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Capturing the Narrative: Deep Learning Models for Comics Sequences

ABSTRACT

Comics represent the complex way humans can communicate and expose ideas, which
pose additional challenges for image-to-text deep learning models. In this project, we
investigate how multimodal deep learning architectures perform in describing a comics
vignette. We investigate how current State-of-the-Art models (GIT and BLIP-2) are able
to describe the narrative in 4-images comics sequence from a dataset we created.

We find that some prompting can produce acceptable results. We also assess how to
propagate information across the sequence’s images, by adding to prompts the previ-
ous outputs of the images from the same sequence. The results show limited improve-
ments from this strategy.

While the overall meaning of the predicted descriptions is close to the semantic space of
the real descriptions, they are still far away from human-level descriptions. Therefore
we propose several future experiments, where we highlight reinforcement learning to
train a large language model as a policy function for prompt generation.

Keywords: Comics, Computer Vision, Image Captioning, Multimodal Deep Learning
Models, Prompt Engineering.
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1 INTRODUCTION

1.1 Motivation

The story of humankind is closely related to the ability to create narratives and depict
representations of reality. These representations do not limit themselves to the resem-
blance of what humans see, hear, feel, but also transcend those boundaries, by referring
to general ideas and imaginary beings. The example can be as old as the cave drawings
our ancestors created. Not only they contained "real" representations, but also some
abstract symbols and supernatural beings. Back to the modern age, language systems
allowed for more complex representations. Within this context, comics is one of the
most complex multimodal examples. The combination of visual and textual elements
in comics makes them a unique and powerful medium for storytelling, capable of con-
veying complex narratives, emotions and messages, in a visually engaging format. It
is not by coincidence that comics is called the "ninth art".

The complexity of comics makes it challenging for a deep learning model to "under-
stand" them ([11]) when compared to "real world" images. This work aims to make
contributions to the literature on comics” understanding, by assessing the performance
of image-to-text models in describing comics with no textual elements. In spite of the
fact that there is ample literature on semantic segmentation of comics, the literature on
deep learning applied to content generation in comics is scarce. There is ample quantity
of models who seek to automatically identify which pixels of comics’ vignettes belong
to the scene, balloons, textual references, but just a few deal with content understand-
ing and generation.

We also try to address the problem of how to capture the narrative in sequences of im-
ages. Labeling an action, for example, can sometimes be possible only when the infor-
mation on several images is jointly taken into account. We propose to encompass that
idea using prompting, by adding to next image’s input a text input who concatenates
previous captions. We assess how good this approach is in a newly created dataset,
where we assess different prompts, as well as different ways to link the individual cap-
tions of each images, in order to arrive at a consistent description of the whole sequence.

The backbone of the architecture comprises multimodal models, who are trained to
learn jointly the embedding space from both text and images. Initial analysis picks the
best model among candidates to submit to the whole pipeline to capture the narrative.

We also try to provide valuable contribution by creating a dataset comprising several

1
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sequences of four images. Raw comics can also be challenging by the unusual way

the vignettes are distributed, as well as the presence of balloons. Additionally, remov-

ing textual references can put additional challenges, making images become irregular.

Therefore we try to simplify by submitting our approach to a "cleaner" dataset, by cre-

ating one from scratch.

1.2

Objectives

There are relevant gaps to fill in the part related to understanding of the actions and the

generation of image or text that prove to be satisfactory to humans. Additionally, there

is scarcity of datasets able to assess image-to-text models. We highlight the following

main challenges from a methodological standpoint:

1.3

Having a model who can be precise in describing the content of the images, be-
yond identifying that they are of a type "cartoon";

Flow information throughout the images of the sequence, so that the model is able
to caption actions/ideas who are perceptible only by mixing information from
several images;

Having a "clean" dataset with comics’ images and descriptions.

Findings

Our main findings are:

Prompting can play a crucial role when reading all the images from the sequence
at once;

Improving prompts by adding previous image’s outputs show a limited incre-
ment in performance scores;

Prompts who include previous outputs have similar performance, so preceding
information does not help the decoding process in this task;

The preferred metric to assess our results relates to the proximity of the seman-
tic meaning of sentences, instead of literal words in common between true and

predicted narratives;

The sentence similarity score of the narrative descriptions is decent, but there is
margin for improvement, as predicted narratives are still far away from human-

like ones.
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1.4 Contributions

To sum-up, the main contributions of this work are:

e Build a comprehensive dataset on four-images comics sequences, which can be
used for the assessment of a large variety of vision-language tasks;

e Assess how multimodal models (GIT [7] and BLIP-2 [3]) perform in captioning

content of comics’ images;

e Propose an architecture to provide automatic captioning of comics’ sequences,
focusing on the narrative of the whole sequence;

e Assess how to use prompt engineering to improve the caption of a comics’ vi-
gnette.

1.5 Document structure

This work is organized as follows: chapter 2 shows an overview of the methodol-
ogy; chapter 3 presents the dataset we created; chapter 4 dives into the state-of-the-art
(SOTA) models on image captioning and takes a tour on the main deep learning ap-
proaches applied to the comics’ context; chapter 5 sets and explains the main settings of
our experiment; chapter 6 presents the results; chapter 7 proposes future investigation
lines; 8 is the chapter who presents the conclusion of our project.
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2 CoMPUTATIONAL FRAMEWORK

This chapter aims to provide an overview of the methodology and essential steps of
this work. It presents an high-level explanation to our approach to comics narrative
description, while leaving a thorough description for the following chapters. We start
with a broad summary of the key deep learning milestones crucial for the development
of image-to-text models.

2.1 Deep Learning and Image to Text Models

There was a pivotal milestone who leads us to split history between two periods: before
and after transformers took center stage.

The initial (and standard) deep learning model is the multi-layer perceptron (MLP)
(see for example the overview in [12]), whose architecture consisted of several fully
connected layers stacked together, where each node comprises some activation (non-
linear) function on a linear combination of previous layer’s nodes (each layer is com-
posed of several nodes). The first layer comprises the input features and the output
layer’s size and activation function will depend on the prediction task. For example in
classification tasks the final activation function is usually the softmax, who maps the
previous layer into classes’ probabilities.

However, this type of architecture exhibited some limitations in understanding both
text and images, which led to different developments for the two types of data.

Starting with images, which are the main input of our work, the MLP lacked the idea of
neighborhood: the architecture did not encompass a mechanism to identify some pat-
tern from a group of pixels close to each other. Relative positions of pixels (which are
a key variable to understand any image) are lost in MLD, as the first layer will flatten
the 3-dimensional matrix of the RGB image. Convolutional neural networks (CNN)
solved this problem by having layers which train filters who produce feature maps,
serving as images’ features identifiers ([13]). This idea is presented in Figure 2.1 and
is the backbone of a CNN. As one goes deeper into the CNN, the feature maps usually
become smaller and more complex. Imagine for example the CNN to identify whether
some image has a cat in it. The feature maps in the first layers will represent simpler
elements, like the whisker or head’s contour. As one progresses in the layers, the final
feature maps will represent crucial and more complex features of the cat: for exam-
ple, the whiskers and mouth; the tail, or even some usual colors” combination with

4
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silhouette ([14]).

Input Filter 1
[ | I [ I |
I RO D R e e —
4|9|2|5|8]|3H - Output
506 |2 |alalald] 3x3
|| 4x4x3
245|452 3k ReLU- + b > —
= Filter = ‘
5 (6|5 |a|7]|8 / Ixgxe Ix3x2 J 3x3x2
s |7 |7)|el2]1 4] /
5|8|5|3|s8/|4/1 -
6x6x3 3x3

4xX4x3

Figure 2.1: The convolution layerl.

It is also worth emphasizing the translation invariance property, by which the CNN is
able to identify an object regardless of its location in the image. Moreover, CNN is a
more efficient set-up: the filters trained are the same irrespective of the position within
the image (weight sharing). Finally, an image with a large number of pixels would
have a MLP with much larger number of parameters to be trained. Therefore, not only
the MLP lacks the mechanism to find patterns, but that can also lead to overfitting.

Regarding text comprehension, two essential elements are worth emphasizing: embed-
dings and neural networks for sequence understanding. Let us begin with the latter.
Textual elements comprise sentences or paragraphs. This makes the words’ order the
crucial characteristic of any model who seeks to understand language. One sentence
with the same words arranged in a different way can have a very different meaning (or
no meaning). Therefore neural networks which aim at understanding and producing
human language need to be able to interpret sentences as a sequence. Recurrent neu-
ral networks (RNN) ([15]) were the initial architecture to encompass this idea. Sen-
tences are processed sequentially: any given word is an input to the model sequentially,
who keeps an hidden state from previous words (Figure 2.2). The hidden state is the
key variable which tries to propagate information across the whole sequence. Like the
CNN for images, the weights are shared across each processing step, so RNN’s not only
encompass a better mechanism to understand sentences than the MLP, but they also are
less parameter-heavy. While RNNs addressed these shortcomings of MLPs, they have
limitations in capturing very long-term dependencies due to issues like vanishing gra-
dients ([16]). These challenges led to the development of advanced variants like Long
Short-Term Memory (LSTM) ([17]) and Gated Recurrent Units (GRU) ([18]), further
enhancing RNN capabilities for text comprehension.

The second aspect of deep learning applied to text is embeddings. Their role is to com-
press the information in the vocabulary (all the words in the dataset) into a smaller
dimension array, consistent with the semantic proximity. An extreme alternative was

"https://indoml.com/2018/03/07/student-notes-convolutional-neural-networks-cnn-introduction/.
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Figure 2.2: RNN’s key element to process sequential data: z; is the input, L; the output and
h: the hidden state?.

to do one-hot-encoding of words (they always need to be transformed into numbers for
any model), but this option would render a very sparse matrix with some ones among a
lot of zeros, whose dimension is too large (number of different words within the data).
Initially, embeddings were static, meaning they were built from co-occurrence statis-
tics from a corpus ([19]), regardless of context. Today embeddings are contextualized,
usually learned within any language model, comprising the first layers of the neural
network (for example [20]). Notice these embeddings are far away from static, imply-
ing they can be very different depending on the type of content the neural network is
trained. For example, the words pawn and queen might be much closer in the embed-
ding space if training occurs specifically in text where chess books were part of. Figure
2.3 shows one example. The embedding space has seven dimensions, and from the
differences between words within each dimension, one can infer what the dimension
is measuring. The representation in 2-dimensions space is to make it clear visually: cat
and kitten are very close to each other; and dog near than houses; this is intuitive from
the stand point of the closeness of words in their meaning.

&
& < A
0 o 2 Ny N
N & & & b &
& S S & & @ N
S & & IS K
A = < houses
cat —»| 06 09 | 0.1 | 0.4 [-0.7[-0.3 [-0.2| pimensionality
reduction of
. ) word
kitten —»| 0.5 [ 0.8 |-0.1| 0.2 [-0.6]|-0.5|—0.1| embeddings
from 7D to 2D
dog —|0.7 |-01|04 |03 |-04|-0.1|-03 cgtkitten
@
houses —|-0.8]-0.4|-0.5| 0.1 |[-0.9]0.3 | 0.8 &

dog

Figure 2.3: An example of word embeddings. Each element of the vector will capture a key
dimension who defines the word?.

Transformers revolutionized the deep learning space. They brought the idea that at-

2h’c‘cps ://medium.com/@y.zhyliuk/what-is-recurrent-neural-networks-rnn-and-how-does-it-works-f3f9ad6ed471.

3https ://coderzcolumn.com/tutorials/artificial-intelligence/how-to-use-glove-embeddings-with-pytorch.
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tention mechanisms can be the main backbone for a language understanding model
([21]). Up until this discovery, attention mechanisms were already employed, mainly
within RNN'’s. They allowed the RNN'’s output to focus on different parts of the input,
depending on the word who is generated ([22]). Attention comprises a mathematical
operation to distinguish which words have a stronger relationship and which associ-
ations give meaning to sentences. They are computed as internal products, and the
training of the neural network involves finding the parameters who will define how
strong is the relationship between the words of each sentence. Figure 2.4 shows the
way attention is computed. It consists of three elements: query, key and value. When
the model is "learning" how each word is relevant for own sentence’s comprehension,
the query matrix attends the same embedding vector as the key: this is called self-
attention. When one is in the decoding part, the query matrix is attending the encod-
ing part. Imagine the language translation task from english to french: the query is the
english comprehension part, whereas the key relates to french’s element ([21]).

—1 V

(L]
[I1T1]
K *E
(ITTT]
EEEN OO = EEEEE

mmm— Q om0 o
EEEN — R EBER

Attention
scores

Figure 2.4: The essential element of the attention mechanism.?.

The transformer revolution involved the realization that a mechanism previously con-
sidered secondary could become the primary and most crucial component of neural
networks. There was no need to process data sequentially, sentences could be pro-
cessed all at once. Therefore it also brought the ability to train models with paralleliza-
tion ([21]). The attention mechanisms rely on the idea of computing internal products
between the elements of the sentence. The training of this neural networks comprises
the identification of whose words are more connected, both in backward and forward

in the sentence.

