values when the (x, y) is positive, i.e. x is of
class y, and take small values otherwise. Using the exponential we grant that the values
are positive and dividing by the summation we grant that the probabilities sum to 1. The
hyper-parameter 7 is called temperature, for higher temperatures (t — oo) this gives us
a uniform probability distribution, for lower temperatures (7 — 0) the probability of the
class y corresponding to the higher value in f has a probability of 1. This way we end up
with the following loss:

ef@(xry+)/T

Zer efolx.y)/t 29)

Lsoftmax(x/ y+, Y,0)=— log
where once again y* represents the true label of x.

2.2.1.3 Constrastive loss

The goal of contrastive loss is for similar observations to be close and different observations
to be far from each other in the embedding space. Here Y will be observations and not
labels, in some cases X = Y. To do this we will train 2 functions g¢(.) : X — R and
ho(.) : Y — R, that will put X and Y in the same embedding space (in the case that
X =Y, g = h). We want these functions to be in a way such that || f(x;) — g(y;)I| = 0 if

12
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Figure 2.5: Illustration of the triplet loss. By minimizing the loss, the negative pair stays
farther than the positive one from the anchor by the margin.

(xi,y;) is a positive pair and || f(x;) — g(x;)|| > ¢ if (x;, y;) is a negative pair, where ¢ > 0 is
a hyper-parameter. This way we get the following loss function:

Lcont(xi/ y]I 6) = qui,y]‘d(g@(xi)/ h@(]/])) + :H-(]- - (Px,‘,}/j) max(O, &€= d(g@(xi)/ h@(y])) (210)

where once again ¢y, y; is a binary function representing whether (x;, y;) is a positive pair.

2.2.1.4 Triplet Loss

The triplet loss is one of the most popular loss functions for supervised similarity. It is
similar to the contrastive loss as it also encourages dissimilar objects to be distant from
each other and similar objects to be close. This time our margin ¢ represents the minimum
difference we want between similar and dissimilar objects. With this idea in mind, this
loss is used with triplets (x, y*, y~) where we call x the anchor (x, y*) is a positive pair
and (x, y~) is a negative pair, as we can see in figure 2.5. As we want y* to be closer to x
than y~ we will have the following loss:

Ltriplet(x/ y+/ y_r 6) = max (0/ d(g@(x)/ h@(y+)) - d(f@(X), f@(y_)) + 'S) (211)

2.2.1.5 Lifted Structured Loss

Lifted Structured Loss follows the triplet loss idea but uses all positive and negative pairs
at a time instead of a triplet with an anchor a positive and a negative. Let  and N be
the set of positive pairs and the set of negative pairs respectively we want the distance
between positive pairs to be close to 0 and the distance between negative pairs to be at
least ¢. Let D;; = d(go(vi), he(y;), for each positive pair (i, j) we want to minimize D;; and
maximize D; x or D; x where k is the negative observation closest to either i or j. This way
we obtain the following loss:

1 ..
Lstruct = W Z max(O, Lii]rzlct)z
» “DeP 2.12)
h S =D+ -~ Dy, -~ D,
where Ly = Dij +max ( max e =Dy, max e = Dji)

13
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The red part is used for mining hard negatives. However, it is not smooth and may

cause the convergence to a bad local optimum in practice. Thus, it is relaxed to be:

L)) =Dij + 10g( Z exp(e — Dix) + Z exp(e - Djl)) (2.13)
(i,k)eN (G.eN

2.2.1.6 Supervised Contrastive loss

Supersived contrastive loss generalizes the triplet loss to include comparisons between
multiple negative pairs. This way instead of an anchor, one positive observation and
one negative observation we use an anchor x, one positive y* and N — 1 negatives

Y™ ={y;,---,Yn_1}- We get the following loss:

exp(g(x) h(y*)/7)
exp(g(x)Th(y*)/7) + LI exp(g(x)Th(y;)/7)

LNpair(x, X7, X7) = —log (2.14)
we can now observe that if take fy(x,y) = g(x)"h(y) which computes a similarity score
between x and y we get the softmax loss. The difference between these two being that for
the softmax y represents a label and here y represents an observation.

2.2.1.7 NCE

Noise Contrastive Estimation (NCE) uses logistic regression in order to separate the target
answer from noise, which correspond to the positive and negative observations. Given
some context x , we have y* ~ pg(y*|x). For the negative observation, we have y~ ~ g(y~)
where g represents a noise distribution. Applying the logit function used by the logistic

regression we obtain:

po(u)
q(u)

Now we convert the logits into probabilities with the sigmoid function ¢(.) and apply

to(u) = log = log po(u) — log q(u) (2.15)

the cross-entropy loss, obtaining the final loss:

1
N
1

M=

LNCE = — [log o(l’g(y;r)) +log(1 - a(fg(yi_)))]

(2.16)

=l
—_

_ _Po
1+ exp(=¥) - po+q

where ¢({) =

2.2.1.8 InfoNCE

The InfoNCE loss is inspired by the NCE loss and uses categorical cross-entropy loss to
identify the positive observation amongst a set of noise observations.

The main idea of this loss is that given the context x the positive observation should
be drawn from p(y|x) and the negative ones from p(y). This way by taking a sample
Y = {y1,...,ym} with only one positive sample y*, the probability of detecting the
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positive sample correctly corresponds to the probability of observing this sample when
y* is drawn from p(y|x) normalized by the sum of the probabilities of each y; being the

one to be drawn from p(y|x), this is:

py*lx)

W10 Tz, iy P(Y2) * A
p(C = pos|Y, x) = Zy LMty PV b (),l - = AJ;(X ) 1)
S [P Wi Tz, paiie P g PO 8 £(x, )
=1 p(y))
where we train the function f(x, y) o p;ﬂ?. Obtaining the following loss:
_ f(xpos, c)
Linfonce = —E [ log m] (2.18)

We can see the function f trained for the InfoNCE loss as a similarity function, if we
take it as f(x, c) = e8® MY/ we get the Supervised Contrastive loss. This way although
they seem to have different inspirations, we can see the InfoNCE as a generalization of the

supervised contrastive loss.

2.2.2 Tasks
2.2.2.1 Masked Language Modeling (MLM)

Masked Language Modeling is one of the most common task for language modeling pre
training but is also used for V & L models.

Let m € N where m is the number of masked tokens and m is the set of masked
indices. Given an image-text pair some of the words will be randomly masked and the
masked ones w,, will be replaced with a special token [MASK].

The goal is to train the model to predict the masked words based on the other words
W\, and the paired image ¥ by minimizing the loss corresponding to the negative
log-likelihood:

Ly (0) = ~E [1og P (b, 9)] 219)

2.2.2.2 Image Text Matching (ITM)

In ITM, given a batch of matched or mismatched image-caption pairs, the model needs to
identify which images and captions correspond to each other. This way, given an image-
caption pair (9, w) the model will output a score sg(¥, W), here it is used the cross-entropy
loss for two classes (1 if the pair matches, 0 if it doesn’t), obtaining the following;:

Lirm(6) = —E [y log(se(d, ®)) + (1 — y) log(1 — s6(8, w))] (2.20)

2.2.2.3 Constrastive Learning

Contrastive learning is a commonly used pre training task that aims to map the image
and the text into the same feature map, this means that a picture of a dog and the word
"dog" should be represent by similar vectors. This usually works using an image encoder
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and a text encoder that will be trained from large datasets with image-caption pairs. A
constrastive loss function is used to maximize the similarity of the embbedings of image-
text pairs if they match and minimize the similiarity if they don’t. An example of a model
that uses this training is CLIP [28] that uses a cosine similarity and we can how this
contrastive learning works in figure 3.4 where the values in blue are to be maximized and
the ones in white to be minimized.

This way let v; and w; be the embeddings corresponding to image i and caption j we

want these embeddings to be similar when i = j and not similar when i # j, let sim be
i2t £2i

a similarity function, s;j = sim(v;, wj) and S;j = sim(w;, vj) we want to minimize the

following losses:

N exp (s /o
. 1 i,i
L (0) = -5 > log — ( _Zt) (2.21)
i=1 ijl exp (511',]‘ /o)
N exp (5% /o
. 1 i,i
LI (0) =~ > log - ( tz_) (2.22)
i=1 ijl exp (si/]?/a)
Now a common way to do it is to get the mean of these two losses:
1, . ,
Lite (0) = 5 [ Lyt (0) + Lz (0)] (2.23)

It is important to note that these losses correspond to the Supervised Contrastive Loss
or the InfoNCE where equation 2.2.2.3 uses the images as the X and the text as the Y and
equation 2.2.2.3 uses X as the image and Y as the text.

2.2.2.4 Causal Language Generation

Causal Language Generation is the main task to train language models because it focus
on predicting the next word as we have seen previously about Large Language Models,
looking back at figure 2.2 we see how this task is handled, by predicting the words
one by one, taking only attention to the previous words. Given a sequence of words

w = w1, ..., w, the general training objective is to minimize the loss:
n
Lequsal (6) = ) og po(w;|we;) (224)
i=1
For vision and language models we can add some context ¢ with can be some previous

text, an image or both, obtaining:

Leawsat (0) = " log po(aw;lwei, c) (2.25)

i=1
2.2.3 Model Optimization

In order to minimize the loss function we need an optimizer, that is, an algorithm that
tries to find the parameters that give us the lowest loss values. We will now see how these
algorithms work in order to train our models.

16



2.2. LEARNING

2.2.3.1 Gradient Descent

Most optimizers are based on Gradient Descent which uses the gradient of the loss
function, that is, the derivatives with respect to all the parameters. Let f be a function
and 0 = [0y, ..., On] the inputs of our function. We want to find a 6 that minimizes f(0).
Using the first-order Taylor expansion we have that:

f(O +e)=f(0)+eTVF(O) +O(lell?). (2.26)
Now we take € = —nVf(0):

f(O =nVf(0) = f(x) = nVf2(0) + OV f3(0)). (2.27)

with this idea in mind, we can predict that for an € small enough we have:

f(O=nVf(0)) < f(n). (2.28)

For gradient descent, we first choose an initial value for 6 (usually random) and a
value for 17, and each iteration of our algorithm we will have:

6 — 6 —nVf(6). (2.29)

2.2.3.2 Mini-batch Stochastic Gradient Descent

In order to compute the gradient we would need to compute it for every observation on
our dataset. For a large dataset that would be very expensive and inefficient therefore
we will take a sample from our data and obtain an estimation of the gradient from that

sample. These samples correspond to the batches explained above. This way we obtain:

1
8t = ae@éf(xi,e) (2.30)
t
where B; is our batch and x; € B; the observations from our batch. This way for each
iteration we have:
0« 06— N8t (231)

where we have 7, instead of a constant 1) because we want our training rate to decrease
with time in order to converge faster.

To this algorithm, we call Mini-Batch Stochastic Gradient Descent. When |85;/|, that is,
the gradient is calculated only with one observation, we call it just Stochastic Gradient
Descent.

2.2.3.3 Stochastic Gradient Descent with Momentum

To handle the variation introduced by our sampling we can add momentum, this way we
introduce a velocity vector v that corresponds to a leaky average of the past gradients. We
define it as:

Ut = Bor-1 + &t (2.32)
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with g € (0, 1), this way we have:

t—

U = ﬁigt—f (2.33)

T

—_

Il
o

For each iteration of our algorithm we will have:

vt — PUi_1 + i, (2.34)

Qt — Gt_] — Nt 0.

2.2.3.4 Adagrad

This optimizer changes the learning rate taking into account the magnitude of the gradients,
i.e.,, with larger gradients, we will have smaller learning rates. With this idea, we will

accumulate the squares of the gradients into a variable s; and we will define the learning
1
Vsi+e®

rate as Obtaining at each iteration:

_ 2
St =Si-1+ 8},

(2.35)
Or = 611 —

8t-
St t+€

2.2.3.5 RMSProp

Accumulating the squares of the gradients as in Adagrad makes s; grow without bound,

RMSProp changes slightly the way we compute s; using a new parameter y > 0 obtaining:

st =ysi1+(1 - V)gf,

(2.36)
Or = 01 —

8t-
St +€

2.2.3.6 Adam

The Adam optimizer is one of the most used optimizers and fuses the ideas from the

momentum as well as from the RMSProp, using both v; and s; defined as:

vy = B1op-1 + (1 = B1)8t,

(2.37)
st = Basi—1 + (1 — B2)g?

with 1, f2 > 0. Common choices are 1 = 0.9 and ; = 0.999. Now these vectors are

normalized obtaining:
(4 St

= and §; = .
1-p] 1-p;

04 (2.38)
and finally we get 6; « 0;-1 — g/ where

, 10t

% mre
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Figure 2.6: Comparison and examples of different scheduling functions. [43]

2.2.3.7 AdamW

We can add a weight decay in our optimizer in order to avoid overfitting. AdamW subtracts
from our weights the term A0 in order to avoid large weight values. This way we maintain
everything in the Adam optimizer except that:

A

et<—9t_mt( \/ﬁvfr +/\6t_1) (2.40)
St T+ €

where 7 is a scheduled multiplier.

2.2.3.8 Learning Rate Scheduling

In AdamW we used scheduled the learning rate ;. This means that we use a predeter-
mined function that gives us the learning rate at each timestep, usually at each epoch. As
mentioned earlier to get a good convergence we want the learning rate at the end to be
small, creating decreasing functions. Some of the most used functions are:

e Factor Scheduler - ;41 < 1 - a for a € (0, 1) or n¢41 < max(min, 1)t - @) to prevent
the learning rate to be unreasonably small.

¢ Multi-Factor Scheduler - it works similar to Factor scheduling but in "steps" this
means that we will have a set of timesteps and the decrease 111 < 71 - a only

happens when t € s.

¢ Cosine Scheduler-n; = nr+ w (14 cos(nt/T)) fort < Tandn; = nrfort > T, this
function decreases the learning rate slowly at the beginning, smoothly transitioning

from the maximum 7 to the minimum 7.

In figure 2.6 we can see how the mentioned functions behave. All these functions are
based on the idea that we would start with larger learning rates that would decrease, but
large initial learning rates may be a problem since expect significant divergence due to the
random initialization of neural network weights. To address this we can add a warmup

period in which the learning rate increases to its maximum, usually increasing at a linear
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rate, only after this warmup period is the decreasing scheduling function applied. In
figure 2.7 we can see how the cosine scheduler function would be with warmup.

0.3+

0.2+

0.1+

0.0 1

0 10 20 30

Figure 2.7: Example of a cosine scheduler function with a linear warmup. [43]

2.24 LoRA

Pre-training a model is computationally expensive and can take a long time. Therefore
after the pre-training, we want fine-tuning not to be that expensive, but a full fine-tuning
requires to that the derivative with respect to every parameter. For large models with
billions of parameters this would still be very inefficient. For a weight matrix Wy € R
we would get the derivatives with respect of each dr parameter and update the matrix
obtaining Wy + AW. It was found that during fine-tuning this matrix AW is not full rank
having low intrinsic dimension. With this knowledge Low-Rank Adaptation (LoRA) fine
tunes decomposes AW into BA where B € R and A € R™k where r < min(d, k). This
way we froze the matrix Wy and only train r(k + d) < kd parameters, making this training

more efficient.

2.2.5 Batch creation

We cannot use all the observations of our dataset for each iteration of our training therefore
we need to create batches. The most basic batch creation strategy is to choose a batch size
N and choose N random observations every time, but this may have some problems for

example:

1. Wrong format - depending on the task we may have to transform the data in order
to have observations that can be processed by the loss function,

2. Bad sampling - sampling uniformly may be inefficient for the task at hand,

3. Not enough variation in the data - the dataset may be small or have little in-class

variation requiring the use of data augmentation.

In tasks such as contrastive learning or when using the triplet loss we need to extract
data from the dataset in such a way that we have an anchor, positive pairs and negative

pairs.
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22,51 Sampling

When sampling for a contrastive task we usually want for each positive pair many negative
observations. When choosing the negatives uniformly we may have a lot of easy negatives,
that is, negative observations that are far enough from the anchor, for the triplet loss this
corresponds to d(ge(x), he(y*)) + € < d(fo(x), fo(y~)). We prefer to have more semi-hard
negatives (d(go(x), ho(y*)) < d(fo(x), fo(y~)) + €) or hard negatives (d(fo(x), fo(y™)) <
d(ge(x), he(y™))) this way the training would be more efficient by taking more effort in
separating the negatives from the positives.

