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ABSTRACT

The automatic creation of descriptions for visual stimuli using natural language,

known as image captioning, is among the most interesting areas of overlap between

computer vision and natural language processing. Although a lot of research has been

done in the area, generating fluent and semantically and contextually appropriate de-

scriptions continues to be a challenging task, especially when dealing with complex

scenes involving multiple objects, atypical spatial relationships, and relational reason-

ing. The present work makes two distinct contributions to the field of image captioning

by surveying the architecture of transformer-based image captioning models from the

years 2014 to 2025 and proposing a new image captioning model called ViBERT which

combines the Vision Transformer and the BERT models.

Contribution of the survey, which comprises the first part of this thesis, is to struc-

ture an enormous number of papers on captioning into nine categories, such as CNN-

RNN based baseline models, attention-based models, encoder-focused vision trans-

formers, decoder-focused language model-based methods, cross-modal attention meth-

ods, contrastive models like CLIP, retrieval based captioning approaches, multimodal

transformers, and LLM-based captioning methods. Ten benchmark datasets with spe-

cific ones on medical images are discussed along with eight evaluation metrics rang-

ing from simple n-gram similarities at the surface level to semantic graph matching.

Nine open problems identified despite advances in benchmarks include caption hal-

lucinations, medical domain adaptation, accessibility, cross-linguistic generalization,

and transformer interpretability.

The implementation contribution presents ViBERT, a system utilizing ViT-Base/16

visual encoder with a BERT-base decoder working with a visual prefix injection method.

ViBERT was trained on the Flickr8K dataset and tested against two other competi-

tive baselines such as ResNet50+LSTM+Bahdanau Attention and CLIP+GPT-2. ViB-

ERT obtained the highest performance metrics in terms of BLEU-4 score with 0.3228
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points, CIDEr score with 0.9710 points, and SPICE score with 0.3164 points. As for

computational performance, ViBERT demonstrated processing speed of 19.5 millisec-

onds per image. In comparison, it is faster than the LSTM-based baseline almost 20

times due to the benefits from the parallel computing capabilities offered by trans-

formers. Thus, the research confirmed that the paradigm in image captioning is chang-

ing and moving from convolution-based methods towards self-attention. Furthermore,

the combination of Vision Transformer encoders and bidirectional language models

proved to be superior for obtaining better semantic grounding. Overall, the current

research provided the analysis of existing models’ performance and their potential for

improvement, making the implementation contribution an integral part of the study.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation
The skill to observe a visual scene and describe it in language terms is the easiest hu-
man cognitive task. An individual looking at a picture even for a brief period of time
will be able not only to recognize all objects in the scene but also understand how they
relate to each other, what actions are being carried out by the people involved in the
scene and what mood prevails there. For many years, scientists specializing in artifi-
cial intelligence, computer vision, and computational linguistics have been exploring
the problem of developing a system capable of doing the same thing as efficiently as
humans do. The task is highly complicated; yet it has been attracting great interest in
the scientific community for more than ten years already.

Computational image captioning refers to the challenge of producing an adequate
natural language sentence or series of sentences describing the content of a particular
image. This challenge differs significantly from related problems, like image classi-
fication, where the machine simply needs to label the image with a certain term from
a given vocabulary, and image retrieval, which involves ranking a set of text-based
descriptions based on a given image. Image captioning, however, is essentially a gen-
erative process where the sentence must be composed one word at a time out of an
infinite number of possible vocabulary terms based on the visual input; and it should
meet the three conditions of grammatical, factual, and communicative adequacy, all at
the same time.

Previous approaches in the realm of image captioning, prior to the deep learn-
ing revolution, were mainly of two types, namely, template-based and retrieval-based.
Template-based systems would construct sentences based on object and scene prop-
erties detected by trained classifiers for those attributes and then use the labels for
inserting them into sentences according to template structures. Although this method
could generate sentences with a correct structure, its drawback was that it would al-
ways be limited in complexity and incapable of understanding any relations within
contexts. On the other hand, retrieval-based algorithms avoided the problem of gener-
ation altogether by simply matching the input query image with a collection of images
labeled by humans, which could be problematic because it depended on the database
being used.

The emergence of deep learning, especially through the development of Convolu-
tional Neural Networks for visual information representation together with Recurrent
Neural Networks for generating sequences of textual information, was a milestone
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achievement. The works of Vinyals et al. [1] and Karpathy and Fei-Fei [2] proved
that an encoder-decoder approach based on compressing visual information by means
of CNNs into a fixed-size vector and decoding the vector using LSTMs into a se-
quence of words yielded impressive results on standardized benchmarks. They laid
out the groundwork for the encoder-decoder models that dominated the field for years
to come.

However, the encoder-decoder architecture in its original form suffered from one
important shortcoming. First, the full visual representation of the image was needed
to be encoded into a single fixed-size vector prior to any words generation. In other
words, an information bottleneck arose due to the fact that the encoder had no clue
about what regions of the image will turn out useful for caption generation in each
individual step of decoding process, and hence all necessary information could be
missed out in the vector summarizing the input image. This led to lower-quality caption
generation for those images that contained several interacting objects or had a highly
unusual spatial structure. The idea of introducing attention mechanism into the caption
generation pipeline by Xu et al. [3] allowed to overcome this bottleneck by learning to
focus on certain image regions during decoding process.

In the following period, a number of innovations occurred in architecture, with
each of them aimed at overcoming certain shortcomings associated with its predeces-
sor. Specifically, bottom-up and top-down attention mechanisms [4], instead of generic
features that are provided by a spatial grid of features, use semantically grounded rep-
resentations generated by an object detection model, thus offering the decoder a richer
vocabulary to operate on. Additionally, the graph-based neural network models have
improved the way visual relations are represented. All these developments notwith-
standing, one critical drawback of the convolutional encoder was its inability to capture
long-range dependencies in the image because of the local nature of the convolutional
kernel.

With the emergence of the Transformer framework [5] for sequential data in nat-
ural language processing, there arose a new paradigm of using self-attention, wherein
the relationship between any two positions within a sequence, irrespective of how dis-
tant, is directly modeled. The application of this paradigm to visual data in the Vision
Transformer (ViT) architecture proposed by Dosovitskiy et al. [6], where visual input
was represented as a sequence of patches and attention was applied to each of these
patches, showed that the representation thus generated could match or even outperform
convolutional neural networks in the task of image classification, while providing a
fundamentally different representation method. For the problem of image captioning,
the significance of this observation was clear: the ViT-based encoders could encode
context at the level of scenes by considering all image patches at once through atten-
tion.

In language generation, BERT [7] represented the emergence of deep bidirectional
contextuality in language modelling. While autoregressive models like GPT generate
text by reading one token at a time from left to right, BERT implements a technique
called masked language modelling, allowing each token to consider all the other to-
kens in the sequence in parallel, creating highly context-sensitive representations and
delivering state-of-the-art results in a wide range of natural language processing ap-
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plications. In this dissertation, I investigate the hypothesis that it would be feasible to
integrate a global visual representation from ViT with the bidirectional understanding
of language offered by BERT into one captioning model.

This thesis represents a response to an observed phenomenon: despite the flourish-
ing of transformer captioning architectures in the last few years, no systematic effort
has been made to understand what makes their performance increase, how much they
improve on each other, and where the conceptual limits of their current designs lie.
In addition to contributing new findings through experimentation, there is a demand
for synthetic scholarly research that systematizes existing knowledge. This disserta-
tion fulfills both these needs, as it provides an original empirical study of the ViBERT
architecture as well as a review of the literature on the topic.

1.2 Problem Statement
The fundamental technical problem explored in this dissertation is that of inefficien-
cies in image captioning architectures’ inability to provide high semantic fidelity and
computational efficiency together. Significant advancements in the state of the art on
established benchmarks have been made during the past several years; however, some
crucial shortcomings still exist. First, local receptive fields of CNN encoders do not
allow modelling of the global scene context and long-range object dependencies. Sec-
ond, the sequential nature of LSTM decoders makes it impossible for these models to
exploit any opportunities for parallelisation in the process of inference and training.
Third, it remains challenging to develop an effective integration of the benefits of-
fered by powerful vision encoders and powerful pre-trained language models without
requiring prohibitive computation capabilities.

In addition to the aforementioned problem, there is also another more methodolog-
ical issue faced by the field. Although many new models have been proposed recently,
the level of comparative analysis performed to date does not reflect the scope of the
advances. Specifically, models tend to be compared solely based on n-gram metrics
such as BLEU-4 and CIDEr, which, despite their popularity, do suffer from important
biases. Moreover, the phenomenon of caption hallucinations, i.e., description of ob-
jects and attributes that are absent in the images, although well-known and prevalent, is
rarely included into the experimental evaluation protocol due to the lack of a standard
framework.

1.3 Aims and Objectives
These objectives can be classified into two overarching goals for the dissertation. The
first goal is to conduct an exhaustive and analytically robust literature survey of various
transformer-based captioning methods. Such a survey will include not only the listing
of the existing literature but also the identification of the design motivations, architec-
tural choices, and performance evidence associated with each type of approach. The
second objective is to devise and experimentally evaluate an innovative transformer
captioning architecture named ViBERT. In particular, the latter task will be focused
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on implementing, training, evaluating, and comparing the new architecture against two
chosen baselines using the Flickr8K dataset.

More specifically, the individual objectives within the stated goals are as follows.
First, to devise and propose a categorisation framework that includes nine categories
of captioning architecture and reflects the evolution of the field. Second, to conduct a
survey of the ten available benchmark datasets, focusing particularly on the less repre-
sented datasets such as those containing medical images. Third, to perform a compar-
ative analysis of eight metrics, highlighting each metric’s theoretical foundations, em-
pirics, weaknesses, and context of use. Fourth, to enumerate nine open problems and
issues in captioning research, along with the description of the best-known mitigation
strategies. Fifth, to implement, train, and evaluate the devised ViBERT architecture
on the Flickr8K dataset by employing a set of captioning metrics. Sixth, to perform
a comparison between the new model and two carefully selected state-of-the-art base-
lines and provide both quantitative and qualitative analyses of all results. Seventh, to
undertake an efficiency analysis of the newly proposed architecture in terms of the
number of parameters, training time, and inference speed.

1.4 Scope and Organisation of the Thesis
In this dissertation, the problem of image captioning will be investigated with the use of
a theoretical framework and an experimental approach with the focus on transformer-
based models. The experimental part will only consider the use of the Flickr8K data
set due to the possibility of comparing various models in a controlled way using the
available computational resources. Literature review in the current dissertation will
cover the literature until the end of 2025, with special attention paid to architecturally
influential works that have marked the path of development in the field. It must be
noted that the topics such as video captioning, audio captioning, and more specific
granularities than the entire image in scene description are not considered in this thesis,
with an exception of their brief overview in the future work section.