It is also relevant to mention the two main elements of a transformer: the encoder

and the decoder ([23]). The encoder is the component of a neural net who seeks input

“https://medium.com/@saba99/self-attention-0b21baad0a4s.
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understanding. It tries to identify the main elements of the input who solve the task, so
it usually acts as a compressor of the information in the inputs. The decoder is usually
designed for generative tasks. For example, producing a sentence. Figure 2.5 shows an
example for the translation task we referred previously.

m a studen

4

1
DECODER
[ )
DECODER
4
DECODER
L)
DECODER
[}
DECODER
[}
DECODER

ENCODER
[}
ENCODER
4
ENCODER
LY
ENCODER
4
ENCODER
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Figure 2.5: The encoder-decoder architecture®.

Transformers initially did not compete in image understanding with CNNs. In fact,
the attention mechanisms could not be computed on a pixel level basis, as the number
of parameters to be trained grows quadratically with the dimension of the image. But
looking to images in a more aggregate way, by using a group of pixels (patches) solved
the large number of parameters problem, and transformers also became ubiquitous in
image understanding ([24]).

So far, we talked about models which handle either text or images separately. There
could be models who deal simultaneously with image and text, but the embedding
space was learned separately. Even when the output or input are from different types
(for example, an image input and a word output, like a caption), the encoder and de-
coder originally were built out of embedding spaces trained separately.

However soon it was shown that models who handle both image and text simultane-
ously, learning an embedding space which mixed both types of data, come with ad-
vantages (for example [4]). Getting back to the embeddings example, it would act as
way to have in a diagram both words and images” patches (Figure 2.6). This unified
embedding space allows for richer and more nuanced representations, as it inherently
captures the relationships between text and visual information in a shared semantic
context. By training on paired image-text data, these models align visual features with
their corresponding textual descriptions, enabling tasks such as cross-modal retrieval,

Shttps://jalammar.github.io/illustrated-transformer/
®https://weaviate.io/blog/multimodal-models.
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Figure 2.6: The multimodal space, where both text and image are mapped together®.

where a text query can be used to find relevant images, and reciprocally. Additionally,
such models can perform zero-shot learning more effectively, generalizing to tasks or
concepts not explicitly seen during training ([3]). This seamless integration of modali-
ties marks a significant step forward in creating systems that understand and interpret
the world more holistically.

2.2 The Hugging Face platform

Hugging Face (https://huggingface.co/) is a widely used platform for people who
seek to employ transformers based models. It can perform tasks in a wide variety of
dimensions, like Natural Language Processing (NLP), computer vision or audio pro-
cessing (Figure 2.7). It provides tools, pre-trained models, and libraries that simplify
the process of building, training, and deploying machine learning models.

Its Transformers library is a key tool, which provides pre-trained implementations of
models. These models can be used directly for a variety of tasks, such as text classifi-
cation, machine translation, and text generation. Hugging Face also offers a Datasets
library, which provides access to thousands of standardized datasets, making it eas-
ier to train models without the need for complex data preprocessing. In addition, the
platform promotes an open source and collaborative environment in which users can
share their models and resources.

A major feature of Hugging Face is its pipelines, which are high-level tools designed
for common machine learning tasks. These pipelines handle the entire process of using
a model, from loading the pre-trained model and tokenizer to generating predictions
and processing outputs. This makes pipelines extremely easy to use, even for people

"https://huggingface.co/models.
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Figure 2.7: Examples of tasks in Hugging Face’.

new to artificial intelligence (AI).

Pipelines are available for various tasks, including text classification, sentiment anal-
ysis, text generation, machine translation, named entity recognition, question answer-
ing, and summarization. Beyond text-based tasks, pipelines also support multimodal
applications like image classification and speech-to-text processing. While pipelines
are designed to work out of the box, advanced users can customize them by using their
own pre-trained models or configurations. Figure 2.8 shows how a few lines of code
can compute word embeddings, by using the library SentenceTransformer.

from sentence_transformers import SentenceTransformer

sentences = ["This is an example sentence", "Each sentence is converted"]

model = SentenceTransformer('sentence-transformers/all-MinilM-L6-v2')
embeddings = model.encode(sentences)

print(embeddings)
Figure 2.8: Example of the implementation of a pipeline for the computation of sentence em-

beddings®.

The benefits of Hugging Face and its pipelines are numerous. The platform makes
advanced machine learning tools accessible to users without a deep background in Al,

8https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2.
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reduces development time by simplifying implementation, and allows reusability of
pre-trained models, saving computational resources. It supports both beginner-level
and advanced use cases, making it highly flexible for different needs.

Finally, Hugging Face also has a direct API inference model. Figure 2.9 presents an ex-
ample for Generative Pre-training Transformer 2 (GPT-2, [8]), directly in the platform.
Users can also connect to the API, allowing for serverless inference.

Inference API Warm v

[ Text Generation Examples v

Once upon a time, the world was a place of great beauty and great danger. The
world was a place of great danger

Compute ctrl+Enter

</>View Code @ 2.4s - Cached example £ Maximize

t: Model tree for openai-community/gpt2

Figure 2.9: Example of direct inference in platform, using an LLM°.

In summary, Hugging Face has transformed the AI landscape by making it easier for
everyone to use state-of-the-art (SOTA) models. Its pipelines feature is a powerful tool
that enables users to perform complex tasks efficiently and effectively, without needing
to build models from scratch. Hugging Face is a vital resource for anyone working in
NLP, computer vision, or other Al fields.

2.3 Framework

The goal we want to achieve is to have an architecture that is able to caption the narra-
tive in a sequence of comic vignettes. Figure 2.10 presents the key parts of our work.
The model receives 4 RGB images, which go through several steps to output a sentence
aiming at describing the narrative.

We can sum our approach in the following steps:
1. Build a dataset having 4-image sequences of comics with no textual elements;
2. Create captions for both individual images and the whole sequence;
3. Choose candidate multimodal models;
4.

Select the best metrics to check how close are the predicted captions to the "real"
ones;

‘https://huggingface.co/openai-community/gpt2?text=0nce+upon+a+time.
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4-image comics’ - Image-to-Text Narrative
sequence Model - Description
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Figure 2.10: The objective: input comics’ images and output a caption.

5. Choose the best multimodal model;
6. Create several prompt strategies to investigate which one is better;

7. Propose different ways to link prompts in order to embed previous images’ infor-
mation into the current image;

8. Summarize the captions to have a concise, ideally one sentence predicted narra-

tive;

9. Assess the performance across all prompts and connecting strategies.

2.3.1 Input

The goal is to input the model some comics’ vignette and output a sentence depict-
ing the narrative. Hence the model will process an RGB image. Two options will be
assessed:

e Show each vignette one by one. The sequential strategy might be advantageous as
prompting can be improved from previous images” output. Moreover, inputting
the sequence at once might prove too much for the model to ingest.

e Show all 4 images at once, in a merged input.

The goal is to produce some sort of text output based on an RGB image input: an
image-to-text model. The most suitable models are multimodal ones, once they are
able to learn common image and word representations during the training process,
facilitating the "translation" of images into words.

We then proceed to build a pipeline to caption the sequences of comics’ images.

2.3.2 Prompting

A prompt is an input text or instruction given to the model to guide how it processes
and decodes information. In the context of image-to-text models, a prompt can influ-
ence the way the model describes or interprets an image. The same model can produce
very different outputs based on different prompts.

12
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The prompt helps set the context and task for the model. This is especially important
when a single model can perform multiple functions (e.g., description, inference, rea-
soning). A prompt tells the model what kind of information to prioritize. The wording
of a prompt can tweak the tone or style of the output. Models are probabilistic, meaning
they choose words based on learned likelihoods. A prompt can nudge these probabili-
ties. By explicitly asking about relevant details, prompts can reduce ambiguity. Figure
2.11 shows how this mechanism usually works. The sequence of words comprising the
prompt is converted into the embedding space, and the decoder of the language model
will attend to it when it starts to generate text. Prompt therefore acts as a context vector
from which the decoder will compute attention mechanisms to compute the first word,
and proceed sequentially, up until the word given is the end of sentence/decoding.

We are particularly interested in starting to assess performance improvements by test-
ing several prompts. Moreover, we can improve caption by prompting images with
previous captions from the previous images of the same sequence. Therefore we also
create several connectors to use prompting as the most straightforward way to "show"
previous information. It is also worth mentioning that we sought to keep prompts as
generic as possible, in order to avoid "nudging" the model to the results we want.

Raw Text

Decoder-Only Transformer
Tokenized Text Decoder-Only Layer
[ GPT-3 ][ is ][ awesome M ]

s N N I I A

i | T T T T |

Decoder-Only Layer

‘[ Feed Forward Neural Network | -
“[_Multi-Head Masked Self-Attention | -

: Token Embedding
Layer Lookup

)
LT T 1T T 11 )

| I — | I — [ + Token and Positional Embeddings

' T

Prompt Embedding
T (eS| [P [Ty >

GPT-3 is awesome

Figure 2.11: The mechanics of promptingw.

2.3.3 Narrative assessment

We define two benchmarks to serve as baselines:
e Show the sequence all at once and use the set of prompts we define;
e Show each image individually, with no prompt.

These benchmarks will help in disentangling whether our results stem from individual

Source: https: // towardsdatascience. com/ advanced-prompt-engineering-f07f9e55fe01
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inputting the images or prompting. We assess zero-shot performance of models for 4
different approaches:

e Show each image individually, using a generic prompt;

e Show each image individually, while using a prompt who includes all previous
outputs from previous images;

e Add a linking text, where context is given to "explain" all history of images.

We finalize by assessing how close predicted captions are to "real" ones. What metrics
to use? We choose two metrics to assess the architecture’s performance, who comple-
ment each other. On one hand, we have a metric which will check literally how many
words does the predicted and true narrative descriptions have in common. However,
some captions might be similar even if the words are not exactly the same, even if they
belong to the same semantic space and are almost similar in describing the sequence’s
general idea. So we pick a metric of sentence similarity based on mapping both sen-
tences into and embedding space and computing how similar they are.

This chapter aimed at presenting the an high-level overview of the methods related to
our research question, which will be detailed in the next chapters.
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3 DATASET

This chapter aims to present the dataset we built to evaluate our research question, as
well as to detail the main criteria we use to pick the images” sequences.

There is no dataset suitable for our purposes. Although the number of datasets com-
prising comics” content is abundant (as it will be referred to in 4.1), no one fits our
main criterion: no textual elements within the images. Additionally, albeit there are
deep learning techniques who are able to remove those textual elements from comics’
images, they leave a empty space within the image, and make it harder to depict the

narrative.

Therefore, additional value of this work lies in the construction of a dataset having se-
quences of comics’ figures without textual references. The data set is available on the
link https://www.kaggle.com/datasets/marouvo/comics-4-image-sequences/data.
Details of the sources are given in Annex B. The main focus of this work is to have a
model depicting the narrative. As the dataset was created with no original narrative
description (usually they come from dialogues, where the focus can deviate from some
of the image’s elements), we created the narrative’s descriptions. Additionally, we pro-
duced individual captions, as this will help to select the best multimodal model.

To sum-up the elements of the dataset that were created:
e 60 sequences of 4 images: the input of the pipeline;

e The narrative description: essential to compare the proposed captions coming
from the pipeline, and assess how close they are;

e Individual captions: raw description of each image, who serve the purpose of
helping in the choice of the image-to-text deep learning model.

The images do not have textual elements, as our goal is to caption a narrative based on
images. The presence of text within the image might make the model perform better
because of some sort of embedded optical character recognition (OCR) and not be-
cause of "pure" image interpretation ([25]). Moreover, some comics which add textual
elements attached to them, like dialogue balloons, might mislead the whole narrative
when one is looking to the 4-images sequence.

As a result, there are no captions for the vignettes. We have no other option than to
create our own description of the narrative. In order to avoid being influenced by the
caption generated and have the incentive to propose a caption matching the gener-
ated ones, the captions were created before analyzing any output from the models.
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Hi DAD. NO, MOM!
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Figure 3.1: An example of comics vignette in original format!. Four images were cut to pro-
duce the sequence in Figure 3.2.

The proposed captions aimed at grasping the main idea stemming from the sequence,
disregarding any details: our goal is to check how our pipeline can capture the main
narrative. For the initial choice of the model, individual captions were also created, as
they are relevant to pick the multimodal neural network that will be the backbone of
the pipeline.
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(c) "Texting a mes- -
(a) "Talking on the (b) "Talking on the sage on mobile (d) "Bringing a
phone” phone" phone” pizza"

Figure 3.2: The "cleaned" sequence of images. Proposed narrative: "Ordering a pizza by phone".
Image_35 in the dataset.

We present some examples. Figure 3.1 shows the original vignette from which the four
images presented in Figure 3.2 were extracted. Even when the figures were removed
from vignette having balloons, the description of the sequence might be very different
when one is digesting only the images. From the original comics, one understands
that it depicts a situation were the son failed at informing the mother that the father
would bring a pizza, so there was no need to cook dinner. When one looks into the

1Source: https: //www. gocomics. com/betty/2011/10/ 30.
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extracted images, the idea is not so clear. Although one could suspect that the man
having the pizza was not a delivery employee due to his clothes, we defined the caption
as "Ordering a pizza by phone". Going beyond with more details or presumptions could
be a subtler task and very demanding.