This problem leads to hard negative mining and semi-hard negative mining, which
corresponds to the creation of batches where we choose the negatives that are hard or semi-
hard respectively. With these ideas, we can build many different sampling approaches.
One problem regarding semi-hard and hard negative mining is that when the distance is
closer to zero there is a higher effect of the noise increasing the variance of the gradient.

. — =01 === o =0.09 '6. A Uniform sampling
- 0.8 P g =008 ====0 =0.07 0.8 o Hard negative mining
R';S . =e=+ 0 =006 o =0.05 DSEmi—hard negative mining
) 0.6 —0 = 0.04 === ¢ = 0.03 0.6 oDist:mcc weighted sampling
B N een 0= 0.02----0 =001
Z 04 o~ i i 0.4
2
S 02 0.2
0 h Sormsmet DR ] 0 ;
0 0.5 1 L.5 2 0 0.5 1 1.5 2
Distance between examples Distance between examples
(a) Variance of gradient at different noise levels. (b) Sample distribution for different strategies.

Figure 2.8: a) shows the nuclear norm of a noisy gradient estimate for various levels of
noise (b) compares different sampling strategies. [41]

Figure 2.8 (a) shows this variance effect. Note that in these embedding approaches,
the vectors are usually normalized, lying on the surface of a hypersphere, leading to the
fact that by choosing two random points their expected distance is V2. [41] introduces a
sampling strategy that aims to sample uniformly by distance by setting the probability
of choosing some negative n given an anchor a as P(n* = n|a) o« min(A, g71(D,y,)) where
we choose some A, g is the distribution of the distance between two random point and
D, the distance between a and n. This means that the probability of including # in the
sample is proportional to the inverse of g but using A to guarantee a minimum probability.
Figure 2.8 (b) shows the difference in the distribution of distances between this sampling

strategy and others used.

2.3 Summary

In this chapter, we presented an introduction to the components that are used to create
Vision and Language models. We started by presenting how language is processed
explaining in detail one of the most important algorithms in Natural Language Processing,
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the Transformer. Then we explained one common algorithm to process images, the
Convolutional Neural Network, and how many SOTA models also use the Transformer
for image processing. After that, we focused on learning explaining some of the most
important loss functions, tasks, and optimization algorithms as well as some important
precautions to take when creating batches. All these different pieces are the base for
creating and training good Vision and Language models.
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RELATED WORK

3.1 Vision and Language Model Encoder Architectures

We saw earlier how we can process text and image individually, now we will see different
ways to process them together in a single Transformer. For this we will consider our
image I and text T have already been pre-processed, transformed into embeddings,
obtaining Yg € R™Niand Yf‘), € R®No a5 the language embeddings and vision embeddings
respectively, where N; and N, correspond to the number of tokens of the text and the
image respectively. This should correspond to the initial input embedding the text and
the result of the linear encoding of image tiles.

These embeddings serve as the input to a Transformer, which is composed of L layers.
Each layer in the Transformer processes the text and image embeddings and produces
updated embeddings for both modalities. The output of layer I for text is represented as
YLZ and for images, it is Y‘l/. This notation emphasizes that these outputs evolve as they pass
through each Transformer layer. For simplicity, the embeddings are often written as Y
for text and Yy for images without explicitly indicating the layer. However, it’s important
to remember that these embeddings are updated at each layer within the Transformer.

3.1.1 A Unified Mathematical Framework

In this section, we will define a mathematical framework based on [4] to better understand
the different vision-language encoding architectures as different choices of variables in
the same framework. We start by reshaping the way we use attention, by considering the
use of both modalities. Instead of having the matrices WS, WK and WY we will have
these three per modality, this way WI?L is the query weight matrix for the text and WE(V

the query weight matrix for the image. With this in mind, we will set the

Sap = QaKp (3.1)
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Figure 3.1: Visualization of the different score matrices [4]

where Q4 = YAW/? and Kp = YgW, are queries and the keys coming respectively from
modality A and modality B. With this, we define

_ EVLLSLL SJ’L’VSL(V

y= (3.2)
erve S(V.C ervv S(V(V

where ¢ = —00, yap € {0, 1} therefore e748 € {—co,1}. We have that when y4p =0, €748 =1
preserving Sap and when when y4p = 1, €748 = —oo setting the contribution of Sap as 0
when using the softmax. Herewehave A, B € {V, L}, forabetter understanding of S o see
figure 3.1. With this we will have the binary variables y = {ysv, yrvyve, Yoo, Yvv} €
{0, 1}* these values act as gates that regulate the cross-modal interactions within a layer.
Now we are ready to define multimodal multi-headed attention as the linear projection

of a concatenation of single self-attention blocks.

WO
MHA(Yy,Yy)=[01®--- & Og] 'g) (3.3)
Wy
where
~ YLW& YWk (Yewy, ).
Oy = Att £, L F sy
YoWio ) Yo Wy, | Yo Wy,
K \%
_ A Qnz K (Ve oy (3.4)
Quv | \Kpy | \Viy
V
:w(shy) "t
Viy

With this formulation we can build the layers in figure 3.2 where (a), (b) and (c) are
particular cases of layer (d) we just described. This way we can define an encoder layer as

(Y7, Y5) = ALY, T (3.5)
where f; represents a transformer block as formulated in Eq. 2.4 but following the
particularities of the chosen ' and 7'.

3.1.2 Single-stream attention

Single stream architectures work by concatenating the visual and textual embeddings

in one sequence of tokens and using it as input of the transformer, this can be seen as
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Figure 3.2: Encoder architectures [4]

setting yr = yvr = yrr = yyv = 0. Corresponds to layer (a) in figure 3.2 using the
score matrix in figure 3.1 (a). One example of this is the ViLT model [12] which also uses

class

class embeddings x7."** and xf‘ﬂ““ before each modality and type embeddings Xf,:yp ‘ and
X;g P to indicate to which modality belongs each token, as can be seen in figure 3.3 and

in equation 3.6. Havin The multi-head attention is then applied to the sequence z.

Xp=[xG%%xg; . ox ]+ X5 (3.6a)
Xy =[x 2. . V]+X§,“ (3.6b)
YO = [Xg+ X2 Ry + X0 (3.6¢)

Image Text Matching Masked Language Modeling Word Patch Alignment
i

i
e
______
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Transformer Encoder
\1 odalktype embeddiny
@mﬁ@ﬂﬁﬁd@@@ﬁ@ﬂ :
( Word Embedding Lmear Projection of Flattened Palches

T T | —~—
a stone statue near an [MASK] mﬂ‘ﬁli—.ﬂ.

Figure 3.3: The single stream architecture of the ViLT model. [12]

As we can see ViLT is trained using Image Text Matching (IMT) and Masked Language
Modeling (MLM) as explained in section 2.2.2 and with an extra Word Patch Alignment
(WPA) task which computes the alignment between two subsets of the set of text tokens
and the set of image tokens.

3.1.3 Dual-stream attention

Dual stream models encode the modalities separately using layers like (b) in figure 3.2
that corresponds to setting Yy = yyx = 1and yzr = Yy = 0, using the score matrices
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in figures 3.1 (b) and 3.1 (c). One example of this is CLIP [28] which uses cosine similarity
to connect the encodings, CLIP compares text with image and can be used for VQA with
an image and a set of answers returning the most similar answer as can be seen in figure
3.4.

(1) Contrastive pre-training (2) Create dataset classifier from label text

the
e I 1] -]
T, | T | T3 Ty
I LTy | LTy | Ty 14Ty .
(3) Use for zero-shot prediction v
> I LTy [Ty | LT Ty T | T2 | T - | ™™

Ty

Image . - T
> Iy 13Ty | 13Ty | Ty 13Ty rorey
Encoder En;?je’ E——— LTy | LT,

Iy | IT) g Ty Iy Iy Ty

Figure 3.4: The dual stream architecture of the CLIP model. [28]

As we can see in figure 3.4 the pre-training of CLIP is very simple, using only the
Contrastive Learning task as explained in section 2.2.2, using the similarity of the text and
images CLS tokens.

3.1.4 Cross-attention

Another kind of layer architecture is the cross-attention, here we use the queries from one
modality with the keys and values of the other modality, this is the layer (c) in figure 3.2
that corresponds to setting Yy = yyx =0and yzr = Yy = 1, using the score matrices
in figures 3.1 (d) and 3.1 (e). With this we will compute the new image embeddings using
the Q from the image and the K and V from the text and the text embeddings will be
computed using the Q from the text and the K and V from the image.

Many models use combinations of these layers, or others that can be made by changing
y. One example is LXMERT [32] which starts with a dual stream architecture and afterward
a set of cross-attention layers intercalated with intramodal dual stream self-attention, as

we see in figure 3.5.

[ E’é Vision
LCmss]"@L[ Self J-(bl'[ FF E; Output
3 i

Object-Relationship Encoder Cross-

@ Modality

Output
proveeeeeeeeeeenes o, WordEmb  VLX i ®
© Awoman ——f ; :
i riding a bike H % /I ( : Language
witha dogina 5 ° H | Cross ]'Qr[ Self ]’Qﬁ FF () ' 4’% Output
i basket. — H i

ldx Emb Language Encoder Cross-Modality Encoder

Figure 3.5: The cross-attention architecture of the LXMERT model. Note that the initial
layers are dual-stream. [32]

26



3.2. VISION AND LANGUAGE MODEL DECODER ARCHITECTURES

LxMERT trains with the MLM task using the Language output we see in figure 3.5
and ITM using the Cross Modality output.

3.1.5 Applications of V&L Enconder Models

These encoder-only models while presenting good encoding capabilities are not able to
generate text, therefore they cannot perform tasks like captioning, the closest thing to
captioning they can do is give an image and a set of possible captions to select the right
caption, this can be seen as a classification problem or as an image to text retrieval problem.
This can be done using one of the cross-modal outputs, like the pooler output of the ViLT,
the cosine similarity between text and image of CLIP, or the Cross-Modality Output of
LxMERT. In each of these cases there you input the image and a possible text and obtain a
score, do that for every text candidate and select the one with the highest score. To solve
other key tasks like VQA and Image retrieval, a very similar process is done, also using
one of these output that can be used to select the best candidate answer, let that be an

image or question and an answer.

3.2 Vision and Language Model Decoder Architectures

Although encoding together images and text can obtain good results for tasks such as
classification if we want a model that can generate text we need a decoder. Most SOTA
models use Large Language Models (LLMs) as the text decoder and use the encoder only
to encode the image following the problem definition we laid in chapter 1. This way in
this section, we already have Y, = f(I) using a Visual Transformer (ViT) and we want to
assemble the other steps until we get our output text. With this in mind, when creating a
V&L model with this kind of architecture we should ask,

¢ Which image tokens do we extract from the ViT?

* How does the bridging function h process the image?

* Does the bridging function / also process text?

* Does the decoder process the tokens coming from the image and the text differently?

In this section, we will start by explaining what are LLM’s, see how different models
answer differently to the above questions, and explain some interesting important features
used to train some models.

Another important thing to consider when we are assembling these models is how
we are going to train and update the weights of the encoder and the decoder, but we
will focus on models that both the encoder and the decoder are frozen, i.e. their weights
do not update, this is what is done by many SOTA V&L models [21, 8]. From now on
we will always suppose that these pre-trained models are frozen unless explicitly stated
otherwise.
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Figure 3.6: An evolutionary graph of the research work conducted on LLaMA. [46]

3.2.1 Large Language Models

Language Models date back to the 90s with simple models computing the probabilities
of words or combinations of words from some corpus evolving to the large models we
have today like GPT-4 [26]. A Language Model is a statistical model that captures word
co-occurrences in a large corpus and can predict the next word in a sequence of words,
according to the language data where the model was trained. Large Language Models
(LLMs) are Language Models with billions of parameters trained with large amounts of
data.

In order to generate open answers to questions, we need an LLM (Large Language
Model). GPT-3 [3] showed that language models when trained with a lot of data can be
used to solve tasks it has never seen before. With this information more Large Language
Models started to appear, some commercial models like GPT-4 [26], Bard and PaLM-2 [1]
but also some open models like LLaMA [36].

An advantage of these large models is that although the training is expensive and
requires a lot of data, once they are trained they are general and can be fine-tuned with a
lower cost for specific tasks. This is the case of Meta’s open model, LLaMa [36], which since
came out a lot of research has been done based on it. Notable mentions are Alpaca [34]
which was fine-tuned with 52K instruction-following demonstrations and Vicuna [6]
which was fine-tuned with user-shared conversations. More examples of models built on

LLama can be seen in figure 3.6.
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3.2.2 ViT Token extraction

As explained in section 2.1.2.2, when an image is processed by a Vil, the former will
take as input N patch tokens from the image and an extra class token. This way the last

layer of this transformer will have output the embeddings O, € RNy +1)xd

°, where N, is
the number of patches (not including the CLS token). But we also noted that usually the
embedding of the class (CLS) token is used to represent the image, with this in mind we

can get our encoder output vector Yy, from:

* CLS - we can use only use the CLS token, Y, € R1xdo

e All tokens - we can use all the tokens, Y, € RNy +1xdo)

¢ All except CLS - we can use all tokens except the CLS Y, € RNpxdo

V&L models like Fromage [14] use only the CLS, BLIP-2 [17] and Instruct-BLIP [8] use all
the tokens, LLaVA [21] uses all except the CLS.

Itis also important to consider from which layer to extract these embeddings, although
it is common to extract from the last layer, it is also common to extract from the second to
last layer because earlier layers in transformer-based models, especially the second-to-last
layer, contain richer or more generalized feature representations. The argument is that
this is because the last layer is often more task-specific, particularly when the model is
fine-tuned for a particular downstream task. In contrast, representations from the second-
to-last layer are considered more adaptable and less specialized, making them useful for
a wider variety of tasks. While Fromage [14] extracts the CLS token from the last layer,
most approaches that extract multiple tokens like LLaVA [21] and Instruct-BLIP [8] extract

these tokens from the second to last layer.

3.2.3 Bridinging function

After choosing what tokens to extract from ViT, we have the embeddings Y, and we want
to transform them into new embeddings Z, that will be part of the input of the decoder.
This means that now we search for our function /, here we present some of the most used

functions.

3.2.3.1 Linear Layer

One of the simplest and most effective functions is a linear layer. In this case, we will have
a weight matrix W € R%4 that we multiply with our visual embeddings Y, € RN*% and
a bias component B € RN*dt which will be summed, obtaining,

Zo = h(Yy) = Y,W + B € RN*% (3.7)

where B = 1b ,b € R™¥ and 1 = [1,...,1] € RN¥, this means that each row of Z, is

zl, = y;W + b where z] and y, are the row r of Z and Y To simplify we define a linear

29



CHAPTER 3. RELATED WORK

layer as a function LL defined by
LLY)=YW +B (3.8)

This approach is used by LLaVA [21] as can be seen in figure 3.7, as we mentioned earlier
this model uses all the token embeddings except the CLS, meaning we get Z, € RN»*%,
Using this simple linear transformation has the advantage of being very light, allowing
for a large amount of data while training for a small amount of time.

Another model that uses this transformation is Fromage [14], as we can see in figure 5.1
which only uses the embedding CLS token output. This means that for the standard
Fromage model, we get Z, € R, being just one vector. However, this model allows for a
more flexible use of the linear transformation, allowing & to transform Y; into a sequence

of k vectors. For this we have that W € R%*(@k) and b € R™(@H), this way we have

Z: =Y, W + b € RX%k (3.9)
Z, = reshape(Z};) € RFdv, (3.10)

therefore,
Z, = h(Yy,) = reshape(Y,W + D) (3.11)

this means that multiplying by W gets a high-dimension vector that is then broken into
a sequence of vectors. This is mathematically equivalent to having k different weight

matrices each one creating one of the k vectors of the sequence.