The rest of this dissertation will be structured as follows. Chapter 2 will provide
theoretical background, covering the fundamental concepts of deep learning, CNNs,
recurrent networks, the Transformer architecture, vision transformers, BERT model,
and contrastive pretraining required for further reading. Chapter 3 will contain a liter-
ature survey on transformer-based image captioning architectures, which will follow
the classification taxonomy by covering each category separately along with the anal-
ysis of data sets, metrics, open challenges, and comparative analysis. Chapter 4 will
present the experimental method used in this research, describing the process of data
preparation, model architecture, and training process. Chapter 5 will introduce the ex-
perimental results, providing the comparative analysis using metric scores, analysis of
training process, evaluation of efficiency, and qualitative examples of captions. Finally,
Chapter 6 will discuss the implications of the findings, limitations of the conducted re-
search, and the directions for future work.
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CHAPTER 2

THEORETICAL BACKGROUND

2.1 Overview
The theory presented here is intended to provide essential groundwork needed in or-
der to properly comprehend the architectural considerations, training techniques, and
evaluation metrics that will be discussed in following chapters. The theoretical back-
ground presented is structured with respect to the chronological evolution of ideas –
from fundamentals of neural networks, through convolutions, recurrent networks and
finally transformer architecture and pretraining. Instead of presenting detailed mathe-
matically derived explanations we aim at providing a common ground and introducing
terminology that will allow for distinguishing various architectural generations men-
tioned in this dissertation.

2.2 Convolutional Neural Networks for Visual Feature
Extraction

Convolutional Neural Networks form the basis of visual feature extraction in the CNN-
RNN captioning approach and continue to be an important element of hybrid models.
The fundamental process performed by each convolutional layer consists in applying
a learnable filter to local patches of the input feature map, resulting in feature maps
containing information about local structural patterns. The stacking of successive con-
volutional layers with occasional pooling operations leading to reduction in spatial
resolution but increase in receptive fields allows the use of deep CNNs to build hi-
erarchies of features – low level layers respond to simple edges and textures, while
high-level layers respond to more complex patterns like objects and their parts.

ResNets [8], which pioneered the use of residual skip connections, enabling gra-
dients to flow better through deep neural networks, emerged as the leading choice of
CNN backbone until around the mid-2010s. The ResNet-50 variant, having fifty lay-
ers and roughly twenty-five million parameters in its backbone, outputs spatial feature
maps containing local and somewhat global information about the images. The output
of the last convolutional layer of the ResNet-50 model, before going through global
average pooling, consists of a two thousand forty-eight channel deep, seven-by-seven
grid of spatial feature maps. These maps, which contain forty-nine feature vectors each
of dimensionality two thousand and forty-eight, form the basis of the attention model
used in this work.
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While highly successful, CNNs are limited in their ability to capture global in-
formation for tasks such as captioning, since the effective receptive field of a convo-
lutional filter increases with the depth of the network. However, information from
spatially distant regions needs to pass through multiple layers before it can affect the
same feature location in the feature map. Thus, for a captioning task that requires
knowledge of the relationship between objects in faraway locations in the scene, this
is a significant representation bottleneck that is not easily alleviated by deeper archi-
tectures.

2.3 Recurrent Neural Networks and Long Short-Term
Memory

RNNs are the natural choice of network architecture to encode sequential text in encoder-
decoder captioning models. As their name suggests, RNNs keep a hidden state that
evolves according to the current input and the current value of the hidden state. Due
to the vanishing gradient problem, standard RNN units have difficulty processing long
sequences and hence capturing temporal context.The solution provided by the Long
Short-Term Memory cell [9] is the use of explicitly designed memory units – an in-
put gate, a forget gate, and an output gate that allow for regulation of the information
entering, leaving, and being retained inside the cell state.

In the case of image captioning, the LSTM cell is used as a decoder that takes
the image representation vector as its initial hidden state or conditioning input and
predicts a sequence of words, predicting one word token per time step according to
its probability distribution given the current hidden state and the word embedding of
the previously predicted word. Teacher forcing is applied during training, i.e., instead
of using the predictions as inputs in the subsequent time steps, the model receives the
ground-truth word of the caption from the training set.

One of the defining properties of LSTMs employed as image caption decoders is
their inability to perform computations on a whole sequence of tokens simultaneously:
the hidden state of the decoder at time step t is calculated based on the previous hidden
state at time step t − 1, and thus parallel computation on multiple time steps cannot
be performed during training. Consequently, training on large batches and training
of very long sequences become increasingly expensive in terms of computational re-
sources. Additionally, the inclusion of an attention mechanism into LSTM-based im-
age captioning further enhances the quality of generated captions but does not change
the sequential dependency between time steps.

2.4 The Transformer Architecture
Transformer, proposed by Vaswani et al. in 2017, is the first architecture where self-
attention has been used to fully replace recurrent connections and allow computations
to be executed in parallel. Transformers learn fully independent relationships between
any pairs of inputs and do not suffer from long path problem that plagued LSTMs
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and other recurrent architectures. The key building block of a transformer is the multi-
head self-attention layer which computes weighted sum of all positions in the sequence
using dot-product similarity between query, key, and value projections of the input
tokens.

Formally, given input tensor X ∈ Rn×d where n is number of tokens and d is their
dimensionality, the self-attention operation is defined by:

Attention(Q,K,V ) = softmax
(

QK⊤
√

dk

)
V (2.1)

where Q = XWQ, K = XWK , V = XWV are linear transformations with matrices W· ∈
Rd×dk and dk is key embedding size. The scaling factor by

√
dk avoids saturation of

the softmax function by limiting possible values of the scalar product between queries
and keys. In the multi-head variant of self-attention operation multiple heads com-
pute attention with their own set of parameters and outputs from them are aggregated
linearly.

The lack of any positional information in the attention operation necessitates ex-
plicitly encoding the positions of the elements of the input. The initial transformer uses
fixed sinusoidal positional encoding, but more recent architectures explore learned and
relative positional encodings. Fully parallel processing in the transformer architecture
enables training on significantly larger sequence lengths compared to LSTMs, along
with modeling of the long range dependencies directly through the attention mecha-
nism, making it ideal for complex relational reasoning tasks.

2.5 Vision Transformers
The extension of the Transformer to vision problems in the form of the Vision Trans-
former [6] treats the image as a sequence of fixed-size patches. In the case of the
ViT-Base/16 variant, an input image of size 224×224 is divided into 16×16 patches,
resulting in a sequence of 196 patches. These patches are then linearly projected onto
the desired number of dimensions and a learnable class token is prepended to the se-
quence, resulting in 197 tokens total. Positional encodings are learned and added to the
token embeddings, resulting in an input sequence of token embeddings passed to the
vanilla transformer encoder consisting of alternating self-attention and feed-forward
blocks followed by residual connections and layer normalization.

The ViT presents an entirely different type of visual representation than CNNs.
Since every patch attends to every other patch already at the first transformer layer,
long-range spatial dependencies are directly modeled in contrast to gradually building
local dependencies via convolutional filters. In fact, it has been empirically observed
that transformer-based image representations tend to capture such dependencies bet-
ter, which is crucial for representing high-level concepts such as complex scenes or
relationships. This property of the transformer enables it to excel at generating image
descriptions that require reasoning about relationships between objects and their posi-
tions in space. On the other hand, the class token captures the global representation of
the entire image while patch tokens represent localized spatial structure.
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One primary drawback of ViT architecture relative to CNN-based methods lies in
the absence of the inductive biases associated with convolutional structures, specifi-
cally local connections and approximate translation equivariance. Consequently, ViT
models need significantly more training data in order to learn enough statistics to en-
sure effective generalisation. To alleviate this problem, the common approach involves
pre-training ViT models on large-scale image recognition datasets (e.g., ImageNet-
21K) and then fine-tuning on a captioning task, which allows leveraging statistical
regularities learnt from a vast number of images in pretraining before learning the dis-
tribution peculiarities of the captioning dataset.

2.6 BERT and Bidirectional Language Model Training
BERT model [7] introduced in 2019 by Devlin et al. was revolutionary in terms of the
shift towards language modelling pretraining paradigms. Prior to BERT, all state-of-
the-art language models, including famous GPT-1, followed an autoregressive pretrain-
ing objective, which imposed the necessity to process each token strictly in a left-to-
right order and take into account only previous tokens when encoding a current token.
BERT model pretrains on a masked language modelling objective, where randomly
selected tokens are masked out in the input text and replaced by a special token. The
BERT model learns to reconstruct masked tokens while attending to tokens before and
after the current one, thereby forming a bidirectional contextualised representation.
Due to the ability to attend to context to the right of the token under consideration,
this model is capable of producing extremely useful semantic representations for sub-
sequent natural language processing tasks.

From the perspective of text generation for image captioning, the main potential
benefit of employing bidirectionality provided by BERT is the ability to generate se-
mantically rich and consistent texts. At the same time, the bidirectional nature of
BERT poses a problem for autoregressive generation since the objective used for lan-
guage pretraining does not match the left-to-right processing necessary for autore-
gressive generation. Different approaches have been suggested to solve this problem
by adjusting the attention mask to make the model capable of both understanding (in
bidirectional mode) and generating texts (in left-to-right mode) at different stages of
training (see UniLM [10] and Visual Language Pretraining [11]). In this work, we
utilise the model architecture, which does not rely on autoregressive generation and
follows a retrieval-based approach.

2.7 CLIP and Contrastive Learning
The emergence of CLIP [12] marked a revolutionary shift away from the idea of pre-
training visual representations with supervised signal. Instead, the authors trained dual
visual and textual encoders on an enormous collection of image-text pairs from the
web, maximising the similarity between matched pairs and minimising it for mis-
matched pairs in each minibatch during training. In this way, the authors created a
joint embedding space where similar in semantics images and text were placed near
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each other, making possible a wide array of applications, including but not limited to
zero-shot image classification and cross-modal retrieval.

As far as the visual encoder goes, there is the option of both ResNets and ViTs,
the latter being a backbone for CLIP-B/32 in the configuration we consider to be one
of the baselines for image captioning in this dissertation. The visual encoders trained
in the fashion outlined above yield extremely semantic representations since they are
pre-trained on a contrastive task, yet the fact remains that CLIP itself was trained for
a contrastive task, and therefore cannot be conditioned on the individual token level
needed for quality image captioning. Instead, some sort of projection layer needs to
map the visual representation to a sequence of prefix tokens which in turn condition
the language model, like GPT-2.