)

\/‘ﬁ )
( \J 3
(a) "I will try to (b) "The kite is not (c) "I give up on (d) "Twill fly a bal-
use the kite" working" the kite" loon"

Figure 3.4: The cleaned sequence of images. Proposed narrative: "He gave up on the kite to use
the balloon"

Figure 3.4 is presented as one example where the cleaned sequence is very close to
the original vignette (Figure 3.3). However there are not a lot of Calvin and Hobbes
(the name of the comics in 3.3) who fulfill our criteria, or some of them do not have
a narrative who is easy to depict (they refer to some unrealistic/imaginary actions or
situations). Hence Calvin and Hobbes ends-up having few sequences, even though
one could expected them to be well represented, due to the fact that its vignette’s form
is very close to what we intend to have (very few textual elements, with few images).

Figure 3.6 presents another example on the difference between the original meaning
of the sequence and the one we propose. The original comics in Figure 3.5 show a
conversation where the wife wonders if the accidental shaving of half the husband’s
mustache might be a good surprise, because he might look better without it. The last
image show deception, his face with no mustache made him look worse. This imag-
inary story seems to be too complex for one looking at the images without balloons

2Source: https: //i. pinimg. com/ originals/ 87/ eb/ 59/ 87eb594c959d1f71e5cf8c02c28477f6.
gef.
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to grasp, so we propose the narrative description as "shaving", expecting it to be suf-
ticiently hard to be apprehended. The model needs to connect several references to
shaving in each image: 3.6a mirror; 3.6b position of the hand, holding a small object;
3.6c towel; 3.6d the face without beard /mustache. We also emphasize the individual
captions, which are raw and quite literal.

| HWENT SEEN You Voo ReaLLy How AROUT THAT?
WITHOUT A MUS- THINK 507 | WAS WEONG. You
f o S
WELL, | GUESS Now 7 :
VUL WAVE To SHAVE ABSOLUTELY. —
OFF THE REST OF I, ~— ]

&

(a) "Old couple (b) "Old couple, (c) "Old couple,
looking at the man is shaving his man is drying face (d) "Old couple
mirror" face" with towel" talking"

Figure 3.6: The cleaned sequence of images. Proposed narrative: "Shaving".

Below we present all criteria for the chosen images/sequences:

e Uniformity. Use same length of the images’ sequence: four. This number was
defined based on having the balance between having a sequence large enough to
assess the model’s ability to identify the narrative, but not demanding enough to
show too complex set of actions.

e Purity. Pick images without textual references. Otherwise the model might per-
form better due to some kind of embedded optical character recognition, rather
than "pure" understanding of the images. Removing textual references from the
images largely reduces the array of candidate comics, as some images were de-
signed in conjunction with textual elements (balloons). Hence it might be very
hard to produce a narrative out of a images’ sequence, even for a human who does
not know any context. For example, one can imagine a simple dialogue, where
the images are almost similar across the vignettes, and the change in information
stems only from the content of the balloons: if one removes the balloons, one
finds an uninformative sequence of similar images.

3Source: https: //www. gocomics. com/ pickles/ 2024/ 06/ 11.
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Table 3.1: Number of sequences of the dataset per comic.

Comics Name Count

Next Door Neighbors
Total Sequences
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e Variety. Do not rely in a small set of comics, as the model might perform well due
to idiosyncratic issues. The goal is to have a captioning pipeline who works for
several types of comics.

e Simplicity. Pick sequences whose figures can identify some action/idea which
might be not too difficult to identify. This choice relied more on the intuition of
human judgment. However, an aspect easy to illustrate is to avoid comics where
there are tiny changes between the figures: the action/idea might become too
subtle for a multimodal model to depict it.

We end-up with a dataset comprising 60 sequences of 4 comics’ images, from different
comics. Table 3.1 presents the count of sequences by source of the original comics
they were from. We have a total of 18 different comics in our dataset. While 8 of
them contribute with one sequence, there is one who contributes to a quarter of the
sequences. What would be the ideal dispersion across comics? Taken into account the
"variety" property we defined before, in the best scenario one would have no more
than one sequence per comic. However, the comics we searched for do not fit the
other three properties. Our search base was based on the page GoComics (https:
//www .gocomics.com/), which gathers a huge variety of comics, as well a large number
of vignettes per comic. Unfortunately, the number of comics which fit the criteria we
define is scarce. So we needed to repeat comics to have a dataset with some sample size.
However, the Betty comics, which contribute to 15 sequences, are diverse enough not to
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put in jeopardy the principles we define, and consequently not to hamper generaliza-
tion ability. Betty is a very diverse comics, which depicts very heterogeneous scenes,
performed by different characters, as we show in Figure 3.7. These three sequences

show characters performing an heterogeneous set of tasks.

Figure 3.7: Three comics sequence highlight the variety of the comics they came from (Betty).
Image_33, Image_43 and Image_45 in the dataset.
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4 LITERATURE REVIEW

In the literature review, our objective is to give a brief overview on the work done re-
lated to ours. Firstly, we will present a review on deep learning methods applied to
comics. Secondly, we revisit how deep learning image-to-text models has evolved,
highlighting the main SOTA models throughout time. We also present the justifica-
tion on the choices of the multimodal models who are candidates to be the backbone
of our architecture, and detail the way they work.

4.1 Comics and Deep Learning

Deep learning applied to comics is essentially divided into two main areas: comics’
elements identification and comics” scene understanding. The work in [25] offers an
overview of the main deep learning methods applied to comics. We start by describing
the former group.

The area where there is ample research is object detection, who relates to the identifica-
tion of whether any pixel from the comics” image belongs to a speech balloon, caption
or the image itself. In general terms, this task is named semantic segmentation. Figure
4.2 presents one example: the panel on the right is a mask where white areas relate to
the prediction of the pixels who belong to balloons in the image on the left. In these
type of tasks, the output is of the same dimension of the input, so models of the U-Net
(pioneered in [26]) type are regularly used. The U-Net is composed of an CNN en-
coder who identifies the key feature maps for the problem, and a decoder which is the
"reverse" of the encoder to map those pattern in the pixel location within the image.
The model acts as a binary /multiclass identifier of whether a pixel belongs to a balloon
or to the comics’ image.

There are several papers who seek to train models to perform these tasks. For exam-
ple, the work in [27] trains a model to perform semantic segmentation of speech bal-
loons in 750 annotated pages of the Graphic Narrative corpus, while the authors in [28]
aim to identify face and body detectors in cartoons. The paper [29] tries to do multi-
task learning for 3 tasks: panels and characters detection, balloons” segmentation and
balloon-character association. Additionally, linking the balloons to the characters is
also a relevant task and doing OCR to recognize text from the textual components of
the image. This topic could be useful for our work to help in identifying a dataset suit-
able for our research questions. However, as it was mention in previous chapter, the
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datasets coming from this deep learning pipelines are not suitable to answer our ques-
tions: the image becomes more noisy and the textual elements are dialogues and not
narrative descriptors. There are other strategies to augment datasets too. For example,
the paper in [28] addresses this problem by doing "cartoonization" of natural images’
data, employing several types of style transfer techniques. Also, keeping textual ele-
ments might not be appropriate, as the model might perform better by having OCR
abilities. The authors in [27] find that the evaluation on Japanese comics show worse
results, which shows that the letters inside the balloons help the model in performing

segmentation.
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Figure 4.1: An example of segmentation of speech balloons. Source: [27].

We also highlight some work on the understanding of comics content. The authors
in [30] employs two identification methods to perform anime style recognition on the
dataset they created. The benchmark results they aim at building presents difficulties
to achieve satisfactory results. This shows how more abstract features can pose addi-
tional challenges to SOTA architectures. There is also work who seeks to assess how
different is to identify some patterns in comics and real images. The work in [11] ad-
dresses how emotions can be perceived by neural networks. They show that a CNN
has some difficulties in identifying negative images in Japanese comics (manga). How-
ever the sample size is relatively small, which is an indication about the challenges we
might face, because our dataset can also be considered small size (60 sequences of 4 im-
ages). This angle of understanding also motivated us to add a prompt in our pipeline
where we ask for the emotions characters are experiencing. The paper in [31] also
has some similarities with our work. Firstly, they have a dataset on 4-scene comics.
Secondly, they seek to understand whether info from previous images helps in identi-
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tying whether emotions are neutral in an image. They use a dataset with images from
japanese manga, but translate the textual elements into english. Their results point
to the ability of past information to improve the sentiment prediction of the model.
Nevertheless the information from previous frame has almost the same performance
as inputting the all 3 previous frames. In spite of some similarities, the last conclu-
sion cannot be completely transposed into our framework, as our goal is to describe
the whole narrative of the sequence, and not having previous information to help in
understanding just one image.

Scenariol-2 Scenariol-1
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| A-kun,
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Figure 4.2: Two comics sequences examples from [31].

Similar to some seminal papers on pre-trained models for benchmarking and context
understanding, [32] seek to identify how to perceive the narrative from sequential
comics’ panels. They also build their own dataset on comics from the "golden age of
comics" in the USA, isolate images and text. They perform panel and text-box segmen-
tation by annotating random samples of the dataset and fine-tuning a type of CNN,
but the main goal is to model the content from comics. They try to find how easy is for
neural networks to learn the context of comics. They "show" the model a sequence of
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images and text and give several options for the next element in the sequence. A couple
of alternatives are tried: either to pick the right sentence that goes with the image, the
image that goes next or the pairs image-text. The architecture who performs better is
an hierarchical LSTM. The features of the images are extracted with several layers of an
CNN type model. The taxonomy is also valuable: the intra-panel as well as the inter-
panel dynamics is classified based on whether there is an action, or another character
who appears. The results show how intricate and complex comics can be, as the neural
network finds it difficult to pick the right continuation. The task becomes harder if the
wrong options come from a nearby panel. The work in [33] extends this approach to

the comparison comics and manga.

Regarding content generation, the literature is scarce. [34] uses a dataset from graphic
novels from Japan. Manga follows a specific way of writing and image creation. They
build a pipeline to isolate text from images, which includes semantic segmentation of
the two elements and OCR of the words inside the balloons. The images are inputted
into a generative adversarial network model for the image generation. The diversity of
images led to convergence problems, so conditional training and transfer learning were
employed. Regarding the text generation, a distilled version of GPT-2 is fine-tuned on
text from comics and general literature. This is the first paper who tries to generate
graphic novels from scratch, and a complete pipeline is built, where there is panel lay-
outs and balloon speeches. Also worth mentioning several types of language to gen-
erate text, and the narration element was from a poetry type. Although the text and
image are generated independently, it is advised that any future work must take into
account the image and text consistency on a broader connection than just pure caption-
ing. Text is not only a description of the image, but many times provides information
to complement the understanding of the story.

Other relevant segment of research is the production of comics” images based on text
descriptions. [35] build also on an adversarial network architecture. The initial idea
was to use the text directly from the dialogues, but the dialogues proved to have no di-
rect connection with the image, as there is no description of the characters and context.
Moreover, the automatic creation of descriptions was also not suitable, as the models
on description are trained on real photos. They needed to generate text description by
themselves, with a direct semantic connection text-image: detailed character descrip-
tion and general context (like colour background and relative position). The investiga-
tion in [36] explores comics through the lens of multimodal conversation. Additional
challenges: each character has his own style and persona; dialogues with more than
two people; use of humor. It uses CLIP as image encoder, added to embedding of the
previous dialogues and persona context. The model created (MPDialog) outperforms
both models only using text from previous dialogues and adding persona description.
Results hold on comics not used for training data. Figure 4.3 presents the architec-
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ture. When compared to our work, there is more emphasis on encoding the textual
part, with the context of the character. Our focus in on image comprehension, and the

textual elements we use are one sentence prompts.

AHHH, THAT
X g | DoNTHER oy
oTwrd  AWIFE F'S JUST A MARRIAGE of
ASGARD? '

YOUR WIFE I
ON A CoMPLETELY
DIFFERENT PLANE OF
EXISTENCE! wHAT'S
<0 COHURI{IEH

| am the Norse god of war, law and honor.
I am son of Odin, half-brother of Thor.

| was betrayed by my father.

| like to throw my weight around.

| am working on anger management.

SsoueIalN
safew| |aueyq

Persona Facts (Character: Tyr, Comic: Inkpen) J

Persona

‘ Comic Dialog Generation Model ‘
l Output
MPDialog (our work): She can see into space from her home planet I'll never
get married again... ever.... oh well.. thanks for everything it really saved us
some time... but we're gonna live together anyway... right???

[ Gold Response: It's a really convenient way for me to date other women... ]

Figure 4.3: MPDialog architecture. One of the few papers about image-to-text models. Source:
[36].

To sum up, the literature on comics comprehension is scarce. So far, we do not have any
paper who proposes captioning sequence os comics’ images without textual elements.
When one narrows the search for image-to-text models, there is scarcity. So there is
novelty in trying to inquiry whether deep learning models can as be as good at reading
comics as they are at "real world" images.

4.2 Image Captioning and Deep Learning

Image-to-text models are at the core of the objectives of this work, so we provide an
overview on how deep learning has evolved within this topic.