Language Response X, Q Q Q

Language Model f¢.

Alalagalas
Projection W Z H, qu

Vision Encoder X, Image Xq Language Instruction

Figure 3.7: Architecture of the LLaVA model. The image here represented as X, is
transformed to Z, by the vision Encoder entering the LLM as H, after the linear projection.
[21]

3.2.3.2 Multi-Layer Perceptron

A slightly more complex transformation that gets better results is to use a simple neural
network with more than 1 layer, that is, a Multi-Layer Perceptron (MLP), this approach
is used by LLaVA 1.5 [19] which uses 2 layers. Following this model and for the sake of
simplicity we will detail how an MLP with 2 layers works. In this case, we would have 2
(L if we had L layers) weights matrices Wy € R%xde By = 1by € RN* W, € R%Xdt and
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Figure 3.8: Architecture and training of the Fromage Model. The output of the Visual
encoders is transformed by the linear layer W, when entering the LLM and transformed by
the linear layer W; when used for retrieval, being then compared with the transformation
of the vector [RET] by the layer W;. [14]

By = 1b; € RNxdr obtaining:

Z;, = LLo(Yy) = Y, Wy + Bo, (3.12)
Z7 = activation(Z3), (3.13)
Zy,=LLi(Z7)=Z; Wi + By (3.14)
that is,
Z, = h(Xy) = LL;(activation(LLo(Y3))), (3.15)

where the activation is an activation function.

3.2.3.3 Q-Former

A more complex transformation is the one used by BLIP [17] and Instruct-BLIP [8] which
consists of a Query Transformer that learns query embeddings that will interact with the
image encoding through cross-attention as we can see in figure 3.9. The advantage of
this strategy is that it can obtain a better transformation by using a nonlinear one, but at
the cost of longer training although much lighter than without the frozen encoder and
decoder.

In the former transformations, the number of embeddings in the output of h, Z,,
was dependent on the number of embeddings in the inputs, Y;, being the same number
or multiple. Using the Q-former the number of embeddings can be reduced, being the
number of output embeddings the same as the number of queries. This allows us to use
all tokens but output only the amount of tokens we find useful. We can write this as:

Zo = h(Y,) = Q-Former(Y,) € RN*%, (3.16)

where N is the number of queries.

3.2.4 Multimodal bridging function

Although we are focusing on models where the bridging function transforms vision
embeddings, there are model where the function & can also take text as input, that means
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Figure 3.9: InstructBLIP [8]

that instead of
Zy = h(Yy), (3.17)

we have
Zy = h(Yy, Yt), (3.18)

where Y; is the preprocessed text we get after transforming the text tokens into vectors.
This approach is used in Instruct-BLIP as we can observe in figure 3.9 where "In-
struction” tokens enter the Q-Former together with the queries. This way, we can update

equation 3.2.3.3 as:
Zo = h(Y,,Y;) = Q-Former(Y,, Y;) € RN>% (3.19)

This approach seems to be very useful since it allows the model to extract features from

the image that are relevant to the question or instruction the model is answering.

3.2.5 Text and Image in the Decoder

In the previously mentioned V&L models, both text and image tokens are processed
by the same decoder. However, CogVLM [39] takes a different approach by treating
the image and text tokens differently within the decoder to better align the frozen pre-
trained models (vision encoder and language model). Specifically, CogVLM introduces a
trainable visual expert module that operates on the image tokens while keeping the rest
of the language model (LLM) frozen. In CogVLM, the visual expert module uses different
trainable Query, Key, and Value matrices (QKV) specifically for image tokens. This allows
the model to handle the image tokens with specialized attention mechanisms that differ
from those used for the text tokens. The text tokens, on the other hand, continue to use
the frozen QKV matrices from the pre-trained language model. In this architecture, the
parts of the transformer model that process text remain entirely frozen, preserving the
original language modeling capabilities of the LLM. At the same time, the introduction
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of a trainable visual expert module allows the model to effectively incorporate image

information by optimizing the image processing pathways.

Position ids for RoPE ﬁ :’”"”””’“’: ”””””””
[00000...;23456...] [ e ) ( I':FN )
1 !

? Text features

—— Concat Image features :[
! LayerNorm l
[ Image feature sequence ] i \
MLP Adapter [Text feature sequence]
f ( Muti- head Attention )

‘ ViT encoder ‘ Word embedding i FTT % %

o OKV matrix E OKV matrix
H H A fox is sitting i ! Toxt fmm,es
- m on the books. Image features E[ LayerNorm l
- . 1 A
Patchified images Paired Text R G **************
(a) The input of visual language model (b) The visual expert built on the language model

Figure 3.10: The architecture of CogVLM. (a) The illustration about the input, where
an image is processed by a pre-trained ViT and mapped into the same space as the text
features. (b) The Transformer block in the language model. The image features have a
different QKV matrix and FFN. Only the purple parts are trainable.

3.2.6 Extra Vision-Language (VL) Features

Having explored the components that enable text decoders to process image inputs in
vision-language models, we now turn our attention to some additional training features
that enhance the performance and flexibility of these models. Two key features are
instruction tuning and the use of retrieval tokens. These features allow VL models to
handle a wider variety of tasks and expand their capability to include both image retrieval

and complex multimodal reasoning.

3.2.6.1 Instruction-Based Vision Language Models

Instruction tuning has been a significant development in natural language processing
(NLP), particularly with models like InstructGPT [40] and FLAN-T5 [7]. By fine-tuning
large language models (LLMs) on a variety of tasks framed as natural language instructions,
the models become more adaptable and capable of following arbitrary instructions across
different contexts . This approach allows models to perform diverse tasks with the same
architecture, simply by presenting them with different instructions. This flexibility is now
being extended to vision-language models.

In models like LLaVA, instruction tuning is done using datasets generated by text-only
GPT-4. The training data includes images with captions and bounding boxes, which are
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used as input to generate several tasks such as question-answer pairs, instructions, and
visual reasoning scenarios. This data helps the model generalize across different tasks and
prompts, making it capable of solving new vision-language tasks it has not seen before.
The instructions consist of text informing the model of the task such as "Please provide
a short depiction of the picture.” and "Briefly describe the content of the image.” [8] for image
captioning tasks and "“Based on the image, respond to this question with a short answer: Question.
Answer:” [8] for VQA tasks.

3.2.6.2 Fromage [RET] token

The FROMAGe [14] model introduces another unique feature: the [RET] token, designed
for image retrieval. Most vision-language models generate text as output, but FROMAGe
extends its capabilities by allowing it to retrieve and output images as well. This capability
is made possible through the use of the [RET] token, which serves as a signal for the model

to retrieve images from a database.
Here’s how the [RET] token works in the FROMAGe model:

* The [RET] token is a special token added to the model’s vocabulary. During training,
it is treated like any other token and appears within the generated text sequence.
The model learns the appropriate conditions under which to output the [RET] token
during training.

¢ When the model outputs the [RET] token during inference, this token is mapped into
a retrieval embedding space. The token is processed through a projection matrix,

Wi, which maps it into the same vector space as image embeddings.

* The stored image embeddings (from the model’s image database) are also mapped
into the same retrieval space using a matrix, W;. Once the [RET] token embedding
is generated, it is compared to the stored image embeddings, and the most similar

image is retrieved based on cosine similarity.

¢ This enables the model to interleave text generation with image retrieval, allowing
it to flexibly switch between textual and visual outputs. For example, the model
might output descriptive text and then include an image that corresponds to part of
the generated text, seamlessly blending retrieval into the narrative.

The [RET] token is trained together with text generation tasks by appending the token to
captions during the training phase. The model attends to all tokens, including the [RET]
token, and learns to use it appropriately based on the context. This additional retrieval
capability is useful for tasks that involve multimodal outputs, such as suggesting relevant

images for a given text or retrieving visual references during conversation.
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3.3 Summary

In this section, we explored the architectures of some Vision and Language models
focusing on two parts, Encoder Architectures and Decoder Architectures. In the Encoder
Architectures, we explored how image and text can be encoded together following a unified
mathematical framework that aims to encapsulate most of V&L Encoder architectures.
We conclude that encoder methods are good for some tasks like classification or to use as
the initial embedding of some models, but they cannot generate text leading to them not
being enough for those tasks where we want generated text. In the Decoder Architectures,
explored models that solve this problem. We mostly explored models that use frozen
image encoders and frozen text decoders, diving into the different ways to connect them,
and presenting some of the SOTA Vision and Language models.

During the writing of this thesis, other SOTA models came out, some important
mentions are LLaVA-NeXT [20] following an architecture very close to LLaVA [21] but
improved with some techniques such as dynamic high resolution and data mixture,
and Ovis [25] which introduces to the visual encoder a visual embedding table which
makes the visual patch being mapped to a probabilistic token which helps select multiple
embeddings from the embedding table and output their weighted combination.
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4

V&L TaAsks AND DATASETS

In this chapter, we explain the datasets and tasks we used to train and evaluate the models
we present in the next chapters.

4.1 Datasets

411 MSCOCO

The Microsoft Common Objects in COntext (MSCOCO [18] ) dataset is a large-scale dataset
designed for object detection, segmentation, and image captioning. It contains complex,
everyday scenes that feature common objects in their natural contexts, making it both
comprehensive and versatile. For the purpose of this work, we focus specifically on the
image captioning aspect.

The dataset comprises 330,000 images, each paired with five human-generated cap-
tions. These images were sourced from Flickr by searching for combinations of 80 object
categories and various scene types to capture multiple objects in realistic settings. The
captions were generated by independent annotators, who adhered to specific guidelines
designed to ensure consistency and clarity. These guidelines included:

¢ Describe all the important parts of the scene.

¢ Do not start the sentences with “There is.

Do not describe unimportant details.

Do not describe things that might have happened in the future or past.

Do not describe what a person might say.

Do not give people proper names.

The sentences should contain at least 8 words.
In figure 4.1 we can observe examples of images and captions present in this dataset
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The man at bat readies to swing at the A large bus sitting next to a very tall
pitch while the umpire looks on. building.

A horse carrying a large load of hay and Bunk bed with a narrow shelf sitting
two people sitting on it. underneath it.

Figure 4.1: Example images and captions from the Microsoft COCO Caption dataset. [18]

4.1.2 VisDial

Visual Dialog (VisDial), introduced by Das et al. (2017), is a large-scale dataset designed to
facilitate research on visual dialog systems. It builds upon the tasks of image captioning
and visual question answering (VQA) by incorporating a dialog element, where an
Al agent must hold a meaningful conversation about a given image. This dataset is
particularly well-suited for developing models that understand both visual content and
natural language interactions.

The VisDial dataset contains over 120,000 images sourced from the MSCOCO dataset,
each paired with a caption and a dialog comprising 10 rounds of questions and answers.
To obtain these conversations, two workers were paired to chat in real-time. One of the
workers (the “questioner’) sees only the caption of a given image. while the second worker
(the "answerer’) was given both the caption and the image. The first worker’s goal is to
ask questions to ‘image the scene better” while the second worker answers. In figure 4.2
we can see a Visual Dialog example.

413 CC3M

Google’s Conceptual Captions (CC3M) is a dataset composed of about 3.3M image / caption
pairs. Each pair contains a caption and a URL to an image on the internet, some of these
images were not available anymore and others could not be opened, we ended up with
about2.7M images leading to a loss of available data of about 18.4 %, the complete numbers
can be seen in the following table:

The Conceptual Captions dataset was created using a Flume [5] pipeline. This pipeline
processes billions of Internet webpages in parallel. It extracts, filters, and processes
candidate image-caption pairs from these webpages. This pipeline allows for the selection
and transformation of the image-caption pairs, selecting the really relevant ones, this

transforms the alt-text into a caption that in principle could be written only by watching
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Visual Dialog

A cat drinking water out of a coffee mug.

What color is the mug?
o

White and red

Are there any pictures on it?
°
J No, something is there can't tell what it is

B veverse

Is the mug and cat on a table?

Are there other items on the table?

o
Yes, magazines, books, toaster and basket, and a plate

Figure 4.2: Example of a Visual Dialog [9]

Table 4.1: Comparison between the original number of images and the actually available
images in the cc3m [31] dataset.

train validation | total
original | 3318333 | 15840 3334173
available | 2709383 | 12702 2722085
loss 18.4% 19.8% 18.4%

Alt-text: A Pakistani worker helps
to clear the debris from the Taj Ma-
hal Hotel November 7, 2005 in Bal-
akot, Pakistan.

Conceptual Captions: a worker
helps to clear the debris.

Alt-text: Musician Justin Timber-
lake performs at the 2017 Pilgrim-
age Music & Cultural Festival on
September 23. 2017 in Franklin,
Tennessee.

Conceptual Captions: pop artist
performs at the festival in a city.

Figure 4.3: Example of images, alt-text and conceptual caption from the CC3M dataset [31].

at the image, in figure 4.3 we can compare the original alt-text with the new caption used
by CC3M.

Even with this transformation, this dataset’s captions are not always good since it is
automated and not human-made.

4.2 Tasks

4.2.1 Captioning

The image captioning task involves generating a descriptive text (caption) for a given
image. It combines both computer vision and natural language processing to understand

the visual content of the image and describe it in human language. We can formally define
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it as:
Dcaption (Hh=c (4.1)

where I is an image and c is the generated caption, we can also add a prompting instruction
P that would condition the answer on things like the focus or the level of detail., obtaining:

(Dcuption (I/ P) =c (4.2)

When we want to evaluate the image captioning performance of a certain model using
a dataset such as MSCOCO we can compare the ground-truth answers from the dataset
with the ones generated by the model. This comparison is made using some metrics like
the following:
BLEU-n (Bilingual Evaluation Understudy) evaluates the precision of n-grams (sequences

of n words) between the generated and reference texts. The "n" refers to the size of the

n-grams being compared:
¢ BLEU-1 measures unigram precision (individual words),
¢ BLEU-2 measures bigram precision (pairs of words), and so on.

¢ BLEU-n combines the precision of multiple n-gram sizes, typically up to n=4 (BLEU-
4), with a brevity penalty to avoid rewarding overly short outputs. Scores range
from 0 to 1, with higher values indicating a closer match. BLEU focuses on precision,

not recall, and doesn’t account for synonymy or meaning.

METEOR (Metric for Evaluation of Translation with Explicit ORdering) is designed to
improve upon BLEU by incorporating both precision and recall, while also accounting
for synonymy and stemming. It aligns words between the generated and reference texts
and rewards matches based on exact words, synonyms, and root forms. METEOR values
range from 0 to 1, with higher scores indicating better matches, and it also includes a
penalty for fragmented matches.

CIDEr (Consensus-based Image Description Evaluation) is specifically tailored for evalu-
ating image captioning tasks. It measures the consensus between the generated caption
and a set of reference captions, with an emphasis on content words. CIDEr uses TF-IDF
(term frequency-inverse document frequency) to give higher weight to important and
unique words, focusing on how well the generated caption captures key visual elements.
Scores range from 0 to 1, where higher values indicate a better match with the reference

captions.

4.2.2 Retrieval

Image retrieval is a task whose main goal is to find relevant images from a dataset based

on a given input query, typically in the form of text. This task combines computer vision
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and natural language processing to understand the visual content of each image and

determine its relevance to the query. We can formally define it as:

Dyetrieval (Q) =1 (43)

where ¢ is the input query, and I represents the set of retrieved images. The most common
approach for image retrieval is to rank images based on their similarity to the query. This
allows the system to select the top k most relevant images from the dataset, depending
on how many images we want to retrieve.

Image retrieval can also be evaluated in tasks using datasets like MSCOCO, where the
query is a caption, and the goal is to retrieve the corresponding image. Several metrics

are used to evaluate retrieval performance, including:

Relevant retrieved images
All retrieved images

that are relevant.

e Precision =

: This measures the proportion of retrieved images

Relevant retrieved images
e Recall = £

Allrelovantimages - This evaluates the proportion of all relevant images

that are successfully retrieved.