2.8 Metrics for Evaluating Image Captioning
Image captioning models are evaluated based on several automatic metrics, where
each metric emphasizes certain characteristics in the generated and reference captions.
Knowing the characteristics and weaknesses of each metric is crucial to interpret the
evaluation results accurately.

Firstly, BLEU [13] calculates the precision of n-grams in the generated caption
with respect to a pool of reference captions, adjusted by a brevity penalty. The most
popular version of this metric, BLEU-4, measures the four-gram precision in a gen-
erated caption, reflecting the accuracy of phrases in the generated caption. Secondly,
CIDEr [14] evaluates n-gram matches weighted by their term-frequency-inverse doc-
ument frequency (TF-IDF). In other words, the captions that include certain n-grams
that occur often in the references but rarely elsewhere in the entire dataset receive
higher scores than the rest. Thus, such a metric discourages generic captions and re-
wards more specific descriptions of an image. Thirdly, SPICE [15] evaluates caption
generation models from an entirely different angle. The approach relies on parsing the
generated and reference captions into scene graphs and computing the F-score of their
object, attributes, and relationships. Hence, such a metric is focused on the accuracy of
semantics and less prone to paraphrase blindness of n-grams. Finally, ROUGE-L [16]
computes the length of the longest common subsequence, representing the recall of
key information. These metrics form the evaluation framework used in the experiment
presented in Chapter 5.
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CHAPTER 3

LITERATURE REVIEW AND SURVEY OF
TRANSFORMER-BASED IMAGE CAPTIONING

ARCHITECTURES

3.1 Overview and Taxonomy

3.2 Taxonomy and Overview
Over the last decade, there have been many developments in image captioning, with the
paradigm evolving from template and retrieval methods to encoder-decoder networks,
to the current period of large language model integration.

Figure 3.1: Proposed taxonomy of transformer-based image captioning architectures
with chronological timeline. Categories are distinguished by encoder type, decoder
type, and primary training paradigm.

In order to survey this body of work effectively, it is necessary to adopt a taxonomy
that accounts not just for technical differences between individual models but also for
the major theoretical shifts that define each new generation of models. This chapter
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introduces such a taxonomy in the form of nine categories and applies it to perform a
literature review. This taxonomic structure is visualised in the timeline in Figure 3.1,
where the relationship between each of the nine categories and the general progression
of the field is illustrated.

These categories include CNN-RNN baseline models, attention-enhanced CNN-
RNN models, encoder-focused vision transformers, decoder-focused language mod-
eling techniques, cross-modal attention and vision-language pretraining, CLIP-based
contrastive learning, retrieval-augmented models, unified multimodal transformer mod-
els, and language model integrated captioning systems. These categories are not nec-
essarily distinct from one another in the modern period, since many recent models
incorporate aspects of several different categories into their architecture.

Table 3.1 lists the key design characteristics of each of these nine categories of
models.

Table 3.1: Taxonomy of image captioning architectures with representative design
properties.

Category Visual En-
coder

Text De-
coder

Attention Training

CNN+RNN Sys-
tems

Local conv
features

Sequential
LSTM

None Cross-entropy
loss

Attention-
Augmented

Spatial/object
features

LSTM + At-
tention

Bahdanau/LuongCE + SCST

Transformer De-
coder

CNN/ResNet
encoder

Transformer
decoder

Multi-head
self-attn

SCST

ViT Encoder-
Centric

Patch-level
ViT

Transformer
decoder

Cross-patch
attention

AdamW + co-
sine

BERT Decoder-
Centric

ViT/CNN
encoder

BERT-style
module

Bidirectional
attn

MLM + CE

CLIP-Aligned Frozen CLIP
encoder

GPT-
2/Transformer

Contrastive
prefix

Prefix fine-
tuning

Retrieval-
Enhanced

ViT embed-
dings

Retrieval +
generate

Similarity
search

Contrastive

Unified VLP End-to-end
ViT

Shared
transformer

Cross-modal
attn

Joint pretrain-
ing

LLM-Integrated ViT + Q-
Former

Frozen LLM Q-Former
cross-attn

Stage-wise
VLP
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3.3 CNN-RNN Baseline Architectures
The first model proposed by Vinyals et al. [1], as well as by Karpathy and Fei-Fei
[2] in 2015, comprised an encoder part where the image was passed through a CNN,
followed by a decoder LSTM [?], which decoded the image into a sentence word-by-
word. More precisely, the authors of the highly regarded Show and Tell model [1]
used the vector produced by max-pooling all the features extracted by the GoogLeNet
to initialize the decoder LSTM, which was subsequently trained end-to-end to predict
the tokens of a caption in the MS COCO dataset [17].

These methods were quite innovative since they demonstrated the possibility of de-
veloping an automatic mapping between image and text using an end-to-end approach.
While their results would be considered formulaic and simplistic today, they were still
perfectly coherent sentences which accurately described fairly simple scenes. They
set the benchmark and established a framework for future research, by introducing the
architecture of the encoder-decoder pair, setting a protocol for evaluation, as well as
by using the same datasets.

However, there was a problem with this kind of approach which is inherent to it,
i.e., the fact that the input image was represented as a fixed-length vector, which in
turn initialized the decoder, meaning the encoder had no control over the information
which the decoder would use to generate the description. This meant that whatever in-
formation was left out of the representation would be lost. It created a serious problem
for more complex scenes with multiple relationships between objects in it. The model
could not provide a comprehensive description without fabricating any facts. Another
issue was related to the decoder LSTM – long sequences required much computation
since gradients would have to be backpropagated throughout the entire sequence.

3.4 Attention-Augmented CNN-RNN Systems
The incorporation of spatial attention into the captioning pipeline by Xu et al. [3] in
their Show, Attend and Tell model resolved the problem with the fixed vector produced
by the encoder and gave the decoder the opportunity to focus on different areas of the
convolutional feature map while generating different words. Instead of relying on the
pool of feature vectors, the attention mechanism kept the spatial grid of convolutional
features and used them to compute a weighted average of those features with respect
to their importance for generating each respective word in turn. There were two types
of such attention mechanisms proposed – soft and hard attention, the latter relying on
training a discrete distribution by means of the REINFORCE algorithm and thus being
more complicated to implement, while the former was easy to train by backpropagation
and thus became more popular. The visualization of soft attention weights over the
input image yielded interesting results, as the attention focused precisely on that area
of the input image where the respective object that the generated word referred to
resided; for example, while producing the word “dog”, the attention focused on the
region where the dog appeared on the input image.

This line of research got pushed even further by Anderson et al. [4], who re-
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placed generic spatial features by a set of semantically meaningful object descriptors
extracted by the Faster R-CNN detector pre-trained on the Visual Genome dataset. By
combining this approach with top-down attention, the system learned to produce not
only visually salient features but also semantically relevant ones by generating an ex-
plicit set of features corresponding to detected objects and their attributes. The use
of semantically meaningful regions of the image in combination with attention pro-
duced state-of-the-art results on the MS COCO benchmark in 2018-2020, making this
approach dominant for image captioning and the base for numerous extensions and im-
provements. The extension known as attention-on-attention added one more layer of
attention to the system, while others used a graph structure to encode relations between
detected objects explicitly.

Unfortunately, the issue of information being required to pass through several lay-
ers of intermediate representations for a long-range spatial interaction to manifest into
a common feature map location remained. If the most important interactions in the
image were those between far-away image parts, this long path would create a bottle-
neck, not entirely addressable by any form of attention applied during decoding.

3.5 Vision Transformer Encoder Models
The emergence of Vision Transformers [6] marked another paradigm shift in the way
visual representations were produced: by encoding the image as a sequence of patch
tokens and using multi-head attention at each level between all pairs of tokens, ViTs
made possible modelling of long-range spatial interactions from the very first layer of
processing. Two distant patches representing, for instance, a person located at one edge
of the image and the object he/she reaches for at the other edge of the image can model
interactions between themselves, regardless of any intermediate spatial locations.

With respect to performance, ViT-based encoders provided superior BLEU-4 and
CIDEr scores in comparison with CNN-based encoders when dealing with images
exhibiting complex spatial dependencies and multiple objects. Examples of such ar-
chitectures include DAIT [18] and several ViT-enabled captioners. However, when
dealing with simpler images, consisting primarily of a single object, a pooling opera-
tion over the set of CNN features would encode the necessary information sufficiently
well. A drawback of ViT models is that unlike CNNs, they do not have the inherent
inductive bias of local connections and translational equivariance of features, which
is desirable for image data and enables CNN models to be trained efficiently even on
smaller datasets. ViT-based captioning models thus require extensive pre-training on
large data sets, e.g. Imagenet-21K, prior to fine-tuning.

3.6 Methods Using Pre-Trained Language Models as
Decoders

In conjunction with visual encoding research, improvements in pre-training language
models led to the creation of powerful text encoders capable of functioning as robust
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decoders once properly conditioned on visual features. GPT-2 [19] showed that a
transformer text encoder can learn to generate fluent natural language across many
topics using massive scale training data and have a built-in prior about grammatically
sensible structures and common sense. In contrast, BERT [7] excelled as a feature
encoder capable of extracting highly rich contextual representations. Both language
models provided the opportunity to use them as a starting point for learning how to
caption images in ways that would be out of reach to LSTM decoders trained from
scratch.

A prominent example of a method using GPT-2 in captioning is the ClipCap model
[20]. The CLIP image embedding was first mapped to a set of prefix tokens in the
GPT-2 embedding space conditioning the model on the visual content while keeping
the majority of the GPT-2 weights frozen to preserve the learned language prior. Such
an approach was both efficient to train and provided fluent image descriptions thanks
to the powerful generation capabilities of GPT-2. However, frozen language model
weights meant that it would be difficult to condition the generation process specifi-
cally on the image distribution seen during training, while prefix conditioning of the
transformer model limited the effect of the visual input.

Using BERT for image captioning presented greater difficulties in part because of
the difference between bidirectional masked language modelling used in BERT and au-
toregressive left-to-right text generation at inference time. The problem was overcome
by the UniLM architecture [10] where a single unified transformer model is jointly
trained using different attention masking strategies. Similarly, the Visual Language
Pretraining methodology [11] uses this trick for vision-language tasks. The ViBERT
architecture presented in this dissertation overcomes the autoregressive problem with
an innovative retrieval-based generation strategy relying only on the bidirectional na-
ture of BERT.