The last decade saw a staggering leap in image-to-text models. In fact, the dynamics
mimics the same milestones from the natural language processing (NLP) field, with
some lag. Is is not pure coincidence. In fact, image captioning can be interpreted as
a kind of translation. But instead of translating a sequence of words into another se-
quence of words, one translates the image’s "features" into a sequence of words.
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Consequently, the encoder part of any image captioning architecture entails a computer
vision model to identify the main attributes of the image; afterwards, the decoder part
will connect to the words from the vocabulary. The encoder relates to the part of a
neural network were inputs are compressed into a smaller dimension array of latent
variables. The goal is to isolate inputs’ crucial elements which are relevant for the task.
In our context, the encoder part will be isolating image’s relevant features for the task.
For example, when identifying the action "playing baseball", one expects the model
should be able to isolate the player, the special glove, or type of the ball. The ways to
isolate this encoder part have changed throughout time, but we will leave this topic
for the next paragraphs. If the task involves "just" describing the image in a word,
for example to identify the race a cat, the job is done by the encoder part. However
when the description of the image is intended to be more complex, the decoder element
comes into play. The decoder part uses the latent variables as the building block to
connect to a tokenized vocabulary of words. The decoder is therefore the generative
part of the model, where text is produced.

The first image captioning models we highlight comprised a CNN as encoder and a
RNN as decoder ([37]). The CNN part was the main architecture to image under-
standing before transformers. It acts as a sequential computation of feature maps from
the image: each feature map seeks to isolate a relevant pattern of the image; as one pro-
gresses deeper into the CNN, feature maps usually become smaller and more complex.
Going back to our baseball example, initial feature maps will identify the contours and
the texture of the special glove; the feature map in the sequent hidden layers will join
those two. However, this type of architectures (CNN+RNN) have problems in the de-
coding process, as image’s feature maps are shown only at the beginning of the RNN
"unrolling”. Attention mechanisms had the first opportunity to show their key role,
helping the RNN to focus on different elements of the image depending on the word
being generated ([22]).

Resembling neural machine translation, attention mechanisms came from "just another
feature" of the model to complete prevalence. The so called transformers’ architecture
took center stage also in this context, firstly focusing on the decoder part (for example
[38]). Soon it was shown that the computer vision task could also be successfully ad-
dressed only with transformers ([39]). In fact, one of the most straightforward models
based on transformers used a few years ago was the junction of the first encoder-only
vision transformer ([24]) and the decoder generative pre-training transformer 2 (GPT-
2, [8]), widely deployed by user of Hugging Face.

All models above learn have the embedding layer connected solely to an input which
is either text or image, and do not blend the two. Sooner it started to become clear
that there are advantages in having an embedding space trained jointly for both type
of features. The embedding space is a way to compress the input information into
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Figure 4.4: The architecture of the first seminal paper on image caption using attention.
Source: [22].

a smaller dimension vector, before applying the encoder part of the neural network.
The main purpose is to reduce dimensionality, as otherwise the number of parameters
would be immensely larger: as attention mechanisms compute internal products, the
number of parameters grows quadratically along the dimension of the vocabulary. The
embedding space allows to compress information, implicitly decomposing any token
into a set of vectors. When the input is an image, as in this work’s case, images are split
into patches, as splitting into pixels would make it much larger ([24]). The patches are
afterwards input into the embedding layers.

Vision Transformer (ViT) Transformer Encoder

MLP
Head

Transformer Encoder
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# Extra learnable
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Figure 4.5: The architecture of the vision transformer. Source: [24].
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The work in [24] presents the Vision Transformer (ViT). This work showed for the first
time that one could have a vision model without convolutional elements embedded,
only recurring to transformers. The patches of the image are processed within the ViT
just like words are.

4.3 Multimodal Models

Multimodal models have their embedding space learned in the same semantic space
for both images’ patches and textual elements. Contrastive Image Pre-Training (CLIP,
[4]) is one of the main references for multimodal models. CLIP is trained on 400 mil-
lion image-text pairs, and its loss function not only seeks to maximize the similarities
between the correct pairs, but also minimize it across text who do not matches with
images, as can be seen in Figure 4.6. By understanding the context and content of the
image, CLIP can be effective in performing zero-shot image classification and at help-
ing defining which description best matches the image.

Pepper the

aussie pup ||| EnTce;n;er i l i i
. | T, | T, | Ts | T

» I I Ty

> I LT | ITh | Ty | . |bTy

E':E%ﬂer I3 13T, | 13Ty | 13Ty | . | 13Ty

— Iy Iy Ty | Iy'Ty | Iy TH Iy Ty

Figure 4.6: The pre-training objective of CLIP. Source: [4].

However, CLIP is not equipped for generative tasks, it is a image-text encoder. So a
text decoder must be added to perform image-to-text generation. CLIPCap ([40]) is
one architecture who seeks to accomplish a more detailed description of images. GPT-2
is the text decoder. A mapping network is used to connect the CLIP encoder with the
GPT-2 decoder. GPT-2 starts to generate text upon the prefix embeddings. Two type
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of versions are assessed for the mapping network: one in which both the mapping
parameters and GPT-2 are trained; in the second the GPT-2 is also frozen. As the latter
has the decoder frozen, the mapping network needs to be more complex. Therefore a
transformer is used for the latter and a simple multi-layer perceptron is employed for
the former. The main architectures of this type have similar building blocks as the one
we have detailed.

When dealing with comics captioning, the type of language might require the language
generation to flexibly focus on some details of the image that "sticking" to a specific
architecture is not able to do. Therefore models who accomplish a more detailed de-
scription of the image might also prove useful. FuseCap ([41]) achieves it by creating a
more detailed description of the image, through different vision encoders for different
tasks (OCR, detection, attributes extraction). The paper [42] does something similar
by merging the outputs from SOTA image captioning models. Showing a large lan-
guage model (LLM) decoder a diverse input of word summary of photos is expected
to be particularly relevant for comics.

-Former
SRS Image-Text Image-Grounded
Matching Image-Text Text Generation
Input Image t .| Contrastive l«—Ho 4

% Learning Feed Forward
for every

1 4
22 AR D Image other block
_ﬁ%%ﬁ Encoder Attention Masking
‘ t bidirectional
mutlimodal causal
b A —x— - uni-modal - —*% —(- 2 xN
Learned - |
Queries |0 0O-0O0 Input Text [a cat wearing sunglasses J

Figure 4.7: BLIP-2 architecture (Source: [3]).

In order to optimize computational resources, the ability of a model to do correct char-
acterization of images not used during training is becoming relevant. The usually
called zero-shot image captioning models allow for more efficiency in applying image-
to-text models: they are able to perform tasks in a context they have not been trained
on. Bootstrapping language-image pre-training (BLIP, [43]) is one of the current SOTA
ones. The loss function comprises three components, whose goal is to align the image
and text encoders and the text decoder. The "bootstrap” part comes from leveraging
images from the internet to use more data to train the model. The noisy data from the
web implies a filter to exclude the more noisy image-text pairs. BLIP2 ([3]) was later
introduced to improve training efficiency and mitigate catastrophic forgetting. The ar-
chitecture aims at efficiency in training, by keeping the parameters of the encoder and
decoder model frozen. The trainable parameters are part of a "bridge", the query trans-
former (Q-former, Figure 4.7). The Q-former is trained in several steps.
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Figure 4.8: BLIP-2 decoding process. Source: [3].

BLIP-2 therefore improves on BLIP, by suggesting an architecture where a "bridge" is
the only trainable part of the model. The bridge (know as "Q-former") tries to optimize
the interaction between the model which "looks" into the figure and extracts the main
features, and the language model which seeks to output text. This approach is pro-
posed in order not to re-train the whole set of weights of the model. By training only
the parameters of the Q-former and not the parameter from both the image extractor
and text generator, the goal is to train faster, as a smaller set of parameter is optimized.
The LLM encoder-decoder connects to the image encoder through the Q-Former (Fig-
ure 4.8).

Due to its SOTA performance and zero-shot capabilities, BLIP-2 will be one of the can-
didate’s model for the main backbone of the pipeline for comics” description. We now
present the other one: Generative Image-to-Text Transformer (GIT, [7]). Figure 4.9
presents its architecture. GIT is known for its "simple" structure, reaching SOTA per-
formance on several tasks related to image captioning, visual-question answering and
video comprehension. The model is composed of one image encoder and one text de-

coder.
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a tecsun radio with
the time of 12 : 54. Image encoder Image encoder
Framel  ...... Frame 6

(a) Pre-training/captioning | (c) Video

Figure 4.9: Overview of GIT ([7]) architecture.

The image encoder is based on a multimodal contrastive pre-trained model in [44],
called Florence. This image encoder is trained similarly to CLIP, by contrastive learn-
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ing, but it aims to add more fine-grained image representations. Also, there are some
differences on the image encoder part of Florence when compared to CLIP. The decoder
part of GIT is a standard transformer, were self-attention layers and feed forward are
the standard elements. The type of masking is seq2seq, which means that a given word
is decoded based on the feature maps of the image and previous words: the standard
autorregressive decoding we see in GPT-2 for example (except in the latter there are
no images). Overall, GIT has the advantage of using standard transformer layers and
leverage an image encoder to reach good results on image and video comprehension.

The first stage of this process is to choose the multimodal model to caption the im-
ages’ sequences. Here we have chosen two candidate models: GIT ([7]) and BLIP-
2 ([3]). These two models were chosen as they fulfill two criteria. First, they are
SOTA models with top performances; second, they are available on Hugging Face,
which allows better usability. BLIP-2 is available in https://huggingface.co/docs/
transformers/model_doc/blip-2, where one can find several components. GIT is in
https://huggingface.co/docs/transformers/model_doc/git, both under the "mul-
timodal models" tab.
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Figure 4.10: The ranking of the best models in captioning the COCO ([5]) dataset.!.

"https://paperswithcode.com/sota/image-captioning-on-coco-captions
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In order to prove the SOTA performance of these two models, we refer to the most
standard task in terms of image understanding: image captioning in a widely used
dataset. Common objects in context (COCO, [5]) captions dataset is probably the main
resource for anyone seeking to train and assess an image captioning model, compris-
ing more than a million and a half descriptions of 330 thousand images. Figure 4.10
highlights the top four models with best BLEU-4 metric for the captioning the COCO
dataset, aggregate in by the Papers With Code project (https://paperswithcode.com/).
GIT and BLIP-2 stand in the thrid and forth place, respectively. Additionally, BLIP-2
achieves this result zero-shot: without being trained on the dataset.

We therefore conclude that GIT and BLIP-2 are two models with SOTA performance,
employing SOTA architectures. As they are open source, we will use them as candi-
dates for the backbone of our pipeline: we will prompt them to get a text description
of the images. We will assess performance in captioning all 240 individual images, in
a more "raw" task. We then pick the best for narrative description. It is also worth
emphasizing that we do not use any of the two best models because they are not open
source and linked in Hugging Face.
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5 THE EXPERIMENT: DESIGNING PROMPTS, SUMMARIZATION

AND METRICS

In this chapter we delve into the main steps and experimental choices of our work. We
will detail the versions and hyperparameters of all deep learning models we employ
within the whole pipeline. Moreover, we define and explain the metrics we use to
assess how close are predicted and true narratives. Finally, we present the different
prompts we employ, as well as the three strategies to flow the information through the
images of the sequence.

Prompt 1 Image 1 Prompt 2 Image 2 Prompt 3 Image 3 Prompt 4 Image 4

Y 3 1Y 3 1Y 8 1V 3

k J
|

Summarize captions (predicted caption)

$

[ Assess performance by comparing with

“real” images sequence’s caption

Figure 5.1: Schema of our approach to caption the comics’ sequence.

Figure 5.1 summarizes our approach. In this section we will detail every connector of
the narrative description pipeline:

e Prompting. The choices of the textual elements in the light blue box of the Figure
5.1:

— The definition of the ten prompts we use;

- How Prompts 2, 3 and 4 can embed element from previous captions, to help
contextualizing (green arrow).

e Arrow who connects Prompts+Images to Caption: the multimodal deep learning
model, which will be BLIP-2 or GIT. In this chapter we present the version and
hyperparameters of these models.
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e The summarizer which will aggregate captions 1, 2 3 and 4 into a consistent sen-
tence to describe the narrative.

e The metrics which will assess how the final narrative predictor (the output of the
summarizer) meaning is close to the real narrative description.

5.1 Multimodal Models

In this part we will refer which versions of the multimodal models we have used. The
multimodal models are the first element of the pipeline, they receive the image and
the prompt as inputs to output the predicted description of the image. As referred to
in section 4.3, BLIP-2 and GIT are the two candidate models to be the image-to-text
model. Figure highlights where in our pipeline is this located.

[ Prompt 1 ][ Image 1 ]

EEENEEEENE NN

: + BLIP-2
: e GIT

Caption 1

Figure 5.2: The role of the image-to-text model in our pipeline. Example for first image, but it
works in an equal way for the other three images.

BLIP-2 uses two types of models for the text part. The decoder OPT (Open Pre-trained
Transformer Language Models, [9]), or the encoder-decoder FLAN (Scaling Instruction-
Finetuned Language Models, [6]). Both models exhibit good results in the paper.
FLAN performs better in zero shot visual question answering (VQA ), while OPT presents
better results in zero shot image captioning and fine-tuned VQA. Therefore there no
direct conclusion on the version to pick. Hence we opt for the model with the lowest
number of parameters, to make inference faster. So the OPT version was chosen, which
overall has 3.1 billion parameters. It is also relevant to add in this context the main ad-
vantage of BLIP-2, by using the trainable Q-former as the only part which is not frozen:
only 104 million parameters were trained.