Since it is common to use a ranking, we can also use metrics like precision@k and

recall@k where the retrieved images are the top k ranked images for the given query.

4.2.3 Visual Question Answering

Typically the VQA model is formulated in one of two ways: as a classification problem
or as a generative problem. This gives us two different approaches the closed-answer
approach and the open-answer approach. Let I be an image, T a text corresponding to a
question in natural language and A = (a1, a2, ...,4,) a closed-set of n possible answers.
We can represent classification Visual Question Answering models as functions @ that
can be expressed as
D losed (I, Q,A) =a €A (4.4)
For generative Visual Question Answering models, we don’t have a pre-determined
set of possible answers, this way they can be expressed simply as

q)open (Ir Q) =a, (4.5)

where a corresponds to the generated answer, i.e. a sequence of text tokens.

Both approaches can be extended to use context, which means that instead of having
just an image and a question we might also have a text that gives some context which may

alter the answer. This leads to the following formulations:
Delosed (Ir C, Q/A) =a€A. (4-6)
(Dopen (I/ C/ Q/) =a. (4-7)

where C is the context and a the answer given by the model.
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5

A PORTUGUESE VIsION AND LANGUAGE

MoDEL

In this chapter we present a Portuguese V&L model based on FROMAGe, changing the
LLMs and the dataset it was trained on.

5.1 Introduction

Vision and Language are two of the main communication and information perception
mediums, serving as fundamental channels through which humans interpret and interact
with the world around them. Devising Vision and Language (V&L) models that can
seamlessly combine these two modalities is paramount to delivering Al systems capable
of addressing tasks such as image captioning and visual question-answering, essential
tasks to aid visually impaired individuals, and Image-to-Text and Text-to-Image retrieval,
for general multimodal information seeking. Recently, there have been notable advances
in vision and language models [21, 14, 12], which leverage Large Language Models as
backbones [35, 3, 45] (LLMs). Most of these advances have been made with models in
English or other high-resource languages, leaving behind other lower-resource languages,
as is the case of European Portuguese (PT-PT). This evidences the urgent need of develop-
ing large V&L LMs, openly available, for PT-PT speakers. This raises two complementary
challenges: 1) how to overcome the limited availability of PT-PT multimodal datasets and
resources, and 2) how to train a Large Vision and Language model, capable of addressing
multiple V&L tasks, in PT-PT.

Most LLMs are trained with text-only web scraped data, achieving great performance
on a myriad of natural language tasks, but lack an overall understanding of images, thus
not having visual reasoning capabilities. Pioneering vision and language models, adopted
fully multimodal Transformer-based models [24, 42, 38], with either single-stream or
dual-stream architectures [4], pre-trained on image-text pairs. More recently, towards
generalizing high-performing large LMs to the visual domain, it is common practice to
leverage text-only LLMs as the backbone and equip them with a visual encoder [28, 10].
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Then, LLMs are augmented with a visual projection component that aligns visual tokens
with the LLM token-space [14, 21].

In this chapter, we seek to deliver a European Portuguese vision and language LM.
To this extent, we make two major contributions: 1) we create and make available! both
large-scale image-text pre-training datasets as well as well-known V&L benchmarks in
European Portuguese. In particular, CC3M [31] PT-PT (3 million image-caption pairs) for
pre-training, MSCOCO [18] PT-PT (image-caption pairs) and VisDial [9] PT-PT (visual
dialogs) for benchmarking on downstream tasks V&L tasks. An extensive assessment
of available machine translation approaches is carried out. 2) following the V&L LMs
state-of-the-art, we adapt the FROMAGe [14] model to support PT-PT. Its flexible decoder-
based architecture, augmented with multimodal specialized layers, gives the model the
capacity to process and produce interleaved multimodal inputs and outputs. Given that
a key step is to replace the original LLM by a PT-PT LLM, we leverage a recent PT-PT
text-only decoder, Gl6rlA [22], and conduct extensive experiments, in a zero-shot setting,
on image caption and visual dialog tasks.

Most of existing models are in English or other high-resource languages. Very recently,
open European Portuguese LLMs have been made available. In particular, Gl6rIA [22] is a
European Portuguese LLM Decoder based on GPTNeo [2] - which approximates the GPT3
architecture - trained on a 35B token corpus, from a diverse set of domains, including web
content, news pieces, encyclopedic knowledge, news articles, and dialogs. Gervasio [30]
is another relevant European Portuguese LLM decoder which is based on a pre-trained
LLaMA 2 7B [35] model, fine-tuned on Portuguese instruction datasets, comprising around
83M tokens. Regarding V&L approaches, literature is scarce. CAPIVARA [29] trains a
Brazilian Portuguese CLIP model, while performing data augmentation through image
captioning and machine translation. In this work, and using recent developments in
the LLM PT-PT, we seek to narrow this gap, by introducing a European Portuguese
V&L model.

5.2 EU-Portuguese Datasets for Vision and Language Al

Due to the lack of European Portuguese V&L datasets, we embraced the task of translating
core vision and language datasets from English into European Portuguese. Given the size
of existing datasets (millions scale), translating the datasets with human experts would
be too costly, hence we considered three distinct automatic machine translation models:
first, we considered a) MADLAD-400 [15], a model trained on a 3T token dataset based
on CommonCrawl, created by Google, covering text data from over 400 languages; b)
Narrativa?, which is an mBART-50 [33] model fine-tuned on the opus-100 [44] dataset for

English to Portuguese Translation, c) DeepL?® a commercial translation service.

IDatasets will be made available after publication.
thtps ://huggingface.co/Narrativa/mbart-large-50-finetuned-opus-en-pt-translation
3https ://www.deepl.com/translator
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5.2. EU-PORTUGUESE DATASETS FOR VISION AND LANGUAGE Al

We started by assessing the performance of each of the three approaches. First,
although MADLAD-400 seems to give good translations, most are in Brazilian Portuguese.
Narrativa translations are in European Portuguese, but for many captions, the model
output is the original English caption, rather than its translation. DeepL seems to solve
these problems, by providing high-quality European Portuguese translations, with the
drawback of being a commercial solution. Table 5.1 illustrates some of the translated
examples of the CC3M dataset [31]. For example, for the first image, Narrativa outputted
the original caption, in the second image MADLAD-400 uses Brazilian Portuguese lexicon
in its translations (e.g. "onibus” instead of “autocarro”, the word bus). Something we also
notice is that MADLAD-400 often does not translate the full caption (as in the first image).

Given these observations, we translated the CC3M [31], MSCOCO [18], and the
VisDial [9] datasets, using DeepL, creating the CC3M PT-PT, MSCOCO PT-PT and VisDial
PT-PT, respectively. The CC3M PT-PT dataset was used as the pre-training dataset, and
both MSCOCO PT-PT and VisDial PT-PT were used for benchmarking retrieval, image-
captioning and visual dialog tasks. Table 5.2 shows the aggregated statistics of these
datasets. It is important to note that the lower number of total tokens in the Narrativa
translation stems from the fact that some captions are not actually translated. DeepL
translations have higher token numbers than the original English dataset, which despite
corroborating with the increased verbosity of Portuguese vs. English, will have an impact

on the models” performance.
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Original*: plenty of space : at square feet the
property would have ample room for actor and
her daughter

MADLAD-400: abundéancia de espago: em pés
quadrados a propriedade teria amplo espaco

Narrativa: plenty of space : at square feet the
property would have ample room for actor and
her daughter

DeepL: muito espago: em metros quadrados, a
propriedade teria muito espago para o ator e a
sua filha

Original*: people waiting for the bus in snow
storm

MADLAD-400: pessoas a espera do 6nibus na
tempestade de neve

Narrativa: Pessoas a espera do autocarro em
tempestade de neve

DeepL: pessoas a espera do autocarro numa
tempestade de neve

Original*: person serves lunch to two of her
daughters at their farm.

MADLAD-400: uma mulher serve o almogo para
duas de suas filhas em sua fazenda

Narrativa: A pessoa serve o almogo a duas filhas
da fazenda dela.

DeepL: uma pessoa serve o almogo a duas das
suas filhas na sua quinta.

Table 5.1: Translation results of sample captions from the CC3M dataset, using each of the

three considered translation approaches.

Table 5.2: Translation statistics, for CC3M and COCO, with different machine translation
approaches. # Samples - total number of samples, # Tokens - total number of tokens, # Avg.
Tokens/Sample - average number of tokens per sample. * Stands for the original captions.

Statistic MADLAD Narrativa DeepL
s # Samples 2709 383 2287 769 2709 383
O # Tokens 27919 393 26 558 075 24257997 29 844 147
“ # Tokens/Sample 9.80 10.60 11.02
o) # Samples 25014 23 614 25014
8 # Tokens 282172 267 893 292 626
© # Tokens/Sample 11.28 11.34 11.70
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5.3 Method

In this section we present V-GI6rIA, an European Portuguese Large V&L model, capable
of flexibly interleaving the two modalities, images and text, and therefore generalize to
different NLP and CV tasks such as multimodal retrieval, image captioning, and visual
dialog. Therefore, we adapt the FROMAGe model [14] architecture, which leverages a
text LLM and adds a set of projection layers to align images with the LLM input subspace,
and support generative retrieval. Specifically, it allows us to use an European Portuguese
LLM, that will be frozen during training, with lightweight training strategies aimed at
equip V-Glo6rIA with visual and linguistic reasoning capabilities.

5.3.1 V-GIl6rIA Architecture
5.3.1.1 PT-PT Language Model Backbone.

V-Glo6rIA uses a Portuguese large language model decoder originally trained with text-
only data with a causal language modeling task. V-GI6rIA is based on a PT-PT open and
top performing LLM, Gl6rIA [22]. In the experiments, we compare it with alternative
LLM backbones, such as Gervasio [30].

5.3.1.2 Visual Encoder Model

Images are encoded using a pre-trained CLIP ViT-L/14 [28], such that given an image y,
the visual model outputs v(y) € R", corresponding to the [CLS] token embedding. Both
0 and ¢, both LLM and visual encoder parameters will be frozen.

5.3.1.3 Visual Projection Layer

With the LLM and the visual encoder frozen, a projection layer is used to map the
encoded images to the embedding subspace of the LLM token. Namely, a linear layer,
o(y)T - W, € RY, where d corresponds to the LLM hidden dimension.

5.3.1.4 Multimodal Retrieval.

In order to support retrieving images, conditioned either on text or images, a special token
[RET] is added to the model vocabulary, so that at any point in the decoding, the model
can decode this token, and, its embedding (which will be learned) can be used for retrieval.
During training, a [RET] token is appended to the end of the input captions. In practice,
two linear mappings are trained, W; € R4 and W; € R™, which will map the hidden
representation of [RET] obtained from the last hidden layer of the LLM and the visual
embeddings, respectively, into a common 4 dimensional space.
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Ground-truth captions
‘ ‘ g Cross Entropy Loss
Image 1 caption Image 2 caption
f—/%

Generated IMG1
and IMG2 captions

Retrieved image

| IMG1| umal pessoal serve| I IMGzl uml surfista| apanhal umal

I um l autocarrol I RET

Visual
encoder

Visual
encoder

[ Trainable parameters InfoNCE Loss
IMG2

I Frozen models Visual

I Loss functions encoder

Figure 5.1: Overview of the V-Gl6rIA architecture. The model is trained on image-text
pairs for image captioning and image-text retrieval. The LLM and visual encoder are
frozen, while the three projection layers (in yellow), with weight matrices W, W;, and
W;, are learned.

5.3.2 Training

The training tasks are specifically designed to equip the model vision and language
reasoning capabilities: describing visual content; processing intervealed images and text
in its context; and third matching images to text and vice-versa. The model is trained
with a multi-task objective £ comprising image captioning and image-text retrieval, as

illustrated in Figure 5.1, with
L=ALe+A (Lot + Lins), 6.1)

with A, = A, =0.5.

5.3.2.1 Image Captioning.

For captioning, the model is trained to autoregressively predict the next token, with a
Cross-entropy loss conditioned on the image representation, using

T
Le(x,y) = ) logpalsilo() We,s1, ..., si-1) (52)
t=1

where s; represents the t-th token of the caption x, v(y)! the output of the visual encoder,
W, the weights of the visual projection layer, and O the frozen parameters of the LLM.

5.3.2.2 Image-text Retrieval

For bidirectional multimodal retrieval, given a caption x; and its corresponding image y;*,
the InfoNCE [infonce] loss for multimodal contrastive learning is used as

L= ! i log exp(xi - yi/T) (5.3)
12i = T 7 ’ .
NG\ 7 2L exply; - y/0)
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where x; - y; corresponds to the cosine similarity between embeddings. The loss in the
opposite direction, L;, is defined reciprocally, with x; and y; swapped.

5.3.3 Implementation details

To encourage the model to attend more explicitly to images, distinct examples are con-
catenated together with a probability of 0.5, [14] found that this is helpful in training the
model to attend to the correct image within a sequence. This model is implemented in
Pytorch [27] , as most of the model parameters are frozen this method is memory and
compute efficient, backpropagating through the frozen LLM an visual model, but only
compute gradient updates for the 3 trainable linear layers and the [RET] embeddings.
We use the Adam [13] optimizer with a learning rate of 0.0003 and warmup of 100 steps
to train for 2000 steps, corresponding to 1 epoch with a batch size of 180. The visual
embeddings coming from our visual encoder model have dimension m = 1024, we use
g = 256 as the retrieval embedding dimension and the embedding dimension d = 2048
inherited from GI6rIA.

5.4 Experimental Setup

We assess the performance of our model in both image retrieval and image-and-text
generation tasks. The models were trained on the CC3M PT-PT dataset, originally
comprising 3.3 million image-text pairs, which after filtering out missing and corrupted
images resulted in a total of 2.7M samples. We consider both Gl6rIA 1.3B ° and Gervésio
7B ¢ as the PT-PT LLM backbones.

Multimodal retrieval and image captioning are evaluated in both the CC3M PT-PT
(full-shot) and MSCOCO PT-PT (zero-shot) evaluation sets. Models are also evaluated
in the Visual Dialog task [9], in a zero-shot setting. To establish a comparison between
English and EU-Portuguese, we consider the architectural twin of Gl6rIA 1.3B, GPTNeo
1.3B [2], an English-only LLM.

4For the sake of notation simplification, x; € RY and y; € R? correspond to the [RET] token output of
the retrieval mapping W; € R¥, and to the outputs of the visual mapping W; € R"1, respectively.

5whttps ://huggingface.co/NOVA-vision-language/GlorIA-1.3B

6https ://huggingface.co/PORTULAN/gervasio-7b-portuguese-ptpt-decoder
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Table 5.3: Retrieval results for CC3M PT-PT and MSCOCO PT-PT datasets.

IT2T T2I
LLM Data Language R@5 R@10 R@5 Re@10
GPTNeo 138 _ English 187 3ls 19 290
= GlorlA 1.3B PT-PT MADLAD-400 225 449 220 441
O GlorlA 1.3B PT-PT DeepL 234 459 23.3 459
© Gervasio 7B PT-PT MADLAD-400 1565 33.8 153 344
Gervasio 7B PT-PT DeepL l6.6 34.8 16.1 355
o GPTNeol3B English 210 307 2Ll 296
8 GlorlA 1.3B PT-PT MADLAD-400 34.7 46.8 35.7 47.2
% GlorlIA 1.3B PT-PT DeepL 302 411 30.1 40.7
S Gervésio 7B PT-PT MADLAD-400 16.6 255 16.5 242
Gervésio 7B PT-PT DeepL 16.7 245 157 223

5.5 Results and Discussion

In this section, we discuss the experimental results in the image captioning and cross-
modal retrieval tasks. We start by evaluating our model in cross-modal retrieval, in both
Image to Text (I2T) and Text to Image (T2I) settings, and then in image captioning. We
follow related work, and for cross-modal retrieval experiments adopt as metrics Recall@5
(R@5), and Recall@10 (R@10), and for image captioning BLEU and METEOR. Finally, we
consider the challenging task of Visual Dialog, in a zero-shot setting. For the three tasks,
we follow the established task protocols.