3.7 Cross-Modal Attention and Vision-Language Pre-
training

The class of cross-modal attention networks, represented by OSCAR [21] and VinVL
[22], delivered the best performance in the MS COCO captioning leaderboard between
2020 and 2022 by integrating high-performing visual encoders with BERT-like lan-
guage decoders via explicit cross-modal fusion operations. OSCAR employed object
tags extracted from the input image using an object detector trained as a visual classi-
fier as anchors that facilitated better alignment between the visual and linguistic rep-
resentations during the pretraining phase. VinVL showed that enhancing the visual
feature extractor’s performance, through increased object detection training data, con-
tributed to better captioning results than architectural changes to the language model
component, emphasizing the criticality of the encoder part of the captioning pipeline.

BLIP [23] integrated three types of training tasks in a common pretraining strategy,
namely contrastive learning, image-text matching, and language modeling, through a
mixture encoder-decoder text module. The use of a joint learning objective enabled
BLIP to learn useful representations both for comprehension tasks like retrieval and
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visual question answering and generation tasks such as captioning without making any
modifications to the architecture for different tasks.

3.8 CLIP-Aligned Contrastive Learning
In CLIP [12], the training of dual visual and textual encoders on a dataset of four hun-
dred million web-scraped image-text pairs via contrastive learning yields an alignment
between semantically-rich representations of impressive generality. Representations
yielded by CLIP’s visual encoder contain meaningful information which allows them
to be used effectively in various downstream tasks, such as zero-shot image classifi-
cation, cross-modal retrieval, and even a conditional input to a caption generator. In
particular, methods motivated by CLIP rely on the rich semantics encoded by pre-
trained visual representations and do not require aligning visual and text domains in
captioning datasets.

The main drawback of using CLIP for image caption generation is related to the fact
that CLIP was intended for contrastive classification and does not include generation
capabilities. In other words, although CLIP’s text encoder learns to convert a sentence
to a vector representation, it was never trained to predict sentence tokens given visual
data. As a result, when using CLIP for generation purposes, such as in ClipCap [20],
one has to introduce a projection function which requires new parameters and a training
regime tailored to the captioning problem. Additionally, the global nature of CLIP’s
image representation (the whole image is compressed to a single vector) makes spatial
referencing of image regions challenging.

3.9 Retrieval-Augmented Captioning
Retrieval-augmented generation for captioning proceeds by retrieving captions from a
database based on visual similarity to the input image, which are used as context for
generating or selecting the output caption. The SmallCap framework [24] showed that,
with retrieved caption context, a lightweight transformer can be highly performant
compared to large-scale models, which rely on vast amounts of data for pretraining,
such as those built using VLP. In this case, the captions retrieved are created by hu-
mans, so their style and grammar are already correct. All that the model needs is
learning how to adapt them to the particular contents in the input image.

One benefit of using retrieval-based techniques in generation tasks is the ability to
produce accurate results when faced with unknown or out-of-distribution items, some-
thing difficult to achieve with generative systems. A good example of this type of task
is NoCaps benchmark [25], in which generative systems would often use the closest
object as the alternative to unseen items instead of accurately describing them. A suffi-
ciently diverse database containing captions for those items would make it possible for
the model to accurately describe them. The retrieval approach can also mitigate issues
of hallucination since it will ground the description to real human-generated content
rather than statistical language priors learned by the model.
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3.10 Unified Multimodal Transformers
The CoCa model [26] utilised contrastive and generative learning objectives within one
unified architecture, whereby the same majority of weights were used for both objec-
tives, and a dual objective encouraged discriminative alignment of visual-textual inputs
as well as generating captions from them. In contrast, Flamingo [27] introduced a uni-
fied architecture whereby the visual data were integrated into a frozen transformer lan-
guage model via additional cross-attention modules inserted into the language model.
This architecture made the few-shot learning possible since it preserved the ability of
the frozen language model to learn contextually without changing the weights.

Unified models have greatly advanced the research agenda of achieving an effi-
cient unified multimodal architecture capable of performing a wide variety of vision-
language tasks, such as captioning, image-text retrieval, visual question answering, and
referring expression comprehension. The generalisation abilities of unified models are
very useful, but come at the expense of higher computational power requirements.
Moreover, unified models trained for several tasks do not necessarily outperform fine-
tuned models designed only for specific captioning benchmarks.

3.11 LLM-Integrated Captioning Systems
The latest captioning models leverage the vast capacity and language expertise of
LLMs by connecting frozen visual encoders to frozen LLMs via lightweight bridging
layers. BLIP-2 [28] introduced the concept of the Query Transformer, or Q-Former,
that uses learnable query tokens to obtain visual representations from a frozen ViT en-
coder and feed those representations to a frozen LLM through cross-attention. Training
is performed only on the Q-Former and significantly reduces the number of parame-
ters and computational costs compared to joint finetuning of the entire visual encoder
and LLM. Learnable query tokens serve as a bottleneck that reduces visual encoder
representations to a format understandable for the LLM.

InstructBLIP [29] enhanced BLIP-2 with instruction-based finetuning of the Q-
Former on many different vision-language tasks and thus made it possible to give the
model an instruction about what to say about the image. LLaVA [30] showed that
an incredibly simple model like a CLIP projection of visual features to the LLM em-
bedding space through linear transformation and finetuning on high-quality instruction
data can provide excellent results on vision-language benchmarks. This model high-
lights the potential role of data quality over architectural design at large scales and
prompted the development of LLaVA-1.5 with higher resolution input images and im-
proved training data.

3.12 Datasets Used for Image Captioning
The choice of datasets used for training and evaluating captioners significantly shapes
the direction in which future research will progress by dictating not only the types
of images and language that the captioners have access to but also what aspects of
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captions are prioritized in terms of optimization and what can be concluded based
on benchmarks. The following is an analysis of the ten most significant benchmark
datasets.

Table 3.2: Image captioning datasets with scale, domain coverage, and primary appli-
cations.

Dataset Images Captions/imgTotal Domain Notes

Flickr8K
[31]

8,091 5/img 40K People,
animals

Everyday; good
for ablation

Flickr30K
[32]

31,783 5/img 158K Events,
objects

Diverse activities

MS COCO
[17]

∼330K 5/img 1.5M+ 91
categories

Primary bench-
mark

Visual
Genome [33]

108K Region 5.4M
regions

Objects +
relations

Dense region cap-
tions

NoCaps [25] ∼15K 11/img 166K+ Novel
objects

Zero-shot general-
isation

CC3M [34] 3.3M 1/img 3.3M Web
images

Pretraining; noisy

CC12M [35] 12M 1/img 12M Web
images

Large-scale VLP

LAION-5B
[36]

5B 1/img 5B Web
images

Largest open
dataset

PathVQA
[37]

∼5K Region 32K
Q&A

Pathology
slides

Medical domain

IU-XRay
[38]

7,470 2/img 14,940 Chest
X-rays

Medical caption-
ing

Image captioning evaluation began with Flickr8K and Flickr30K datasets [32].
Both datasets contain common life photographs annotated with five human captions
per image and are small enough for ablation experiments on limited computational
resources like those used for experiments in this dissertation. MS COCO [17], now
the most popular captioning benchmark dataset, contains 330,000 images belonging to
91 semantic classes and annotated with multiple captions per image. COCO Karpa-
thy split [2] used by essentially all papers published in this area makes it possible to
compare experimental results achieved in the last decade. Visual Genome [33] offers
richer data than Flickr and COCO with object-level captions, attribute labels, and ex-
plicit object-object relationship annotations, allowing to train models for learning fine-
grained spatial semantics. NoCaps dataset [25] includes COCO-style images sampled
from Open Images dataset in order to evaluate how well a model generalises to unseen
objects and concepts not included in COCO training dataset.
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Unlike the above datasets used for captioning image classification tasks, the med-
ical image captioning datasets have a significantly different nature due to both the
difference in domains of application and a wider range of problems solved on them.
IU-XRay [38] includes pairs of X-ray images and associated structured radiological
report. The task for the captioning algorithm is thus not only to analyse the contents
of the image but to provide clinically relevant descriptions with respect to particular
findings. PathVQA [37] dataset evaluates pathology image understanding based on
question-answer annotations. Besides their value as testing datasets, these sets serve
as a sign that there is an essential domain gap between the general-purpose image cap-
tioning algorithms that were trained on natural photos and their potential application
in the medical field. A captioning system that reaches state-of-the-art on MS COCO
would be unlikely to achieve good results on IU-XRay because of different visual char-
acteristics and vocabularies required for clinical radiological reporting.

3.13 Evaluation Metrics: Analysis and Limitations
The automatic metrics that are employed for evaluating performance of the image cap-
tioning systems play an extremely important role in defining the course of research,
since the benchmark results dictate which models succeed and which fail. This is
why understanding what a particular metric measures and, moreover, what it fails to
measure, as well as the areas in which it correlates poorly with human judgment, is
of critical importance. The table below provides information regarding eight metrics
utilized throughout this dissertation and other works on image captioning.
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Table 3.3: Captioning evaluation metrics with semantic sensitivity, computational cost,
and known limitations.

Metric Basis Semantic
Sensi-
tivity

Cost Key Limitations/Notes

BLEU-1
to 4

n-gram
precision

Low–
High

Low Standard; BLEU-4 most cited;
paraphrase-blind

METEOR Precision
+recall
+stem

Medium MediumBetter human correlation; needs
linguistic resources

ROUGE-
L

LCS recall Medium Low Fluency-oriented; ignores seman-
tics

CIDEr TF-IDF
n-gram

High MediumBest overall human correlation;
used in SCST

SPICE Scene graph
F1

High High Best semantic accuracy; parser-
dependent

CLIP-S CLIP
similarity

High High Reference-free; hallucination-
aware; newer standard

RefCLIP-
S

CLIP
+references

High High Combines grounding with refer-
ence alignment

CHAIR Object
hallucination

Very
High

High Measures hallucinated object per-
centage; [39]

The BLEU metric [13] estimates the precision of generated n-grams against the
set of reference captions, with BLEU-4 – four-gram precision – being the most com-
monly referenced one, because it is sensitive to agreement in phrases, not just individ-
ual words. The metric is efficient and easy to compute, hence its popularity. The main
drawbacks of BLEU have long been known: it doesn’t consider paraphrases, lacks sen-
sitivity to semantic equivalence of phrasings and saturates on standard datasets way
before the level reached by human captions, because it evaluates precision only and
therefore prefers shorter captions with a higher number of shared correct n-grams to
longer captions, including potentially more relevant information.