Regarding GIT, we refer to the baseline model , with 0.7 billion parameters. It is worth
mentionig the large diffence in overall parameters between the version of BLIP-2 and
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GIT. CPU based inference takes a long time to run, so we have used GPU withing Google
Colab for inference.

5.2 Prompting

Prompting plays a key role in our analysis and finding the best prompt to get an output
closer to reality is a relevant contribution of our work.

Table 5.1 presents the ten sentences we defined as prompt. They are already is the for-
mat Question? Answer:, as is suggested by the authors of BLIP-2 ([3]) to use as template
for any prompt to the model version with the OPT decoder. The main criteria to define
the prompts:

e Use questions whose semantic space relates to capturing the narrative

e Be as general as possible in the prompts, to avoid any additional "nudge" to the
model and loss of generality

e Reference to the word "cartoon" was used
e Try to address different angles in the questions, to check which type of perspec-

tive might lead to better performance

Table 5.1: Prompts used to caption images.

Number Prompt

Question: Identify all elements in image. Answer:

Question: What actions are performed in the cartoon? Answer:
Question: Describe the content of the cartoon. Answer:

Question: Caption this cartoon. Answer:

Question: Use one sentence to caption the cartoon. Answer:

Question: Describe the scene. What are the characters doing? Answer:

Question: What is happening in this scene? Answer:
Question: What might the characters be saying or thinking? Answer:
Question: Create a funny caption for this cartoon. Answer:

O OO UT = WN RO

Question: What emotions are shown in the characters” expressions? Answer:

One can add previous images’ outputs to current prompt. The idea is that adding
previous captions might improve the semantic space of the prompt, allowing for a more
aligned output of current image. Figure 5.3 presents the three options we employ to
connect prompts with previous outputs:

1. Leave that task to the summarizer at the end to gather all captions and try to build
a summary consistent with the narrative (no green arrow in figure 5.1) ;

2. Just concatenate the previous output to the prompt who is in use;

3. Add some context, referring to the number of the image.
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Figure 5.3: The three strategies employed to link current prompt to previous outputs/prompts.

5.3 Summarization

We use the Hugging Face pipeline on summarization (https://huggingface.co/docs/
transformers/tasks/summarization). The summarizer is the element which receives
the outputs of all images from the same sequence, and summarizes them into one sen-
tence (preferably). It refer to the part we highlight in Figure 5.4.

p
[ Caption 1 ] Caption 2 ] Caption 3 Caption 4
\ : Y [—] [—] )

Summarize: Predicted Narrative

Figure 5.4: The role of the summarizer in our pipeline.

We now move into describing how the summarizer works and how it was trained.
The summarization pipeline we employ is the fine tuning of the Bidirection Auto-
regressive Transformer (BART, [1]) model on the samsung dataset ([45]), available on
https://huggingface.co/philschmid/bart-large-cnn-samsum. The model is a lan-
guage model who is a denoising autocoder, trained by Meta (previously facebook AI).
An autoencoder is a model where some text is corrupted, by several strategies, and the
goal is to have a model who retrieves an output similar to the initial text before corrup-
tion. The transformer architecture is used to try to retrieve and output which is similar
to the text before the corruption. By using different types of noising transformations,
the model will learn to perform in a complete way, as shown in Figure 5.5.

The pipeline we use fine-tuned the BART specifically for a text summarization task,
having SAMSum ([45]) as dataset (Figure 5.6 presents an example of the type of text
it relates to). The dataset comprises dialogues and summaries. We choose this fine-
tuned version because it resembles the problem we have in hands. Like in dialogues,
we might find captions which are quite different between the images of the sequence.

36


https://huggingface.co/docs/transformers/tasks/summarization
https://huggingface.co/docs/transformers/tasks/summarization
https://huggingface.co/philschmid/bart-large-cnn-samsum

Capturing the Narrative: Deep Learning Models for Comics Sequences

(AC. E.) (DE.ABC.) (c.DE.AB)

Token Masking  Sentence Permutation Document Rotation

s
(a.c.e. )y (ABC.DE.) <O (A_.D_E.)

Token Deletion Text Infilling

Figure 5.5: The several text transformations in BART model. Source: [1].

Aggregate the information from several captions to build a sentence describing the
narrative seems to be a task close to summarizing the main ideas of a dialogue.

Dialogue

Blair: Remember we are seeing the wedding
planner after work

Chuck: Sure, where are we meeting her?
Blair: At Nonna Rita’s

Chuck: Can I order their seafood tagliatelle
or are we just having coffee with her? I've
been dreaming about it since we went there

last month

Blair: Haha sure why not

Chuck: Well we both remmber the spaghetti
pomodoro disaster from our last meeting with
Diane

Blair: Omg hahaha it was all over her white
blouse

Chuck: :D

Blair: :P

Summary

Blair and Chuck are going to meet the

wedding planner after work at Nonna Rita’s.
The tagliatelle served at Nonna Rita’s are
very good.

Figure 5.6: Example of one data point from SAMSum dataset. Dialogues are inputs and sum-
mary is the target output. Source: [45].

The maximum length was set to be 15 words and the minimum 3. The goal is to have
the narrative summarized in one sentence.

5.4 Metrics

There are several metrics to assess the performance of captioning models. The widely
used bilingual evaluation understudy (BLEU, [2]) measures how many sequences of
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N words are common between the "true" caption and the generated one. The met-
ric for evaluation of translation with explicit ordering (METEOR, [46]) takes into ac-
count stemming and synonyms when comparing how the two sentences are similar.
Consensus-based image description evaluation (CIDEr, [47]) is specifically designed
for image captioning, putting emphasis on the most informative facts in common with
several possible captions. In fact, some models use CIDEr loss in a second stage, to help
fine tune the description not only on a "raw" word-to-word basis but also giving rel-
evance to overall meaning. Semantic propositional image caption evaluation (SPICE,
[48]) goes beyond the simple overlap of words and tries to identify several proposi-
tions that describe the "truths" in the image. The score then measures how similar is
the semantic propositional context.

We choose BLEU to use as metric for assess the predicted captions of the work. BLEU
is the simplest metric, and can be a measure to directly assess how many words the
predicted and real captions have in common. We use a single gram to evaluate captions.
If the models prove to be successful by having very high BLEU 1-gram, we can move
into higher grams.

BLEU is computed in the following way:

N
BLEU = BP - exp <Z wy, log pn) (5.1)

n=1
e BP (Brevity Penalty): A penalty factor to discourage translations that are too
short, defined as:

1 ifc>r,
BP =

exp(1—1%) ifc<r,

where c is the length of the candidate translation and r is the length of the refer-

ence translation.

e p,: The precision for n-grams, calculated as:

_ Number of matching n-grams

Pn =

Total n-grams in candidate

e w,: Weight assigned to the n-gram precision scores, typically w,, = 3 for uniform
weights.

e N: The maximum n-gram size considered in the computation (commonly 4, i.e.,
up to 4-grams).
® cxp (E 7]:[:1 wy, log pn>: The geometric mean of the n-gram precisions.
In summary, the BLEU score combines the precision of matching n-grams with a brevity

penalty to measure the similarity of the candidate translation to one or more reference
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translations. In our initial approach, we will use only 1-gram, which makes the formula
simpler.

But we need to complement this "literally literal" measure. We also seek to take into
account that there are captions whose sense is close, even if they do not have any
word in common. We decide to use the hugging face sentence similarity space (https:
//huggingface.co/tasks/sentence-similarity) to encompass this evaluation idea.
Sentence similarity builds on the embedding space of the words comprising the sen-
tences to assess how close is the meaning of two sentences.

We refer to the model https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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Figure 5.7: The architecture of the model which computes embeddings for the sentence simi-
larity score. Source: [49].

Sentence similarity comprises two essential steps. The first one relates to compute the
embeddings of the sentences. Embeddings are a way to sum the sematic relationships
among words in several numbers. In some sense, each embedding dimension will try
to sum how close are the words in, as we previously mentioned. There are several ap-
proaches to have an embedding model. Nowadays the most common one is to use the
one from the training of an LLM. Usually embeddings are the first layer in the trans-
former models, having also elements which take into account the position of the word.
Embeddings are crucial to make transformers able to be trained, as they compress the
relationships between words in a dimensional set which is small than the length of the
vocabulary.

After having the sentences transformed into a tensor (array) where embedding num-
bers are, there needs to be a measure of how close are two vectors. Cosine similarity is
the metric computed. Some models are also trained having cosine similarity as objec-
tive function, for example CLIP.
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We define the computation of the sentence similarity metric.

We use a generic function Represent with a language model (LLM) to compute the
embedding for a sentence:

E; = Represent(LLM, s) (5.2)

where:
e E, is the embedding array for the sentence s.
e LLM is the pre-trained language model (in our case [49]).
e Represent is the embedding extraction function.

The cosine similarity between the embeddings of a predicted sentence E.q and a true
sentence Ei,. is computed as:

_ Epred - Etrue
HEpredH HEtrueH

Similarity (Epred; Etrue) (5.3)

where:
® Epred - Erue is the dot product of the two embedding arrays.

® ||Epred|| and ||Egye|| are the Euclidean norms of the predicted and true embed-
dings, respectively.

e The resulting similarity score ranges from —1 to 1, where 1 indicates identical
embeddings and —1 indicates completely opposite embeddings.

This approach provides a numerical score to quantify the semantic similarity between
two sentences, leveraging pre-trained language models and cosine similarity.
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6 REsuULTS

This chapter presents the results. We start with the performance of BLIP-2 and GIT
in predicting the individual captions, and pick the one with best metrics. Afterwards
we introduce the benchmark results for narrative prediction, stemming from showing
the merged sequence as one image and the 4 images individually but without prompt.
Finally, the pipeline is assessed across several prompts, assessing the performance both
in absolute terms and relative to benchmarks.

6.1 Multimodal model

How to choose the right multimodal model? Our goal is to start with zero shot perfor-
mance assessment, but one wants to have the option to go beyond and perform some
optimization in the parameters, so an open-source model is preferable. Therefore we
have used the Hugging Face platform, widely known platform for transformers” based
models, to pick candidate SOTA architecture whose parameters are available. We got to
two main architectures within the multimodality space: GIT and BLIP-2. In the litera-
ture review chapter, we also showed both have SOTA performance in image captioning
tasks.

We will pick the one who performs better in captioning the individual images of the
dataset (and not the sequences). We decided to assess at the individual caption level
rather than at the sequence (narrative) level because:

e It allows for the quadruple number of instances to assess performance: 240 im-
ages versus 60 sequences;

e For the multimodal model to be assessed at the sequence level, the whole pipeline
needs to be run (which makes it heavier);

e The subtask the models are evaluated is very similar to the overall task (describ-
ing an image); they differ on the viewpoint of the image(s) one is assessing. It
would be unexpected to have the best model at individual level worse than at the
sequence level.

Table 6.1 shows the results of the descriptive statistics of the BLEU-1 (except identified
otherwise, when we refer to BLEU, we mean the BLEU-1 metric) score for both GIT
and BLIP-2. Beyond the mean, we compute some quantiles of the distribution: the
median (measures central tendency but less sensitive to outliers than the mean) and
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the first and third quartiles, to compare different parts of the distribution. Individual
captions are compared, so the descriptive statistics have 240 instances (60 sequences
times 4 figures per sequence).

Table 6.1: Comparison of the BLEU score for individual caption performance.

25th Percentile Mean Median 75th Percentile
GIT 0.00 0.08 0.08 0.13
BLIP2 0.00 0.12 0.10 0.20

The BLEU score distribution is higher for the BLIP-2 model over all metrics, except
the first quantile, where it is 0 for both. Hence there are more than a quarter of the
captions where both models cannot have one word in common with the "real" caption.
The advantage of BLIP-2 over GIT is larger in the mean than the median (4 against 2
percentage points difference), so there should be some captions where the differences
are larger. In fact, there seems to be larger distinctions on performance in the best ones,
as the 75th percentile for GIT is 0.13 and BLIP-2 is 0.20.

Table 6.2 computes the model assessment for the sentence similarity metric.

Table 6.2: Comparison of the sentence similarity score for individual caption performance.

Model 25th Percentile Mean Median 75th Percentile
GIT 0.14 0.29 0.27 0.41
BLIP-2 0.30 0.41 0.41 0.55

The differences between GIT and BLIP-2 is more even across the whole distribution, as
BLIP-2 overcomes GIT by 12 to 16 percentage point for all 4 statistics. Figure 6.1 presents
some examples of captions where BLIP-2 performs much better than GIT. From these
4 anecdotal evidences (which then the metrics confirm) one can infer that GIT seems
to have some problems in identifying some of cartoons” elements: it labels the sun as
lemon (Figure 6.1a); the man’s hand as a cat (Figure 6.1b); the chess as a shoulder
(Figure 6.1c); and a man as a cat (Figure 6.1d).

One remark to the fact that the results so far look into the distributions of each met-
rics within each model. There could be a chance that individually there can be some
captions where GIT is better than BLIP-2, but the picture might be blurred by the dis-
tributions. Hence we computed the difference in score for each individual caption, and
again calculated the same metrics. Table 6.3 shows theses results.

Table 6.3: Comparison of the individual captions’ differences in scores.

25th Percentile Mean Median 75th Percentile
BLEU -0.10 -0.04 0.00 0.00
Sent. Sim. -0.25 -0.12 -0.10 0.02
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(a) True caption: Rabbit with sun-
glasses is hot on the sun.