5.5.1 Cross-Modal Retrieval Results

We can observe in Table 5.3 that V-Gl6rIA trained, using GlérIA as LLM, and with
data translated with DeepL, has the best results, significantly outperforming Gervasio
in both directions, although the latter has more than five times the number of GlérIA
parameters. In the MSCOCO validation set (unseen data), we observe a similar trend,
where Gl6rIA shows to be preferable to Gervasio. However, in MSCOCO, we observe
that higher performance is achieved when training and evaluating using the dataset
translations obtained with MADLAD-400. When comparing the performance between
the two languages, i.e. PT-PT (GlorIA 1.3B) and English (GPT-Neo 1.3B), we observe that
performance is higher in PT-PT. This shows the robustness of our training procedure and
hints at the promising capabilities of PT-PT vision and language models.

5.5.2 Image Captioning Results

Table 5.4 shows the image captioning results. First, we observe the same trend in which our
model, V-Gl6rIA, using GlorIA 1.3B as its LLM backbone, consistently achieves superior
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Table 5.4: Captioning results on the validation split of the CC3M PT-PT and MSCOCO
PT-PT datasets.

LLM Data Language BLEU1 BLEU2 BLEU3 BLEU4 METEOR
GPT-Neo 1.3B  English 185 99 6.0 40 17.6

s GlorlA1.3B  PT-PTMADLAD-400 119 60 35 23 139

O  Gl6rIA13B  PT-PT DeepL 18 57 33 22 137

“  Gervasio7B  PT-PTMADLAD-400 9.6 5.4 34 23 123
Gervasio 7B PT-PT Deepl. 108 61 3.8 26 13.1

o GOPTNeol3B English 428 241 129 70 131

QO GI6rIA13B  PT-PTMADLAD-400 297 162 88 47 138

§ Gl6rTA13B  PT-PT Deepl. 258 127 68 3.6 121

S Gervisio7B  PT-PTMADLAD-400 216 123 7.0 3.9 134
Gervasio 7B PT-PT Deepl, 238 133 79 47 12.9

Table 5.5: Zero-shot results on VisDial [9], for image-and-text-to-text (IT2T) and text-to-
image (T2I) retrieval. Unlike previous methods, is capable of generating free-form text
interleaved with image outputs through text-to-image retrieval.

IT2T T2I
LLM Backbone R@5 R@10 R@5 R@10
GlorIA 1.3B 4.2 14.1 173  25.2
Gervaésio 7B 4.0 13.9 8.2 14.0

performance, compared to the Gervédsio LLM backbone. Second, it can be seen that the task
is much more challenging on CC3M-PT, with all models obtaining a lower performance.
These low BLEU scores on CC3M, might be explained by the fact that since CC3M captions
are collected from the web, and not manually annotated like in MSCOCO, making them
more prone being unaligned with the image. ( see first example of Table 5.1, where the
caption mentions "actor and her daughter" which cannot be guessed from the picture).
However, in MSCOCO, higher BLEU and METEOR scores are obtained. It should be noted
that for MSCOCO, models are evaluated in a zero-shot setting, evidencing that V-GlérIAis
capable of generalizing to unseen data.

When comparing a full English setup vs. a PT-PT model trained on PT-PT data, we
observe that the former achieves higher performance in both datasets. Given the proximity
of the image captioning task to the original LLM loss, and the fact that GPT-Neo 1.3B was
pre-trained on a significantly larger text corpus, compared to GlérIA and Gervasio, this is

not surprising and we believe that this can be countered with an improved PT-PT LLM.

5.5.3 Visual Dialog Results

To assess our model performance on a more challenging vision and language task, we
evaluate it on the Visual Dialog (VisDial) [9] task, in zero-shot, in two different settings: a)
IT2T (image and text to text) where given an image, a dialog about it, and a question, the

49



CHAPTER 5. A PORTUGUESE VISION AND LANGUAGE MODEL

model has to select the correct answer from a pool of 100 candidate answers, and b) T2I
(text to image), where given a dialog about an image, the model has to retrieve the correct
image. Given that V-GI6rIA is an autoregressive decoder, we follow the protocol of [14]
for IT2T, and given a question and answer sequence, we select the answer with the lowest
perplexity, among the candidate answer options.

Table 5.5 shows the results. We observe that all models exhibit low performance,
regardless of the PT-PT LLM backbone. Performance is, however, higher in T2I, compared
to IT2T, which is consistent with the fact that the T2I task is closer to the vision and
language tasks considered in training. Notwidthstanding, V-Gl6rIA , using the GlérIA
PT-PT LLM, demonstrates better generalization capabilities to new tasks, significantly
outperforming the model using the Gervasio PT-PT LLM. We believe that part of these
results can be dramatically improved by using a stronger PT-PT LLM. That is, despite the
higher effectiveness of the GlérIA PT-PT LLM, it was not trained on instructions. This

makes the model struggle when instructed to answer questions.
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Query: "Uma mota Honda preta estacionada em frente a uma garagem."
Retrieved images:

(a) Image retrieval

Ground truth caption:
Varias pessoas caminham pelo aeroporto
enquanto esperam pelas suas malas.

V-Gl6rIA generated caption:
A fila de pessoas que se encontram a cam-
inho do aeroporto.

Gervasio generated caption:
pessoas a descer a passagem de nivel.

(b) Image captioning.
Question: Quantas pessoas estdo na foto?

Answer (GT): 5

Answer (V-Gl6rIA): 13

Question: Estdo virados para a camara?
Answer (GT): sim

Answer (V-G16rIA): sim

Question: Estdo a usar casacos?
Answer (GT): sim

Answer (V-GI6rIA): sim

Question: Existem arvores visiveis?
Answer (GT): sim

Answer (V-G16rIA): branco
(c) Visual dialog.

Figure 5.2: V-GI6rIA can solve core vision and language tasks.
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5.6 Conclusions

In this chapter, we introduced V-Gl6rIA, the first European-Portuguese Vision and Lan-
guage model, capable of addressing multimodal tasks such as retrieval, image captioning,
and visual dialogs illustrated in Figure 5.2. In addition, we will release the PT-PT high-
quality translations of the most popular V&L datasets to foster research in this area.
Experiments, leveraging current best performing open PT-PT LLMs as backbones, re-
veal performances that are competitive with the English counterparts on these tasks.
V-GlorIA demonstrated to be capable of generalizing to unseen data, especially in multi-
modal retrieval. For more challenging tasks, such as Visual Dialog, the proposed approach
is still not on par with English models.However, we believe that as better PT-PT models
arise, including instruction-tuned ones, the performance gap can be narrowed down with
the adopted methodology and leveraging our contributed PT-PT data resources.
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6

ABLATION STUuDY: CLS BASED MODELS

In this chapter, we present an ablation study for Vision and Language models following
the FROMAGe architecture using CLS tokens as image embeddings. For this analysis,
we use CLIP ViT-L/14 [28] as the image encoder which is the image encoder used by
FROMAGe and we chose Gemma-2B instruct version as it is a very light model while
still performing well, being of the best LLMs with only 2B parameters, allowing us to
train many models as required by an ablation study while not taking too long to train
the models. We follow the original FROMAGe training and details, training with a batch
size of 180 for 20000 steps (while they state using 18000, we opted for 20000 as it was the
default setting), while their original plan was to train for 1 epoch, our training with 20000
steps and less training examples because of the loss reported in section 4.1.3 becomes
slightly more than 1 epoch.

We evaluate these models with 3 different datasets. For the CC3M and MSCOCO
datasets, we present the validation metrics for captioning and retrieval, it is important
to note that although the models were trained using CC3M, the results for MSCOCO
are more interesting since it is a dataset the model has not seen during training but also
because its captions are human-made and can be inferred from the image while most
image-caption pairs of CC3M are of poor quality for evaluation. We also present examples
of captions generated by the models from the MSCOCO dataset images. For the VQA
dataset, we present the answer accuracy results for the type of answer (yes/no, number,
other). In this dataset we used the approach used by FROAMGe to evaluate it where it
prunes the number of output words to the number of the longest answer and following
the official VQA evaluation code. This may lead to some problems underestimating the
VQA capabilities of some models by classifying as wrong an answer that is right. We
also present examples of VQA answers of these models that may help to better compare
models. Because of that we focus on these examples and on the other results, mainly of
MSCOCO captioning.

It is also important to note that while these models are capable of both producing text
from image or from image and text and also of retrieving images from text or from images

and text, VQA only evaluates the former. Since training these models is a stochastic
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process, where we obtain different results each time they are trained, we train each model
3 times and the results we present are the mean of these runs results.

6.1 ViT Layer

We have settled that the function f corresponds to the output of the image encoder and
that our encoder is a CLIP ViT-L/14 [28] but that does not mean that our function f is not
already defined because as explained earlier we can use the default output, that is the
embedding of the CLS token in the last layer but we can choose different layers. With this
in mind, we define Vi Té Lg as the function that extracts the CLS token embeddings of the
layer /.

The original Fromage model extracts the visual embeddings from the last layer, L. This

means that in the original model

() = ViT (D), 6.1)

but as explained previously there are models like LLaVA [21] which extract from the
second to last layer. Although they state that using this second to last layer is better LLaVA
also uses all tokens instead of just the CLS therefore their conclusion may not generalize
to CLS-based models. With this in mind, we start by evaluating this model with the CLS
token embedding extracted from different layers.

We experiment for the 4 last layers, meaning that our function f will be:

Y, = f(I) = ViT},s,1€{L-3,L-2,L—1,L} (6.2)

where L is the last layer and therefore L — 3 is the fourth last layer, with the model we
used this means that Y, € R1X102%, In these four models, we are using a linear layer as the

bridging function &, recalling section 3.2.3.1 this means that
Zy = h(Y,) = Y,W + b € R1*2048 (6.3)

where W € R1024x2048 and p € R12M8 are the trainable parameters. This approach follows
is illustrated in figure 6.1

Table 6.1: CC3M validation metrics for different layers.

Captioning I2T Retrieval T2I Retrieval

Layer BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR & rl 5 rl 5
L 16.30 8.23 4.57 2.74 13.83 23.30 46.02 | 22.32 4441
L-1| 16.78 8.45 4.64 2.74 13.86 2150 43.76 | 20.53  42.67
L-2 | 1398 7.04 3.84 2.22 11.66 19.67 40.92 | 18.36 39.38
L-3 | 1441 7.28 4.01 2.35 11.66 16.66 37.58 | 15.07 34.51
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TN

-~ - CLS \
- . CLS

Visual party in the

Encoder  m park under
cherry

blossoms

Figure 6.1: Architecture of our model generative part where # is a linear layer that
transforms a CLS token, where we change the layer we extract the token. The solid black
line corresponds to the layer L used by the original model, but we try for the last 4 layers.

Table 6.2: VQA validation results for different layers.

Layer overall yes/no number other

L 3128 62.36 3.00 15.13
L-1  30.53 61.95 1.94 14.20
L2 29.72 62.43 2.14 12.13
L-3 28.64 59.07 1.84 12.58

Table 6.3: MSCOCO captioning validation metrics for different layers.

Layer BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

L 18.87 9.33 4.48 2.22 7.68 21.09 20.64
L-1  23.66 12.38 6.21 3.20 9.20 23.12 22.50
L2 1878 10.69 5.86 3.27 6.71 17.08 17.72
L-3 3045 16.81 8.89 4.74 9.09 21.72 19.80

Table 6.4: MSCOCO retrieval validation metrics for different layers.

2T T21
Layer rl 5 rl r5

L 1499 33.97 15.26 34.89
L-1 1429 3354 1422 33.58
L-2 1191 3059 13.00 31.17
L-3 1125 2856 10.63 27.61
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Table 6.5: VQA answers generated by the models extracting the cls embedding from

different layers.

—
Question: What is the
man doing in the street?

Question: What are the
people in the background
doing?

Question: What color is
the building?

Layer L: he is walking
down the street.

Layer L: they are watching
a skateboarder perform.

Layer L: gray.

Layer L — 1: he is walking
to work.

Layer L — 1: the

Layer L — 1: gray.

Layer L — 2: he’s selling ice
cream.

Layer L — 2: they are watch-
ing the skateboarder per-
form.

Layer L — 2: the building
is painted in a light beige
color.

Layer L — 3: he is driving a
car .

Layer L — 3: they are watch-
ing the skateboarder per-
form.

Layer L — 3: the building is
a light beige color .
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L: The cat is sitting in the car.
L-1:acatina car.
L-2:acatina car.

L —3: acatin a car.

L: The food at the restaurant was delicious.

L — 1: The little girl and her mother at the food
truck.

L —2: alittle girl eating a piece of her food at the
restaurant.

L — 3: The food at the restaurant was delicious.

L: The giraffe is a large mammal with a long
neck and a spotted coat.

L — 1: The giraffe is a species of mammal that is
found in africa.

L — 2: The giraffe is a species of mammal that is
found in the savannas of Africa.

L — 3: reciprocal relationship between two ani-
mals.

Table 6.6: Examples of captions generated by the models extracting the cls embedding
from different layers on images from the MSCOCO dataset.
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By observing the results in tables 6.1, 6.2, 6.3 and 6.4 and the examples in tables 6.6
and 6.5 we conclude that changing the layer from where we extract the CLS token gives

us different results but is not easy to draw big conclusions, but the main observations are:

L and L — 1 are the best layers, this can be observed both from the results and the
examples but it is not a strong conclusion since for example in table 6.3 we see layer
L — 3 with the highest BLEU values but by observing the examples we see that is it
not advisable to use that layer. The VQA examples in table 6.5 indicate that layer L
is the safest choice.

* The last layer is indubitably the best layer for retrieval, since it gets the best results
for both CC3M and MSCOCO.

¢ Different layers give different pieces of information from the same image. We can
observe this from the examples, in the first question of table 6.5 we see that layers
L and L — 1 give righly attention to man, while the other observe the cars or the ice

cream truck.

¢ For VQA the results in table 6.2 layer L — 1 presents the best results but for a very
low margin, but as explained we focus on the examples which indicate that L is the
best choice.

6.2 Multiple Vision Tokens

After exploring using visual embeddings extracted from different layers from the ViT
we explore how these models behave with a linear transformation leading to multiple
embeddings. We are still extracting one visual embedding from the ViT but transforming it
with a linear transformation into various embeddings. This follows the process explained

in section 3.2.3.1 where to get kK embeddings we get
Zo = h(Y,) = reshape(Y, W + b) € RF*2048 (6.4)

where W € R1024x(2048k) and p € R1X(2048K) gbtaining Z: € R1*(2048%) before the reshaping
operation.

In this section, we explore different values of k studying how the models behave
with different numbers of visual token embeddings. We first experiment for Y;, = Vi TCLLS,
that is extracting the CLS embedding from the last layer and then we experiment for
Y, = ViTCLL‘Sl, extracting the CLS embedding from the second to last layer. With this
we want to evaluate how the layer influences the model difference in performance for
each k. We analyze for k € {1,4,8,12,16,20}. Although we do present the results for
retrieval, we remember that the retrieval is done as explained in section 5.3.1.4 where we
have W; € R™7 and W; € R"*7 which transform the [RET] embedding and the image

embedding and compares them. This means that the number of tokens k we are changing
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does not directly influence the retrieval but these values differ because of the joint retrieval

and captioning training. With this in mind we do report these values but we do not focus

on them.

6.2.1 Layer L

Here we present the results for the different values of k when we extract the CLS token

embedding from layer L. In figure 6.2 we illustrate the architecture studied in this section.

TN
. s

- CLS
. CLs

\CLS—>

k

party in the
park under
cherry
blossoms

Figure 6.2: Architecture of our model generative part where h transforms the CLS token
of the last layer into k different tokens, here we change the k.