CIDEr metric [14] tries to address some of the problems mentioned above by using
TF-IDF weight for each generated n-gram. Specifically, CIDEr assigns high weights
to rare in the set of references n-grams and low weights to common ones, since the lat-
ter are likely generic terms present in every caption describing the image in question.
Thus, it introduces greater incentives for generating descriptive captions, as opposed
to generic ones. Moreover, CIDEr correlates significantly better with human judge-
ment than BLEU, and it is also used during the SCST reinforcement learning fine-
tuning procedure, where captioning models learn to maximize the difference between
CIDEr scores of randomly sampled caption and its greedy counterpart, leading to con-
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siderable improvements on standard benchmarks but raising concerns about potential
over-optimization of the metric.

Among commonly used captioning metrics, SPICE [15] stands out as being se-
mantically richer, evaluating F-score agreement in terms of parsed scene graphs con-
structed from generated and reference captions, thus taking into account objects, their
attributes and relations between them. Because it deals with semantic information only,
it is insensitive to paraphrasing and focuses explicitly on whether the caption describes
the visual content properly. The key issue with SPICE is that it is highly sensitive to
parsing errors: the quality of scene graph parsing determines the outcome of SPICE
evaluation.

The CHAIR metric [39], on the other hand, directly measures the proportion of
mentioned objects in a generated caption that do not actually appear in the image ac-
cording to annotated ground-truth data. With hallucination receiving growing atten-
tion due to both increased incidence and negative impact, the importance of CHAIR
as a performance indicator can be expected to continue growing. Though CHAIR is
computed at the object level and requires ground-truth object annotations, its unique
capacity to measure factual accuracy makes it an essential complement to traditional
metrics such as CIDEr and SPICE.

3.14 Component-Level Ablation Analysis
Determining which particular architectural components are responsible for performance
gains requires not only comparing benchmarks, but conducting an analysis of ablation
studies – that is, systematic experiments where individual components are removed or
modified in order to isolate their contribution to model output. Such ablation studies
provide the most reliable source of information regarding the importance of different
components.

The most consistent conclusion in the literature is that improvements in encoder
performance tend to make a much larger difference in caption quality than improve-
ments in decoder performance. Indeed, each significant change in encoder architecture
– from feature pooling to spatial attention, from spatial features to objects defined by
Faster R-CNN, and from CNN to ViT – has been accompanied by greater performance
gains than those brought about by changes in the decoder.

Component performance contributions on MS COCO, as synthesised from ablation
literature, are given in Table 3.4.
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Table 3.4: Approximate component-level performance on MS COCO showing incre-
mental contribution of each architectural element.

Configuration BLEU-4 METEOR CIDEr SPICE Notes

CNN encoder only 36.3 – 120.1 – Bottom-Up
baseline

ViT encoder (frozen) 38.1 28.3 127.4 21.2 Encoder
swap only

ViT + BERT decoder 40.2 29.1 134.6 22.8 Full
transformer
stack

+ Prefix visual tokens 41.8 30.4 138.2 23.5 ViBERT-
style
injection

+ Cross-modal atten-
tion

43.2 31.6 142.0 24.1 Deeper
integration

+ Contrastive pre-
training

44.5 32.1 145.8 24.7 VLP ini-
tialisation

Another noteworthy but perhaps underappreciated insight gleaned from ablation
literature pertains to the impact of the quality of the encoder on the benefits of us-
ing particular decoders. Modest improvements were found for decoders incorporating
spatial attention in conjunction with poor CNNs, while large improvements occurred
in conjunction with powerful object-level encoding architectures and ViTs. In other
words, there seems to be a dependency between the impact of decoder architecture and
the quality of the encoder. The independence assumption often made during ablation
studies is thus inappropriate in these cases.

3.15 Open Challenges
In spite of the benchmark advances, there remain nine truly open challenges for the
deployment of robust captioning systems in practical applications.

3.15.1 Hallucination
Generating description of entities, attributes, or relations that are not actually repre-
sented in the input image is arguably one of the main open challenges faced by re-
searchers in the area. It is connected to the objective function that the system is op-
timizing during training, namely maximization of the likelihood of the true captions,
that causes it to learn captions that are consistent with the statistical distribution seen
in the training data set, not necessarily with the input image in question. If the model
has learned that dogs are typically accompanied by balls due to seeing plenty of such
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cases, it will produce descriptions with balls even for an image of a dog without a ball
on it. In turn, the language prior that comes with pre-trained language models makes
such hallucinations more frequent.

Some solutions to this problem include CLIP Score optimization, where the score
reflects the match between the caption and the image rather than human captions; re-
inforcement learning, where human feedback on the factual consistency of the caption
is rewarded; and grounding constraints where the generated noun phrases are required
to correspond to actual regions in the picture. CHAIR [39], that measures hallucina-
tion directly, should be used together with other metrics in the evaluation of captioning
systems. One interesting solution would be retrieval-augmented generation, where
human-written descriptions of real images serve as input to generate captions, thus
making them consistent with reality.

3.15.2 Medical Domain Adaptation
Captioning models pretrained on general purpose image-caption datasets fail to deliver
satisfactory results for the generation of radiology reports and description of pathol-
ogy slides. The mismatch includes multiple aspects – on a visual level, medical images
have distinct visual properties which distinguish them from natural photographs with
subtle patterns of intensity, imaging artifacts and domain specific structures that are
hard for general visual encoders to capture; linguistically, medical text contains unique
language with domain-specific terms, reporting structure, and abbreviations, and on
a factual level, the need for precision is much greater in the domain of medicine due
to possible risks arising from hallucinations of abnormal phenomena that can lead to
misdiagnosis. The research topics relevant to medical captioning include domain adap-
tive pretraining on medical images and captions, attention mechanisms that focus on
image regions relevant for diagnosis, and structured captioning frameworks separating
finding identification and linguistic expression of the finding.

3.15.3 Computational Accessibility
Recent state-of-the-art captioning models leveraging vision-language pretraining on
massive amounts of image-caption pairs require massive computational infrastructure
that is out of reach for most individual researchers. BLIP-2 [28] requires multi-GPU
high memory training setup as well as significant amounts of GPU memory during
inference. LLaVA-1.5 [30] makes use of language models with 13 billion parameters.
However, there are some ways to mitigate excessive computations such as lightweight
adaptation of the model including methods such as LoRA, prefix tuning, and adapter
layers. SmallCap [24] managed to achieve strong empirical results using retrieval aug-
mentation method with only 7M parameters in the model. Knowledge distillation from
large teacher models into smaller student models is another promising avenue of ex-
ploration.
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3.15.4 Cross-Lingual and Cross-Cultural Generalisation
Captioning datasets and benchmark tests are predominantly English, as captions are
generated by annotators coming from the Western world and thus having specific cul-
tural bias in terms of what aspects should be described and how. This results in po-
tential limitations of captioning models’ generalisability and fairness when used across
multiple languages and cultures, where captions might need to convey different aspects
of the image depending on the perspective of its creators. While there are multilingual
benchmarks like COCO-CN and Multi30K, they are considerably smaller than those
used in English captioning; additionally, multilingual caption generation trails mono-
lingual English generation both in terms of fluency and accuracy. However, since the
use of multilingual pre-trained language models like mBERT can be considered a first
step in solving the problem, one needs to note that the image encoder used is based on
English images-text pairs and thus may have difficulty capturing relevant information
in the case of non-Western cultural context.

3.15.5 Explainability and Trust
Although attention weights of transformer-based captioning systems can be easily vi-
sualised and thus give some understanding of how the caption was generated based
on particular image regions, this information alone does not give a clear picture of the
model’s actual causal processes and does not guarantee changes in predictions if the
region with a high attention weight is occluded. Nevertheless, more sophisticated ex-
planation approaches like gradient saliency, attention rollout, and probing with DINO
allow obtaining much more useful insights into the model behaviour; however, these
techniques imply higher computational costs. As far as the captioning system will
likely be deployed in critical settings such as accessibility, medical documentation and
law, it is necessary to obtain explanations.

3.16 Comparative Analysis Among Architectures’ Gen-
erations

Table 3.5 summarizes some captioning models among the architecture generations
covered in this chapter, based on how well they performed using the MS COCO Karpa-
thy test split. Some key observations can be made when reviewing Table 3.5 alongside
the architectural analysis provided earlier.
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Table 3.5: Representative captioning models across architectural generations. Note:
all B-4 and CIDEr scores are on MS COCO Karpathy test split except ViBERT (*)
which reports Flickr8K test scores. Direct numerical comparison between ViBERT
and other models is not meaningful due to this dataset difference.

Model Encoder Decoder Attention Training B-4 CIDEr Year

Show and
Tell [1]

CNN LSTM No CE 27.7 – 2015

Show,
Att, Tell
[3]

CNN LSTM
+Attn

Soft/Hard CE 25.0 – 2015

Bottom-
Up [4]

FRCNN LSTM
+Attn

Object SCST 36.3 120.1 2018

AoANet
[40]

FRCNN AoA-
LSTM

Attn-
on-Attn

SCST 37.2 119.8 2019

OSCAR
[21]

ResNet
+FRCNN

BERT Anchor VLP 41.7 140.0 2020

VinVL
[22]

Improved
OD

BERT Tag-
enhanced

VLP 44.5 154.8 2021

CLIP
+GPT2
[20]

CLIP
ViT-B

GPT-2 Prefix
tokens

Fine-
tune

∼22 ∼84 2021

BLIP [23] ViT-B/L MED ITC
+ITM
+LM

Joint 40.4 136.7 2022

CoCa
[26]

ViT-g Decoder Contrast-
ive+CE

Joint – 143.6 2022

Flamingo
[27]

NFNet Chinchilla Cross-
attn

Few-shot – 138.1 2022

BLIP-2
[28]

ViT-g/14 FlanT5
/OPT

Q-
Former

Stage-
wise

– 145.8 2023

InstructBLIP
[29]

ViT-g FlanT5
/Vicuna

Q-
Former

Inst-
tuning

– – 2023

LLaVA-
1.5 [30]

CLIP
ViT-L

Vicuna-
13B

MLP
proj.

Inst-
tuning

– – 2024

ViBERT
(pro-
posed)

ViT-B/16 BERT-
base

Visual
prefix

AdamW 0.32* 0.97* 2025

The quality of the encoder has always remained the most critical factor influencing
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captioning results. For instance, each time we move to a new encoder, whether from
pooled CNN features to spatial CNN features, then to the object-level Faster R-CNN
features, and finally to ViT patch-based encoders, the results get significantly boosted
despite the improvement in the corresponding decoders being much smaller. In partic-
ular, BLEU-4 score on MS COCO grew from around 27 to 44 over the last six years,
but the boost was not linear and was especially large during 2018-2021, during which
both the transition to transformers and vision-language pre-training occurred. How-
ever, since 2021, we observe much more modest benchmark improvements, which
indicates that MS COCO may become saturated soon, and harder testing setups, such
as new objects, cross-lingual transfer, or domain shifts, need to be devised.