BLIP-2 caption: a cartoon rabbit
with sunglasses and a sun in the
sky. BLEU: 36%; Sent. Similarity:
83%.

GIT caption: a cartoon of a rabbit
with a yellow lemon in his mouth.
BLEU: 8%, Sent. Similarity: 41%.

(c) True caption: Old woman with spi-
der on the background.

BLIP-2 caption: a cartoon of an old
woman with a spider on her head. BLEU:
33%; Sent. Similarity: 80%.

GIT caption: a cartoon man with a hand
over his shoulder.. BLEU: 11%; Sent.
Similarity: 13%.

(b) True caption: A man playing chess.
BLIP-2 caption: a cartoon of a man playing
chess. BLEU: 43%; Sent. Similarity: 82%.
GIT caption: a cartoon of a man with a cat
in his mouth. BLEU: 9%; Sent. Similarity:
11%.

(d) True caption: Cat with suit
running.

BLIP-2 caption: a cartoon cat in
a suit is running down the hall-
way. BLEU: 18%; Sent. Similar-
ity: 78%.

GIT caption: cartoon of a man run-
ning to the door. BLEU: 13%; Sent.
Similarity: 29%.

Figure 6.1: Some examples of individual captions, where the true and captions predicted by

BLIP-2 and GIT are presented.
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We conclude that using individual captions scores” differences confirm our initial con-
clusions. A negative (positive) value comprises a score where BLIP-2 (GIT) has better
performance. The metrics keep magnitudes similar to what we reported before. The av-
erage and mean difference for the sentence similarity score decreases somewhat, from
14-16 to 10-12 percentage points. This aspect highlights there are some individual cap-
tions where GIT is better than BLIP-2, as the positive third quantile shows (0.02). How-
ever, the magnitude is low. The BLEU metric change less, as GIT cannot outperform
BLIP-2 in at least three quarters of the captions (the 75th percentile is zero).

We conclude that BLIP-2 performs better than GIT in the majority of the captions, and
by a large margin on average. Therefore BLIP-2 will be the chosen model to be the
multimodal backbone of our pipeline to caption the 4-image sequences.

6.2 Benchmarks

We define benchmarks to assess how the different prompt strategies generate better
descriptions. Firstly, comparing the results of our pipeline with outputs from the 4
images input as a merged figure will show the (possible) value added of input the
images sequentially. At first sight, this might seem odd when compared to the whole
transformer revolution, which brought the evidence that showing all at once (instead
of using a RNN) can produce better results. However, here we are talking about a dif-
ferent stage of the architecture, a higher layer where sequential comes from sequential
image inputs, and not sequential words.

The second benchmark relates to input the image sequentially with no prompt, and
summarize the four captions into a sentence describing the story. Here our goal is to
assess the value added of prompting, and how metrics improve from these two base-

lines.

6.2.1 All at Once

Summarize the captions of each image of the sequence might be unnecessary, so we
check how BLIP-2 performs if images are shown all at once. We define all as merging
the images of the same sequence into one (with no additional adjustments) and a cap-
tion is output, both with and without prompting. This caption will have no additional
post processing, and will be compared directly to the true narrative description. An
example of the merged image with the whole sequence is presented in Figure 6.2.

Table 6.4 comprises the results without any prompt. This strategy could act as a third
and possibly the easiest benchmark to outperform, as the model needs to grasp the
idea of a large image and no prompting is given to help in the decoding process. The
results are poor, as one would intuitively expect. The best quarter of sequences have a
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Figure 6.2: The example of the image input all at once, whose label in the dataset is image_1.
Predicted narrative: garfield the cat and his friends.

True narrative: It was not me who steal the steak.

BLEU: 12%; sentence similarity: 21%.

low sentence similarity score, starting at around 30%. This is a low value, as the score
accounts for some similarities in the semantic space that a human would not account
to. For example, mentioning again Figure 6.2, the predicted caption receives a 21%
score, even if for a human the sentences "garfield the cat and his friends" and "It was not
me who steal the steak" seem to gave nothing in common. The predicted caption of this
sequence also highlights how prompting can be effective: without any prompt, BLIP-2
will refer to the name of the cartoon. One can conclude that at least the model was
trained in some Garfield cartoon, which might be a good indication for it to be able to
grasp the narrative once proper prompting is given.

Table 6.4: Metrics for the benchmarks where the sequence is input all at once, with no prompt-
ing.

Method Metric 25th Percentile Mean Median 75th Percentile
All at once BLEU 0.00 0.06 0.03 0.11
All at once Sentence Similarity 0.05 0.17 0.13 0.30

Figure 6.3 presents another example, where this strategy had the best sentence simi-
larity score (61%). The term baseball was key for the good result, and the object being
a key element of the narrative also provided additional performance. Although the
model does not capture the idea that the glove was slipping, identifying the type of
sport and the key object granted it a high score in this metric. In the remaining of this
chapter, we will not use this benchmark to compare the results, as they set a very low
bar and so comparing in relative or absolute terms would be almost the same.

Table 6.5 depicts the results from showing all images of the same sequence at once
with the prompts identified in Table 5.1. Theses results will be crucial to assess the
value added of sequential captioning with prompting, as well as having the first con-
clusions on what is the type of prompt which is better at capturing the narrative. Table
6.5 presents the results regarding the same statistical metrics for the distribution of
the score. We remind that there are 60 sequences, hence for example the first quartile
(or twenty fifth percentile) comprises the 15th worst score (or the 45th best). The re-
sults highlight that only some prompts are affective at improving the similarity score.
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Figure 6.3: The example of the image input all-at-once, whose label in the dataset is image_4.
Predicted narrative: a cartoon of a baseball player with a glove.

True narrative: The glove slip while trying to catch baseball ball.

BLEU: 22%; sentence similarity: 61%.

Prompt 7 is the one who is best by a large margin, whereas the second is Prompt 3. The
remaining prompts exhibit a score very similar to the one where there is no prompt,
and there are some where prompt outputs worse results.

Table 6.5: Sentence similarity score for showing the image all at once, with prompting.

Prompt 25th Percentile Mean Median 75th Percentile

0 0.05 0.17 0.12 0.21
1 0.05 0.17 0.11 0.24
2 0.05 0.17 0.12 0.25
3 0.03 0.19 0.17 0.35
4 0.06 0.20 0.13 0.27
5 0.06 0.19 0.12 0.30
6 0.04 0.11 0.08 0.14
7 0.05 0.24 0.21 0.40
8 0.08 0.21 0.14 0.32
9 0.06 0.12 0.10 0.16

To finish the benchmarks, we would like to add that there are images where sentence
similarities scores are negative. The narrative descriptions predicted by the model is
so different from the truth that the meaning might be the opposite. However as we
mention previously, a very low sentence similarity score usually means that there is
no apparent relationship between the sentences. Therefore a negative score but above
-10% just means there is no semantic proximity. In Figure 6.4 the sequence with worst
sentence similarity score for both no prompts, prompt 3 and prompt 7. Even the own
prompt predictions are very different across each other, so this is not a case where
BLIP-2 consistently goes in the wrong direction, but goes wrong in very different ways
(the similarity score across the 3 predictions is roughly 10%). This evidence might be
an indication that the model was not trained on a sufficient amount of these type of
images. In fact, this cartoon is different from the others: it shows no colors and the

contours are more idiosyncratic.

The results highlight how relevant it is to have a sentence similarity measure. Although
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Figure 6.4: Comparison of scores for image image_13 (merged images).

True narrative: Deciding on the shampoo in the shower.

No prompt: a drawing of a group of people standing in a line. BLEU: 9%; sent. similarity: -9%.
Prompt 7: The characters are fighting over a piece of land. BLEU: 0%; sent. similarity: -6%.
Prompt 3: The cartoon shows a man and woman in a car. BLEU: 9%; sent. similarity: -6%.

all at once and sequential have close BLEU scores, the differences when one uses a
semantic space metric become larger. When BLEU is low, the ability to identify whether
some models are better than others by pure randomness is in jeopardy, as small and
widely used vocabulary’s words might become a relevant factor.

6.2.2 No Prompting, Sequential

We move into the first results where the images are shown sequentially. We define se-
quentially as inputting to BLIP-2 each image of the sequence individually. When the
prompt does not concatenate with outputs from previous images of the same sequence,
call this "sequentially" is a little misconception. When prompts do not depend on pre-
vious images, the images could be input each one in parallel to BLIP-2. However, it is
relevant to keep the order of the output once they are concatenated to summarize. A
different sentence order might have completely different output once the deep learning
summarizer condensates the 4 output in one sentence to depict the narrative.

Table 6.6: Metrics for the benchmarks with no prompting.

Method Metric 25th Percentile Mean Median 75th Percentile
Sequential BLEU 0.00 0.07 0.08 0.10
Sequential Sentence Similarity 0.09 0.24 0.21 0.38

We can compare Table 6.6 with Table 6.4 to assess how inputting the image individually
instead of the sequence as a whole can generate better descriptions when no prompting
is used. The results highlight how relevant it is to have a sentence similarity measure.
Although all at once and sequential have close BLEU scores, the differences when one
uses a semantic space metric become larger. When BLEU is low, the ability to identify
whether some models are better than others by pure randomness is in jeopardy, as
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small and widely used vocabulary’s words might become a relevant factor. Showing
the images sequentially is better than all at once with no prompting, as the sentence
similarity score is higher across the whole distribution.

(d) "a cartoon of a

(a) "a cartoon of (b) "a cartoon of a (c) "a cartoon of man in a bathrobe
a woman taking a man with a towel a woman washing looking at a com-
shower" on his head" her hair" puter”

Figure 6.5: Individual predictions and narrative prediction when no prompt is given. Pro-
posed narrative: "There is a cartoon of a woman taking a shower". BLEU: 10%; sent. similarity:
42%. Image_13 in the dataset.

We also present one example where individual images perform better than all at once,
and present the example of image_13, who previously was shown that the all at once
models had negative sentence similarity scores. Figure 6.5 present both the individual
captions and the prediction. The prediction of the narrative is the result of the applica-
tion of the text summarizer pipeline from Hugging Face into the concatenated individ-
ual sentences. BLIP-2 was able to identify the semantic environment of the sequence,
even if it had 42% score.

We conclude with the main summary of the benchmark section. The benchmark results
present a baseline to assess the future results from the whole pipeline with prompting
and sequential image input. The median values of the score distribution point to sen-
tence similarities around 20%, which is a low value. Showing the images sequentially
is better than all-at-once with no prompting, as the sentence similarity score is higher
across the whole distribution. However, the best prompt (7) already exhibits an accept-
able value at the forth quartile, around 40%, which is quite similar to the model who
uses the whole sequence as image input. These two models have in fact quite close
scores, but this hides a lot of heterogeneity across sequences. We computed the rank
correlation between these two, and it is 31%. It is a low value, meaning that although
they have distributions who have close metrics, the sequences at which they perform
better are quite close. In Figure 6.5 we already show a sequence where individual in-
put is much better than all at once output. We now present the opposite example, in
Figure 6.6. Here the whole narrative relates to someone who was bitten by a shark. The
individual caption with summarizer renders the output a cartoon character in a purple
dress is standing next to (-6% sentence similarity) which means the summarizer, when
faced with individual captions with apparent no connection, chooses to focus on the
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sentence from the Figure 6.6b: a cartoon character in a purple dress standing next to rocks.
Conversely, when BLIP-2 receives all images at once, it is able to focus on the idea of the
shark bite as main event (albeit in a different version), which results in a 64% sentence

similarity score.

(b) Predicted caption: "a
(a) Predicted caption: "a cartoon man and a cartoon character in a purple
shark on the beach" dress standing next to rocks"

. (d) Predicted caption: "a
(c) Predicted caption: "a car- cartoon of a man and woman on
toon of two people on the beach" the beach"

Figure 6.6: Comparison of individual predictions and narrative prediction when no prompt is
given for Image_16.

True narrative: Hurt by a shark bite.

Prediction from summarizer of individual captions, no prompt: "A cartoon character in a purple
dress is standing next to". BLEU: 0%; sent. similarity: -6%.

Prediction from prompt 7, input sequence in one merged image: "The man is trying to get the
shark to bite the other man". BLEU: 15%; sent. similarity: 64%.

6.3 Pipeline assessment

We move into the part where we assess the results of our prompting techniques, and
how they improve over the benchmarks. We assess 6 prompting strategies, which we
summarize in Table 6.7.

Figure 6.7 shows the results for the 60 sequences’ median BLEU score across the several
strategies. We put the benchmarks in bars and line, to make them an easier visual
reference. The blue bars comprise the "all-at-once" caption with prompting, whereas
the green line refers to the narrative built of individual images’ captioning with no
prompting. The green line is constant across the prompts, as no prompt was given in
this approach. As it was concluded in the previous section, the green line is almost
always above the blue bars, except for prompt 7 in some parts of the distribution. In
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Table 6.7: Prompting techniques across different combinations. Names in the cells refer to
legends in the figures of this section.

Summarize the 4 images’
output

Summarize only the last
output

Same prompt

Isolated prompts, sequen-

Isolated prompts, fourth

tial caption
Prompt + Previous out- | Previous captions Previous captions, fourth
put caption

Prompt + Previous +
Connector

Previous captions with
context

Previous captions with
context, fourth caption

the median, by using prompt 7 and showing the sequence all at once, it is the prompt

who makes the sentence similarity score the closer to the narrative out of the individual

captions with no prompt (the x value where the blue bar is closer to the green line).