Table 6.7: CC3M validation metrics for different numbers of visual tokens with CLS
extracted from the last layer

Captioning I2T Retrieval ~T2I Retrieval

k  BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR k& rl r5 rl 5
1] 16.30 8.23 4.57 2.74 13.83 23.30 46.02 | 22.32 4441
4| 2319 13.54 8.82 6.24 19.40 24.63 47.09 | 22.63  45.02
8 | 27.30 16.27 10.80 7.76 22.45 21.65 43.43 | 19.80 41.01
12| 27.83 16.60 11.02 7.90 23.01 23.84 46.45 | 22.89 45.14
16 | 27.86 16.78 11.24 8.10 23.40 2449 4753 | 22.85 45.39
20 | 28.08 17.03 11.46 8.28 23.42 24.05 46.84 | 22.62 44.57

Table 6.8: VQA validation metrics for different numbers of visual tokens with CLS extracted
from the last layer

k overall yes/no number other
1 3051 60.81 2.82 14.79
4 33.04 6345 1.39 18.28
8 3146 61.3 1.99 16.56
12 3055  59.21 2.29 16.23
16 3135 61.62 2.62 15.94
20 3329  65.54 3.02 16.78
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Table 6.9: MSCOCO validation metrics for different numbers of tokens extracted from the

last layer.

k  BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

1 18.87 9.33

4 32.59 19.73

8 4524 27.64
12 46.81 28.26
16  47.76 29.29
20 4444 26.40

4.48 2.22 7.68
11.51 6.75 13.07
16.27 9.70 15.23
16.58 9.85 15.55
17.39 10.30 15.80
15.19 8.93 14.72

21.09 20.64
33.13 42.12
35.26 45.76
34.31 44.15
35.40 45.74
33.60 40.81

Table 6.10: MSCOCO retrieval validation metrics for different numbers of token embed-

dings with CLS token extracted from the last layer.

12T T21

rl r5 rl 5

1499 33.97
15.05 3543
13.16 32.12
15.72  35.89
1522 35.11
8.79 2413

15.26
14.63
13.29
15.14
15.11
8.29

34.89
34.15
31.74
34.68
35.01
22.37

Table 6.11: VQA answers generated by the models with different numbers of tokens
extracting the cls embedding from the last layer.

" AR e A
— A ]
Question: What is the

man doing in the street?

Question: What are the
people in the background
doing?

Question: What color is
the building?

1 token: he is walking
down the street.

1 token: they are watching
a skateboarder perform.

1 token: gray.

4 tokens: he’s

4 tokens: skateboarding , b:
playing video games , c:

4 tokens: grey.

8 tokens: he’s walking to
work.

8 tokens: skateboarding .

8 tokens: grey.

12 tokens: he is walking.

12 tokens: they are watch-
ing the skaters.

12 tokens: it is a light grey
colour.

16 tokens: he’s selling ice
cream.

16 tokens: skateboarding.

16 tokens: grey.

20 tokens: he ’s eating ice
cream.

20 tokens: skateboarding.

20 tokens: red.
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Table 6.12: Examples of captions generated by the models with different number of visual
tokens with CLS token extracted from the last layer on images from the MSCOCO dataset.

61

1 token : The cat is sitting in the car.
4 tokens: a black cat sits in the car.
8 tokens: a cat sits in a car window.
12 tokens: a cat in the car.

16 tokens: cat in the car.

20 tokens: a black cat sitting in a car.

1 token: The food at the restaurant was delicious.
4 tokens: a child eats a hot dog at the restaurant.

8 tokens: person , person , and person enjoying
a hot dog at the carnival.

12 tokens: person , a boy , eats a hot dog at the
food truck ..

16 tokens: person eating a hot dog at the food
tent.

20 tokens: person , eats a hot dog at the food
tent.

1 token: The giraffe is a large mammal with a
long neck and a spotted coat.

4 tokens: a giraffe in the zoo.
8 tokens: a giraffe in the zoo.
12 tokens: a giraffe in the zoo.
16 tokens: a giraffe in the zoo.

20 tokens: a giraffe in the zoo. photo # 500x333.
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We observe that:

¢ Increasing the number of tokens improves the model’s results. This is mainly seen
in tables 6.7 and 6.9 where the models with higher number of tokens are the best
(20 for CC3M and 16 for MSCOCO).

¢ 8 tokens is enough. Although we observe improvements with a higher amount
of tokens the increase from 1 token to 4 is very significant and from 4 to 8 is still

significant while from 8 to more is marginal.

* Models with a high k (8 or more) may be overfitting. This is what the examples seem
to indicate, when we see in table 6.12 captions like " person, person, and person
enjoying a hot dog at the carnival." are weird captions that may stem from the poor
quality captions from the CC3M training dataset. While the captions for k = 4 like
"a child eats a hot dog at the restaurant.” seem more natural. But in table 6.11 we see
that k = 4 is the one that fails.

¢ We can conclude that for generative tasks we should choose k = 4 or k = 8 or some

value in between that we have not tested.

* For retrieval we can’t conclude anything about the number of tokens, which is
expected since the number of tokens for retrieval is not changing, therefore the
retrieval capabilities of these models are only affected by the captioning-retrieval

joint training.

6.2.2 LayerL -1

Here we present the results for the different values of k when we extract the CLS token
embedding from layer L — 1. In figure 6.3 we illustrate the architecture studied in this

= = = . s
L1 T
vz M - as s
=y N § e
party in the
HEEn

w s park under

blossoms

section.

e

Visual
Encoder

Figure 6.3: Architecture of our model generative part where h transforms the CLS token
from layer L — 1 into k different tokens, here we change the k.
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Table 6.13: CC3M validation metrics for different numbers of visual tokens with CLS
extracted from the second to last layer

Captioning I2T Retrieval ~T2I Retrieval
k  BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR  rl 5 rl 5
1 16.78 8.45 4.64 2.74 13.86 21.50 43.76 | 20.53 42.67
4 25.52 14.82 9.62 6.80 20.48 22.02 4423|2029 4234
8 26.78 15.84 10.43 7.43 22.47 21.21 4314 | 19.84 41.61
12| 27.16 16.16 10.75 7.72 22.49 23.41 4594 | 2143 43.63
16 | 27.27 16.27 10.81 7.76 23.06 2210 4435 | 21.18 4342
20 | 26.96 16.19 10.81 7.79 23.08 21.08 4258 | 19.40 40.95

Table 6.14: VQA validation metrics for different numbers of visual tokens with CLS
extracted from the second to last layer.

k overall yes/no number other

1 3053 61.95 1.94 14.20
4 3202 60.61 2.10 18.19
8 30.70 61.78 1.69 14.74
12 31.71 61.81 2.35 16.57
16  30.96 59.70 2.07 16.75
20 34.36 64.47 3.60 19.60

Table 6.15: MSCOCO validation metrics for different numbers of visual tokens with CLS
extracted from the second to last layer.

k  BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr
1 23.66 12.38 6.20 3.20 9.20 23.12 22.50
4  43.07 25.97 15.06 8.86 14.62 34.46 42.33
8 47.04 28.42 16.53 9.66 15.27 34.55 4291
12 47.28 28.74 16.83 9.98 15.43 34.76 43.96
16 46.96 28.28 16.46 9.65 15.17 34.43 43.13
20  46.81 28.08 16.25 9.44 15.28 34.00 43.34

Table 6.16: MSCOCO retrieval validation metrics for different numbers of token embed-
dings with CLS token extracted from the second to last layer.

2T T21
# of tokens rl 5 rl 5

1 1429 3354 1422 3358
4 1417 3239 1339 33.44
8§ 1348 3211 1289 31.42
12 1523 34.93 14.94 33.82
16 13.65 3244 13.66 3247
20 12.04 2956 1234 29.86
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Table 6.17: Examples of captions generated by the models with different number of visual
tokens with CLS token extracted from the second to last layer on images from the MSCOCO

dataset.
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1 token : a cat in a car.

4 tokens: a cat in a car.

8 tokens: a cat sitting in a car .

12 tokens: cat in a car.

16 tokens: person, the cat, is a bit of a menace.

20 tokens: person, a cat in a car.

1 token: The little girl and her mother at the food
truck.

4 tokens: a little girl eating a bite of her mother’s
food at the festival.

8 tokens: person eating a bite of her sandwich.
12 tokens: person eating a hot dog at the festival.

16 tokens: a little girl enjoying a hot dog at the
festival.

20 tokens: person eating a hot dog at the festival.

1 token: The giraffe is a species of mammal that
is found in africa.

4 tokens: a giraffe in the zoo.
8 tokens: a giraffe in the zoo.
12 tokens: a giraffe in the zoo.

16 tokens: a giraffe looking at the camera in the
z0o. photo # 10248500

20 tokens: a giraffe in the zoo.
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Table 6.18: VQA answers generated by the models with different numbers of tokens
extracting the cls embedding from the second to last layer.

Question: What are the

Question: What color is

man doing in the street? | People in the background the building?
doing?
1 token: he is walking to | 1 token: the 1 token: gray.

work.

4 tokens: he’s trying to get
a ride on the streetcar.

4 tokens: skateboarding,

4 tokens: grey, b: green, or
c: blue.

8 tokens: he’s eating ice
cream.

8 tokens: they are watching
the skateboarder.

8 tokens: grey.

12 tokens: he ’s riding a
bike.

12 tokens: they are skate-
boarding.

12 tokens: grey.

16 tokens:
cream.

eating ice

16 tokens: skateboarding.

16 tokens: blue.

20 tokens: he is walking to

20 tokens: white.

20 tokens: skateboarding.

work.

We observe that:

¢ Similarly to layer L, increasing the number of tokens improves the captioning capa-
bilities of the models at least until k = 8. This time for CC3M (table 6.13) we get
the best results for k = 16 and k = 20 while for MSCOCO we get the best results for
k=12

e We should choose k = 8, k = 12 or some value betweent that we have not tested.
This comes from observing that these values present the best results with a little
difference between them and observing the examples both fail in somethings and
excel in others. For the captioning examples in table 6.17 they seem both good, the
model with 12 tokens correctly understands that the child is eating a hot dog but fails
by speculating about a festival that is not an information given by the image. In the
VQA examples (table 6.18) the model with 8 tokens seems better since it recognizes
that the people are watching and not skateboarding

¢ For values of k higher than 1 using layer L — 1 is better than using layer L — 1, we can
observe by comparing tables 6.15 and 6.9 that especially for K = 4 using layer L — 1
is the best option.
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¢ For VQA (table 6.14) the model with k = 20 presents the best results but observing

the examples in table 6.18 this seems no to be conclusive.

¢ For retrieval k = 12 appears to be the best but as explained earlier this is not a strong
conclusion since the we always use only 1 token for retrieval.

6.3 Other CLS Based Aproaches

After analyzing the layers and the number of tokens used we decided to test other methods
to using the CLS layers, in these experiments we mixed the earlier ideas questioning
whether we could improve these models by using the CLS tokens of more than one layer.

We trained the following extra 4 models:

* L4L - it stands for last 4 layers, we extract 4 CLS tokens one from each of the last four
layers and apply a linear transformation to each, obtaining,

Z5* = [LLo(Yy), LLi(Y;™Y), LLa(Yy72), LLs(Yy )], (6.5)

where Y! = ViTClLS(I ) represents the CLS token embedding from layer I, LL;(Y) =
YW; + b;. This is represented in the following figure:

- €S 4+ CLS CLS CLS CLS

- - LS
% g . CLS
. CLS

party in the
park under
cherry
blossoms

Visual
Encoder

Figure 6.4: Architecture of the generative part of the Last 4 Layers model, where we
extract the CLS tokens of the last 4 layers and transform each one with a different linear
transformation.

¢ L2L - it stands for last 2 layers, similar to the previous one but only for the last 2
layers, we extract 2 CLS tokens one from each of the last two layers, and apply a

linear transformation to each, obtaining,
25 = [LLo(Yy), LLa(Yy™)] (6.6)

This is represented in the following figure:
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. CLS

T—> CLs CLS

-  CLS
. CLS
Visual party in the

Encoder

- s park under
- . cherry

blossoms

Figure 6.5: Architecture of the generative part of the Last 2 Layers model, where we
extract the CLS tokens of the last 2 layers and transform each one with a different linear
transformation.

¢ L2Lx2 - it stands for last 2 layers times two, it extracts the last two layers but similarly
to the methods used in section 6.2 we apply more than one linear transformation to
the same vector. In this case we use two linear transformations for each of the two
tokens in order put 4 tokens as input of the decoder, since we have concluded that
the number of tokens that are input of the decoder is an important variable. With

this we obtain,
ZZI;ZLXZ — [LLO(YZ{A)/ LL](YDL), LLZ(YJJ_l)I LL3(YZ£J_1)] (67)

This is represented in the following figure:

‘tEEN s L, as cLs
Ll 8 § B

=] N § e

e

=y N § et
Visual party in the
Encoder EEE - E park under
cherry
blossoms

Figure 6.6: Architecture of the generative part of the L2Lx2 model, where we extract
the CLS tokens of the last 2 layers and transform each one with two different linear
transformations creating 4 embeddings.

¢ Comp - it stands for comparing, we will use "Comp" to identify in the tables but
refer to it as the CLS comparing model. This method extracts the CLS tokens from
the last two layers and uses them to create two new tokens, one is the difference
representing how the CLS tokens changed from one layer to the other and the other
is an elementwise multiplication. This should represent the interactions between

these two layers, obtaining,
C _ _
7, = [LLo(YL), LLy(YE™Y), LLy(YE - Y2Y), LLs(YE o YD), (6.8)
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where O represents element-wise multiplication. This is represented in the following
figure:

e

Visual
Encoder

party in the
park under
cherry
blossoms

Figure 6.7: Architecture of the generative part of the CLS comparing model, where we use
the CLS tokens from the last 2 layers and create 2 new embeddings by subtracting and
multiplying element-wise these two. Obtaining 4 tokens where each one is transformed
with a different liner transformation.

Since all these models extract more than one CLS token, we use the average of these token
embeddings as the retrieval token embedding.

Table 6.19: CC3M validation metrics for different other CLS Based approaches

Captioning I2T Retrieval T2I Retrieval

Method , BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR rl r5 rl r5
L4L 24.68 14.33 9.33 6.61 20.12 2421 47.19 | 23.05 4592
L2L 21.76 12.13 7.54 5.12 17.36 2436 47.10 | 23.46 4593
L2Lx2 23.51 13.68 8.95 6.39 18.82 2449 47.64 | 23.26 45.99
Comp 25.65 14.61 9.34 6.51 20.73 2285 45.16 | 21.11 42.88

Table 6.20: VQA validation metrics for different other CLS Based approaches

Method overall yes/no number other

L4L 3331 6271 212 19.22
L2L 32,67  65.04 2.13 16.12
L2Lx2 3330  63.69 1.94 18.48
Comp 30.79 61.78 2.30 14.75

Table 6.21: MSCOCO validation metrics for different other CLS Based approaches

Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

141  45.09 27.56 16.19 9.62 14.95 34.37 43.85

121  30.95 18.96 11.06 6.50 12.29 32.27 39.36
12Ix2 4092 2491 14.57 8.62 14.14 33.55 42.15
Comp  46.59 28.11 16.35 9.66 15.06 34.43 41.55

Observing the results and examples we conclude that:
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Table 6.22: MSCOCO retrieval validation metrics for different other CLS Based approaches

2T T2I
model rl 5 rl r5
L4L 14.89 35.10 15.08 35.59
L2L 15.25 35.36 15.84 36.08
L2Lx2 15.60 35.89 1574 35.60
comp 13.87 3246 1325 31.68

Table 6.23: VQA answers generated by the models with different numbers of tokens
extracting the cls embedding from the second to last layer.

—
Question: What is the
man doing in the street?

Question: What are the
people in the background
doing?

Question: What color is
the building?

L4L: he is walking to work.

L4L: they are skateboard-
ing.

L4L: gray, b: green, c: blue,
d: black.

L2L: he’s trying to get a
ride on the streetcar.

L2L: skateboarding,

L2L: grey, b: green, or c:
blue.

L2Lx2: he’s trying to sell ice
cream.

L2Lx2: skateboarder, a per-
son in a hat and a person
with a skateboard.

L2Lx2: beige.

Comp: he is walking.

Comp: they are skateboard-
ing.

Comp: gray.