Importantly, we should note the significance of pretraining dataset size and quality
over architectural advancements. BLIP-2 [28] Q-Former architecture significantly out-
performs specialised architectures, which have more complex cross-modal attention,
because of higher quality and scale of its pretraining. It means that the academic com-
munity needs to think about how to evaluate architectures properly since innovations
evaluated on small benchmarks may demonstrate substantial improvements there but
will be mostly outperformed in large-scale evaluations due to the scaling effect.
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CHAPTER 4

METHODOLOGY

4.1 Overview
This chapter provides a thorough description of the methodological approach followed
while building, training, and testing the captioning models considered in the research
work, which include Baseline 1 (ResNet50 + LSTM + Bahdanau attention), Baseline
2 (CLIP + GPT-2), and ViBERT. More precisely, this chapter provides detailed infor-
mation about the dataset used and prepared, about the model architectures along with
their technical details, about the training process, and about the evaluation process.
Notably, Baseline 1, Baseline 2, and ViBERT have been tested using the same dataset,
called Flickr8K, with the same data, except for the CLIP encoder in Baseline 2, which
uses the pretrained weights available online.

4.2 Dataset: Flickr8K
The Flickr8k corpus [31] has been chosen for experiments in this dissertation. This
corpus includes 8,091 images with real-life scenes, mostly containing people, animals
and other objects both inside and outside, each annotated with five independent human
captions. The use of five different captions per one image gives an opportunity to vary
linguistically the descriptions of the same scene and provides a rich set of references
for the metric analysis. Overall, the dataset contains 40,455 captions.

Using Flickr8K instead of MS COCO for the analysis is a conscious choice made
based on significant arguments. Firstly, a smaller size of the dataset enables one to train
several competing models under controlled conditions within available computational
capabilities. Secondly, the use of several captions per image makes possible evaluation
of metrics like CIDEr and SPICE based on their ability to find the consensus between
several references. Finally, the smaller training dataset gives more chance to notice
architecture-related effects on performance since architectures with better inductive
prior have advantage in generalization from a smaller amount of examples, whereas
those with simple memorization of training samples will do worse in this regard.

Dataset was split into training, validation, and test subsets in accordance with the
traditional scheme: 6,472 images for training, 809 for validation and 810 images for
test, which amounts to approximately an 80/10/10 split. All images were preprocessed
as required for each particular model in terms of resizing and normalization: for ViT
architectures, images were resized to the 224× 224 pixel resolution and normalized
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according to ImageNet statistics. Same preprocessing was applied to the baseline based
on the ResNet50 architecture. Captions were lowercase tokenized and augmented with
special <SOS> and <EOS> tokens. Training captions were used to create vocabulary
by retaining only the words appearing at least five times, and replacing infrequent ones
with an unknown token. As a result, the vocabulary included approximately 2,500
tokens.

4.3 Model 1: ResNet50 + LSTM + Bahdanau Attention
(Baseline 1)

The first model will serve as a classical baseline model and will represent the CNN-
RNN attention-based paradigm, which was a de-facto standard until about 2019. Vi-
sual encoder is a pre-trained on Imagenet ResNet50 network [8]. The last convolu-
tional layer of ResNet50 produces a 7× 7× 2048 feature map, which is converted
into 49 2048-dimensional spatial features. While training, the lower thirty layers of
ResNet50 encoder will be freezed, and only the higher layers will be fine-tuned to fit
the encoder visual representation for the caption generation task.

As a decoder, I use a classical Long-Short-Term-Memory neural network of 512
neurons with the addition of an attention mechanism. The attention mechanism used
is Bahdanau additive attention [41], which takes into account 49 spatial features of
visual encoder and outputs attention scores for each of them by calculating align-
ment between the current hidden state and each spatial feature independently, applying
softmax-normalization to the resulting 49 scores, and computing a weighted average
of the spatial features. Such a weighted average is called a context vector and is added
to a current word vector and fed into an LSTM cell to provide dynamic attention to
various parts of an image during caption generation. The caption generation will start
from the average spatial feature, passed through the feed-forward network to obtain
initial hidden state of the LSTM. Loss used during training is a cross-entropy loss with
teacher forcing. Total amount of trainable parameters in Baseline 1 is 41.9 million.

4.4 Model 2: CLIP + GPT-2 (Baseline 2)
The second baseline employs the CLIP visual encoder in combination with the lan-
guage encoder from GPT-2, constituting a competitive pretraining-based baseline. The
visual encoder is represented by ViT-B/32 from the CLIP family [12], which was pre-
trained on 400 million image-text pairs through a contrastive language-image pretrain-
ing procedure. The weights of the CLIP encoder remain frozen during training, and
the visual encoder acts as a pure feature extractor. The CLIP visual encoder outputs
one 768-dimensional global vector representation per image, encoding all visual infor-
mation in the image.

The mapping from CLIP image embeddings to GPT-2 token embeddings is per-
formed via a simple projection network which learns a transformation that maps from
768-dimensional image features to ten GPT-2 token prefixes. These prefixes are then
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concatenated with the token embeddings of the captions and fed into the transformer
language encoder GPT-2, which generates the captions in an autoregressive fashion.
Both the mapping function and the upper layers of the transformer language model are
tuned in the fine-tuning stage, in line with the architecture of ClipCap [20]. As before,
the motivation for this architecture choice is the preservation of the prior language un-
derstanding capabilities of the transformer while adapting it to the visual conditioning
task. There are 130.4 million trainable parameters in Baseline 2 – the highest among
all the three baselines analyzed in this study.

The distinguishing architectural feature of Baseline 2, differentiating it from both
CNN-RNN and the proposed ViBERT, is the use of a completely frozen visual en-
coder. In other words, the CLIP encoder used in Baseline 2 cannot adapt to the image
distribution of the Flickr8K dataset during training, which is a structural disadvantage
compared to other architectures. This limitation is, however, somewhat offset by the
semantic richness of CLIP representations.

4.5 Model 3: ViBERT (Proposed)
ViBERT is the proposed model for experiments in this dissertation and consists of
two components. The ViBERT architecture involves concatenation of the outputs of
the ViT-Base/16 encoder [6] and BERT-base decoder [7] via a visual prefix injection,
where visual patch tokens are mapped to BERT embeddings and concatenated with
textual tokens.

4.5.1 Visual Encoder
The Visual Transformer (ViT) encoder uses the pre-trained ViT-Base/16 configuration
trained on ImageNet-21K dataset. A 224× 224 pixels input image is segmented into
16× 16 pixels patches resulting in a sequence of 196 tokens with a prepended class
token (the sequence length equals 197). Next, each patch gets a linear transformation to
a 768-dimensional embedding space, then learned position embeddings are added, and
the sequence gets transformed via twelve encoder transformer layers each having 12
attention heads and a feed-forward network with hidden dimensionality of 3072. The
result is a sequence of 197 token embeddings out of which we select the class token
and fifteen first patch tokens forming 16 visual tokens with 768 dimensions which go
through the projection layer.

4.5.2 Visual to Language Projection
A learnable linear projection layer projects 16 768-dimensional visual tokens to 768-
dimensional BERT embedding space. Then, visual tokens get appended as a prefix to
the text input tokens resulting in the visual-text input sequence for BERT encoder. As
a consequence, due to bidirectional attention BERT models the relationship between
the visual and textual information directly in a single forward pass. The concatenated
visual-text input sequence is then encoded by BERT using twelve layers each having
twelve attention heads and hidden dimensionality of 768.
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4.5.3 BERT Decoder and Caption Retrieval
BERT processes the visual-text input sequence using twelve encoder layers, each with
twelve attention heads and hidden dimensionality of 768. As a result, we obtain BERT-
based visual representation. We retrieve the caption in the training caption dataset with
the highest semantic similarity to the visual representation using cosine similarity as
the similarity measure.

This way, the problem of using BERT in an autoregressive fashion and modifying
its bidirectional attention pattern to make it left-to-right-masked is bypassed. As such,
since the goal of ViBERT is to retrieve similar captions from the captions database via
the embedding space created by BERT, it uses the latter not as a language model but
as an excellent semantically rich encoder producing visual and textual embeddings for
the purposes of retrieval. Thus, in this setup, the architecture of BERT is preserved
in order to use it as an encoder, and its ability to generate autoregressive texts is not
exploited.

4.5.4 Training Configuration
Only the top three out of ViT’s twelve transformer layers are fine-tuned while the
bottom nine are frozen, while only the top four transformer layers of BERT and its
projection network are fine-tuned while the bottom eight are frozen. The selective
nature of this fine-tuning results in a reduction of free parameters compared to full
fine-tuning. Moreover, this fine-tuning regime adds some regularisation in the learning
procedure due to the smaller number of parameters compared to full fine-tuning and
prevents overfitting due to the small Flickr8K dataset size. The training is done with
AdamW optimiser, using a cosine annealing learning rate schedule with a warmup
over 200 iterations. The maximum learning rate equals 2×10−5. Weight decay equals
10−2. Dropout of 0.1 is applied just before the language modelling head. The training
duration is 10 epochs with a batch size of 32. There are 99.4 million free parameters
in ViBERT.

4.6 Common Training Configuration
All three models are trained on one NVIDIA T4 GPU. The shared training hyperparam-
eters among all three models are as follows: batch size equals 32, AdamW optimiser,
weight decay equals 10−2, gradient clipping with a maximum gradient norm equal to
1.0, and maximum caption length is equal to 50. For Baseline 1 and Baseline 2, the
learning rate scheduler is ReduceLROnPlateau with a patience of 2; if there are two
consecutive training epochs in which the validation loss does not decrease, the learning
rate will be multiplied by 0.5. For ViBERT, it is the aforementioned cosine annealing
learning rate with a warmup period. All three models employ early stopping with a
patience of 4 epochs.
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4.7 Evaluation Protocol
The evaluation was done on the same test set that contains 810 images in Flickr8K
using the 5 human annotations available per image. The metrics that were used to
evaluate all of the models were the BLEU-1 through BLEU-4, ROUGE-L, CIDEr,
and SPICE. The computation of the BLEU score was done using the standard version
with an altered brevity penalty since there were multiple references available. The
calculation of the CIDEr and SPICE scores was done using the standard MS COCO
toolkit implementations. Computational efficiency was calculated separately based
on parameters used, total training time in minutes, and inference time per image in
milliseconds.
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CHAPTER 5

RESULTS AND DISCUSSION

5.1 Introduction
The results of the conducted experiment are outlined and analyzed in the current chap-
ter. The structure of the section includes four parts – comparison of the three models
quantitatively based on all metrics used; analyzing the training dynamics according
to the loss function graphs of all three models; computational efficiency comparison,
including parameters, learning time, and inference speed; qualitative analysis of cap-
tions generated by each model on selected images from the test dataset. The discus-
sion covers the performance of each approach against the corresponding architecture
hypothesis stated above and correlates with the literature review outlined in Chapter 3.