This conclusion is common both for BLEU and sentence similarity scores (Figures 6.7,
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Figure 6.7: Median BLEU score.

Prompt Number

W Previous captions with context
Isolated prompts, fourth caption
@ Previous captions, fourth caption

Previous captions with context, fourth caption
Hmm Prompt, all-at-once

However, again the BLEU score might be inconclusive, as almost all models lead to

scores smaller than 0.1: on the median images’ sequence, the predicted captions have

10% of the words in common with the true ones (Figures 6.7). This is a very low num-

ber which again leads us to rely more on the sentence similarity score. When one looks
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into the third quartile (Figure 6.8 the BLEU score improves (it could not be lower, as
the third quartile is always larger or equal than the median, by definition), but contin-
ues to show relatively low values, on average on the 10% to 15% range. Therefore even
the one quarter top narrative descriptions created by the model have a small number
of words in common with true narratives. When BLEU is low, its variability across dif-
ferent strategies might be led by differences in common words across narratives, and
not the "key" words who describe the story of the sequence.
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Figure 6.8: 75th percentile’s BLEU score.

Figure 6.9 changes the metric to the median similarity score across the sixty sequences.

Prompt 7 consolidates its indication as best prompt. Additionally, adding sequen-
tial prompting improves the performance, making it reach a sentence similarity score
around 30 %. However, the disadvantage of some prompts is reduced by a large mar-
gin when each image is input individually. This evidence might mean that prompting
can generate more value added when the image input is more complex (the model is
ingesting 4 images merged into one). Prompts 0 to 2 and 4 to 5 exhibit the largest im-
provements (markers are more distant from the blue bar). Nevertheless, they struggle
in making better than no prompting (markers slightly above the green line, on aver-
age), so one can conclude that the better sentence similarity scores come from inputting
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the images one by one, rather than using prompts 0 to 5. In fact, prompts 6 and 9 de-
viate BLIP-2 from the right path to describe the narrative, as they present poor results.
Prompt 6 is indeed the worst consistently, and adding sequential image input even
worsens the similarity with original captions. It is the only prompt where all marker
are below the blue bar, meaning asking for comics’ emotions image by image might blur
even more the ability to depict the narrative. In sum, asking for the model to identify
emotions seems not to be the right path to achieve a good caption. This might be be-
cause it is harder to identify emotions in comics (or at least the narrative of the comics
is not built upon the emotions of the characters). A brief comment on the absolute
value of the median sentence similarity score: it does not seem very high, highlighting
the difficulties in having a model able to capture the narrative.
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Figure 6.9: Median sentence similarity score.

Some prompts improve by a large margin when they are employed sequentially, com-
pared to showing the whole sequence (the markers are very distant from the blue bars).
Prompts 0, 1, 2 and 5 exhibit this pattern. BLIP-2 shows problems in extracting the
narrative of the whole sequence at once, but once each image is input individually,
the narrative comes closer to reality. All these four prompts rely on questions related
to prompting the model into describing, identifying actions or elements. It is worth
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emphasizing how different strategies perform within these prompts. In prompt 1, do
isolated prompting image by image produces worse results, so it seems that prompting
related to actions has large gains when the previous outputs add to current prompts.
However, the output from the forth image whose prompt does not add previous ele-

ments

Prompt 2 is the only one where the most complex prompt strategy performs best (the
violet square is above all other markers). Asking for the model to describe the con-
tent seems to connect well with previous outputs to help the model in capturing the

narrative. This can also help the summarizer building a consistent narrative in one

sentence.
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Figure 6.10: 75th percentile sentence similarity score.

Is is also relevant to stress several prompts where isolated prompting performs better
than other ways to create prompting (there are several x values where the red circles
are above the remaining of the markers. For these prompts (3, 4, 5, 8 and 9), adding
previous outputs to the prompts might be producing more noise for the language de-
coder to perform its task in a successful way. Finally, prompt 5 with isolated prompts
comes very close to the best prompt (7).
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Figure 6.10 show the results for the 75% percentile of the similarity score. The strategy
were no prompts are given but images are input sequentially shows roughly an 15 per-
centage point improvement in similarity score, highlighting that there are a group of
sequences were there is still a significant improvement from the group around the me-
dian. Moreover, the markers are on average closer to the green line, which may indicate
that the sequences around this percentile are easier to describe by BLIP-2, and prompt-
ing does not make a larger impact. However prompt 7 continues to be the best, and
the only one that guarantees that showing the sequence all at once can have better de-
scriptions of the narrative that sequential with no prompting. Prompting and showing
images sequentially leads to improvements, with the best strategy having a similarity
score very close to 50%. The best strategy is the red circle, which is the prompting
with no information from previous images of the same sequence: for the best prompt,
adding previous images’ output seems to make the description process noisier.
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Figure 6.11: 25th percentile sentence similarity score.

There are sequences which the pipeline finds very hard to capture the narrative. Figure
6.11 confirms this assertion, by showing that around the quarter of sequences with
worst sentence similarities score there are scores rarely higher than 10%. Prompt 7
continues to be the best for the first quartile, with sequential prompting leading to large
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gains (scores around 14%). This is also the only prompt who leads to scores higher
than no prompting at all. Additionally, showing the sequence all-at-once renders poor
results.

®

Figure 6.12: An example where the description of the last image is good at predicting the
sequence’s narrative. True narrative: "Taking a photograph".

Proposed narrative by using prompt 7 with forth caption: "The man is taking a picture of the
woman.". BLEU: 11%; sent. similarity: 56%. Image_23 in the dataset.

It is also worth mentioning the fact that the prompt strategy who performs better (less
badly) around the first quartile is the last output when the prompt does not embed pre-
vious outputs ("isolated prompt, forth caption"). This evidence is odd, as theoretically
one would expect this prompt to be the worst: is is the output of the last figure of the
sentence, where the prompt is not connected to other outputs. Hence, it is the output
of a model where information from all previous 3 images of the sequence is completely
ignored! Having this strategy perform better might mean how hard it is to grasp the
narrative of the sequence, that it is better to just grasp the idea from one image. Figure
6.12 present one example on this idea, where the idea in the last image is representative
of the whole sequence (taking a photo).

55



Gongalo Ventura Lourengo Marouvo

7 DiscussioN AND IMPROVEMENTS

The results we find can be summarized as:
e Prompting can produce better results;

e Prompts who include previous captions have similar performance, so previous
information does not help the decoding process in this task;

e Summarize all outputs and not just the output from last image produces better
results;

e The BLEU score has limited interpretation, as it exhibits low values;

e The sentence similarity score of the narrative descriptions closer to reality is good,
but not spectacular.

The approach we shown so far was a zero-shot based. It comprised the pure junction
of several already trained models to assess how close to reality was the predicted cap-
tion. Moreover, the prompts we defined were based on a manual choice. Therefore, no
optimization tasks were employed. We could look at the several prompts and linking
strategies as some sort of grid search, but it is clearly not a very clever one. How could
we make the machine improve on our approach?

Several ways to improve our captions:

1. Fine-tune the current pipeline to our task: with some elements of the architecture
frozen, apply back-propagation to reduce the cross entropy between predicted
and true captions.

2. Try to improve the prompting mechanism, to assess how far the current pipeline
can be better as narrative predictor by changing the initial embedding space upon
which the model starts decoding the information.

3. Change the pipeline, by:
e Adding some elements or changing the type of deep learning model;

e Replace some of the hyperparameters or versions of the deep learning mod-
els employed.

In the next sections, we detail each of these options.
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7.1 Fine Tuning

Fine-tuning involves training some parameters of the pipeline in order to minimize
some loss function related to the goal we have at hands. In our case, the most standard
loss function would be the cross entropy, which tries to make the predicted proba-
bilities of the words as close as possible to the words in the true description of the
narratives. One would train in a subset of the 60 sequences and assess performance
in other subset. In our case, we can highlight two challenges to this approach: BLIP-2
is a model with a lot of parameters, so fine tuning can be costly in terms of computer
resources; one alternative is to freeze the majority of the parameters and train just a
part of the model (in fact, the idea within BLIP-2 is to do that with the Q-former act-
ing as a trainable "bridge" between the frozen encoder and decoder), but notice that
our architecture is more complex than BLIP-2. It has a summarizer on top, so back-
propagation needs to compute gradients that take into account the whole pipeline and
not just BLIP-2. Additionally, if the type of prompting strategy has prompts depending
on previous outputs, there needs to be a type of "unrolling" of the pipeline: gradients
would be based not on one BLIP-2 model, but on the succession of 4 BLIP-2 models,
which makes it much more complex; and the trainable parameters of the BLIP-2 model
would be present in 4 different parts of the pipeline. If one were to use the prompt
who embeds previous outputs, one would be computing gradients of the following

function:
SUMMg (BLIP9 (image,, prompt,) © BLIPy(image, , prompt, )®
BLIP,(image,, prompt,) & BLIPy(image., prompt3)> (7.1)
with:
prompt, = BLIPy(image, ,,prompt, ) ® prompt,, i=1,2,3 (7.2)

Here, © denotes concatenation. SUMM is the summarizer model (with parameters /)
and BLIP is BLIP-2 model (with parameters 6).

As one can conclude, computing gradients over this complex structure is cumbersome.
It involves 4 BLIP-2 functions and one summarizer (SUMM). Even with the majority
of the parameters frozen this is not straightforward. Therefore we leave this task as a
research question for future investigation.
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7.2 Prompt Engineering with Reinforcement Learning

In this section, we present some discussion on future developments that could be made
on the prompting of our pipeline. Adjusting the prompts seems to be most direct and
straightforward way to try to improve the description of narratives of the pipeline. In
fact, prompt engineering has become a relevant field of deep learning investigation,
allowing for more efficient task adaption of large deep learning models ([50]).

7.2.1 Reinforcement Learning

The route we suggest starts by framing this problem as a reinforcement learning (RL)
one. We suggest presenting briefly what is RL and which are the main ways to create
an optimization strategy for an agent to learn to behave to maximize positive returns
(see for example [51]). RL is a branch of machine learning concerned with training
agents to make sequential decisions in an environment.

A RL model can be characterized by a markov decision process, which is defined by
the tuple (S, A, P, R, v), where:

o S: The state space, representing all possible configurations of the environment;
e A: The action space, representing all possible actions the agent can take;

e P(s'|s,a): The transition probability function, denoting the probability of transi-
tioning to state s’ from state s after taking action a;

e R(s,a): The reward function, providing the scalar feedback received by the agent
after executing action a in state s;

e 7 € [0,1): The discount factor, determining the importance of future rewards
relative to immediate rewards.

The goal of an RL agent is to learn a policy 7 (a|s), which defines the probability of

selecting action a in state s, that maximizes the expected cumulative reward over time.

There are several ways to try to find the optimal decision process for the agent. We
proceed to highlight from a generic point of view three approaches:

e Value function maximization. The value function V,(s) quantifies the expected
return when starting in state s and following policy . It is defined as:

Z ’YtR(Stv a/t)

t=0

VW(S) = ET(

Sp = s] . (7.3)
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The optimal value function, V*(s), satisfies the Bellman optimality equation:

V*(s) = max : (7.4)

R(s,a) + 7 Z P(s'|s,a)V*(s")

S

e Policy optimization. The policy function 7y(a|s), parameterized by 6, can be op-
timized directly by maximizing the expected cumulative reward:

J(Q) = ]Eﬁe

ZWﬁR(St, Clt)] : (7.5)

Using the policy gradient theorem, the gradient of J() is:
Vo (8) = Ex, [Volog mo(als)Qu(s, )], (7.6)

where ), (s, a) is the action-value function.

e Actor-critic model. The actor-critic architecture combines policy optimization
(actor) and value function estimation (critic). The actor updates the policy my(a|s),
while the critic evaluates the policy using an estimate of the value function V,,(s),
parameterized by w. The loss functions for the actor and critic are defined as:

Lonte(w) = Ey, [(R(s, a) + V() — Viu(s)?] . (7.7)
Lactor(0) = —E., [log ma(als) (R(s,a) + yVi(s") — Viu(s))] . (7.8)

The parameters ¢ and w are updated iteratively to optimize their respective ob-
jectives, enabling the actor-critic model to learn an effective policy.

7.2.2 RL Application to Prompting

How can we interpret our prompt design as a RL problem? The sentence similarity
score is the reward from a pipeline which acts as an exogenous black box. The actions
are the prompts given to the pipeline and the state is the previous prompts. We can then
adjust an external language model to output prompts which try to improve rewards.
This external LLM acts as the policy function.

There are several papers which follow this approach. RLPrompt ([52]) trains an MLP
layer (Figure 7.1) added to an LLM in order to get the trainable parameters to reach
the better rewards. The main advantages of this approach is that an LLM is directly
trained and not just the embedding space (which is usually called soft prompt), which
might make it more intuitive for a human to understand prompt (as one looks directly
into the best sequence of words and not a theoretical embedding array). However the
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Figure 7.1: The architecture of RLPrompt. Source: [52].
sequence of sentences RLPrompt arrives to is not completely a consistent sentence or
questions. PreWrite ([53] aims to circumvent this problem, by training a LLM policy

where the whole prompt is trained as a whole, which reduces the likelihood of having
a sequence of words with no meaning on its own for a human (Figure 7.2).