¢ The number of tokens continues to be important, in the examples we experimented
in this section, 3 (L4L, L2Lx2, and Comp) used 4 tokens and 1 (L21I) used 2 tokens,
we can see how this leads to L2L being worse than the others and how when we look

at tables 6.19 and 6.21 and compare with the previous models, the models with 4

tokens obtain similar results to the other models with 4 tokens and the model with

2 tokens obtains results between the models with 1 token and the models with 4

tokens.

¢ The Last 4 Layers (L4L) and the CLS Comparing (Comp) models are the ones that
perform the best for the generative tasks, both obtaining better results in MSCOCO
(table 6.21) than the previous models with k = 4 (only for BLEU and METEOR, not
for CIDEr and ROUGE-L, compare with table 6.15).

¢ If we want only to use 4 tokens we should use Comp for its better quantitative results
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L4L: a cat sits in a car window looking out.
L2L: a cat is sitting in a car.

L2Lx2: a cat sits in the car, looking out the win-
dow.

Comparison: a black cat sitting in a car.

L4L: a little girl and her dad at the carnival .
L2L:

L2Lx2: a little boy takes a bite of his food at the
carnival .

Comparison: a child eating a hot dog at the
festival.

L4L: a giraffe in the zoo looking up at the sky.
L2L: a giraffe in the zoo.
L2Lx2: a giraffe in the zoo.

Comparison: a giraffe in the zoo.

Table 6.24: Examples of captions generated by the different CLS based approaches on
images from the MSCOCO dataset.

but also by observing the examples in tables 6.24 and 6.23 with relatively good
captions and answers, even though in table 6.23 it wrongly answers that the people
are skateboarding, but that is a recurrent problem in also in the previous models.

¢ For text-to-image (T2I) retrieval L2L obtains the best results of all the CLS-based

models, which may come from combining the CLS token embeddings of the last
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two layers.

6.4 Summary

From the study presented in this chapter, these are the main conclusions we obtain:

¢ Thelast two layers L, and L —1 are the best layers to extract the CLS token, depending
on the situation one may be better than the other but it is not a drastic change.
Extracting from earlier layers is not helpful.

¢ Independently of the tokens extracted or how they are processed, the most impactful
change is the number of tokens that enter the decoder. The other variables can only
be compared with the same number of tokens.

¢ If we want the most from the least amount of tokens k, we should use k =4 ork =8

or some number between that we have not experimented with.

e If we want to use only 4 tokens, using our CLS comparing strategy is probably
the best option. The main disadvantage of this approach is that it is not easy to

generalize to other numbers of tokens.

¢ For retrieval tasks the last layer seems to be always preferable, what is expected from
the contrastive learning of CLIP.
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7

ABLATION STUDY: ALL TOKENS BASED

MODELS

Now we explore what can be done when we extract all the tokens, which means that
Y, € R¥»7¥1024 " The most obvious thing to do is to follow what LLaVA [21] does and
transform these tokens with a linear transformation, this way, the number of tokens that
enter the LLM is the same as the number of tokens on our visual encoder, 257 for our CLIP
ViT-L/14 model. However, we were not able to do it as it requires a lot of GPU memory.
That way our work is restricted to the use of connecting transformations that reduce the

amount of tokens.

7.1 Methods

Now, we search for strategies that will reduce the number of tokens effectively. Since we’ve
noted that the number of tokens that enter the LLM makes significant differences in the
results, we want to compare the different token reduction methods for similar numbers of
tokens so that they can be fairly compared. For this, we chose 4 tokens since the differences
from 1 to 4 tokens in previous experiments were the most significant. We experimented
with several token reduction approaches to map tokens into a more compact form while

retaining essential information. Below, we outline the four main strategies used.

* Grouped Concatenation with Linear Transformation (Grouped)

We divided the tokens (excluding the CLS token) into 4 groups and applied a linear
transformation on the concatenated embeddings of each group. The transformation
maps each group to a vector with the same dimension as the original text embeddings.

Given the embeddings:

Yo = [Yo, Yo, - Yo ] € REPACE (7.1)
We exclude the CLS token 10 and divide the remaining embeddings into 4 groups:
Yo=ylo. . oybte R (7.2)

v

72



7.1. METHODS

le _ ]/25 S yizs € R1x65536 (7.3)
Yz)2 — yzl)29 D B yzl}92 e R1X65536 (74)
Y3 = %1193 U %2)56 c R1X65536 (7.5)

Here, ® denotes concatenation. Each group undergoes a linear transformation:
LL(Y,) = Y,W + b € R1>2048 (7.6)

where W € R65536><2048 and b € R1X2048.

Thus, the final embedding is:
257" = h(Y,) = [LL(Y?), LL(Y}), LL(Y2), LL(Y2)] € R>2048 (7.7)

This is represented in the following figure:

vl N - as

Lz W - as

=1 B B B

TN - s
party in the
park under

cherry

blossoms

Figure 7.1: Architecture of the generative part of the Grouped Concatenation with Linear
Transformation (Grouped) model, where we extract the tokens from layer L except the CLS
and group them in 4 groups where the vectors inside a group are concatenated, obtaining
4 vectors which are transformed by a linear layer.

¢ Position-Based Grouping with Linear Transformation (Regions)

We divided the tokens into 5 groups based on their position in the image. The
groups correspond to the 4 quadrants of the image plus an additional central region.
Each region contains 64 tokens, with some tokens overlapping between quadrants

and the center.
. . TopLeft TopRight BotLeft BotRight
We divide the tokens into: Y, 7 ef D N ef , Y, e yCentre

Each group contains 64 tokens. After concatenating the tokens in each region, we
apply the same linear transformation LL as in the previous method:

LL(Y, 8"y = yRe8" W 1 p ¢ 172048 (7.8)
The final representation is:

Zo = h(Yy) _ [LL(YgopLeft)/ LL(YvTopRight)/ LL(YfOtLeft), LL(YvBotRight)’ LL(chentre)] c RSXZMS
(7.9)
This is represented in the following figure:
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Top Left Top Right Bot Left BotRight Center

L
EEN - -~ . pEpE-EE-EE-EE-

vl - as

M - as

=1 B § et
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.- party in the
park under
[LLT1] cherry

blossoms

Figure 7.2: Architecture of the generative part of the Position-Based Grouping with linear
transformation (Regions) model, where we extract the tokens from layer L except the CLS
and group them in 5 regions corresponding to the region each token represents. The
vectors inside a group are concatenated, obtaining 5 vectors which are transformed by a

linear layer.

* Weighted Averaging Instead of Concatenation (W avg)

Instead of concatenating the tokens, we computed a weighted average of the tokens

in each group, which avoids the need to project from a very high dimension (65536).

For each group of tokens:
Z3 = LLWalyy, -, y$*)
Zy = LLWaly5", -, vo™)
23 = LLWaly™, .-, ™))
Z3 = LLWalyy®, ..., y2°))

Where W, € R1X64, and [yzi;l, oL, yg+63] € R64x1024

The linear transformation LL(Y) = YW where W € R1024x2048 pr0duces:
Z{I]iegions _ [Zg, Zzl,, Zzzﬂ Zzs;] c R4><2048

This is represented in the following figure:

e

Visual
Encoder

(7.10)

7.11)
(7.12)
(7.13)

(7.14)

party in the
park under
cherry
blossoms

Figure 7.3: Architecture of the generative part of the weighted average (W avg) model,
where we extract the tokens from layer L except the CLS and group them in 4 groups
where we obtain a weighted average of the embeddings in each group, obtaining 4 vectors

which are transformed by a linear layer.
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o Cross-Attention (CrossAtt)

Inspired by the Q-Former architecture, we introduced a cross-attention module
using 4 query embeddings and 4 attention heads. All image tokens are used as keys
and values in this attention mechanism, allowing the queries to focus on different
parts of the image.

We use a cross-attention module with query embeddings Q € R**10%4;

7CrossAtt — 115 (heady ® head, ® heady & heads) € R¥2048 (7.15)

Each attention head is computed as:
head; = w(QK])V; € R¥** (7.16)
where w is the softmax function. The keys and values are computed as:
Ki = Y,WK e RE7%6 v, = Y, WV ¢ R27X25%6 (7.17)

with WiK,WiV e RI1024x25%6 51 each head i. Finally, the concatenated heads are
transformed through LLo(Y) = YW + b where Wo € R1024x208_ This is represented
in the following figure:

LN - s
4 learned queries
vl - as
M - as
=y B § BT
T - e Cross
Attention
party in the
park under
[TTT] eherry
blossoms

Figure 7.4: Architecture of the generative part of the Cross-Attention model, where we
use 4 learned queries which interact with the image tokens from the last layer through
cross-attention outputting 4 token embeddings.

Table 7.1: CC3M validation metrics for different methods using all tokens.

Captioning I2T Retrieval ~T2I Retrieval
Method | BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR & r1 15 rl r5
CrossAtt | 22.83 12.83 8.09 5.59 20.37 20.34 42.36 | 20.33  41.59
W avg 14.15 7.09 3.83 2.21 12.13 17.23 37.56 | 1559 34.84
Regions 15.05 7.70 4.26 2.52 12.24 17.02 36.92 | 14.69 33.87
Grouped | 19.14 9.87 5.55 3.30 14.81 16.27 35.66 | 13.50 31.90
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Table 7.2: VQA validation metrics for different methods using all tokens.

Layer overall yes/no number other

CrossAtt  30.79 60.45 1.98 15.86
Wavg 2981 5858 1.64 15.37
Regions 29.28  59.68 0.99 13.64
Grouped 2858  58.42 3.69 12.45

Table 7.3: MSCOCO captioning validation metrics for different methods using all tokens.

Layer BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

CrossAtt | 46.24 28.53 17.06 10.32 14.62 34.19 43.31

Wavg | 34.66 20.39 11.62 6.60 10.90 25.83 26.37
Regions 0.73 0.43 0.24 0.13 2.59 5.94 6.41
Grouped | 14.88 8.56 4.72 2.60 8.96 28.77 30.34

Table 7.4: MSCOCO retrieval validation metrics for different methods using all tokens.

2T T2I
model rl 5 rl 5

CrossAtt 14.75 34.39 14.42 34.71
Wavg 1238 30.20 11.40 30.08
Regions 11.24 2830 11.82 28.98
Grouped 10.74 27.36 10.00 26.64
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Table 7.5: Examples of captions generated by different models using various methods
to extract all tokens for images from the MSCOCO dataset. The empty captions of the
Regions model correspond to images this model returned nothing while trying to caption.
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CrossAtt: a cat in a car.
W avg: a cat in a car, looking out the window .
Regions: a cat in a car.

Grouped: a cat is sitting in a car and looking out
the window.

CrossAtt: a boy enjoys a meal at the restaurant.

W avg: The boy is eating a hamburger at the
restaurant.

Regions:

Grouped: a little girl and her dad at the zoo.

CrossAtt: a giraffe looking up at the sky.
W avg: a giraffe in the zoo.
Regions:

Grouped: a giraffe with a big smile on its face
looking at the camera .
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Table 7.6: VQA answers generated by the models using different methods to process all
visual tokens.

man doing in the street?

Question: What are the
people in the background
doing?

Question: What color is
the building?

CrossAtt: he is walking
down the street.

CrossAtt: they are watch-
ing the skater perform.

CrossAtt: grey.

W avg: he is selling ice
cream.

W avg: they are watching a
young man skateboarding
on a ramp.

W avg: gray , a building
with a tower.

Regions: a truck.

Regions: they are watch-
ing the crowd of people at
the concert.

Regions: the building is
painted in a light beige
color.

Grouped: he is driving a
truck.

Grouped: they are watch-
ing the skateboarding com-

Grouped: the building is a
brick building.

petition.

Looking at the tables with the results and the examples we observe that:

* The Regions model gives surprisingly low values for captioning in the MSCOCO
dataset (table 7.3), this happens because the model is not generating captions for
most of the images as can be seen in table 7.5 where it only captioned one of
the three images, in total the model only generated 810 captions from the 5000
images, corresponding to about 16% of the images. This model generated text for
VQA questions, but don’t seem to give accurate answers as we can see in table 7.6,
suggesting that the answer comes almost exclusively from the question text and not
the image.

¢ The 4 group model together with the Regions model are the only models that obtain
better results for captioning on CC3M than on MSCOCO, this may come from the
high dimension (65536) of the concatenated vectors leading to a very large number of
parameters being trained that made these models not to be able to generalize to other
datasets. For reference the CLS-based models with k = 20 train 42M parameters
while the Regions model trains 151M.

¢ Although it presents the worst values for CC3M the model Weighted average (W
avg) obtains reasonable results on MSCOCO (table 7.3), less than the other 4 tokens
models but more than the 1 token models, showing that it has good generalizing
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capability. We also see in examples from tables 7.5 and 7.6 that its captions and

answers although not great are way better than Regions and Grouped.

¢ The cross-attention model obtains the best results, obtaining better MSCOCO cap-
tioning results than most 4-token models and being on par with the CLS comparing
model and also generating reasonable captions and answers on the examples of
tables 7.5 and 7.6.

¢ In the different methods used for the all-tokens-based models, Cross Attention is
also the best for retrieval. Being always preferable than any of the other methods we
tried in this chapter.

From now on when using all tokens we will use the cross-attention module since
it obtains the best results for the all tokens based approaches that we tested, results
competitive with the CLS only models, and because it is very versatile since we can easily
choose the number of tokens we want and we can easily replace it with a more complex
module of this kind like the actual Q-Former.

7.2 Layer

Here we follow the process done in section 6.1 testing how this model with cross attention
as bridging function behaves when we change the layer from which we extract the tokens.
For this, we define ViT! as the function that extracts all the token embeddings from layer
I of the ViT. We experiment for the last 4 layers, meaning that our function f will be:

Y, = f(I) = ViT'(I) e R®™19 | e (L -3,L-2,L-1,L} (7.18)

where L is the last layer. In the previous experiments, we have been using the last layer L.

We illustrate this in figure 7.5.

‘EE W - s

4 learned queries

vl - as
- as -
N - as -
T oS

Attention

party in the

park under
[T 1] eherry

blossoms

Figure 7.5: Architecture of the generative part of the Cross-Attention model, where we
choose from which layer to extract all tokens before they interact with the learned queries
through cross-attetion. The solid lines show layer L which is the original layer we used
the previous experiments, here we try different layers.
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Table 7.7: CC3M validation metrics for different layers using cross-attention.

Captioning I2T Retrieval T2I Retrieval
# of tokens , BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR rl 15 rl 5
L 24.07 13.63 8.69 6.06 19.11 23.15 46.13 | 22.09 44.11
L-1 25.84 14.53 9.18 6.38 20.87 21.00 42.88 | 2049 42.17
L-2 24.58 13.88 8.83 6.15 19.81 20.76 43.08 | 19.94 42.19
L-3 24.24 13.54 8.48 5.81 19.38 2045 4275 | 2032 42.07

Table 7.8: VQA validation metrics for different layers using cross-attention.

Layer Yes/no number other overall
L 3079 1586 6045 198
L-1 3232 17.38  62.42 2.30
L-2 3239 17.40  62.86 1.52
L-3 3105 1553 6177 135

Table 7.9: MSCOCO captioning validation metrics for different layers using cross-attention.

Layer BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr
L | 46.24 28.53 17.06 10.32 14.62 34.19 43.31

L-1| 45.69 26.46 14.90 8.63 14.81 33.00 40.16
L-2| 39.24 23.01 12.92 7.33 13.96 32.60 38.75
L-3 | 46.20 28.03 16.45 9.83 14.99 34.78 43.04

Table 7.10: MSCOCO retrieval validation metrics for different layers using cross-attention.

12T

T21

Layer

rl

5

rl

5

L
L-1
L-2
L-3

14.75
13.18
13.78
13.40

34.39 14.42
31.73 13.10
33.69 1547
32.75 14.51

34.71
32.66
36.08
34.82
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L: a catin a car.
L —1:acatina car.
L —2:acatina car.

L —3:acatina car.

L: a boy enjoys a meal at the restaurant.
L - 1: a little bit of everything for a little boy.
L-2: alittle girl eating a burger at the restaurant.