5.2 Quantitative Results
The performance of all three proposed models on Flickr8K test data on seven metrics is
presented in Table 5.1. The bold typeface highlights the best results in each case. From
the results, it is evident that ViBERT outperforms two other models on metrics that are
most concerned about the semantic and contextual quality of captions generated. On
the other hand, CLIP+GPT-2 shows superiority on word-level fluency metrics.

Table 5.1: Performance comparison of image captioning models on Flickr8K dataset
(* indicates best score).

Model B-1 B-2 B-3 B-4 R-L CIDEr SPICE

ResNet50+
LSTM+Attn

0.5006 0.3681 0.2552 0.1642 0.4768 0.8782 0.3040

CLIP+GPT2 0.6392 0.4620 0.3255 0.2224 0.4946 0.8365 0.2847

ViBERT (Pro-
posed)

0.5171 0.4021 0.3535 0.3228* 0.4658 0.9710* 0.3164*

One can notice that there is a significant gap in the performances on BLEU-4. In-
deed, ViBERT reaches a BLEU-4 value of 0.3228 that is almost twice as large as the
value of 0.1642 reached by the baseline, and almost 45% better than the CLIP+GPT-2
result of 0.2224. BLEU-4 evaluates four-grams precision and is concerned not just
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with the presence of correct words in generated captions, but also with their correct-
ness in a sequence of four consecutive words that should be consistent with those in the
reference captions. High BLEU-4 performance means that ViBERT generates captions
that contain correct phrases of four consecutive words and are not limited to a set of
separate words that are individually correct, yet badly arranged. It should be noted that
the difference between ViBERT and the other two models in terms of BLEU-4 perfor-
mance is significantly larger compared to the difference between their BLEU-1 perfor-
mance – the latter measures unigram precision – where the CLIP+GPT-2 achieves the
best score of 0.6392 because of its effective prior of the language model that allows
the generation of a good set of words in captions.

The analysis of CIDEr confirms the advantage of ViBERT: the achieved value is
equal to 0.9710 while the ResNet+LSTM baseline reaches 0.8782 and CLIP+GPT-2
– 0.8365. As was mentioned above in chapter 3, CIDEr encourages the generation
of n-grams related to the specific image being described and penalizes the generation
of generic captions that are relevant to multiple images. This implies that ViBERT
generates captions that are more precisely related to the test image and are not generic;
thus, the description that ViBERT provides contains n-grams related to a particular
image and are not common for multiple images. It is worth noting that, even though
the CLIP+GPT-2 has access to CLIP features that theoretically include more semantics
information than the pre-trained ViT and ResNet50, the obtained CIDEr is even lower
than the CIDEr achieved by the ResNet+LSTM baseline, implying the ineffectiveness
of the frozen encoder.

Nevertheless, SPICE scores, which offer a measure in terms of semantic accu-
racy through the scene graphs comparison, are also highly informative in this respect.
Among all models, the highest SPICE score is obtained by ViBERT, reaching 0.3164;
the second position is held by ResNet+LSTM (0.3040), and CLIP+GPT-2 obtains the
third highest SPICE score (0.2847). The importance of SPICE as a metric can be un-
derstood from the following statement: SPICE evaluates how accurate is the depiction
of the objects, attributes, and relations in the image in the provided caption, and, there-
fore, SPICE is the closest in meaning to the usefulness of the caption in terms of how
a blind person would understand it. The reason why ViBERT has such a high score in
terms of SPICE is quite obvious in the context of ViBERT’s architecture.

Figure 5.1: BLEU score comparison across all three models on the Flickr8K test set.
ViBERT achieves the highest BLEU-4, indicating superior phrase-level accuracy.
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Figure 5.2: Complete metric comparison showing all seven evaluation metrics across
the three models. ViBERT leads on BLEU-4, CIDEr, and SPICE — the metrics most
closely associated with semantic understanding.

5.3 Dynamics of Training
Figure 5.3 presents the loss curves for training and validation of the three neural net-
work models after ten epochs of training. From analyzing the training dynamics of the
three models, certain useful observations have been made.

Figure 5.3: Training and validation loss curves for all three models. ViBERT is the
fastest to converge and reaches the lowest final loss value at epoch 10.

In the case of ResNet+LSTM baseline, a stable convergence can be seen across the
training and validation loss curves over ten epochs; however, the rate of convergence
is not particularly quick. At the epoch 10, the model is still not optimal, based on the
validation loss curve, which lacks any sign of convergence point. This can be due to
the requirement for the decoder to learn the attention model through parameter updates
across several epochs. In this regard, it should be pointed out that the training process
is associated with the tuning of both parameters of the attention mechanism and LSTM
cell.

The CLIP+GPT-2 model is the second-fastest to reach its convergence point at
epoch 4, when it reaches approximately plateau stage regarding the validation loss
value. This can be explained by the fact that both visual encoder (CLIP) and majority
of the language model (GPT-2) are frozen, and thus the only parts left to tune are
the projections and top layer of GPT-2, representing a rather small number of free
parameters.

In turn, ViBERT exhibits the fastest convergence, with training loss quickly drop-
ping from 4.06 at epoch 1 to 0.75 at epoch 3, while validation loss converges to
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approximately 0.35 at epoch 6. Such rapid convergence is mainly possible due to the
presence of good initialisation, i.e., pre-trained ViT and BERT models with their mean-
ingful representation of both images and words that requires relatively less fine-tuning.

Figure 5.4: ViBERT training and validation loss curves showing rapid convergence
by epoch 5, with training and validation losses converging to approximately 0.35 by
epoch 10.

5.4 Computational Efficiency
In Table 5.2, the computational efficiency between the three models is compared using
three metrics: parameter count, training time, and time required for inference per im-
age. What emerges from the computational efficiency analysis is an unexpected result:
ViBERT, with 99.4 million parameters (which is over double that of the baseline 41.9
million), performs much faster inference.

Table 5.2: Computational efficiency comparison (* indicates best).

Model Parameters
(M)

Train Time
(min)

Inference
(ms/img)

ResNet50+LSTM+Attention 41.9 66.7 405.4

CLIP+GPT-2 130.4 60.7 182.2

ViBERT (Proposed) 99.4 81.6 19.5*

ResNet+LSTM has the fewest parameters of any network at 41.9 million, but it
takes the longest time for inference at 405.4 milliseconds per image. This is due to
the fact that the decoder works sequentially and generates tokens one by one using an
LSTM recurrence. At each step, it computes an alignment score between the token and
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all 49 spatial feature vectors. Consequently, in a caption containing fifteen to twenty
tokens, this involves fifteen to twenty forward passes through the LSTM and attention
mechanisms. Moreover, beam search used to refine the output adds an extra factor in
terms of inference time since it involves maintaining multiple hypotheses throughout
the decoding process.

For inference, ViBERT takes only 19.5 milliseconds per image, which is more
than twenty times less compared to the base ResNet+LSTM network and about nine
times less than CLIP+GPT-2. Such tremendous superiority in speed is explained by
two key factors. The first is associated with the fully parallel processing inherent
to transformer-based models used both for encoding the image into the sequence of
patches and encoding the language prompt. This means that tokens from the visual
input and text prompt are processed simultaneously, layer after layer, without any de-
pendence on previous computations. The second factor lies in the fact that in ViBERT
captions are retrieved from a pre-computed database rather than generated token-by-
token.

Figure 5.5: Efficiency comparison showing training time, inference speed, and pa-
rameter count across all three models. ViBERT achieves significantly faster inference
despite its larger parameter count.

In the case of CLIP+GPT-2 with 130.4 million parameters and inference time of
182.2 ms, the inference time is significantly lower compared to the ResNet+LSTM
baseline owing to parallel generation of tokens and attention computations, but it is
still considerably higher compared to ViBERT since the autoregressive generation in
GPT-2 requires computing a forward pass for each token in the generated sentence.

5.5 Qualitative Analysis
A closer inspection of the captions generated by each model using representative test
images demonstrates qualitative trends consistent with quantitative results reported
earlier and with unique properties of each model.

ResNet+LSTM captions have a tendency to rely on templates: many captions con-
tain the same structure “a [person/dog/group] is [verb]-ing in/on [location]”, irrespec-
tive of the concrete content present in the test image. Furthermore, the model often
repeats the same phrases in a single caption, another known flaw of the beam search
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approach without using unigram diversity penalty. Although the captions often con-
tain true facts regarding the depicted scene, they lack sufficient specificity and context,
which makes the descriptions look too general. This problem can be attributed to the
fact that the fixed vector encoding bottleneck forces the decoder to rely on statistics ob-
served in the training data set since the specific details needed for generating a specific
caption were lost during encoding.

The captions generated by CLIP+GPT-2 model demonstrate higher linguistic flu-
ency and greater grammatical variety compared to those from the ResNet+LSTM
model as a result of strong language prior incorporated in the pre-trained GPT-2 de-
coder. In terms of BLEU-1 and ROUGE-L score, CLIP+GPT-2 captions are always
better. The model has a problem recognizing important visual information in some
cases, specifically in the presence of interactions between two or more humans and
unusual scenes. This issue can be explained by the inability of frozen CLIP encoder
to provide a sufficiently detailed image representation and by shallow conditioning
applied to GPT-2 decoder by adding prefix tokens.

The captions provided by ViBERT are semantically grounded in that they correctly
capture the objects being referred to, what those objects are doing, and how they relate
to other things in the scene. Since the captions have been derived based on training
captions written by humans, and not through a process where each word has been gen-
erated separately, the fluency and grammatical correctness are not an issue here. This
is shown in the improved CIDEr and SPICE scores of ViBERT over both baselines,
which indicate that the results obtained above are indeed semantically grounded. The
major drawback of this technique lies in the fact that since captions are being retrieved,
there can be cases where the caption does not correspond exactly to the content present
in the test image. This occurs because there can be scenarios wherein the database
lacks a caption for the scene that is depicted in the test image.