RL Finetuning

Initial Prompt Rewritten Task LLM Task ‘é)
prompt rewriter prompt (frozen) Output
Reward

Figure 7.2: The architecture of PreWrite. Source: [53].

There are also several ways to train a RL. RLPrompt uses soft Q-learning ([54]), whereas
PreWrite employs proximal policy optimization (PPO, [10]). This last one is the one
we would seek to apply in our work. PPO improves on [55] by introducing a clipped
objective function, whose goal is to limit the magnitude of parameters changes. Usu-
ally RL training can be very erratic, so an algorithm who allows for a large update on
parameters might be responding to noise rather than signal. The solution is to force
the model to move in smaller steps, and this is achieved by creating an optimization
function which is clipped (Figure 7.3). The clipped objective is a simpler way to limit
the possible erratic movements of parameters. The previous approach ([55]) acted in
a different way: it proposed a penalty in the objective function, consisting of a mea-
sure of how current policy is different from previous one. By assessing and adding
a penalty on the divergence between the distributions of current and previous policy,
TRPO limits the change in parameters within each learning step.

PPO became ubiquitous as a RL tool to allow alignment between LMM outputs and
human preferences. RL from human feedback (RLHF, see for example [56]) builds
upon this framework. Humans are shown several outputs from an LLM and they rank
them based on several dimensions. Then a dataset is built out of the rankings and out-
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Figure 7.3: The clipped objective function. Source: [10].

puts, and a reward function is trained to mimic human preferences. Once the rewards

function has been trained, all elements have been gathered to train a RL framework.

Is is relevant to emulate RHLF in our work? RHLF is particularly useful when there

is not by definition a reward function who can assemble automatically human prefer-

ences. But in our work we already have a sentence similarity metric, which can directly

compare how close is the meaning of two narratives (unless we did not trust the metric

and preferred to have an human classifying how good the narrative descriptions are).

We finalize this section with our proposal to materialize the use of RL to our work:

Choose an LLM to act as policy: we would start by GPT-2;
Define one word to act as start to the decoding process. For example "Describe";

Generate several prompts from decoding GPT-2 with high temperature (to gen-
erate a more diverse set of outputs/prompts to the pipeline);

Define a set of comics sequences to form the training dataset and other for the
test set;

Use the prompts who output from GPT-2 to input as prompt to one version of our
narrative description pipeline;

For each prompt, store the average sentence similarity score on the training set as
the reward;

With the several prompt-reward pairs, train the GPT-2 in order to minimize the
PPO loss. The trainable parameters could comprise one of the last layers of GPT-
2. The PPO loss might not need to include the value function; the value function
is usually included to ensure additional stability, but in our context we know the
rewards are bounded between -1 and 1 (the cosine similarity of the embedding
space).
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7.3 Changing the Pipeline’s Elements

The first option to change the pipeline would be to tweak some of the models who are
employed. For example, in BLIP-2, try to use the version where FLAN is the decoder:
this is an encoder-decoder type of LLM, so maybe it can be more able to encode the
more complex prompts, who embed outputs from previous images. The second option
would be to change the summarizer, by trying to use a version specially trained for story

and narrative creation.

We finalize with the suggestion of a more extreme change, to the type of deep learn-
ing model. The way we suggest to pass through information from previous images to
help in describing the narrative is using prompting. However, one could argue that the
compression of information might be too large for the pipeline to grasp the whole idea
of the narrative. Additionally, even when the prompt does no embed previous cap-
tions, compressing the information in a sequence of text in hope for the summarizer to
built a narrative out of four individual descriptions of four images might lead to loss
of information which is crucial to build a narrative. What solution could one test? One
where narrative is built directly from information out of all images. But we have done
this already, when we showed the image all at once to BLIP-2. What is missing from
this approach? The idea of sequence. How could one mix the sequence and a decoder
which embed the information from all images? By using a video-to-text model. The
models who caption videos can be able to capture the narrative. In fact, the 4-image
sequence might be interpreted as a video with 4 frames.
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8 CONCLUSION

Comics has its own design and language. The majority of deep learning models are
trained on "real" images, which might it challenging to do zero-shot description and
understanding of comics’ scenes. In this work, we sought to contribute to literature on
deep learning applied to comics understanding, in several dimensions.

The first one is by the creation of a dataset comprising 60 sequences of 4-image’s comics,
as well as proposed individual captions and narrative descriptions. Although datasets
on comics are abundant, the literature lacks images with no textual references. Hence
we are contributing to future research focused on the understanding of comics images,
allowing for a "cleaner" inspection of narratives from comics vignettes.

We have assessed the performance of a pipeline to do zero-shot description of the
comics’ narrative. We define two benchmarks, to disentangle whether the results of our
approach come from prompting or sequential inputting the images of the sequence. We
also inquiry the role prompting can play in grasping the narrative. We aim to under-
stand whether adding previous images’ outputs to prompts can improve to narrative
identification. The results are mixed: in some images, prompting without references
from other images can improve the narrative identification, but this is not a general

pattern.

We conclude that prompting generates value, and the prompting with better perfor-
mance relates to one where it is asked for what is happening in the scene. Overall, the
majority of the predicted narratives show some similarity with the real narratives, but
they are still far away from perfect proximity of meaning.

For future investigation, we propose the assessment of video-to-text models, which
embed directly the temporal dimension of an image’s sequence. Moreover, we propose
an optimization strategy to improve prompts by training an external LLM as policy,
who outputs the prompts for the image’s description pipeline.
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ANNEX A - ADDITIONAL RESuULTS

Table A1l: Sentence similarity score for showing the images sequentially, with isolated prompt-

ing.

Prompt 25th Percentile Mean Median 75th Percentile

0 0.08 0.24 0.23 0.35
1 0.06 0.23 0.17 0.38
2 0.08 0.24 0.24 0.35
3 0.09 0.27 0.23 0.42
4 0.09 0.25 0.22 0.39
5 0.11 0.28 0.28 0.40
6 0.00 0.06 0.04 0.08
7 0.15 0.31 0.29 0.49
8 0.10 0.24 0.17 0.36
9 0.09 0.20 0.15 0.28

Table A2: Sentence similarity score for showing the images sequentially, while adding previ-
ous prompts to prompting.

Prompt 25th Percentile Mean Median 75th Percentile

0 0.07 0.24 0.22 0.40
1 0.06 0.27 0.27 0.43
2 0.07 0.27 0.27 0.41
3 0.07 0.23 0.16 0.36
4 0.09 0.22 0.17 0.31
5 0.10 0.24 0.19 0.35
6 0.01 0.06 0.05 0.10
7 0.12 0.30 0.27 0.47
8 0.07 0.20 0.13 0.33
9 0.07 0.18 0.13 0.20
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Table A3: Sentence similarity score for showing the images sequentially, while adding previ-
ous prompts and some connectors to prompting.

Prompt 25th Percentile Mean Median 75th Percentile

0 0.07 0.23 0.19 0.35
1 0.07 0.27 0.28 0.42
2 0.08 0.26 0.27 0.37
3 0.06 0.22 0.17 0.36
4 0.09 0.22 0.16 0.35
5 0.11 0.25 0.21 0.35
6 0.02 0.08 0.06 0.13
7 0.14 0.31 0.30 0.46
8 0.07 0.21 0.15 0.33
9 0.04 0.18 0.12 0.25
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Figure Al: 25th percentile’s BLEU score.
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Table A4: BLEU score for showing the images sequentially, with isolated prompting.

Prompt 25th Percentile Mean Median 75th Percentile

0 0.00 0.08 0.04 0.11
1 0.00 0.09 0.09 0.15
2 0.00 0.07 0.04 0.10
3 0.00 0.07 0.00 0.11
4 0.00 0.07 0.00 0.11
5 0.00 0.10 0.10 0.13
6 0.00 0.01 0.00 0.00
7 0.00 0.09 0.09 0.12
8 0.00 0.05 0.00 0.10
9 0.00 0.05 0.00 0.08

Table A5: BLEU score for showing the images sequentially, while adding previous prompts to
prompting.

Prompt 25th Percentile Mean Median 75th Percentile

0 0.00 0.06 0.00 0.11
1 0.00 0.09 0.04 0.18
2 0.00 0.07 0.00 0.12
3 0.00 0.05 0.00 0.10
4 0.00 0.07 0.00 0.13
5 0.00 0.08 0.00 0.12
6 0.00 0.03 0.00 0.07
7 0.00 0.08 0.00 0.12
8 0.00 0.05 0.00 0.11
9 0.00 0.04 0.00 0.09

Table A6: BLEU score for showing the images sequentially, while adding previous prompts
and some connectors to prompting.

Prompt 25th Percentile Mean Median 75th Percentile

0 0.00 0.06 0.00 0.11
1 0.00 0.09 0.04 0.15
2 0.00 0.08 0.00 0.11
3 0.00 0.07 0.00 0.11
4 0.00 0.06 0.00 0.12
5 0.00 0.08 0.09 0.12
6 0.00 0.08 0.09 0.11
7 0.00 0.08 0.04 0.12
8 0.00 0.05 0.00 0.11
9 0.00 0.07 0.00 0.11
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ANNEX B - DATASET’S SOURCES

Name Source

image_0  https://i.pinimg.com/originals/87/eb/59/87eb594c959d1f71e5cf8c02c28477f6.gif
image_1  https://www.mezzacotta.net/garfield/7comic=2658
image_2  https://www.gocomics.com/calvinandhobbes/2024/03/31
image_3  https://www.gocomics.com/peanuts/2024/02/25

image_4  https://www.gocomics.com/bignate/2012/08/05

image_b  https://www.gocomics.com/calvinandhobbes/2016/06/08
tmage_6  https://www.gocomics.com/adult-children/2022/09/23
image_7  https://www.gocomics.com/the-adventures-of-business-cat/2019/02/21
image_8  https://www.gocomics.com/arloandjanis/2020/10/09
image_9  https://www.gocomics.com/arloandjanis/2014/08/11
image_10 https://www.gocomics.com/arloandjanis/2014/01/03
tmage_11 https://www.gocomics.com/arloandjanis/2001/07/02
image_12 https://www.gocomics.com/arloandjanis/2018/08/29
image_13 https://www.gocomics.com/arloandjanis/2002/01/16
image_14 https://www.gocomics.com/calvinandhobbes/2024/03/29
image_15 https://www.gocomics.com/peanuts/1960/05/03
tmage_16 https://www.gocomics.com/banana-triangle/2015/05/13
tmage_17 https://www.gocomics.com/thebarn/2014/05/10
image_18 https://www.gocomics.com/beardo/2017/03/07

image_19 https://www.gocomics.com/ben/2017/01/02

image_20 https://www.gocomics.com/ben/2014/10/20

image_21 https://www.gocomics.com/thebarn/2009/11/04
image_22 https://www.gocomics.com/barneyandclyde/2017/06/25
image_23 https://www.gocomics.com/barneyandclyde/2013/05/27
image_24 https://www.gocomics.com/ben/2022/04/08

image_25 https://www.gocomics.com/ben/2024/02/21

image_26 https://www.gocomics.com/ben/2016/06/01

image_27 https://www.gocomics.com/ben/2019/03/02

image_28 https://www.gocomics.com/ben/2014/01/10

image_29 https://www.gocomics.com/ben/2023/03/20
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Name Source

image_30 https://www.gocomics.com/beardo/2023/06/30
image_31 https://www.gocomics.com/beardo/2016/12/11
image_32 https://www.gocomics.com/beardo/2013/10/30
image_33 https://www.gocomics.com/betty/1999/03/21
tmage_34 https://www.gocomics.com/betty/2021/01/10
tmage_35 https://www.gocomics.com/betty/2011/10/30
image_36 https://www.gocomics.com/betty/2003/06/22
image_37 https://www.gocomics.com/betty/2009/03/15
image_38 https://www.gocomics.com/betty/2021/04/25
tmage_39 https://www.gocomics.com/betty/2021/04/25
tmage_40 https://www.gocomics.com/betty/2016/12/25
image_41 https://www.gocomics.com/betty/2019/08/04
image_42 https://www.gocomics.com/betty/1998/12/13
image_43 https://www.gocomics.com/betty/2002/05/19
image_44 https://www.gocomics.com/betty/1996/11/03
tmage_45 https://www.gocomics.com/betty/2005/05/22
image_46 https://www.gocomics.com/betty/1999/03/07
image_47 https://www.gocomics.com/betty/2020/09/20
image_48 https://www.gocomics.com/buni/2018/08/31
image_49 https://www.gocomics.com/calvinandhobbesespanol/2014/08/30
tmage_50 https://www.gocomics.com/familytree/2010/05/14
tmage_51 https://www.gocomics.com/familytree/2011/04/01
image_52 https://www.gocomics.com/meaningoflila/2020/04/10
image_53 https://www.gocomics.com/next-door-neighbors/2024/01/03
image_b4 https://www.gocomics.com/pickles/2024/06/11
tmage_bb https://www.gocomics.com/pickles/2023/07/19
tmage_56 https://www.gocomics.com/familytree/2014/01/05
image_b7 https://www.gocomics.com/familytree/2018/12/09
image_b8 https://www.gocomics.com/familytree/2021/06/04
image_b9 https://www.gocomics.com/pickles/2015/09/16
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