L-3: alittle girl eating a sandwich at a restaurant

L: a giraffe looking up at the sky.
L - 1: a giraffe in the zoo.
L —2: a giraffe looking at the camera.

L - 3: a giraffe looking at the camera.

Table 7.11: Examples of captions generated by the models extracting the cls embedding
from different layers on images from the MSCOCO dataset.
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—
Question: What is the
man doing in the street?

Question: What are the
people in the background
doing?

Question: What color is
the building?

Layer L: he is walking
down the street.

Layer L: they are watching
the skater perform.

Layer L: grey.

Layer L — 1: he is walking
to work.

Layer L — 1: they are watch-
ing a young man jump on
a skateboard.

Layer L — 1: it’s a mix of
beige and grey.

Layer L — 2: he is walking.

Layer L — 2: they are watch-
ing the skateboarder per-
form tricks on the ramp.

Layer L — 2: the building is
a brick color.

Layer L — 3: he is walking

Layer L — 3: skateboarding.

Layer L — 3: brick red.

to his car.

Table 7.12: VQA answers generated by the models with different numbers of tokens
extracting the cls embedding from the second to last layer.

Comparing the Cross Attention models extracting all tokens from different layers we
observe that:

¢ There is no clear best layer since all layers perform best in some datasets.

¢ Giving MSCOCO captioning (table 7.9) the most importance, we see that layer L is
the best choice but not for a significant difference.

¢ For retrieval layer L seems the best, although we see that in table 7.10 layer L — 2
performs best for text-to-image retrieval (T2I)

7.3 Number of tokens

Finally, we analyze how these models with a cross-attention connection perform if we
increase the number of tokens. Increasing the number of tokens in cross-attention means
changing the dimensions of our query embeddings Q. Earlier we explained that Q €
R¥1024 making Z,, € R¥?™8 now when we want k tokens we have Q € R¥1024 making
Z, € RF20M48 Once again we analyze the performance of these models for different
numbers of tokens for tokens extracted from layer L and from layer L — 1. As explained
earlier, when comparing the number of tokens we do not give a lot of attention to the

results on retrieval because they are not directly affected by that. While we do use a
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Figure 7.6: Architecture of the generative part of the Cross-Attention model, where we
use k learned queries which interact with the image tokens from the last layer through
cross- attention outputting k token embeddings, here we change the number k.

cross-attention module to transform embeddings to compare with the embedding of the

[RET] token, this uses only one vector as the query.

731 L

Here we show the results for changing the number of tokens when we extract all tokens
from layer L. We illustrate this in figure 7.6.

Table 7.13: CC3M validation metrics for different numbers of tokens using cross-attention
extracting the tokens from the last layer.

Captioning I2T Retrieval T2I Retrieval

k  BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR rl 15 rl 15
4 24.07 13.63 8.69 6.06 19.11 23.15 46.13 | 22.09 44.11
8 26.75 15.27 9.79 6.84 21.58 2240 4531 | 21.76 44.08
12 26.37 15.12 9.72 6.78 21.47 20.74 43.25 | 19.61 41.38
16 26.10 15.02 9.66 6.78 21.73 2242 4521 | 2097 42.88
20 26.43 15.23 9.85 6.92 21.45 20.22 41.84 | 19.24 40.54

Table 7.14: VQA validation metrics for different numbers of tokens using cross-attention
extracting the tokens from the last layer.

k' Yes/no number other overall

4 30.79 15.86  60.45 1.98
8 3233 17.07  62.66 2.84
12 32.67 17.23  63.77 1.61
l6  32.06 1643  62.86 2.61
20  31.73 16.12  62.55 212
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Table 7.15: MSCOCO captioning validation metrics for different numbers of tokens using
cross-attention extracting the tokens from the last layer.

k  BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

4 46.24 28.53 17.06 10.32 14.62 34.19 43.31
8§ 4513 26.97 15.58 9.16 15.23 35.01 44.26
12 47.72 28.81 16.87 10.06 15.66 35.13 4491
16 49.08 29.82 17.51 10.44 15.91 35.41 45.05
20  44.79 27.26 16.09 9.59 15.21 35.93 44.41

Table 7.16: MSCOCO retrieval validation metrics for different numbers of tokens using
cross-attention extracting the tokens from the last layer.

2T T21
k rl r5 rl 5

4 1475 3439 1442 34.71
8 13.85 33.11 14.61 3393
12 13.53 3299 1399 33.75
16 1451 34.00 14.70 34.27
20 10.69 2749 10.87 27.30
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Table 7.17: Examples of captions generated by the Cross Attention models using different
numbers of tokens and extracting all tokens from the last layer on images from the

MSCOCO dataset.
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4 tokens: a cat in a car.
8 tokens: a cat is sitting in a car.

12 tokens: a black cat sits in the back seat of a
car .

16 tokens: a cat is sitting in a car.

20 tokens: a cat in a car.

4 tokens: a boy enjoys a meal at the restaurant.

8 tokens: a little bit of everything for a birthday
party.

12 tokens: person , a little girl , eats a hamburger
at the restaurant.

16 tokens: a boy eats a hot dog at the food stand.

20 tokens: person , a boy , eats a hamburger at a
restaurant.

4 tokens: a giraffe looking up at the sky.
8 tokens: a giraffe in the zoo.
12 tokens: a giraffe in the zoo.

16 tokens: a giraffe in the zoo. the giraffe is a
herbivore and the giraffe is the tallest mammal.
it is the longest mammal in the world.

20 tokens: a giraffe in the zoo.
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Table 7.18: VQA answers generated by the models with different numbers of tokens
extracting the cls embedding from the second to last layer.

—=
Question: What is the
man doing in the street?

Question: What are the
people in the background
doing?

Question: What color is
the building?

4 tokens: he is walking
down the street.

4 tokens: they are watching
the skater perform.

4 tokens: grey.

8 tokens: he is walking to | 8 tokens: skateboarders | 8 tokens: grey.
work. performing a kickflip on a
ramp.

12 tokens: he is waiting for
a bus.

12 tokens: they are watch- | 12 tokens: red.
ing a skateboarder perform
a trick.

16 tokens: skateboarding.
person in the background
is skateboarding. person
in the background is watch-
ing the skateboarder.

20 tokens: they are watch-
ing a skateboarder per-
form.

16 tokens: he ’s selling ice
cream.

16 tokens: the building is
white.

20 tokens: he 's walking. 20 tokens: it is a building.

Here we report the results for models with cross attention for different values of k
where the tokens are extracted from the last layer (L). We observe that:

* The number of tokens continues to be an important variable, but not making a strong
difference like in the CLS-based models. We see a not big but significant difference
in table 7.13 from k = 4 to k = 8. But this difference disappears in table 7.15.

¢ Focusing on table 7.15 we see that using 16 tokens is the best model, obtaining also
better results than any CLS-based model. But when looking at the examples in
tables, we see that in table 7.17 the captions are good, correctly identifying the hot
dog, but we see that in that caption of the giraffe, it has too many not useful words.
When looking at table 7.18 we see that the answers are mainly wrong. This suggests

that the model is good for captioning but not that good at tasks it was not trained
for like VQA.

* The simple 4 token model is a good choice, although it presents worse results than
other models in this section, these results are still on par with the best CLS-based
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models as mentioned earlier, generating good answers and captions.

* The model with 4 tokens presents the best results for retrieval what once again
probably comes from the other models having a lower training loss on captioning,
leaving a slightly higher retrieval loss, making it not improve more the retrieval

capabilities.

732 L-1

Here we report the results for models with cross attention for different values of k where
the tokens are extracted from the second to last layer (L — 1). We illustrate this in the

following figure:

Table 7.19: CC3M validation metrics for different numbers of tokens using cross-attention
extracting the tokens from the second to last layer.

Captioning I2T Retrieval T2I Retrieval

k , BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR rl r5 rl r5
4 25.84 14.53 9.18 6.38 20.87 21.00 42.88 | 2049 42.17
8 25.81 14.75 9.44 6.59 21.46 21.57 44.13 | 21.63 43.52
12 26.52 15.26 9.83 6.88 21.71 21.30 43.04 | 20.87 42.24
16 26.46 15.26 9.85 6.92 21.85 19.03 40.77 | 18.57 39.69
20 25.05 14.39 9.25 6.48 20.99 18.18 39.27 | 1790 38.42

Table 7.20: VQA validation metrics for different numbers of tokens using cross-attention
extracting the tokens from the second to last layer.

# of tokens Yes/no number other overall

4 3232 17.38  62.42 2.30
8 3159 16.87  61.25 1.96
12 31.80 17.11 61.20 2.83
16 31.72 1728  61.00 2.09
20  31.20 16.19  61.13 1.90

k learned queries

Visual
Encoder

Cross
Attention

party in the

park under

blossoms

Figure 7.7: Architecture of the generative part of the Cross-Attention model, where we
use k learned queries which interact with the image tokens from layer L — 1 through
cross-attention outputting k token embeddings, here we change the number k.
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Table 7.21: MSCOCO captioning validation metrics for different numbers of tokens using
cross-attention extracting the tokens from the second to last layer.

Layer BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr

4  45.69 26.46 14.90 8.63 14.81 33.00 40.16
8  48.64 29.49 17.34 10.33 15.77 35.27 46.31
12 50.02 30.68 18.04 10.81 16.18 36.51 46.96
16  49.36 30.11 17.80 10.58 16.06 36.62 47.07
20  47.88 29.00 17.07 10.20 15.41 34.99 44.31

Table 7.22: MSCOCO retrieval validation metrics for different numbers of tokens using
cross-attention extracting the tokens from the second to last layer.

2T T2I
# of tokens rl 15 rl r5

4 1318 31.73 13.10 32.66
8 1297 3193 14.51 35.24
12 1391 33.14 1424 33.78
16 1251 30.66 1286 31.88
20 1092 28.08 11.79 29.45
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Table 7.23: Examples of captions generated by the Cross Attention models using different
numbers of tokens and extracting all tokens from the second to last layer on images from

the MSCOCOQO dataset.
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4 tokens: a cat in a car.

8 tokens: a cat is sitting in a car.

12 tokens: a cat in a car.

16 tokens: a cat in a car, looking out the window.

20 tokens: a cat in a car window.

4 tokens: a little bit of everything for a little boy.
8 tokens: person eating a hot dog at the festival.

12 tokens: a little girl eating a hot dog at the
carnival.

16 tokens: a little boy and his mother at the food
stand.

20 tokens: a little boy enjoying a meal at the
restaurant.

4 tokens: a giraffe in the zoo.
8 tokens: a giraffe in the zoo.
12 tokens: a giraffe in the zoo.
16 tokens: a giraffe in the zoo.

20 tokens: a giraffe with a long neck and a long
tongue.
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Table 7.24: VQA answers generated by the Cross Attention models with different numbers
of tokens extracting all tokens from the second to last layer.

—=
Question: What is the
man doing in the street?

Question: What are the
people in the background
doing?

Question: What color is
the building?

4 tokens: he is walking to
work.

4 tokens: they are watch-
ing a young man jump on
a skateboard.

4 tokens: it’s a mix of beige
and grey.

8 tokens: he is walking to
work.

8 tokens: they are watching
the skateboarders.

8 tokens: the building is a
mix of red and blue.

12 tokens: he is walking to
work.

12 tokens: skaters are do-
ing tricks on the rail.

12 tokens: the building is
not painted in any color.

16 tokens: he is walking to
work.

16 tokens: they are watch-
ing the skateboarders per-
form.

16 tokens: the building is
not a building, it is a mu-
seum.

20 tokens: he is selling ice
cream to people walking
by.

20 tokens: skateboarding.

20 tokens: it is a light blue
color.

We observe that:

When we look at the metrics on CC3M (table 7.19) the number of tokens seems not

to make a difference.

* When we look at the metrics on MSCOCO (table 7.21) we see significant differences
in the number of tokens. We see that increasing the number of tokens improves the

model until k = 12 which is the best model of all the models we experimented.

* The best model is probably between k = 12 and K = 16 since the former has the
best values for BLEU and METEOR and the latter the best for ROUGE-1 and CIDEr
while presenting similar values in all these metrics. When looking at the examples
in tables 7.23 and 7.24 we also see that some captions/answers one performs best
and in others the other performs best.

¢ For retrieval using k = 8 or k = 12 are the best models.
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74 Summary

After the study presented in this chapter and its comparison with the study from the
previous chapter, these are the main conclusions:

¢ Cross Attention is the best of the methods tried both in performance and in versatility
since it can take any number of tokens as input and it is easy to increase the amount

of output tokens by just increasing the number of query tokens.

¢ Cross Attention performs better than most CLS-based methods except for the CLS
comparing method when using 4 tokens, but has the advantage of easily adding
new tokens that the latter does not.

¢ Similarly to CLS-based models there is not a significant difference between using
layers L or L — 1 but it seems to be better to use layer L — 1 when using more tokens
(8 or more) and layer L when using fewer tokens.

¢ The best model we tried uses cross-attention with 12 tokens with all tokens extracted
from layer L — 1. This model is also efficient having just slightly more parameters
than the CLS model with 4 tokens.
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8

CONCLUSIONS

8.1 Contributions

In this thesis we worked on Generative Vision and Language models, focusing on models
that use a frozen image encoder and a frozen text decoder connected by some transforma-
tions, following the FROMAGe [14] architecture. In our study and work to advance this
kind of Vision and Language Model, our contributions are:

¢ The development of European Portuguese Vision and Language datasets through
machine translation of widely used English datasets. We translated CC3M, MSCOCO,
and VisDial, helping train future European Portuguese Vision and Language models.

* Creation of a new European Portuguese Generative Vision and Language Model

based on Fromage trained with our translated CC3M dataset.
* Submission of a paper presenting both the translated datasets and the new model.

¢ An ablation study analyzing different ways to extract and transform visual token
embeddings from the ViT encoder to use as input of the LLM decoder, improving

the original model.

8.2 Take Away Messages

For Portuguese models, we made advancements by translating these datasets and training
our new model but it still has some limitations, mainly when we compare with the English
models, this probably comes from a lack of larger Portuguese LLM models. The framework
we used to train this model allows us to create a better model as soon as there is a new
better Portuguese LLM.

From our ablation studies, we conclude that the FROMAGe model can be greatly
improved by increasing the number of visual tokens used as input of the LLM, even when
just extracting one token from the ViT, showing that there is a high amount of information
in the CLS token that cannot be transformed into just one LLM input token and that even
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a small number like 4 can bring great improvements. We conclude that cross-attention is
one of the best ways to transform a certain amount of tokens into a different determined
amount of tokens, being a flexible token reduction strategy that allowed us to train a light
Vision and Language model where we can easily choose how many tokens we want to
use as input of the LLM.

We could not conclude much about which layer we should extract the token embeddings
but it should be either the last layer L or the second to last layer L — 1. For retrieval, the
last layer is the best, which seems to come from the fact that our image encoder is a CLIP
trained with a contrastive learning task. For generative tasks using cross-attention, we

concluded that when using multiple tokens we should use the second to last layer.

8.3 Future work

Following our ablation studies there are many different changes in the models that would
be interesting to study, some examples are:

¢ Change the ViT - It is important to understand if these models could improve if other
image encoders are used, for example by using more recent SOTA models, and how
the behaviors and conclusions we observed in these models do or do not generalize
for different image encoders. It would also be interesting to compare vision models
with different pertaining tasks.

¢ Change the LLM - Although we already use a different LLM from the one used in
the original FROMAGe, it is not certain that LLMs with more parameters would
behave the same way these models behaved with Gemma 2B.

¢ Use more layers - We can add more layers to the transformation using a Multi-Layer
Perceptron instead of a linear layer for the CLS-based models or using multiple
cross-attentions for all-tokens-based models. It would be interesting to analyze
whether this would make a significant change in the models.

* Unfreeze some layers - This is another way to try to improve these models, and see
if there is indeed an improvement, by unfreezing, for example, the last layers of the
ViT.

For the Portuguese Vision and Language model we could follow the changes tried in
these ablation studies to try to improve the model, using more tokens or trying the

cross-attention connection.
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