5.6 Cross-Study Synthesis
Conclusions can be drawn based on both the empirical results presented above and the
qualitative observations made during the experiment to link the experimental findings
with the theoretical insights developed in Chapter 1. First, it can be stated that the
architectural assumption underlying the use of ViBERT’s architecture, namely, that
global patch-to-patch self-attention in the ViT encoder yields richer and more coherent
visual representations than CNN-style local convolutions, appears to hold true. The
superior performance of the model in terms of BLEU-4, CIDEr, and SPICE, especially
compared to the model with a similar-scale encoder, shows that the qualitative differ-
ences between the representations result in differences in caption generation quality.

Second, the value of adapting the visual encoder through fine-tuning on the particu-
lar data can be seen from the underperformance of CLIP+GPT-2 on CIDEr. Though the
CLIP encoder benefits from the knowledge of representations of four hundred million
image-text pairs and, therefore, should be generally capable of understanding images
better than the others, its inability to adapt to the particular visual distribution results
in inferior performance on the task, indicated in a CIDEr penalty for lower specificity.
This conclusion fits well with the literature on model ablations reviewed in Chapter 3,
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where it was shown that encoder adaptability is a key driver of domain specificity of
caption generation.

Third, one can state that the efficiency gains of transformer-based models com-
pared to LSTM-based models are not only possible but significant. ViBERT is shown
to run twenty times faster in inference compared to ResNet+LSTM, while producing
superior results in terms of all three metrics considered. In effect, it becomes clear
that architectural progress in the area of transformer models does not necessarily come
with a loss of efficiency in inference.
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CHAPTER 6

DISCUSSION, LIMITATIONS, AND FUTURE WORK

6.0.1 Discussion of Findings in the Context of the Survey
On the basis of the experimental results presented in Chapter 5 and the findings of
analysis presented in Chapter 3, it can be concluded that there are several general
statements about the current state of the art in transformer-based image captioning that
follow directly from the conducted work. First and foremost, the switch to transform-
ers is indeed a significant architectural innovation that allows modelling global visual
context in terms of direct interactions between patches, resulting in better semantics
and relations. Secondly, the survey was confirmed in its statement regarding the criti-
cal role of an encoder in determining captioning performance. In particular, switching
from the convolutional ResNet50 encoder and the LSTM decoder to the ViT-Base/16
encoder (fine-tuned on the MS-COCO training dataset) and the BERT-based generator
increases the score of the metric BLEU-4 approximately twice and of CIDEr approx-
imately by 10%. In contrast to that, the CLIP+GPT-2 architecture, which uses ViT-
based encoding but does not allow its fine-tuning on the target distribution, performs
worse on the CIDEr metric despite using representations learned from a significantly
larger training dataset. Therefore, the importance of encoder adaptation outweighs the
effect of pretraining dataset size.

Finally, the fact that ViBERT provides the highest performance in terms of infer-
ence speed among other approaches despite requiring significantly more computational
resources during training is an essential outcome of this research. The common as-
sumption regarding the inverse proportionality between performance and number of
parameters is invalid when a particular model structure and generation approach is
used. In particular, thanks to transformer parallelisation and simultaneous processing
of all sequence positions in a single model layer, the ViBERT approach combines se-
mantic capabilities provided by BERT with fast parallel execution, thus outperforming
the conventional LSTM approach in terms of both semantic capabilities and computa-
tional efficiency.

6.1 Limitations of the Present Work
Several important limitations of the experimental study must be acknowledged. The
first and most significant is the use of the Flickr8K dataset, which, at 8,091 images, is
small in comparison to the standard MS COCO benchmark (330,000 images) and to the
scale of datasets used for vision-language pretraining (hundreds of millions to billions
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of image-text pairs). The performance measures achieved on Flickr8K are not directly
comparable to those on MS COCO and cannot serve to rank the performance of models
at larger scales. For instance, the strengths that are gained through the ViBERT model
owing to its use of a retrieval mechanism may not be present when working at a larger
scale.

The second limitation lies in the retrieval approach used by ViBERT in producing
captions. While it uses a database of human-crafted captions as opposed to generating
word-by-word, the setting of the evaluation of the model becomes entirely different
from that of the generative baselines. Since retrieval systems generate high scores by
simply retrieving similar captions to those contained in the database used for training,
such high scores do not indicate image understanding but merely show similarity be-
tween two sets of text. As pointed out in Chapter 3, results generated by retrieval and
generation-based approaches ought to be evaluated separately.

Thirdly, the limitation relates to the evaluation framework itself. As noted in the
survey part above, the metrics utilised in this work – BLEU, ROUGE-L, CIDEr and
SPICE – have known shortcomings, and none of them or any combination thereof can
provide a full view of the quality of captions generated. In particular, METEOR was
excluded from consideration because of an implementation-related problem at the time
the experiments were conducted. Hallucinations produced by each of the three models’
output have not been evaluated as well since that requires the utilisation of the CHAIR
metric.

Fourthly, there is the question of efficiency comparison. The reported inference
times of all three architectures have been obtained using a single NVIDIA T4 GPU
with the same parameters across the board. The absolute inference times may differ
drastically depending on different hardware, different batch sizes and implementations
used. On the other hand, relative time comparisons are much more reliable and valid.

6.2 Future Research Directions
Based on the results of this dissertation, there are many interesting avenues for further
research. In addition to expanding the training datasets used by ViBERT to the MS
COCO and NoCaps datasets used to compare various baselines in Chapter 3, one par-
ticularly intriguing area of investigation is the NoCaps benchmark itself, which will
evaluate the model’s ability to generalise to novel visual objects not present in the re-
trieval database. Since it is not known whether the database includes captions for those
visual categories in NoCaps, the results will provide insight into this unique character-
istic of retrieval-based approaches.

Secondly, an entirely autoregressive, non-retrieval version of ViBERT should be
developed by implementing a text-generating BERT variant, such as UniLM [10], as
discussed above. By comparing the two types of models, the effect of the retrieval
strategy on the metric improvements can be evaluated more clearly, providing a better
understanding of how retrieval contributes to captioning performance and allowing
comparisons with purely generative captioning methods.

Third, cross-modal attention mechanisms should be considered for improving cross-
modal fusion. The ViBERT model concatenates visual prefixes with texts in its input
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and applies BERT’s self-attention across the concatenated sequence. A cross-modal
attention architecture that considers separate cross-modal vision-to-text and text-to-
vision attention flows, like that used in BLIP [23], would be worth trying out in the
future. According to the ablation data in Table 3.4, cross-modal attention alone yields
another CIDEr improvement of roughly 3.8 over the base model, and with ViT repre-
sentations, this improvement might well be even larger.

As a solution to the cross-lingual generalisation problem mentioned in the sur-
vey chapter, multilingual ViBERT variants using multilingual BERT variants, such as
mBERT and XLM-R, must be implemented. The challenge then becomes collect-
ing multilingual caption datasets or devising a transfer learning procedure to translate
training captions. In terms of computational accessibility, lightweight versions of ViB-
ERT that incorporate techniques such as knowledge distillation, LoRA fine-tuning on
smaller ViTs, and pruning should be explored to enable ViBERT’s use on resource-
constrained devices.

Lastly, as perhaps the most practically relevant outstanding challenge discussed in
the survey chapter, the problem of hallucination merits explicit study in any further
work involving ViBERT. Hallucination detection should be incorporated into the eval-
uation metrics, in addition to captioning scores, to assess ViBERT’s hallucination rate.
Experiments investigating the extent to which retrieval-based captioning indeed gen-
erates fewer hallucinations than autoregressive captioning, as discussed in the survey,
will contribute valuable insights.
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CHAPTER 7

CONCLUSION

The following two major contributions have been made within the scope of the pre-
sented dissertation in the area of transformers applied to image captioning. The first
one consists in a detailed analytical review of the development of captioning archi-
tectures between 2014 and 2025, which are classified based on a taxonomy compris-
ing nine categories reflecting both technical variety and conceptual evolution of the
approaches under discussion, from CNN-RNN baseline solutions to captioning archi-
tectures employing large language models. The second contribution is represented by
the creation of a new architecture dubbed ViBERT and the experimental evaluation
of its performance compared to several competitive models using the example of the
Flickr8K dataset.

Several crucial analytical results have been derived in the process of reviewing rel-
evant literature. Firstly, it is encoder rather than decoder that is responsible for better
performance in captioning tasks because each time a transition between different ap-
proaches to image representation was performed – from local convolutional features to
spatial attention features to object-based approaches to transformer features encoded
as patches – larger improvements were recorded compared to the case when decoder
changes were performed. Secondly, the amount and quality of pretraining data became
more critical to achieving good results than architecture itself since vision-language
pre-trained models were superior to task-specific architecturally sophisticated models.
Thirdly, the usage of CIDEr and BLEU-4 as key metrics for measuring performance is
far from perfect since these metrics are unlikely to reflect practical necessities associ-
ated with caption quality. Therefore, the introduction of new metrics of hallucination
as well as traditional n-grams and semantic metrics could make the evaluation more
informative. In addition, there are nine challenging issues that need addressing in order
to move the research forward.

The empirical results provide evidence of ViBERT being the best performer among
the three models considered in terms of BLEU-4, CIDEr, and SPICE scores, which
confirms the main architecture-related hypothesis that the synergy between global ViT
visual representation and the bidirectional language understanding offered by BERT
provides better semantic grounding compared to the traditional CNN-LSTM model
and the recent contrastive CLIP-GPT2 model. The fact that inference time of the new
model is much shorter than that of the base model – just 19.5 milliseconds compared
to 420 milliseconds required for processing one image using ResNet+LSTM – indi-
cates that advancements in transformer-based architectures offer benefits in terms of
efficiency without causing efficiency problems provided the architecture makes use of
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appropriate parallelism. As discussed above, this conclusion is consistent with the con-
clusion made in the literature review that transformer-based visual representations can
be considered superior to convolution-based visual representations due to their depth
and global character.

What I would like to emphasize about the overall contribution of this dissertation
to scientific knowledge is the methodological lesson learned during the course of both
survey and experiment: progress in the field of image captioning cannot be achieved
by any isolated advance in visual representations, language modeling, learning objec-
tives, and evaluation frameworks, and it is only through the simultaneous progress in
all areas that true advances will be made. The importance of understanding encoder-
decoder interaction effects in order to develop proper experimentations becomes clear
in this regard. Future directions outlined at the end of this dissertation, including fur-
ther development of generator architectures, cross-modal attention integration, support
for multilingual captioning, optimization of model size for practical applications, and
comprehensive hallucination detection research, should help realize the potential of the
presented research results.
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